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Preface

The state of the art in optical characterization of materials is advancing
rapidly. New insights into the theoretical foundations of this research
field have been gained and exciting practical developments have taken
place, both driven by novel applications and innovative sensor tech-
nologies that are constantly emerging. The big success of the inter-
national conferences on Optical Characterization of Materials in 2013,
2015, 2017, 2019, 2021 and 2023 proves the necessity of a platform to
present, discuss and evaluate the latest research results in this interdis-
ciplinary domain. Due to that fact, the international conference on Op-
tical Characterization of Materials (OCM) took place the seventh time
in Karlsruhe, Germany from March 26-27, 2025. The aim of this confer-
ence was to bring together leading researchers in the domain of Char-
acterization of Materials by spectral characteristics from UV (240 nm) to
IR (14 pm), multispectral image analysis, X-ray methods, polarimetry,
and microscopy. Typical application areas for these techniques cover
the fields of, e.g., food industry, recycling of waste materials, detection
of contaminated materials, mining, process industry, and raw materi-
als.

The OCM 2025 was organized by the Karlsruhe Center for Spectral
Signatures of Materials (KCM) in cooperation with the German Chap-
ter of the Instrumentation & Measurement Society of IEEE. The Karls-
ruhe Center for Spectral Signatures of Materials is an association of
institutes of the Karlsruhe Institute of Technology (KIT) and the busi-
ness unit Advanced Sensing of the Fraunhofer Institute of Optronics,
System Technologies and Image Exploitation IOSB.

This year again the organizing committee has had the pleasure to
evaluate a large amount of contributions. Based on the submissions, we
selected 33 papers as posters and talks, a plenary lecture and several
practical demonstrations. The present book is based on the conference
and contains extended versions of the submitted abstracts.

The editors would like to thank all authors that have contributed
to these proceedings as well as the reviewers, who have invested a



Preface

generous amount of their time to suggest possible improvements of the
papers. The help of Lukas Dippon and Jiirgen Hock in the preparation
of this book is greatly appreciated. Last but not least, we thank the
organizing committee of the conference, led by Britta Ost, for their
effort in organizing this event. The excellent technical facilities and the
friendly staff of the Fraunhofer IOSB greatly contributed to the success
of the conference.

March 2025 Jiirgen Beyerer
Thomas Langle
Michael Heizmann
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Correspondence between geometric features
and parameters of a single Voigt profile

Achim Kehrein, Drilon Bejtullahu, Andrew Lukyamuzi, and Faraz
Mehmood Sheikh

Rhine-Waal University of Applied Sciences,
Marie-Curie Str. 1, 47533 Kleve, Germany

Abstract A Voigt profile uses four parameters to model a spec-
tral line: central location, intensity, shape parameter, and width
parameter. The analysis of a line spectrum must determine the
four parameters for each spectral line, so that the superposition
of the Voigt profiles matches the measured spectrum sufficiently.
For this indirect approach, general fitting algorithms may be
used, which are computationally demanding and their success
often depends on initial guesses of the parameters. In this pa-
per we study the correspondences between geometric features
of a Voigt profile and its parameters. The geometric features are
the maximum point, the inflection points, and the area under
the spectral line. The correspondences form the foundation for
the design of Voigt-specific algorithms for analyzing line spec-
tra. More efficient algorithms support sustainability and enable
more real-time applications.

1 Introduction
A spectral line can be modeled by a Voigt profile using four parameters.

We develop the parametric model in several steps. First, the centered
Voigt profile

—+o00
Vix;o,7) = / G(x —z;0)L(z;7y) dz 1)
is the convolution of a centered Gaussian and a centered Lorentzian,
2
X ’)/
G(x;0) = e 22 and L(x;v)= ——uc 2
(o) = = (57 = 7y @
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Figure 1: Some standardized Voigt profiles (black) V(x;1, p) with the standardized Gaus-
sian (blue), o = 1, and the corresponding Lorentzians (red) with v = op.

with width parameters o > 0 and y > 0. Kehrein and Lischtschenko [1]
showed that the shape of a Voigt profile depends only on the ratio
p = /o, which is called the shape parameter. A standardized Voigt
profile scales into general Voigt profiles via the width-scaling rule

V(x;1,p) =0-V(cx;0,0-p) . 3

Figure 1 shows some standardized Voigt profiles. For p — 0, the Voigt
profiles tend to the standardized Gaussian G(x;1), while, for p — oo,
the Voigt profiles V(x;1,p) asymptotically approach the Lorentzians
L(x;p).

The parametric Voigt model of a spectral line is

Io-V(o(x —p);0,0-p) 4)

with intensity I, central location y, shape p, and width o.

Figure 2 shows three stages of the parametric model. The red func-
tion is the standardized Voigt profile r(x) = V(x;1;0.5). Its geom-
etry depends on the shape parameter p = 0.5. The blue function,
b(x) = 2-V(2x;2,1), is related to the red function by scaling with the
width ¢ = 2. The green function, g(x) = 1.5-b(x) = 3-V(2x;2,1), is
the intensity multiplied version of the blue function and visualizes the
effect of the parameter I. The simple horizontal shift belonging to the
parameter p is not shown.
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Figure 2: The red function is the standardized Voigt profile (x) = V(x;1;0.5), which has
total area 1. Its width-scaled version, ¢ = 2, in blue, b(x) = 2-V(2x;2,1), has
still total area 1 because it is halved horizontally and doubled vertically. The
intensity multiplied version, I = 1.5, in green, g(x) = 3-V(2x;2;1) has area
1.5. The shaded area between the inflection points is always 56%.

The first derivatives of the three stages are related by b'(x) =
4-7'(2x) and ¢'(x) = 1.5-V'(x). They all have the same zero at x = 0.
Hence, the location of the maximum does not change under width
scaling and intensity multiplication. The second derivatives satisfy
b’ (x) = 8-r"(2x) and ¢’'(x) = 1.5-0”(x). On the one hand, the hori-
zontal distance between the inflection points and the maximum of the
red curve is divided by ¢ = 2 for the blue function, but does not change
further from the blue to the green function. On the other hand, the area
between the inflection points does not change between the red and the
blue functions: this area is compressed by the factor o horizontally and
stretched by o vertically. Intensity multiplication multiplies the area ,
but does not change the ratio of the area between the inflection points
and the total area. This ratio of the inter inflection area is invariant
under width scaling and intensity multiplication; it only depends on
the shape p. The horizontal distance between an inflection point and
the maximum depends on p and o.

We are going to show how the parameters I, y, ¢, and p can be
computed from the following geometric features: maximum, inflection
points, and the inter inflection area.
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2 Asymptotic Case: Geometry of a Lorentzian

The centered Lorentzian has the maximum value L(0;y) = 1/(77y) and
the inflection points (£7/v/3,3/(47y)). The antiderivative is
/L(x' )dx = 1 arctan > + C )
;Y =7 ,)/

and the inter inflection area is constant,

%arctan (\%) = % . (6)

3 Geometric Features of a Standardized Voigt Profile

Figure 3 shows a standardized Voigt profile. The points are com-
puted using the quick-and-dirty approach of [1]. But for computing

0.3
L
o
0.2
0.25 /
0.1 5‘
0.2 ——cubic regression
0.1 e infl. (-1.1599, 0.1791)
-1.4 -1.2 -1 -0.8
>0.15
9
0.1 0.2 /
0.05 1 0.1 5‘ o
e V(x;1,0.5) ——cubic regression
* infl. (-1.16, 0.179) 0.1 * infl. (-1.1599, 0.1792)
0 X
-3 -2 -1 0 -1.4 -1.2 -1 -0.8

X

Figure 3: The standardized Voigt profile V(x;1,0.5) (blue) and the locally defined cubic
polynomials (black). Nicely, there are no overlaps visible between the polyno-
mials. The two graphs on the right zoom into the dashed rectangle and show
the overlapping polynomials that feature an inflection point (red) on the left or
on the right of the central point of the polynomial domain respectively. The
polynomial inflection points provide a consistent estimate of the Voigt inflec-
tion point.
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the derivatives we use a new way: we fit a cubic polynomial to every
five consecutive data points (x;,y;), i = n —2,...,n+ 2 using least-
squares. We get cubic polynomials with finite, overlapping domains

Pn(x) = an + bpx + cnx? +dpx® for x,_p <x < xp40, (7)

which are the black curves in Figure 3. They match so well that we do
not see differences in overlaps.

We use third-degree polynomials because that is the minimal de-
gree, for which polynomials feature inflection points. Also, we use
a least-squares fit instead of an interpolating polynomial since this is
more appropriate for measured data: the fit reduces noise. As the fit
uses only one degree of freedom, extrema and inflection points are not
smoothened that much. The normal equations for the least-squares fit
are stated and solved in Section 7.

We use the polynomials to estimate the Voigt profile between sam-
ples and to estimate the first and second derivatives: the polynomial pj,
and its derivatives are restricted to the domain ((xn,l +xn)/2, (xn +
Xn4+1)/2) to avoid overlaps. For example, the inflection point of a Voigt
profile is estimated by the inflection point at x = —c,,/(3d,) of the
polynomial p, with the nearest center to a sign change of the second
derivative values p} (x,) and p//;(x,). See Figure 3.

We also use the polynomials to estimate the area under the Voigt
profile. By adding up the areas under p, from (x,_1 + x,)/2 to
(x4 4+ x441)/2 and the boundary areas between inflection point and
midpoint, we compute the area under the Voigt profile between the
inflection points.

The computed results are documented in Table 1 together with the
values of the asymptotic Lorentzian.

4 Geometric Feature versus Parameter Relationships

The maximum is at x = p with value Io-V(0;0,0-p) = [-V(0;1,p),
which we abbreviate to I-m(p). Figure 4 shows how the maximum
value depends on the shape parameter. Although the Voigt maximum
values approach the Lorentzian maximum values asymptotically for
increasing shape parameter, the Lorentzian cannot be incorporated in
a global model because of its vertical asymptote at x = 0. Instead we
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Table 1: Geometric Properties of o-V(0-x;0,0-p) = V(x;1,p) depending on p. m(p) =
maximum value, i(p) = Voigt inflection points, L-IP = Lorentz inflection points,
a(p) = inter inflection area.

p |m(p)inc|L(0;p)] i(p)inc  |L-IPin (1/0,0)| a(p)
0 (Gauss)| 0.3989 (+1,0.242) 0.6826
05 | 02790 |0.6366] (£1.16,0.179) | (£0.29,0.6366) |0.5620
1 0.2087 |0.3183| (41.34,0.140) | (+£0.58,0.2387) (0.4902
2 0.1341 |0.1593| (=41.74,0.094) (£1.15,0.12) |0.4157
3 0.0970 [0.1061| (#£2.19,0.070) |(=£1.73,0.0796) |0.3815
4 0.0753 [0.0796| (42.69,0.055) | (£2.31,0.060) [0.3644
5 0.0614 |0.1593| (43.20,0.045) | (£2.89,0.048) (0.3546
6 0.0517 |0.0531| (+3.735,0.0383) | (£3.46,0.040) (0.3489
7 0.0446 |0.0455| (+4.277,0.0331) | (£4.04,0.034) (0.3450
8 0.0392 |0.0398| (+4.828,0.0292) | (£4.62,0.030) (0.3425
9 0.0349 |0.0354| (+5.383,0.0261) | (£5.20,0.027) (0.3406
10 0.0315 |0.0318] (45.943,0.0235) | (£5.77,0.024) (0.3393
12 0.0263 |0.0265| (+7.070,0.0197) | (£6.93,0.020) (0.3375
16 | 00198 |0.0199| (+9.345,0.0148) | (+9.24,0.015) |0.3357
32 0.0099 |0.0099|(+18.529,0.0074)| (+18.48,0.007) [0.3339

use the following partial fraction model with vertical asymptotes at
negative horizontal positions,

1.732658
(p + 2.220241)2

0.341247

p+7177915 "7 ®

m(p) ~

which has the coefficient of determination r2 = 0.9999.

Next, we study how the location of the inflection points depends
on the shape parameter. We denote the horizontal distance measured
in units of o between an inflection point and the maximum by iy(p).
The function value at an inflection point is Io-V (0 -ix(p);0,0-p) =
-V (ix(p);1;p), which we abbreviate to I-i,(p). The partial fraction
model

1.477978 0.249335

has the coefficient of determination 2 = 0.9999. See Figure 4.
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— Lorentzian 1/(rp) —Lorentzian 3/(4mp)
0.4 —— Model m(p) 1 0.4 ——Model iy(p) 1
035 ® Voigt data 1 0351 * Voigt data
]
©
>
£
o
a
c
kel
k3
2
£
0 10 20 30 0 10 20 30
shape p shape p

Figure 4: (Left) Maximum value of V(x;1,p) versus shape p. The blue empirical model
m(p) is described in (8). (Right) The inflection point value versus the shape:
iy(p). See Equation (9).

07

inter inflection area

035

shape p

Figure 5: The inter-inflection area versus the shape parameter.

The inter-inflection area data is modeled by

1.492210 0.056445 1
+ 5 (10)

P) ™ 17713797 p+ 0446671 T 3

with the coefficient of determination r? = 0.999929. See Figure 5.
Figure 6 shows the invertible relationship between the quotient g =

m/iy, and the shape p. We have empirical relationships for the right-

hand side of ¢ = m(p)/iy(p). Until we have a sufficiently simple and
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1.7 35 T T T
— Lorentzian y=4/3 b — Lorentzian x=4/3
——Model m(p)/iy(p) 30+ ——Model m(p)/iy(p)
16 * \oigt data * Voigt data
: 25+
>
I 220
o 1.5 % A
s &5 15¢
14 10+
2 . 5
1.3 ' ' ' 0 ' '
0 10 20 30 1.3 14 1.5 1.6 1.7
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Figure 6: Left: The quotient data /i, and the ratio of the empirical functions g(p) =
m(p)/iy(p). The visible deviations in the quotient data seems due to insuffi-
cient number of significant digits of m and i,. Right: The inverse perspective,
which is the direction in which we need the relationship.

accurate model of the inverse function p = q~!(m/i,), we can apply
Newton’s method to m/iy, = q(p) and find p.

5 Parameter Extraction Algorithm

The Voigt model of a spectral line uses four parameters: intensity I > 0,
location y, shape p > 0, and width ¢ > 0,
fx)=Io-V(o-(x—p);0,0-p) . (11)

We determine the maximum, the inflection points, and the area be-
tween the inflection points. Then, we extract the parameters:

1. The maximum position is the estimate I of the central location.
2. The quotient of the maximum value and the inflection point
value,
lo-V(oi0p)  _ _V(0iLp) _ mp) (12)
lo-V(o-ixp)io,op)  V(ix(p):Lp)  iy(p)

is indepedent of i, ¢, and I. It only depends on p. We determine
the shape parameter p = g~ !(if1/1,) from this quotient.
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3. The inter inflection area is I-a(p). We divide the measured area

by the modeled area a(p) to get the intensity I.

4. Finally, the estimate ¢ is obtained by dividing the measured max-
imum value Io-m(p)/(I-m(p)) ~ 1/ (I-m(p)).

A numerical example is presented on the poster at the conference.

6 Outlook

There are several ways to extend this work in future research.

For reliable results, we need to determine uncertainty bounds for our
estimates. The functions are rather steep in relevant parts, and the use
of empirical functions may contribute significantly to error propaga-
tion.

For an efficient calculation, we either need to find a sufficiently sim-
ple and accurate empirical function g(p) (even better, its inverse 7(g))
or we have to interpolate sufficiently many tabulated values.

So far, we have considered very densely sampled numerical data.
Often the resolution of a spectrum is much smaller. Therefore, one
should analyze how the proposed algorithm responds to lower sample
densities. Is there a lower bound for the sample density similar to the
Shannon-Nyquist Theorem of Signal Transmission? If so, what kind of
aliasing will occur in the case of undersampling?

In our second contribution to this conference [2] we discuss how the
overlap of two Voigt profiles shifts their geometric features and how
we may use the above relationships to extract Voigt parameters from
superimposed spectral lines.

7 Appendix: Locally-Defined Least-Squares Cubic
Polynomials

We fit a least-squares cubic polynomial p, to five consecutive data
points (x;,y;), i =n—2,n—1,.., n+2. Later computations use the
function values, derivatives, and second derivatives of these locally de-
fined cubic polynomials.

To simplify the calculation, we linearly transform the equidistant
arguments via k; = (x; — x,)/Ax. The transformed arguments are
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k= -2,-1,..., +2. We compute the best fitting cubic polynomial
pn(k) = a + bk + ck? + dk® or, equivalently,

_ N2 o \3
P (x) —a+b(xAxx”> +c<xAxx") +d<xAxx”) (13)

for the original arguments.

The system of normal equations for (k,y,.¢), k= —2,...,+21is
1 1111 1:?‘;:? a 1 1111\ (Y2
—2-1012| ;o0 ol [e] 21012 Yn-1
41014l T (| le] | 41014 yy”
_Q _ _Q n+1
8-1018/ |, 5, g) \d s-1018) (/)

with solution

—864 3456 4896 3456 —864 Yn-2

a
b| 1 840 —6720 0 6720 —840 Yn—
c| 7 10080 | 1440 —720 —1440 — 720 1440 Yn
d —840 1680 0 —1680 840 Yn+1
Yn+2
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About the parameter determination of
overlapping Voigt profiles from geometric
features of the spectrum

Achim Kehrein, Drilon Bejtullahu, Andrew Lukyamuzi, and Faraz
Mehmood Sheikh

Rhine-Waal University of Applied Sciences,
Marie-Curie Str. 1, 47533 Kleve, Germany

Abstract A spectral line is often modeled as a Voigt profile de-
pending on four parameters: intensity, central location, shape,
and width. The analysis of a line spectrum has to determine
these four parameters for each spectral line, so that the super-
imposed Voigt profiles match the measured spectrum. Nicely,
the parameters of a single Voigt profile can be computed directly
from its geometric features — the area under the curve, the max-
imum, and the inflection points — and, therefore, no iterative
fitting methods are needed. The present contribution studies
examples how the overlapping of two spectral lines affects the
geometric features qualitatively and categorizes them into three
cases. Moreover, we quantitatively determine the geometric fea-
tures for the examples and present some preliminary heuristics
for the Voigt parameter estimations. We believe that this contri-
bution is a step towards more sustainable and faster algorithms
for analyzing line spectra.

Keywords Voigt profile, shape parameter, overlapping spectral
lines, line spectra analysis, spectroscopy

1 Introduction
A Voigt profile is a bell-shaped function, symmetric about its maxi-

mum, and has an inflection point on each side of the maximum. For
examples, see the red and the blue functions in Figure 1. A Voigt profile
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is defined as the convolution

2

V(x;o,7) = o2
o=, ovar )

of a Gaussian and a Lorentzian with width parameters ¢,y > 0. By the
transformation rule

400 1 22 v

dz D

V(x; 1,p) =ocV(ox;0,0p) ()

each Voigt profile corresponds to a member of the standardized Voigt
profile family V(x; 1, p), which provides the prototypes of Voigt profile
shapes. The ratio p = /¢ > 0 is the shape parameter.

To describe a spectral line with intensity I > 0 and its peak located
at horizontal position y we use the parametric model

Io-V(o(x —p);0,0-p) . (3)
0.4 0.4 0.4
0.3 0.3 0.3
0.2 0.2 0.2
0.1 0.1 0.1
0 0
-10 -5 0 -10 -5 0 -10 -5 0
0.4 0.4 0.4
0.3 0.3 0.3
0.2 0.2 0.2
0.1 0.1 0.1
0 0 0
-0 -5 0 -0 -5 0 -0 -5 0

Figure 1: The superimposed spectra (green) of two Voigt profiles with various horizontal
distances between them. The blue Voigt profile has shape p, = 0.5, the red one,
o, = 1.5. Both have intensity I = 1 and width ¢ = 1.

12
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The parameters p and ¢ are used to match the shape and the width
of the spectral line. In [1] we showed how the geometric features—
maximum, inflection points, and area—of this single spectral line de-
termine the Voigt parameters. Now, we study geometric features of a
spectrum with two overlapping spectral lines, which we visualize as
red and blue respectively,

S(x) = Loy - V(0yx; 07, 0707 ) + Lpop - V(03 (x — p1); 0y, 001 - 4)

=Vr(x) =Vp(x)

Figure 1 shows how the geometric features depend on the distance be-
tween the Voigt profiles. In particular, there are two clearly distinct
cases: for large distances, the spectrum possesses a local minimum
that separates the spectral lines; for small distances, we see only one
peak in the spectrum. In the former case, the geometric features of the
spectrum are shifted versions of geometric features of the individual
spectral lines. The shifts increase with decreasing distance between the
spectral lines. The latter case with one peak has two subcases. On the
one hand, there can be four inflection points, three on one side and one
on the other of the maximum. On the other hand, when the Voigt pro-
files are even closer together, there is just one inflection point on either
side of the maximum. There cannot be an even number of inflection
points on one side of the maximum since the horizontal asymptote re-
quires a convex shape and the peak a concave shape. There must be an
odd number of curvature changes.

The Voigt function values are computed with the numerical methods
described in [2]. The derivatives and second derivatives are computed
using the locally defined cubic polynomials described in [1]. These
polynomials are least-squares fits to five consecutive data points.

2 Voigt Profiles Separated by a Minimum

First, we discuss a spectrum of two spectral lines that are separated by
a local minimum. Figure 2 shows such spectrum together with its first
and second derivatives for the individual spectral lines (red and blue)
and for the superimposed spectrum (green). We use the local cubic
polynomials that are the least-squares fit for five consecutive points to
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Figure 2: Function, first derivative, and second derivative of the superimposed spectrum
(green) of two Voigt profiles (red, blue) separated by a minimum. Dots indicate
inflection points and extrema; for better visibility the green function uses black

dots.
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second derivative values

estimate the inflection points, extrema, and inter-inflection areas. The
results are documented in Table 1.

Table 1: The geometric features maximum, inflection point, and inter-inflection area of

the Voigt profiles (red, blue) and their superposition (green) from Figure 2.

type red blue green perturbation
infl. ||(-7.9313, 0.1132) - -7.9243, 0.1162) | |(+0.0070, 0.0030)
max. ||(-6.4000, 0.1642) - -6.3744, 0.1684) ||(+0.0256, 0.0042)

(

(
infl. ||(-4.8687, 0.1132) - (-4.9347, 0.1240) || (-0.0660, 0.0108)
min. - - (-3.1153, 0.0695) -
infl. - (-1.1599, 0.1792) | (-1.1404, 0.1994) |[(+0.0195, 0.0202)
max. - (0.0000, 0.2790) | (-0.0201, 0.2908) || (-0.0201, 0.0118)
infl. - (+1.1599, 0.1792)|(+1.1553, 0.1883)|| (-0.0046, 0.0091)
area 0.4417 - 0.4419 +0.0002
area - 0.5515 0.5751 +0.0236

We observe the following effects of superposition. First of all, all
function values of S(x) = V;(x) + V;(x) are shifted upwards by the
superposition of the positive summands.

The red inflection point on the left is perturbed to the right and up
because its neighborhood is superimposed with a convex part of V.
The sign change in the second derivative V' from positive to nega-
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tive is superimposed with a positive V;" and, hence, the zero moves to
the right. The red maximum is perturbed to the right and up, since
its neighborhood is superimposed with an increasing part of Vj,. The
sign change in the first derivative V;/ from positive to negative is su-
perimposed with a positive V; and, hence, moves to the right. The red
inflection point on the right is perturbed to the left and up because its
neighborhood is also superimposed with a convex part of V},. Now the
change in sign of V/ is from negative to positive and the addition of
V) > 0 moves the inflection point to the left. See Figure 2.

Symmetrically, the inflection points of V}, are perturbed towards the
maximum of V}, and the maximum is perturbed towards the maximum
of the overlapping V.

The perturbations at the inner inflection points are larger than at the
outer inflection points. Moreover, the wider Voigt profile perturbs the
narrower Voigt profile more than vice versa.

Now we apply the algorithm from [1] to the geometric features of
the spectrum. The ratios of maximum value and inflection value for
the red peak are

my 01642
= 27— 01451
by 01132 1P ©)

while the ratios for the corresponding green peak with the neighboring
inflection points are

1M1 0.1684 Mgl 0.1684
iy 0.1162 M i@ 01240 ©)

For the blue peak and the corresponding green peak we get
m m
Mr o 15569, —$% —=14584, and —5° = 1.5443 . @)
tyr ly.g3 by g4

As mentioned before, the inflection point farther from the other peak
yields the better result. Using these ratios, we get the estimates ¢, and
0p, which are above the actual shape values. Then we obtain the inter-
inflection area estimates 4, = a(p,) and 4, = a(p,). They produce the
intensity estimates I, = g1 /4, and [, = g1 /d, and then &, = mgl/ I,

and 0, = mg /Iy
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For estimating the central location of the peak, we propose the use of
the arithmetic mean between the spectral maximum and the mean of
the neighboring inflection points. We know that the spectral maximum
is biased towards the other peak. The mean of the inflection positions
is biased away from the other peak. We obtain

—7.9243 — 49347
2

fr = % (—6.3744 + ) = —6.4020 8)
and fi, = —0.006325.

Since the peaks are well separated, the estimates are quite accu-
rate. They get worse as the peaks approach. An improved algorithm
must use some proximity correction, which could be based on the rel-
ative height of the minimum with respect to the neighboring inflection
points. The smaller relative height decreases to 1 with decreasing sep-
aration.

3 Non-Separated Voigt Profiles with Four Inflection Points

In this section, we consider two spectral lines that are not separated
by a local minimum. However, the spectrum still has four points of
inflection. See Figure 3. The geometric features are listed in Table 2.

Table 2: The geometric features maximum, inflection point, and inter-inflection area of
the Voigt profiles (red, blue) and their superposition (green) from Figure 3.

red green
(-4.5313, 0.1132) (-4.4082, 0.1292)
(-3.0000, 0.1642) - -

perturbation
(+0.1231, 0.0160)

type
infl.
max.

blue

infl. - - (-2.6796, 0.2007) -

infl. ||(-1.4867, 0.1132) - - -

infl. - (-1.1599 , 0.1792)| (-1.1007, 0.2818) |[(+0.0592, 0.1026)
max. - (0.0000, 0.2790) | (-0.1706, 0.3330) || (-0.1706, 0.0540)
infl. - (+1.1599, 0.1792)|(+1.1137, 0.2141) || (-0.0462, 0.0349)
area 0.1414 - 0.2906 +0.1492
area - 0.5525 0.6616 +0.1091

The left red inflection point is perturbed right and up because its
neighborhood is superimposed with a convex part of V,. The sign
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Figure 3: Function, first derivative, and second derivative of the superimposed spectrum
(green) of two Voigt profiles (red, blue) not separated by a minimum. The black
dots indicate the inflection points and the maximum.

change in the second derivative V]’ from positive to negative is super-
imposed with a positive V' and, hence, the zero moves to the right.
Then, there is a discontinuous change. The red maximum has no per-
turbed counterpart in the total spectrum. The right red inflection point
is significantly perturbed left and up because its neighborhood is also
superimposed with a convex part of V,. The sign change of V|" is from
negative to positive and the addition of V;' > 0 moves the inflection
point to the left. See Figure 3. The inflection points of the blue Voigt
profile move to slightly perturbed inflection points in the green spec-
trum.

It is far from obvious how to extract the eight Voigt profile parame-
ters from the geometric features. But there are five geometric features
with two coordinates each. Thus, by studying, the x-coordinates of
the inflection points, we obtain at least sufficiently many quantities.
A shape-dependent model for the horizontal position of the inflection
point of a single standardized Voigt profile is developed in Section 5.

Moreover, the example indicates, that the second point of inflection
from the left may be a good estimate for the maximum of the left peak.
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4 Two Voigt Profiles Become one Asymmetric Peak
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Figure 4: Function, first derivative, and second derivative of the superimposed spectrum
(green) of two Voigt profiles (red, blue) not separated by a minimum and with
only one curvature change on either flank.

In this case of closely overlapping Voigt profiles, the superimposed
spectrum only features a maximum and two inflection points, one on
either side of the maximum. Only the asymmetric location of the in-
flection points with respect to the maximum indicates the existence of
the smaller second peak.

The asymmetry of the inflection points about the maximum reveals
that the spectrum is a superposition of two peaks with a less intense
peak to the left of the intenser one.

In this specific example, at least, the maximum and the inflection
point to its right provides a good estimate of the shape,

mg
—8 — 15528 )
ly,g2

which compares nicely with 72 = 1.5569.
Y

However, a simple count tells us that we have to extend our pre-
vious methods. We need to extract eight parameters, but maximum,
inflection points, and the inter-inflection area provide only seven. This
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Table 3: The geometric features maximum, inflection point, and inter-inflection area of
the Voigt profiles (red, blue) and their superposition (green) from Figure 4. We
dropped the column “perturbation” because the changes can hardly be consid-
ered as such with the exception of the horizontal location of the intenser peak.

type red blue green

infl. ||(-3.1313, 0.1132) - -

max.|| (-1.600, 0.1642) - -

infl. - - (-1.5416, 0.2945)
infl. - (-1.1599, 0.1792) -

infl. ||(-0.0687, 0.1132) - -

max. - - (-0.2714, 0.3955)
max. - (0.0000, 0.2790) -

infl. - - (+1.0611, 0.2547)
infl. - (+1.1599, 0.1792) -

area 0.4417 0.5542 0.8972

includes the horizontal coordinates of the inflection points. Then, we
still have to find one more geometric feature in the asymmetric peak:
In future research, we will consider estimates of the areas outside the
inflection points.

5 Horizontal Distance between Inflection Point and
Maximum

In this subsection, we return to studying a single standardized Voigt
profile. We need to model the relationship between the horizontal dis-
tance between the symmetric inflection points and the maximum of a
standardized Voigt profile V(x; 1, p). Figure 5 shows the computed nu-
merical data and our empirical model. Considering the residuals of
the data with respect to the asymptotic Lorentzian model, we obtain a
partial fraction model as those in [1]. Thus, we obtain the model

—1.850805 1.972509 n

o P
ix(p) ~ (0 +0.581452)2 " o+ 0.304663 /3

(10)

with coefficient of determination 2 = 0.9999982.
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Figure 5: The horizontal distance between inflection point and maximum versus the
shape parameter: i, (p) for standardized Voigt profiles V(x;1, p)

6 Outlook

There are several steps to take from here. Most importantly, the al-
gorithms to estimate the Voigt parameters for all three cases must be
made concrete. We have to study more examples. We have to vary o
and we must consider examples closer to the case boundaries as worst-
case scenarios. For the separated case, we have to study if the spectral
ratio mg /iy, is always less than the ratio of the corresponding Voigt
profile. For the non-separated cases, we have to design adapted algo-
rithms.

Moreover, we have to study how the accuracy depends on the density
of the spectral data samples. Below some critical density, it will be
impossible to model inflection points. But then, one has to question
whether such sparse data should be modeled by Voigt profiles at all.

In particular, what minimal sample density is needed to resolve an
asymmetric peak into its overlapping spectral lines depending on their
proximity.
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Transfer learning for hyperspectral image
classification
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Abstract Hyperspectral imaging (HSI) has revolutionized vari-
ous fields such as remote sensing, agriculture, the food industry,
and the recycling sector by providing detailed spectral informa-
tion in addition to the spatial context. However, the high data di-
mensionality poses a significant challenge for hyperspectral im-
age classification. This work explores the potential of supervised
pretraining with transfer learning, implementing three funda-
mentally different approaches (classical, HGen, DIAN). An exist-
ing computer vision model for image classification (ResNet-50) as
well as the specifically designed DeepHS-Net are expanded and
incorporated into the transfer learning architectures. The pre-
training is evaluated on the well-established and publicly avail-
able hyperspectral remote sensing scenes collection (HRSS), the
DeepHS Fruit and the DeepHS Debris data set for the respective
classification task, before and after fine-tuning as well as in a
linear fashion in three different scenarios with varying degrees
of class overlap. In addition, the performance on the basis of
training variability and model confidence is assessed. Our work
provides evidence that pretraining via transfer learning can in-
crease the model performance and stabilize the training process
in environments with heterogeneous hyperspectral data sets and
tasks.

Keywords Transfer learning, pretraining, hyperspectral imag-
ing, HSI classification, remote sensing, fruit ripeness
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1 Introduction

Because objects of varying media emit and reflect electromagnetic
waves of particular spectra, surface composition classification becomes
possible. Current work supports the idea of enhancing hyperspec-
tral image classification with already established deep learning meth-
ods [1,2] via supervised training to further improve model predictions.
Still, the high dimensionality of hyperspectral data poses significant
challenges for deep neural networks that usually require large labeled
data sets for effective classification. Transfer learning, a technique
where knowledge gained from one domain is applied to another do-
main or task, has already proven effective to mitigate these challenges
for regular computer vision tasks. As HSI data comes from a vari-
ety of different domains, but typically in rather small individual data
sets, finding common spectral features and transferring knowledge in-
between these data sets and tasks provides an alternative approach to
stabilize the training of large classifier models and improve their over-
all performance. Currently, this approach promises higher accuracies
than previously established pretraining and fine-tuning methods [2, 3].
Additional benefits of incorporating transfer learning include a reduc-
tion of training time and costs by skipping most of the compute-heavy
pretraining step while also increasing model stability during training.
Additionally, smaller data sets can be used for model training without
overfitting becoming very likely. However, applying already existing
methods to the HSI classification environment is non-trivial and hardly
investigated. With our work, we want to provide an insight into some
techniques and how they can be properly adapted.

2 Experiments

2.1 Data Set

Our experiments are based on the three remote sensing data sets (i.e.
Pavia Center, Pavia University and Indian Pines) from the publicly
available HRSS collection [4], as well as the DeepHS Fruit [5,6] and
the DeepHS Debris data set [1]. These sets are accompanied by varying
degrees of class overlap: Whereas both Pavia sets have an overlap of
about 78%, all the other collections do not share any classes with each
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other. However, the Pavia University set contains image patches that
belong to meadows or trees such that a semantic relation can be es-
tablished in plant-based structures when compared to the Indian Pines
collection, even if there is no real class overlap. The semantic difference
is much stronger for the other two data sets because their samples rep-
resent single objects in contrast to the landscape shots from the HRSS
set. This gap is further enhanced due to the difference in spatial resolu-
tion, which is why we consider these sets as having low to no overlap.

2.2 Models

The classifier models consist of a backbone based on the typical net-
works that are utilized for classification in conventional computer vi-
sion tasks. For our purposes, we will use the ResNet-50 [7] and the
DeepHS-Net [5], which was specifically engineered to work with HSI
data sets, and expand them with a final classification layer composed
of fully-connected layers. On the one hand, the ResNet-50 has been
proven to work exceptionally well in classical computer vision tasks.
On the other hand, recent work shows that it can also be used as a
backbone for HSI classification in heterogeneous environments with
transfer learning (e.g. [2]) to achieve state-of-the-art accuracies, which
is why we consider it as a valid option for the possible model back-
bones.

2.3 Transfer Learning Architectures

For the supervised pretraining of the model, we employ three trans-
fer learning architectures: Regular pretraining with parameter trans-
fer [8], HGen [2] and DIAN [9]. For the regular pretraining proce-
dure, the classification network mainly consists of a model backbone
that is pretrained on one task before getting fine-tuned on a different,
but related task. For the HGen architecture, a novel spectral-spatial
embedded feature extraction network design is incorporated into the
regular approach: The spatial branch utilizes a conventional computer
vision model pretrained on the ImageNet dataset as a spatial feature
extractor. The spectral branch obtains spectral features by employing a
separate CNN consisting of 1D convolutional layers with kernels of the
size 7 x 1 and a subsampling stride size of 2. Both feature extractors
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apply a fully-connected (FC) layer with an output size of 100 at the
end. The generated feature vectors from each branch are concatenated
and propagated through two FC layers and a dropout layer.

Lastly, the domain-invariant attention network (DIAN) design pub-
lished by Ye et al. in 2022 introduces a different strategy for transfer
learning between cross-scene hyperspectral images. Their core idea is
to increase the training efficiency for data sets where the set of classes
overlaps strongly by including dual-stream input processing: A sin-
gle CNN is employed for each data stream to extract features from
the source and target scenes at the same time. The goal is to map the
heterogeneous features from both scenes into a low-dimensional sub-
space that they both share. To achieve cross-domain consistency, Ye et
al. developed an attention network that takes each of the data streams
as a single input and first propagates both through an autoencoder
to receive encodings of the feature vectors of the same size. Then, for
each stream, these decodings are used as weights, which are multiplied
with the corresponding feature vector element-wise like in an attention
block. Afterwards, a novel loss is used to direct the network into gen-
erating features that are similar to each other (in accordance with the
L, distance) when they belong to the same class, otherwise they should
be as dissimilar as possible. It is constructed by including all the possi-
ble L, distances for two feature vectors where they either belong to the
same class or to a different one. Our experiments include a continuous
extension of the class equality measure by computing similarity coef-
ficients via the Goodness-of-Fit (GOF) measure [10] which is based on
the Cauchy-Schwarz inequality.

Our networks were optimized with Adam with a weight decay of
107° and a learning rate of 0.01, which is steadily decreased via a step-
wise learning rate scheduler employing a step size of 10 and ¢ = 0.1.
We trained for 70 epochs with an effective batch size of 32. The train-
ing data was augmented via random flipping, random rotation and
random cut, each of which occurring with a probability of 50%, in ad-
dition to random cropping with a probability of 10%. Finally, we apply
checkpoint callback and early stopping based on the validation loss to
reduce overfitting.
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2.4 Evaluation

In accordance with the evaluation procedure proposed by Varga et
al. [6], we measured the classification performance both before and af-
ter regular or linear fine-tuning. Without pretraining, the model either
makes use of randomly initialized weights or comes preloaded with
ImageNet weights. With pretraining, the model is pretrained only on
the Pavia University data set with one of the three transfer learning
architectures and then fine-tuned on Pavia City, Indian Pines, the Avo-
cado subset of DeepHS Fruit and DeepHS Debris to simulate three sce-
narios with varying degrees of class overlap (high, middle, low /none).
Following the recommendation of Varga et al. [6], only the last classifi-
cation layer is trained at first, then the pretrained backbone is included
for further fine-tuning. After the supervised learning, our models were
evaluated on the test set with test time augmentations [11] at a prob-
ability of 50%. Using five different seeds each, we conducted experi-
ments for all possible combinations of data sets and transfer learning
architectures.

3 Results

The pretrained model was evaluated on the downstream classification
task. Due to the number of combinations for the configuration, only
a narrow selection can be seen in Figure 1. It includes a comparison
of the classification performances depending on whether the model
was pretrained or not and whether the fine-tuning was performed on
the complete network or linearly with a frozen backbone. The model
selection is comprised of a Baseline (ResNet-50 + CIE RGB Mapping),
HGen-Net (ResNet-50 + HGen) and the DeepHS-Net.

In general, the pretraining did not always lead to a performance
improvement. We make the following observations: Firstly, for the
Pavia City data set, simple linear evaluation without pretraining al-
ready achieves high accuracies compared to the more computationally
complex alternatives. In that case, linear evaluation always performs
slightly worse than when training in a regular fashion, this difference
at most being 3%.

Especially for the DeepHS-Net, not applying a pretraining routine
leads to accuracies of more than 80% with the least complex training
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Pavia |Indian Pines| Debris | Fruit
No Linear eval. 77.9 30.5 56.6 67.9
Pretraining (£37)| (£20) (£ 122)|(=63)
Baseline Reeular dl 81.2 274 67.6 66.1
COMALCASS 10y | (£3.6) | (+24) |(+ 1.6)
Linear eval. 59.7 52.7 51.0 63.4
Pretraining + (19.3)] (£ 4.6) (+0.9)[(+ 89
Finetuning 771 554 66.9 64.9
(£ 3.6) (£2.8) (£ 3.7) (£ 5.8)
No Linear eval. 80.3 21.5 49.3 40.3
Pretraining (£32)| (£120) |(£1.2)|(+0.7)
HGen-Net Regular class 88.4 36.1 57.7 66.2
8 S L1 (£15) | (£7.5) |(£ 549
Linear eval. 88.6 492 51.8 69.8
Pretraining (+1.8) (£3.7) (£29) [(+ 6.0)
Finetuning 88.1 43.1 50.3 70.4
(£ 3.3) (= 44) (£59) [(=1.7)
No Linear eval. 82.7 50.7 55.3 67.0
Pretrainin (£08)| (£26) |[(£33) |74
DeepHS-Net & Reeular class| 530 522 654 | 812
8 S 1.0 (207 | (=15 |[(+£9.2)
Linear eval. 69.1 55.0 48.6 73.1
Pretraining (£ 11.2) (£54) (£72)[(£42)
Finetuning 83.3 58.3 67.9 84.1
(£ 14) (£22) (£ 1.1) (£ 3.6)

Figure 1: Classification accuracies [%] (mean and std) of the baseline, HGen and DeepHS
model for each of the four data sets. Highest accuracies in bold

routine. However, it can be noted that pretraining is a viable option
for models when the source domain is not related to the target do-
main: For Indian Pines, except for the DeepHS-Net model, pretraining
almost doubles the accuracy, regardless of the fine-tuning method. For
the Debris and Fruit set, fine-tuning or regular training is preferable
over linear evaluation, possibly due to the target domain differing too
much from the rest. Furthermore, the baseline performs better on the
Debris data set without pretraining but with a regular training routine
than the HGen-Net with pretrained weights and fine-tuning, indicat-
ing that the domain of the acquired knowledge differs too much from
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the target, such that Transfer Learning negatively impacts the perfor-
mance. Although we can note for the Fruit set that, especially for the
HGen-Net, pretraining can give a substantial performance boost for
linear fine-tuning. Additionally, for regular fine-tuning, a rise in accu-
racy of about 4% can be measured for both HGen-Net and DeepHS-Net
when pretraining is included.

Lastly, in some of the cases where the performance was worse when
applying pretraining, we can note that the standard deviation of the
accuracy was reduced, indicating that pretraining can increase overall
training stability.

4 Ablation Study

4.1 Model Confidence

Model confidences can be further categorized into situations where the
model was either correct or wrong in its decision. Figure 2 displays
them for all four data sets where the model prediction is wrong de-
pending on whether the model was regularly trained or pretrained on
the Pavia University data set. We can observe that pretraining leads to a
decrease in confidence by more than 10% for Pavia Center, Debris and
Fruit set, meaning that the model appropriately assigns choices that
are wrong a lower likelihood. However, for Indian Pines the model be-
comes more confident in its wrong decisions. We believe that this may
be the case because of the partial domain relatedness between urban
and agricultural landscapes.

4.2 DIAN Loss

The original implementation of the DIAN loss [9] only considers over-
lapping classes that are identified to be either completely equal or
entirely different. The coefficients for the L, distances of the source
and target embeddings thus are either 1 or 0 depending on the class
equality. For our approach, we want to consider a continuous exten-
sion for coefficients in the cases where the class overlap is low via the
Goodness-of-Fit (GOF) similarity measure [10]. Thus, the DIAN archi-
tecture becomes viable for the Indian Pines, Debris and Fruit data set.
Moreover, for the Pavia Center data set, these coefficients can either
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o

Confidence [%]
o

Data set

Figure 2: Model confidences depending on the supervised training routine for all four
data sets where the model prediction is wrong. Each model employs a ResNet-
50 backbone. For all TL architectures.

completely replace the ones assigned via class equality or simply be
added for the cases where the original coefficients are 0. In Figure 3,
we present the classification accuracies that can be achieved by imple-
menting these coefficients. We can directly see that for the Indian Pines
and Debris data set, the median accuracy is increased by about 5% in
comparison to just using the cross entropy loss for both input streams.
For the Pavia Center data set, leaving out the coefficients that were de-
termined via class equality is tremendously detrimental to the model
performance. Moreover, disregarding the original DIAN loss imple-
mentation seems to be more beneficial, likely due to the high inter- and
intra-class covariances. However, adding in the similarity coefficients
yields better accuracies which are increased by 4.3%, demonstrating
that incorporating the embeddings of different classes enhances the
training procedure.
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Figure 3: Classification accuracies depending on the choice of the loss function for the
DIAN architecture on all four data sets and regular fine-tuning. HGen-Net is
employed and pretrained on Pavia University.

5 Conclusion

In this work, supervised training with transfer learning was employed
as pretraining for hyperspectral image classification of surface compo-
sitions. We show that it is possible to transfer the ideas of transfer
learning from conventional computer vision environments to hyper-
spectral data. Further, we provide evidence that transfer learning can
be applied in environments with heterogeneous hyperspectral data sets
and tasks while also increasing the model performance via pretraining.
Moreover, our work shows that the training process can be stabilized
while allowing for the usage of larger classifier models without overfit-
ting. For some special cases, we can even show that the overall classifi-
cation accuracy can be improved. In addition, our experiments suggest
that the likelihood of very confidently assigning wrong class labels is
lessened when using specific transfer learning architectures. Lastly,
our novel approach for the DIAN loss is promising in terms of enhanc-
ing dual-stream networks by including hyperspectral image similari-
ties into the loss weighting, increasing the performance of DIAN-like
models by about 5%.
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Abstract Storing and streaming hyperspectral images (HSI) re-
quires significant resources. One suitable strategy of reducing
this resource utilizations is the use of compression algorithms.
In this work, we benchmarked Bzip2, Gzip, LZ4 and Izf algo-
rithms on a dataset of HSIs of lightweight plastic packaging and
achieved a lossless compression as high as 96.7% compared to
the original filesize.

Keywords Near-infrared spectroscopy, hyperspectral image,
lightweight plastic packaging

1 Introduction

In recent years, the analysis of infrared (IR) spectral data has become
significant in waste management. Among the various IR techniques,
near-infrared (NIR) spectroscopy has gained particular importance as a
reliable solution for sorting different types of plastic [1]. Near-infrared
hyperspectral image (HSI) includes more information of the spectral
domain as the number of sub-bands they cover goes over 100. This
means each pixel shows a spectrum, which enables a detailed spec-
tral analysis and use of sophisticated classification models for inline
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material characterization [2]. However, this higher dimension intro-
duces a challenge when the recorded HSIs are transferred or stored.
For example, an image with dimension of 1000 x 312 x 220 requires
about 130 megabytes of storage space. With an acquisition rate of 300
frames per second (FPS), this will add up to 3.3 terabytes of data for
a full day of recording, rendering the acquisition of raw spectral data
in industrial processing scenarios infeasible. To tackle the storage chal-
lenge, Deore et al. developed a two-stage lossy compression algorithm
that uses spectral decorrelation and discrete wavelet transformation
(DWT) [3]. Beside lossy compression, lossless compression algorithms
such as Bzip2, 7zip and Gzip have shown promising results on satellite
hyperspectral images [4]. One solution to improve compression per-
formance is taking advantage of properties of near-infrared HSIs like
replacing values of pixels in HSI which are not important for further
analysis, i.e. spectra of background pixels in HSI of material being
transported on a conveyor belt. Here, we benchmark four of the most
common lossless compression algorithms Bzip2, Gzip, LZ4 and Izf on a
dataset of HSIs of lightweight plastic packaging post-consumer waste
in two scenarios (with and without background suppression) to find
an efficient compression pipeline for such HSIs.

2 Material and Methods

2.1 Dataset generation

The hyperspectral imaging camera used to record the dataset was an
EVK HELIOS NIR G2-320 EVK Kerschhaggl GmbH (Raaba, Austria)
with a wavelength range of 990 nm - 1678 nm with a spectral resolu-
tion of 3.1 nm/band. In total 170 HSIs were recorded, the details about
polymer type and number of sample are in Table 1, each HSI has a spa-
tial resolution of 312 and spectral resolution of 220, and was recorded
with 300 frames per second. The G2-320 measures and records lines, so
to create images we used the GenlCam interface of the camera to read
the lines from the camera’s buffer and append them together to create
the hyperspectral images (Fig 1).
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Table 1: Dataset structure and number of samples per class

Packaging polymere ‘# of samples‘filesize (GB)
Polyethylene terephthalate (PET) 95 8.896

Polypropylene (PP) 50 4.056
High Density Polyethylen (HDPE) 25 2.445

2.2 Compression algorithms

Here the following lossless compression algorithms have been inves-
tigated, Gzip [5], Bzip2 [6], Izf [7] and LZ4 [8]. As these methods are
lossless, the reconstructed spectrum remains identical to the original
before compression. However, as it is crucial for the compressed file
to be decompressed within a reasonable time, the decompression time
was also measured. The Python implementation of the mentioned al-
gorithms were used on a computer equipped with an Intel® Core i9
14900 and 128 GB of RAM, for storage a 2 TB NVME SSD.

2.3 Background suppression

To improve compression performance, through a preprocessing step,
the objects are detected using scikit-image [9], and their bounding box
is calculated and all the pixels, which lie outside the bounding box
are considered as background and were given the value of zero over
all channels, the pipeline is illustrated in Fig 2. The time required for
object detection was also taken into account as part of compression
time.

2.4 Performance assessment

To assess their performance, each near-infrared HSI was compressed
once with and once without background suppression using all the four
algorithms. To compare the performance of benchmarked compression
algorithms, the compression ratio (CR) (1) and compression speed for
each HSI were calculated, and then the mean and standard deviation
(std) over the whole dataset were derived.

Original File Size — Compressed File Size

COI’I’IpI'EBSSlOI'l Ratio = Original File Size

@
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Figure 1: Sample images from dataset, (I) columns illustrate the RGB image and (II)
columns visualize the HSI as a grayscale image (for each pixel an average was
calculated )

3 Results and Discussion

3.1 Compression performance without background suppression

The achieved CRs for no background suppression scenario varies be-
tween 58.9 % and 90.1 % with Bzip2 performing the best, while LZ4
only achieved an average CR of 58.9 %. As seen in Table 2, Bzip2
achieves the highest CR with Gzip, Ifz and LZ4 following. For both
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(III) @ an (III) @ an (I1I)

Figure 2: The pipeline for suppressing background pixels. (I) columns visualize the HSI
as a grayscale image (for each pixel an average was calculated), (II) columns are
binary images of the grayscale image with detected objects and their bounding
boxes and (III) columns depict the grayscale images of the HSIs with sup-
pressed background.

Gzip and Bzip2 a compression level parameter can be defined: for Gzip
it defines the search window and the intensity of Huffman tree opti-
mization and for Bzip2 it changes the block size used for compression.
Varying the compression level parameter of both Gzip and Bzip2 algo-
rithms indicates that for Bzip2 on average only 2.1 % higher CR are
achieved, for Gzip on the other hand a 6.2% increase in CR is observed.
Beside CR, the compression speed should also be evaluated. Though
Bzip2 achieves higher CR, it is much slower in comparison to other
algorithms, which raises the concern for its real-time implementation.

3.2 Compression performance with background suppression

Suppresing the background in HSIs improves CR, on average the CR
attained by algorithms were improved by 11.1 %, the maximum im-
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Table 2: Compression results without background suppression (highest mean values are
bolded)

CR Speed [MB/s]
mean std mean std
Algorithm Compression level
1 88.0% 2.0% 153 1.8

2 88.8% 1.8% 13.3 19

3 89.2% 1.7% 12.7 2.1

[3 89.5% 1.6% 12.2 2.1

Bzip2 5 89.7% 1.6% 115 2.1
6 89.8% 1.5% 11.0 2.0

7 90.0% 1.5% 105 2.0

8 90.0% 1.4% 102 2.0

9 90.1% 1.4% 9.7 19

1 76.4% 2.6% 85.3 11.3

2 77.7% 2.5% 75.0 9.6

3 79.2% 2.6% 55.0 6.3

4 80.9% 2.6% 562 7.1

Gzip 5 81.7% 2.6% 415 5.0
6 82.4%2.7% 276 2.7

7 82.6% 2.7% 193 1.9

8 82.6% 2.7% 10.0 1.4

9 82.6% 2.7% 89 1.3

1zf - 64.5% 3.3% 135.6 29.2
LZ4 - 58.9% 2.8% 157.0 38.9

provement in CR was for LZ4 with a 30 % increase of CR. As for com-
pression speed, both Gzip and Bzip2 achieve more throughput, but Ifz
and LZ4 slow down. Table 3 illustrates the results for compression with
background suppression. The first observation is an evident increase
in CR for all algorithms, with Bzip2 achieving CR as high as 96.70 %, an
explanation would be the decreased variance in HSI with background
suppression and existence of repetitive zero values in the HSI, these
enable the compression algorithms to achieve higher compression ra-
tios. When it comes to compression speeds, for gzip and Bzip2 a subtle
boost in speed can be seen, but for Izf and LZ4 a decrease is observed.
Also, changing the compression level parameter for Bzip2 and gzip
leads to minimal improvement of CR, so it is not necessary to sacrifice
compression speed to achieve lower sized HSIs. Interestingly, /zf and
LZ4 achieve a CR close to 90 % while maintaining a fast compression
speed.
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Table 3: Compression results with background suppression (highest mean values are
bolded)

CR Speed [MB/s]

mean std mean std

Algorithm Compression level
1 95.6% 2.4% 32.6 11.0
96.0% 2.2% 29.7 10.6
96.2% 2.0% 27.7 10.3
96.4% 1.9% 264 10.1
96.5% 1.9% 254 9.8
96.6% 1.8% 245 95
96.6% 1.8% 225 9.3
96.7% 1.8% 220 9.1
96.7% 1.7% 210 9.2
91.7% 3.9% 100.3 29.1
92.0% 3.8% 100.4 26.9
922% 3.7% 99.7 29.2
92.7% 3.6% 846 184
92.8% 3.6% 78.8 19.6
92.8% 3.6% 723 19.4
92.8% 3.6% 729 20.6
92.8% 3.6% 66.6 21.2
92.9% 3.6% 60.7 20.7
88.2% 5.5% 96.5 35.7
89.1% 5.3% 103.3 32.0

Bzip2

Gzip

VOO U R W N O U WN

1zf
LZ4

3.3 Decompression performance

When compressing a file, it is also important to evaluate the decom-
pression performance, specially how fast the original HSI can be re-
constructed. In Table 4 the mean and standard deviation of decom-
pression time and decompression speed are shown for the dataset in
case of no background suppression. LZ4, Izf and gzip achieve much
higher decompression speeds compared to Bzip2, it is also worth not-
ing that different compression levels does not affect the decompression
speed of gzip algorithm. The results for decompression of HSIs with
suppressed background are presented in Table 5, showing a noticeable
boost in the decompression speed. Bzip2 gained the most boost, with
an average 285.7 % increase. For Gzip, Izf and LZ4 an average boost of
about 30 % can be concluded.
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Table 4: Decompression results for compressed HSIs without background suppression.

Speed [MB/s]
mean std

Algorithm Compression level
1 87.90 16.97
98.81 6.44
97.67 6.15
92.82 10.56
69.31 12.17
76.56 17.86
88.78 5.68
6742 13.01
60.08 9.09
279.63 13.23
269.41 16.94
281.21 19.54
284.03 18.47
253.21 26.06
303.50 25.14
297.71 24.76
302.87 21.76
290.21 22.52
320.00 23.33
292.23 23.33

Bzip2

Gzip

VO 00| N UI x| W N | O | S Ul x| W N

1zf
LZ4

4 Conclusion

The dense 3D array structure of near-infrared hyperspectral images
makes their storage particularly challenging. To tackle this, we have
benchmarked four of the most common lossless compression algo-
rithms on a dataset of HSIs of lightweight plastic packaging and shown
that if the background pixels are suppressed before compression the
achieved compression ratios of all four algorithms increases. The best
algorithm was Bzip2 with a CR as high a 96.7 % while maintaining
an acceptable compression speed, Gzip also achieved CRs higher than
90 % with much faster compression speed, showing its feasibility for
a real-time implementation. However, a real-time implementation de-
pends highly on the equipment, in our case for recording with 300
FPS we would need a compression speed of 39.28 MB/s, which is still
lower than the slowest settings of Gzip. In conclusion, two pipelines
can be introduced depending on use case, for non-real-time applica-
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Table 5: Decompression results for compressed HSIs with background suppression.

Speed [MB/s]
mean std

Algorithm Compression level

1 257.41 60.06
254.68 56.12
24725 53.40
24733 55.24
239.33 52.74
237.85 56.33
229.05 53.70
222.04 52.44
221.86 54.25
440.73 51.74
429.08 53.49
423.07 48.67
407.50 45.86
366.34 67.48
338.38 45.36
411.94 47.61
403.80 50.92
404.44 42.64
492.63 59.37
395.68 21.77

Bzip2

Gzip

VOO U R W N ==O I Ull = WN

1zf
LZ4

tions a pipeline of first suppressing background and then using Bzip2
algorithm for compression is suggested but if real-time performance is
deemed then Gzip should be utilized for compression at cost of higher
storage requirement. For future work our results could be used for
comparison with lossy algorithms and the trade-off between compres-
sion performance and classification results.
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Abstract A simplified fluorescence imaging technique using a
fluorescent dye sprayed onto the water surface was employed to
study gas transfer at the air-water interface in the Heidelberg Ae-
olotron. Experiments under varying wind conditions revealed
the same turbulent surface structures as with erlier complex
chemical techniques. The structures were analyzed using the
structure tensor to quantify anisotropic regions. This approach
enabled the estimation of gas transfer dynamics and offers a sim-
ple, non-invasive method for studying air-water gas exchange in
any wind-wave facility and possibly also in the field.

Keywords Fluorescence imaging, orientation analysis, structure
tensor

1 Introduction

The optical characterization of materials has become an indispensable
tool in both fundamental research and applied sciences, offering a wide
array of techniques to investigate material properties through phenom-
ena such as refractive index, reflectance, absorption, fluorescence, and
scattering. These methods have proven to be remarkably versatile, en-
abling insights into chemical composition, surface structures, and even
three-dimensional shapes [1,2]. However, the exploration of trans-
port processes, particularly those at the interface between aqueous and
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gaseous media, has received comparatively little attention within the
field of optical material characterization.

Transport processes, such as the exchange of gases across the air-
water interface, are of significant importance in diverse contexts, from
environmental processes like ocean-atmosphere gas exchange and river
reaeration to industrial applications in chemical engineering [3]. These
processes are controlled by complex interactions within a thin sublayer,
the mass boundary layer, less than one millimeter thick. The challenge
lies in understanding and measuring these processes with sufficient
resolution to capture their intricate dynamics.

Fluorescence imaging techniques have emerged as powerful tools
for visualizing concentration fields and identifying transport mecha-
nisms at such interfaces. In [4], Hofmann and Jdhne introduced a
fluorescence-based approach to study mass transfer processes in the
Heidelberg Aeolotron. This method allowed for high-resolution mea-
surements of gas transfer velocities and the identification of the un-
derlying mechanisms by utilizing controlled experimental setups, in-
cluding deionized water, a gastight airspace, and complex chemical
systems. However, the complexity of this setup limited its broader ap-
plicability.

To address this limitation, a significant advancement was made by
introducing a simplified fluorescence method that uses a fluorescent
dye sprayed on the water surface. This new approach retains the abil-
ity to visualize and measure gas transfer processes while drastically re-
ducing experimental complexity. By carefully controlling droplet size
and velocity to ensure proper interaction with the water surface, the
spray method enables similar measurements without requiring a pris-
tine laboratory environment. This innovation allows the technique to
be applied in diverse settings, including wind-wave facilities and even
natural systems, provided a sufficiently powerful light source is avail-
able.

Beyond its application to gas transfer velocity measurements, the
spray method opens new possibilities for analyzing surface structures
and dynamics. Surface patterns, influenced by turbulence, surfactants,
and wind-driven processes, are crucial for understanding transport
mechanisms (see Figure 1). These structures can now be systemati-
cally characterized using advanced image processing techniques, such
as the structure tensor. This mathematical tool is well-suited for analyz-
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Figure 1: Comparison between surface structures captured using the classical fluores-
cence imaging method (left) and the fluorescence spray method (right) at wind
speeds of 6.3 Hz.

ing the spatial and temporal orientation of patterns, providing insights
into the coherence and directional features of surface dynamics.

In this contribution, first the basic parameters describing the trans-
port across the air-water interface are outlined (Sect. 2). Then the mea-
surements are described in Sect. 3. In Sect. 4 the turbulent surface
structures on the water interface are analyzed using the structure ten-
sor and it is shown how the speed of the gas transfer can be estimated
from this analysis.

2 Air-Water Gas Transfer

Air-water gas exchange is governed by the interplay of molecular diffu-
sion and turbulence within the water-side mass boundary layer, where
turbulent transport diminishes near the interface. This layer is criti-
cal in controlling the transfer of gases across the air-water interface,
as turbulence in the bulk water cannot penetrate the surface due to
the significant density difference between air and water. Consequently,
molecular diffusion dominates the transport within the thin boundary
layer, where concentration gradients are highest. The transfer resis-
tance in this layer, particularly on the water side for sparingly soluble
gases like CO; and O;, determines the overall efficiency of the exchange
process.
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The rate of gas exchange is characterized by the gas transfer velocity,
which is defined as:
]

-~ Ac &)
where j is the flux of gas across the interface, and is the concentration
difference between the bulk water and the interface. This relationship
directly ties k to measurable physical quantities and reflects the effi-
ciency of mass transfer for a given driving force. Mathematically, k is
inversely related to the total resistance to transport, with the water-side
resistance typically dominating for low-solubility gases.

At the microscopic scale, the water-side mass boundary layer has
a characteristic thickness, which depends on the diffusion coefficient
D and the transfer velocity k via the relationship without the need to
assume a specific transport model [3]

Zy = c 2)

This layer thickness reflects the distance over which molecular diffusion
compensates for the concentration difference across the interface.

Because both the vertical speed of the transport is known and the
thickness of the layer across which the transport takes place, the time
constant can be expressed as

Zs D
te = T T ©)]

This shows that k increases with the inverse square root of the renewal
time t*. The two equations express that only one the the three parame-
ters k, z, and t, needs to measured. Then all three are known, because
they are related to each other via the known diffusion coefficient D.

By spraying a dye onto the water surface, two of these parameters
are directly accessible. The boundary layer thickness z, can be inferred
from the brightness of the fluorescence. By analyzing the temporal
decay of fluorescence intensity patterns at the interface, the lifetime of
turbulent surface structures can be estimated and thus ¢..

These structures represent the interface’s exposure time to bulk wa-
ter, effectively linking the observed fluorescence dynamics to. High-
resolution imaging allows for the spatial and temporal characterization
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of the surface turbulence, yielding robust estimates of the renewal time.
Using the established relationship, the gas transfer velocity k can be
derived, offering a non-invasive approach to quantifying gas exchange
processes.

3 Measurements

These experiments were conducted under variable wind conditions,
with the dye being sprayed for two different durations: once for 2
seconds and once for 5 seconds, at each wind speed. The fluorescence
patterns were captured using seven high-speed cameras positioned un-
derneath the water surface at a frame rate of 500 fps, enabling high-
resolution imaging of the dynamic surface structures. This setup al-
lowed for real-time visualization of turbulent surface features and their
evolution in response to surface renewal events, providing insights into
the interaction between the water surface and the bulk water below.

4 Analysis of Surface Structures

The analysis of the fluorescence image sequences from the spray ex-
periments was performed using the structure tensor [5], a mathemati-
cal tool designed to capture the spatial organization of patterns within
an image. The structure tensor allows for the identification of the pri-
mary orientation of the observed patterns and the quantification of
the anisotropic areas, those exhibiting directional coherence, within the
image, providing insights into the turbulent surface structures that de-
velop on the water interface during gas exchange processes.

First, the dominant orientation of the surface structures was deter-
mined using the structure tensor (see Figure 2). The structure tensor
enables the computation of the orientation of the surface patterns by
analyzing the eigenvalues and eigenvectors associated with the tensor.
Specifically, the orientation of the primary eigenvector, corresponding
to the largest eigenvalue, indicates the direction in which the surface
structures are most coherent. The analysis revealed that the dominant
orientation stabilized at approximately 97°, tilted by 7° relative to the
wind direction. This angle corresponds to the typical main orientation
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Figure 2: Temporal evolution of the dominant surface structure orientation at different
wind speeds, with dye input durations of 2s (blue) and 5s (red).

of stable streaks at the water surface, driven by wind-induced turbu-
lence. Furthermore, the time during which the main orientation re-
mains stable was found to decrease with increasing wind speed, sug-
gesting that higher wind speeds cause the turbulent structures to break
up more quickly.

Next, the coverage of anisotropic regions on the water surface was
analyzed by applying a coherence threshold to the structure tensor (see
Figure 3). The threshold was set at a coherence value of 0.5, where
regions with coherence values above this threshold were classified as
anisotropic. These anisotropic regions exhibit clear directional struc-
tures, such as streaks, which are responsible for enhancing gas transfer.
The coverage of these anisotropic regions increased with rising wind
speeds, reaching a maximum of 25% at a wind frequency of 7.9 Hz. Af-
ter this peak, the coverage began to decrease as wind speed continued
to rise. Additionally, with higher wind speeds, the time it took for the
anisotropic coverage to return to the baseline level was shorter. This
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Figure 3: Time-dependent coverage of anisotropic regions across the image area, with
dye input durations of 2s (blue) and 5s (red).

indicates that at higher wind speeds, the turbulent streaks dissipate
more quickly, leading to a more dynamic surface renewal process that
affects both the surface coverage and gas transfer dynamics.

The analysis can be further extended by utilizing the structure tensor,
building on the previously discussed analysis of anisotropy. For this
extension, we assume that all regions with a coherence value greater
than 0.5 correspond to a surface structure. This value is used as a seg-
mentation threshold, enabling the identification of coherent regions,
which are then analyzed for both their intensity and geometric proper-
ties. The segmented structures are examined in terms of their average
intensity and their size, defined by the pixel area. By quantifying these
properties, histograms of the distribution of intensity and size can be
generated.

The analysis of the segmented structures at different wind speeds
reveals distinct patterns when examining the intensity of the structures
over time (see Figure 4). As wind speed increases, the intensity of
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Figure 4: Temporal evolution of the average brightness of the surface streaks at different
wind speeds, with dye input durations of 5s.

the segmented structures decreases. This behavior can be attributed to
the more rapid transport of the dye into deeper water layers at higher
wind speeds. As the turbulence intensifies with stronger winds, the
dye is dispersed more quickly, preventing the formation of brighter,
more defined structures at the surface. These findings suggest that the
surface structures are less pronounced and more diffuse at higher wind
speeds.

Additionally, the analysis of the size of the segmented structures
provides further insights into the effect of wind speed on the surface
renewal process (see Figure 5). With increasing wind speed, the size of
the segmented structures appears to decrease. Smaller surface features
form due to the faster transport of the dye into deeper regions, which
limits the formation of larger structures. This observation aligns with
the conclusion from the intensity analysis, where higher wind speeds
result in more rapid dissipation of the turbulent streaks, leading to a
reduction in the size of the coherent surface structures. These changes
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Figure 5: Time-dependent area of the segmented surface streaks, with dye input dura-
tions of 5s.

in both intensity and size highlight the dynamic nature of the surface
renewal process and the influence of wind speed on the formation and
dissipation of surface streaks.

In summary, the segmentation of surface structures using the struc-
ture tensor reveals that with increasing wind speed, not only does
the intensity of the structures decrease, but their size also diminishes.
This indicates that at higher wind speeds, the turbulence promotes a
faster dissipation of surface structures, leading to smaller and less in-
tense streaks. These observations are important for understanding how
varying wind conditions can impact the formation of turbulent surface
patterns and, consequently, the efficiency of gas transfer across the air-
water interface.
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5 Conclusions

The newly developed spray fluorescence method extends the applica-
tion of fluorescence techniques beyond the controlled environment of
the Aeolotron, enabling the detection of identical surface structures to
those observed with classical fluorescence imaging. These include tur-
bulent patterns, such as anisotropic streaks, which play a vital role in
gas exchange processes. By combining advanced visualization with
structure tensor analysis, the method quantifies key parameters like
orientation, intensity, size, and temporal dynamics of these structures.
At lower wind speeds, stable streaks form, maintaining consistent ori-
entation and lasting longer, while increasing wind speeds intensify tur-
bulence, leading to quicker dissipation and reduced stability, intensity,
and size of the streaks. This versatile technique, offering valuable in-
sights into surface dynamics and their impact on gas exchange, will be
further validated through experiments at the Large Air-Sea Interaction
Facility (LASIF) in Marseille in March 2025 and field measurements in
the Baltic Sea in June 2025, paving the way for broader applications in
natural environments.
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Abstract This paper analyzes the characteristics of water spec-
tra and examines how varying training datasets, with different
amounts of water spectra, impact the reconstruction accuracy of
lossy hyperspectral data compression methods. The hypothe-
sis is that the spectral signatures of water have lower intensity
values than the spectral signatures of land and, therefore, have
fewer significant features or that the features have a lower inten-
sity. At lower intensity values, the reconstruction error caused
by the lossy compression has a greater influence on the sig-
nal, as the relative error is more significant. Furthermore, the
scarcity and less pronounced features in water spectra hinder
the training of machine learning methods. To validate this hy-
pothesis, lossy compression models are trained using three dis-
tinct training datasets: a combination of land and water spec-
tra, exclusively land spectra, and exclusively water spectra. The
experimental results substantiate the hypothesis that the lower
intensity and weaker features of water spectra pose significant
challenges for machine learning models. However, the recon-
struction accuracy of the A1D-CAE demonstrates that combining
land and water spectra enables a generalized restoration of criti-
cal features, thereby mitigating the limitations of models trained
exclusively on land- or water-based datasets. Consequently, it is
imperative to include a sufficient amount of water spectra when
constructing training datasets.

Keywords Hyperspectral image (HSI) compression, spectral
compression, feature extraction, autoencoder, spectral analysis
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1 Introduction

The demand for hyperspectral data in remote sensing applications,
such as disaster management, land cover classification, and object de-
tection, has grown significantly. These applications benefit from the ad-
ditional spectral information provided by hyperspectral sensors, which
can capture material-specific features across hundreds of spectral chan-
nels. However, the large data volumes produced by these sensors pose
challenges for data transmission and storage, particularly in satellite-
and drone-based systems where bandwidth is limited. Lossy hyper-
spectral data compression offers a solution by enabling real-time trans-
mission while balancing compression rate and reconstruction accuracy.
This work focuses on investigating the reconstruction quality of lossy
compressed water spectra. Previous studies, such as Kuester et al.
(2023) [1], have shown that water spectra exhibit higher reconstruc-
tion errors compared to land spectra. This study hypothesizes that the
lower intensity and consequently less pronounced features of water
spectra make their reconstruction particularly challenging. To address
this, lossy compression models are trained on three distinct datasets:
land-only, water-only, and mixed land and water spectra. The evalua-
tion is based on hyperspectral satellite data from the PRISMA mission,
utilizing state-of-the-art machine learning methods including Adaptive
1D-Convolutional Autoencoder (A1D-CAE) [1], Nonlinear Principal
Component Analysis (NLPCA) [2], Spectral Signals Compressor Net-
work (SSCNet) [3], and 3D-Convolutional Autoencoder (3D-CAE) [4]
for a compression rate of factor cg = 4. These models are assessed to
identify the optimal strategy for reconstructing critical features of wa-
ter spectra while maintaining generalizability across diverse spectral
categories.

2 Spectral analysis

In this chapter, the characteristics of the spectral signatures of water
are examined. The analysis from Kuester et al. (2023) [1] reveals that
higher reconstruction errors occur when reconstructing water spectra.
It is hypothesized that the spectral signatures of water have lower in-
tensity values compared to those of land and, therefore, exhibit less
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(d) (e) ®)

Figure 1: Datasets from the PRISMA mission in RGB composition with bands R = 32,
G =21, and B = 10. The test datasets were collected in Myanmar (a), Mozam-
bique (b), Italy (c), Cyprus (d), Russia (e), and Malaysia (f), covering a wide
range of spectral variability and, thus, a complex evaluation task.

significant or less pronounced features. For lower-intensity values, the

reconstruction error introduced by lossy compression has a greater im-

pact on the signal as the relative error becomes more significant. Fur-

thermore, sparse and weakly pronounced features hinder the training
of machine learning algorithms.

To analyze the properties of water’s spectral signatures, six hyper-
spectral PRISMA datasets from different locations worldwide were se-
lected, as shown in Figure 1. The visualization in Figure 1 illustrates
that water pixels in the various datasets exhibit diverse shades of blue,
making water a complex category. The red dot marks the pixels whose
spectral signature are displayed in Figure 2, while the red square iden-
tifies the pixels used to calculate the metrics presented in Table 1.

The findings indicate that the spectral signatures of water in the
recorded wavelength range of 420nm — 1010nm exhibit various char-
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Figure 2: Comparison of water spectra from different locations, illustrating variability in

intensity across the visible and near-infrared spectrum (420 nm — 1010 nm).
acteristic reflection properties, as shown in Figure 2. In the visi-
ble range (420nm — 780nm), reflectivity is generally low. Blue light
(420nm — 500nm) is strongly scattered in the water, contributing to
its characteristic blue appearance, while reflection in the green wave-
lengths (500nm — 600nm) slightly increases, particularly in water bod-
ies containing suspended particles or chlorophyll. Red light (640nm —
780nm), however, is strongly absorbed, resulting in minimal reflec-
tion. In the near-infrared range (780nm — 1010nm), water absorp-
tion significantly increases, leading to very low reflectivity. Between
900nm — 1010nm, absorption is nearly absolute, making reflected light
in this range almost undetectable.

In addition to visual analysis, metrics such as mean, standard devi-
ation, maximum and minimum intensity values, area under the curve
(AUC), and signal energy were calculated and compared for water
and land; the results are shown in Table 1. Water consistently shows
lower intensity values than land, with mean intensities in Myanmar
and Malaysia at 27.15 and 22.89, compared to 33.05 and 66.09 for land.
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Table 1: Statistical analysis for water and land spectral signatures across PRISMA
datasets.

Myanmar Mozambique Italy
2021.03.05 2021-08-20 2023-06-20
Metric mean std_dev_max_min__auc__signal-energy|mean std.dev max_min__auc__signal_energy| mean std.dev_max_min__auc__signal energy
Sp“"d;ﬁ““”" 27.15 1685 5457 334 169732 64369.04 |18.10 1257 3649 127 112503 3060358 |1255 991 3333 192 77343 1612085
spectral signature
land

Dataset

33.05 21.00 7294 3.40 205549 96626.89 [36.80 11.75 6542 16.002285.73 94030.16 |43.82 10.34 66.88 30.21 2724.84 127742.15

Cyprus Russia Malaysia
2020-08-18 2021-06-25 2021-03-02
Metric mean std_dev_max_min__auc__signal-energy|mean std.dev max_min__auc__signal-energy| mean std.dev_max_min__auc__signal energy
5"“"1‘[:"5["‘“‘”“ 3237 1081 5075 0.0 203102 7339508 |11.95 248 1813 496 739.80 939426 |2289 19.04 5219 0.00 1427.77 55868.78
spectral signature
land

Dataset

91.96 23.65 129.0529.225736.12 568137.25 [40.75 24.22 91.22 791 253043 141649.48 (66.093 30.82 125.4123.17 4107.27 335054.56

The amplitude range is also smaller for water, as seen in Russia, where
maximum intensities are 52.19 for water and 125.41 for land. Simi-
larly, the standard deviation, indicating feature variability, is consis-
tently lower for water, e.g., 10.81 in Cyprus versus 23.65 for land. Sig-
nal energy and AUC, reflecting overall dynamics and magnitude, are
significantly reduced for water; for instance, in Russia, signal energy
is 9394.26 for water compared to 141649.48 for land, and the AUC in
Cyprus is 2031.02 for water versus 5736.12 for land. These findings
highlight water’s weaker spectral signatures.

Overall, the results in Table 1 together with the visual analysis of the
spectral signatures from Figure 2 demonstrate that the spectral signa-
tures of water are not only less intense but also possess less pronounced
features.

3 Compression Methods

This section describes the lossy compression methods applied in this
study. Machine learning-based methods have become increasingly
popular for hyperspectral data compression due to their superior per-
formance compared to classical methods like JPEG and JPEG 2000
[5-7]. The models evaluated in this work include A1D-CAE, NLPCA,
SSCNet, and 3D-CAE. All models were trained with a compression rate
of cr = 4 for 150 epochs using the AdamW optimizer with a learning
rate of 0.001 and weight decay of 10712,

e A1D-CAE: The Adaptive 1D-Convolutional Autoencoder (A1D-
CAE) processes individual spectral signatures, focusing on high
reconstruction accuracy by excluding spatial features. The en-
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58

coder compresses spectral data using 1D convolutional layers
with strides and adaptive padding to accommodate varying spec-
tral band numbers, ensuring compatibility with the compression
rate (cr). The decoder reconstructs the spectral signatures using
transposed convolutional layers. The final layer scales the output
to [0,1] using the Hardtanh activation function. Training opti-
mizes performance using mean squared error (MSE) as the loss
function.

NLPCA: The Nonlinear Principal Component Analysis (NLPCA)
model is a shallow autoencoder that compresses hyperspectral
data using three linear hidden layers with sigmoid activations.
This architecture ensures efficient compression while preserving
and evenly distributing spectral information. The MSE loss func-
tion guides the training process, enabling the model to capture
essential non-linear patterns in the data.

SSCNet: The Spectral Signals Compressor Network (SSCNet) is
a 2D-convolutional autoencoder designed for hyperspectral data
compression and reconstruction. The encoder uses three pairs of
2D convolutional layers (Conv2d) with Parametric ReLU (PReLU)
activations, followed by 2 x 2 max pooling for downsampling.
The compressed representation is generated by flattening the fea-
ture map. The decoder mirrors the encoder with transposed con-
volutional layers (ConvTranspose2d) and PReLU activations for
upsampling. A final sigmoid activation normalizes the recon-
structed output to [0,1]. Binary Cross-Entropy Loss measures
reconstruction error during training. SSCNet processes data in
tiles of 32 x 32 x 63, integrating spectral and spatial features.

3D-CAE: The 3D-Convolutional Autoencoder (3D-CAE) com-
bines spectral and spatial compression using a 3D encoder-
decoder structure. The encoder applies 3D convolutional lay-
ers with batch normalization (BatchNorm3d) and Leaky Rectified
Linear Unit (LeakyReLU) activations, culminating in a 3D resid-
ual block (Res-block) for enhanced feature extraction. After quan-
tization, the decoder reconstructs the data using 3D upsampling
and convolutional layers with residual connections to maintain
data fidelity. The MSE loss function aims to optimize reconstruc-



Impact of compression on water spectral signatures

tion but depends on data and model characteristics. The 3D-CAE
processes data in tiles of 32 x 32 x 63, preserving spatial-temporal
consistency and essential features.

(d) (e) (£)

Figure 3: Selection of the training datasets from the PRISMA mission in RGB composi-
tion with bands R = 32, G = 21, and B = 10. The test datasets were collected
in Germany (a), Argentina (b), India (c), Bahamas (d), Syria (e), and Venezuela
(f), covering a wide range of spectral variability.

4 Experimental setup

To investigate the reconstruction quality for lossily compressed wa-
ter spectra, we created three different training datasets. Hyperspec-
tral data from different locations all over the world from the PRISMA
mission were used to create the training datasets [8]. The sensor
from the PRISMA mission covers the visible and near-infrared from
420nm — 1010nm with b = 63 bands and contains 1000 x 1000 pix-
els. The data are radiometrically corrected and georeferenced with a
ground sampling distance of 30m.
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Three training datasets were created, incorporating varying propor-
tions of water spectra from a total of 17 PRISMA datasets. Figure 3
shows a selection of the PRISMA training data. The composition of the
first training dataset is predominantly vegetation, deserts, and urban
signatures, with no water signatures. The second training dataset com-
prises 50 % water spectral signatures and 50 % land spectra. The third
training dataset consists exclusively of water spectral signatures. As
PRISMA datasets that exclusively contain water spectra or land signa-
tures are rare, binary masks were created. The training datasets contain
8 million spectral signatures. For the training process, each of the three
created training datasets is split into 80 % training and 20 % validation
data with the test split function from scikit-learn [9]. The evaluation is
performed on unknown test datasets that are spatially and temporally
disjoint from the training datasets. To determine the information loss
caused by the compression, we evaluate the reconstruction accuracy
based on the peak-signal-to-noise ratio (PSNR) [10], the spectral angle
(SA) [11], and the structural similarity index measure (SSIM) [10] met-
rics. The reconstruction accuracy is measured between the original and
the reconstructed spectral signatures of each test dataset. Additionally,
the value range of all hyperspectral training and test datasets is scaled
to [0,1].

5 Results & Discussion

The results of the analysis on hyperspectral data compression using
various machine learning methods demonstrate clear differences in re-
construction accuracy, as shown in Table 2, 3 and 4. The PRISMA
datasets presented in Chapter 2 were employed as test datasets. Care
was taken to ensure these datasets included a sufficient number of
spectral signatures from both water and land.

Table 2 presents the reconstruction error for all compression meth-
ods trained on a land-based training dataset. Spectral Angle values be-
low 3° indicate high reconstruction accuracy [2]. The A1D-CAE model
achieved the best results, exhibiting high PSNR values and SSIM values
close to 1. This suggests that spatial features are reconstructed with
high quality. Additionally, the SA value for this model is the lowest
compared to other models, further indicating superior reconstruction
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Table 2: Evaluation of the reconstruction accuracy for the land-only training dataset
based on the SA, PSNR, and the SSIM metric.

Training Myanmar Mozambique Italy Cyprus Russia Malaysia
dataset 2021-03-05 2021-08-20 2023-06-20 2020-08-18 2021-06-25 2021-03-02
land SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA  PSNR SSIM
] [dB] [] | [ [dB] [] |1 [dB] [] | [ [dB] [] | [l [dB] [] |[°] [dB] []
A1D-CAE|1.45 45.00 0.99 | 3.51 48.68 0.99 |8.76 34.44 0.94 |1.18 53.72 0.99 | 1.33 51.96 0.99 | 2.52 50.22 0.99
NLPCA |2.01 41.18 0.98 |6.14 41.87 0.97 |22.06 26.83 0.75|2.07 48.76 0.99 | 1.61 51.15 0.99 | 5.05 42.89 0.97
SSCNet (85.07 13.68 0.04 |84.48 20.59 0.13 |87.49 20.14 0.11 |82.76 18.98 0.03 |79.06 16.40 0.05|85.13 21.20 0.12
3D-CAE |[11.78 26.05 0.72 |67.24 19.94 0.21 |67.09 18.66 0.11|27.99 27.15 0.62 {17.79 26.91 0.67 |75.18 19.52 0.06

Table 3: Evaluation of the reconstruction accuracy for the water-only training dataset
based on the SA, PSNR, and the SSIM metric.

Training Myanmar Mozambique Italy Cyprus Russia Malaysia

dataset 2021-03-05 2021-08-20 2023-06-20 2020-08-18 2021-06-25 2021-03-02

water SA PSNR SSIM| SA  PSNR SSIM| SA PSNR SSIM| SA  PSNR SSIM| SA  PSNR SSIM| SA  PSNR SSIM

] [dB] [] ][] [dB] [] | [ [dB] [] |[°1 [dB] [] |[°] [dB] [] | [] [dB] []

A1D-CAE| 147 44.38 0.98 | 2.28 49.62 0.99 | 2.80 46.34 0.98 | 1.72 49.25 0.99 | 1.84 47.13 0.99 | 1.62 50.87 0.99
NLPCA |1.81 40.84 0.98 |2.11 49.37 0.99 |3.02 45.05 0.98 |2.63 46.42 0.99 | 227 4554 0.99 | 1.98 48.93 0.99
SSCNet  |89.99 11.88 0.02 |88.58 19.59 0.11 |89.74 20.08 0.09 [89.72 17.67 0.03 {89.81 16.24 0.04 |88.915 17.20 0.10
3D-CAE |9.71 26.77 0.76 |10.49 36.00 0.90 |7.76 36.71 0.93 | 8.02 34.97 0.89 |14.16 28.08 0.76 | 10.15 34.01 0.90

Table 4: Evaluation of the reconstruction accuracy for the mixed training dataset based
on the SA, PSNR, and SSIM metric.

Training Myanmar Mozambique Ttaly Cyprus Russia Malaysia
dataset 2021-03-05 2021-08-20 2023-06-20 2020-08-18 2021-06-25 2021-03-02
mixed SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM| SA PSNR SSIM

(] [dB] [] | [ [dB] [] |[7 [dB] [] |[F] [dB] [] | [ [dB] [] ][] [dB] []

A1D-CAE|1.21 46.30 0.99 | 1.87 52.76 0.99 |3.92 43.08 0.98 | 0.96 54.55 0.99 | 1.16 52.94 0.99 | 1.49 53.78 0.99
NLPCA |1.54 44.09 098|244 51.15 0.99 |3.23 45.00 0.97 |1.31 51.08 0.99 | 1.64 49.62 0.99 | 2.08 51.03 0.99
SSCNet (89.98 12.63 0.02 |88.88 17.59 0.08 |89.77 20.00 0.06 [89.68 16.98 0.03 |89.75 14.40 0.06 |89.04 18.20 0.09
3D-CAE |6.32 29.57 0.83 |7.28 38.56 0.94|7.16 37.86 0.94|5.97 36.03 0.91|6.71 3291 091|759 37.78 0.94

accuracy. The A1D-CAE also performed well on test datasets with a
high proportion of water spectra, such as Cyprus and Malaysia, despite
not being explicitly trained on such data. However, the reconstruction
accuracy decreased for test datasets like Mozambique and Italy. This
decline in accuracy was observed across other compression methods
as well. Methods that prioritize spatial features, such as SSCNet and
3D-CAE, showed significantly reduced reconstruction accuracy.

Table 3 shows the reconstruction error for all compression methods
trained on a water-based training dataset. As expected, the reconstruc-
tion error decreased for test datasets predominantly containing water
spectra, such as Mozambique, Italy, and Malaysia. This effect was most
pronounced for the Italy dataset, which contains the highest proportion
of water spectra among all test datasets. Conversely, for test datasets
with a higher proportion of land spectra, such as Cyprus and Rus-
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sia, the reconstruction error increased. Nevertheless, the A1D-CAE
achieved the highest reconstruction accuracy among all compression
methods.

Table 4 presents the reconstruction error for all compression meth-
ods trained on a mixed training dataset. By adequately incorporating
both water and land spectra, reconstruction accuracy was improved
across all test datasets. This observation is particularly evident for the
Mozambique, Italy, Cyprus, and Malaysia datasets. Improvements in
reconstruction accuracy were observed for the A1D-CAE, NLPCA, and
3D-CAE methods. However, SSCNet exhibited a notably high recon-
struction error, likely due to its exclusive focus on spatial features.

6 Conclusion & Outlook

The results, along with the analysis presented in Chapter 2, support the
hypothesis that the lower intensity and less pronounced features of wa-
ter spectra pose greater challenges for machine learning models. These
characteristics lead to higher reconstruction errors, especially when
models are trained solely on land-based datasets. Training datasets
that include a mix of land and water spectra significantly improve re-
construction accuracy, as demonstrated by the A1D-CAE, which con-
sistently outperformed other methods across diverse test datasets.

The results emphasize the importance of balanced training datasets
that reflect the spectral diversity of the target application. Models
trained on mixed datasets achieved generalized reconstruction capa-
bilities, effectively mitigating the limitations observed in land-only or
water-only datasets. Additionally, methods focusing on spectral fi-
delity, such as the A1D-CAE, proved superior to those prioritizing spa-
tial features.

Future research should focus on expanding training datasets to in-
clude more diverse water bodies, such as turbid or chlorophyll-rich
waters, to enhance model generalizability. Adaptive compression rates
tailored to the spectral complexity of specific regions could further op-
timize reconstruction quality. Additionally, real-time implementation
of these methods on satellite and drone platforms could enable effi-
cient data processing under field conditions.
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Abstract The optical characterization of materials is crucial for
understanding their fundamental properties and potential ap-
plications in various fields, including electronics, photonics, and
materials science. In this contribution, we present a novel ap-
proach for material characterization through inverse rendering,
focusing on the approximation of the bidirectional reflectance
distribution function (BRDF). The BRDF is characterized by its
dependence on various factors, including surface texture, ma-
terial composition, and wavelength of light, making it a com-
plex but vital tool for predicting how surfaces will appear un-
der different lighting conditions. Using computational imaging
and optimized illumination patterns, our method significantly
enhances the efficiency of BRFD estimation compared to tradi-
tional mechanical scanning techniques. This advancement could
be beneficial for practical applications in fields such as material
identification and computer graphics, but also opens avenues for
future research in automated visual inspection.

Keywords Inverse rendering, computational imaging, material
characterization, BRDF measurement

1 Introduction

The optical characterization of materials is fundamental in both scien-
tific research and industrial applications. It involves the study of how
materials interact with electromagnetic radiation, particularly in the
visible, ultraviolet, and infrared regions of the spectrum. This interac-
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tion provides essential information on the structure, composition, and
electronic properties of a material.

For instance, techniques such as UV-Vis spectroscopy allow re-
searchers to determine the absorption spectra of materials, which can
reveal information about electronic transitions and bandgap energies.
This is particularly important for semiconductors and insulators, where
understanding the bandgap can guide the design of devices such as
solar cells, transistors, and photodetectors. Photoluminescence spec-
troscopy, however, can provide insights into the recombination pro-
cesses of charge carriers and the presence of defects or impurities
within a material, directly affecting its performance in optoelectronic
applications.

Raman spectroscopy is another powerful tool that is used to char-
acterize phonon modes in materials, offering insights into molecular
vibrations, crystal structures, and phase transitions. This technique
is crucial for materials development in fields such as nanotechnology
and biomaterials, where understanding the behavior of materials at the
nanoscale is essential.

Moreover, optical characterization is not limited to purely academic
research; it plays a significant role in quality control and material se-
lection in industry. By ensuring that materials meet specific optical cri-
teria, manufacturers can optimize the performance of their products,
ranging from consumer electronics to advanced optical components.

In summary, optical characterization serves as a bridge between fun-
damental science and practical application, enabling the advancement
of technology through a deeper understanding of material proper-
ties [1].

A particularly important optical property of materials that also al-
lows their discrimination is the so-called bidirectional reflectance dis-
tribution function (BRDF). The BRDF(6;, ¢;, 0e, @) is a fundamental
concept in optics and surface science that characterizes how light is
reflected off a surface. It provides a comprehensive description of the
angular distribution of the reflected light as a function of both the in-
cident angles (6;, ;) and the reflected angles (6e, p.). Mathematically,
the BRDF is defined as the radiance reflected in a particular direction
with respect to the incident irradiance from another direction [2, 3].
This function is crucial for understanding and modeling the optical
properties of materials, particularly in fields such as remote sensing,
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computer graphics, and radiative transfer. By analyzing the BRDF, one
can assess how surfaces interact with light, which is essential for appli-
cations ranging from improving the accuracy of satellite-based Earth
observations to enhancing the realism of virtual environments in ren-
dering techniques, but also for discriminating materials. The BRDF
is characterized by its dependence on various factors, including sur-
face texture, material composition, and wavelength of light, making it
a complex but vital tool for predicting how surfaces will appear un-
der different lighting conditions. Notable models for BRDF include the
Lambertian model, which describes diffuse reflection, and the Phong
reflection model, which accounts for specular highlights. Understand-
ing BRDF not only aids in material characterization, but also facilitates
the development of advanced optical devices, for example, for auto-
mated visual inspection [4-13]. Unfortunately, completely capturing
the BRDF with state-of-the-art techniques requires a time-consuming
mechanical scanning of incident angles and of the observation an-
gles [14].

To mitigate this drawback, we introduce a novel approach for ap-
proximating the BRDF of an object under test by means of compu-
tational imaging methodology. We employ a very high-dimensional
light source (i.e., a computer display) to illuminate the inspected object
with a certain pattern of different directions of incidence and observe
the reflections resulting with a common camera. We employ a novel
technique called inverse rendering to derive an approximated BRDF
that best explains the obtained image [15]. To describe the BRDF, we
will rely on so-called principled BRDFs, which are easy to interpret
for humans and therefore allow the discrimination of different materi-
als [16,17]. Principled BRDFs use interpretable parameters like metal-
lic, specular, roughness, etc. (c.f. Fig. 5) to describe the interaction of a
surface with incident light. Instead of heuristically choosing the illu-
mination pattern, we optimize it in a data-driven, end-to-end manner.

The remaining sections of this article are structured as follows. Sec-
tion 2 describes how we use inverse rendering to approximate the
BRDE. In Sec. 3, we explain how we optimized the employed illumi-
nation pattern. Section 4 shows and discusses the results of the experi-
ments performed. Eventually, Sec. 5 summarizes our contribution and
provides directions for future research.
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2 Inverse Rendering

Inverse rendering is a sophisticated technique used in computer graph-
ics and computer vision to deduce the underlying parameters of a vir-
tual scene from a reference image, enabling the generation of realistic
renderings [18]. The primary goal of inverse rendering is to estimate
scene attributes such as lighting, material properties (i.e., BRDFs), and
geometry, so that the synthesized image closely aligns with an ob-
served reference image. This process typically involves formulating
an optimization problem in which the objective is to minimize the
difference between the rendered image produced by a virtual scene
and the target reference image. A key ingredient in this optimization
framework is automatic differentiation, which allows efficient compu-
tation of gradients with respect to the scene parameters [19]. Using
automatic differentiation, the rendering process can be treated as a dif-
ferentiable function, enabling the use of gradient-based optimization
techniques to iteratively refine the parameters of the scene. This ca-
pability is particularly important in complex scenes, where traditional
numerical methods may struggle to converge or require excessive com-
putational resources. Automatic differentiation improves the speed and
accuracy of the optimization process and facilitates the exploration of
high-dimensional parameter spaces. By effectively combining render-
ing techniques with optimization methods and automatic differenti-
ation, one can determine virtual scene parameters so that rendered
images accurately reflect real-world lighting and material conditions.

For our approach, we employ the Mitsuba 3 raytracer [15], which
supports inverse rendering due to its holistic differentiability. Our pro-
posed optical setup for approximating the BRDF consists of a camera
that observes the reflections of a computer screen via the surface of
the inspected object, i.e., the object of which we want to approximate
the BRDF (c.f. Fig. 1). Since the camera indirectly observes the screen
over the surface of the object, the BRDF of the inspected object has a
significant influence on the light transport between screen and camera.
The camera image that results for a certain screen pattern (c.f. Sec. 3) is
used as a reference image ges.

We now replicate this optical setup in a virtual scene and model
the BRDF of a virtual object using a principled BRDF whose parameter
values are represented by the vector ¢ and encode the pattern displayed
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Figure 1: The concept of inverse rendering applied for BRDF approximation: (left) A
camera captures the reference image g¢ of the inspected object under the il-
lumination with pattern ¢; (right) by means of inverse rendering the approx-
imation & of the BRDF is iteratively optimized until the difference ||g.c; — g|13
between the reference image g,s and the rendered image g is minimized.

by the screen with the vector ¢. We denote the rendering process by
the function

&= l‘(g,(p), 1)

that yields the camera image g in vector notation resulting for the object
BRDF parameterized by ¢ and the displayed pattern ¢. To assess the
similarity between the rendered image g and the reference image g
we employ the mean squared error calculated via

e(gl(/’rgref) = ||1'(§/§0) _gref”% = Hg_gref”%/ )

which we call the loss function and which we want to minimize by
choosing ¢ adequately. Since the rendering function r(-) is differen-
tiable, we are able to compute the gradient V¢/ of £ with respect to the
BRDF parameters ¢ via automatic differentiation.

Eventually, this allows us to minimize ¢ by means of gradient descent
in an iterative manner. Starting with an initial guess &, of the BRDF pa-
rameters, we can approach the sought minimum by performing steps
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Figure 2: The parameter optimization: From training BRDFs ¢ € T the corresponding
reference images g.f are synthesized by using the current illumination pattern
¢" and fed into the BRDF approximation algorithm to obtain the reconstructed

estimates ¢. The resulting reconstruction errors are aggregated for all & € T
and then a gradient descent step for ¢* is performed to iteratively minimize
this loss. The resulting illumination pattern is then used for the next iteration.

in the inverse direction of the gradient, i.e.,

éiJrl = éi - Uvgé(gu(p/ gref) ’ (3)

with 7 € RT representing the so-called learning rate.

3 lllumination Pattern Optimization

Instead of employing a random pattern ¢ for the illuminating screen,
we want to follow the approach of end-to-end optimization by also
optimizing ¢ for the purpose of BRDF approximation.

To achieve this, we create a set 7 with |7| = N of training BRDFs.
We follow the same approach as for the BRDF approximation described
in the previous Section but now with the overarching goal of optimiz-
ing the screen pattern ¢. We now want to find an illumination pattern
¢@* that minimizes the overall loss with respect to all training BRDFs,
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ie.,

@" = argmin lyot(@, T) = argmin Z é(é,qo,r(@',go)) . 4)
[4 4 ceT

To find ¢*, we again make use of the automated differentiability of
Mitsuba to obtain the gradient Vit of the overall loss function fiot
with respect to ¢ and iteratively perform gradient descent:

90;-;1 - 90,* - Tv(pgtot (401*/ T) s (5)

with T € R™ denoting the respective learning rate. Please note that in
order to evaluate the inner loss functions £(&,¢,1(Z,¢)) forall & € T,
we rely on the optimization rule from (3) determined in the previous
Section to compute the respective approximations & So (5) can be
imagined as two nested optimizations, the outer one optimizing ¢*
and the inner one(s) optimizing the ¢.

4 Experiments

To evaluate our approach we employed Mitsuba to generate reference
images corresponding to randomly chosen BRDFs and tried to recon-
struct them with the optimization procedure from (3). Furthermore,
we optimized the illumination pattern and then again tried to recon-
struct the BRDFs for simulated reference images. For our experiments,
we used a sphere as a test object and placed it beside a screen similar
to the setup shown in Fig. 1. The BRDF has been parameterized as a
principled BRDF with a focus on 8 parameters as listed in Fig. 5. Fig-
ure 3 shows the result of the pattern optimization approach described
in Sec. 3. Clearly, there is more structure in the pattern and especially
on the left half it seems to be less noisier. The cone-like black structure
on the right half of the pattern corresponds to the screen region that is
hidden in the shadows of the sphere. Hence, it cannot contribute to the
camera image, consequently does not play a role in the BRDF estima-
tion process and received values of zero during the optimization.
Figure 4 shows the qualitative results of the approximation of
a slightly specular and greenly tinted BRDEF. This already visually
demonstrates the much faster convergence achieved by the optimized
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(a) Random screen pattern (b) Optimized screen pattern

Figure 3: Optimization of the employed screen pattern: (a) the initial, random and un-
optimized pattern; (b) the optimized pattern.

Renderings based on BRDF approximation using random pattern
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Renderings based on BRDF approximation using optimized pattern
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Figure 4: Qualitative results of the BRDF approximation: the random screen pattern (top
row) leads to a notably slower convergence towards the target reference image

(last column) compared to the optimized pattern (bottom row) for which the
optimization already converged after 15 iterations.
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Figure 5: Quantitative evaluation of the mean squared error during the BRDF approxi-
mation: for the random screen pattern (top row) the pixel-wise error between
the intermediate rendered images with respect to the reference image (left col-
umn) converges after about 30 iterations whereas convergence is reached after
only 15 iterations with the optimized pattern (bottom row). A similar obser-
vation can be made for the errors of the intermediate BRDF approximations &;
with respect to the ground truth BRDF ¢ (right column).

screen pattern in contrast to the random pattern (which, however, also
converged after more iterations). This observation is also quantitatively
evident as visualized in Fig. 5. The approximation loss with respect to
the individual BRDF parameters decreases more quickly for the opti-
mized screen pattern compared to the random pattern. Interestingly,
the error of the BRDF parameters does not completely disappear even
though there is no further significant error in the image space between
the image rendered with the approximated BRDF and the reference
image. This could be explained by an effect similar to metamerism in
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human color perception where multiple color spectra can lead to the
same color impression due to the mapping from the high-dimensional
spectral space to the only three-dimensional space of human color per-
ception [2,3]. In our case, this could mean that multiple principled
BRDFs could lead to the same (RGB) color image.

5 Conclusion

In this contribution, we presented a novel approach for material char-
acterization through inverse rendering, focusing on the approxima-
tion of the bidirectional reflectance distribution function. Using com-
putational imaging and optimized illumination patterns, our method
significantly enhances the efficiency of BRDF estimation compared to
traditional mechanical scanning techniques. The experimental results
demonstrated that our optimized illumination pattern facilitates faster
convergence and more reliable approximations of the material proper-
ties. This advancement could be beneficial for practical applications in
fields such as material identification and computer graphics, but also
opens avenues for future research in automated visual inspection. Our
findings underscore the potential of inverse rendering methodologies
in improving material characterization processes, paving the way for
the development of advanced optical devices for specific applications.
Future work will explore further optimizations and the applicability
of our approach to a wider range of materials and conditions. In ad-
dition, it is necessary to evaluate the approach by means of practical
experiments outside of simulation.
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Effective directional reflectance modelling of
fine-structured surfaces
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Fraunhofer Institute of Optronics, System Technologies and Image
Exploitation IOSB, Gutleuthausstr. 1, 76275 Ettlingen, Germany

Abstract An additive superposition approach is presented to
model the effective directional surface reflectance of optically
rough fine-textured planar surfaces. As examples, effective re-
flectance models for randomly droplet-occupied surfaces and for
periodic two-dimensional sawtooth-like fine-structured surfaces
are constructed and parameterised. Comparative ray-optical
simulation results confirm the applicability of the approach to
effective reflectance models of optically rough, finely structured
surfaces.

Keywords Reflectance modelling, macrostructures, numerical
simulation, BRDF

1 Introduction

The reflectance of plane technical surfaces is contigent on their surface
properties and is described in its optical effect by the surface roughness,
which is of the order of magnitude of the wavelength, k,,r = O (A).
Small geometric changes can also be randomly or regularly imprinted
on the surface. These geometric fine-structures can possess a charac-
teristic spatial dimension /, which is significantly larger than the wave-
length of the radiation, but significantly smaller than the characteristic
length of the plane surface, O (1) < O (I) < O (L).

In order to perform numerical calculations of light propagation in
large-scale scenes using ray-optical methods, it is necessary to consider
the effect of such fine structures on large flat surfaces using suitable
modelling approaches, as opposed to calculating the ray interaction
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on fine structures with geometric resolution. To this end, a method-
ology for the directional reflectance modelling of macro-structures is
hereby presented. This methodology employs the superposition of ho-
mogeneous models as the basis for a modelling and parameterisation
procedure for effective, area-averaged reflectance modelling of hetero-
geneous macro-structured surfaces.The reflectance modelling method
is illustrated using two concrete examples: droplet-covered surfaces
and technically two-dimensionally fine-structured surfaces.

Related Work. Semi-analytical reflectance models can elegantly and
efficiently describe complex optical properties of homogeneous sur-
faces, e.g. [1-3]. Various methods are used for the development and
parameterisation of BRDF models. Many analytical models describe
large-scale material phenomena with the geometry of a microfacet-
based BRDF and depict the optical appearance of rough surfaces [4,5].
Shi et al. [6] use machine learning methods to form the BRDF of pe-
riodically arranged structures. Magnin et al. [7] have developed a ray
tracing algorithm to calculate the reflectance of pyramidal structures
in the micrometre range (approx. 100 um). Gartley et al. [8] use spe-
cial BRDF simulations to determine the reflectance of contaminated
surfaces, but do not address the special optical properties of the con-
taminations. None of the methods can be used generically to develop
an analytical BRDF model for geometric fine-structures.

2 Test scenarios and configuration of nhumerical
ray-optical simulations

2.1 Simulation of plane carrier surface

The reflectance is determined using ray-optical methods (numerical
simulation) in the simulation software COMSOL Multiphysics®. The
main application Comsol Multiphysics Version 6.2, as well as the Ray
Optics module and a CAD module are used for this investigation. For
ray tracing, Comsol Ray Optics uses 4 Intel Xeon Gold 6248 proces-
sors with 80 cores on a Windows Server 2019 operating system. The
available RAM is 512 GB.

The simulations are always carried out with unpolarised, perfectly
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parallel and homogeneous radiation. The azimuth is set to 0°. The
BRDF (Bidirectional Reflectance Distribution Function) is determined
with at least 20,000 rays and for 6 to 12 angles of incidence. The wave-
length is 1550 nm, which was chosen due to its technical relevance in
practice. For example, LIDAR [9] or autonomous driving systems [10]
often use this wavelength. For the simulation data determined in this
way, the corresponding angles of incidence are calculated and con-
verted into an angle-dependent intensity representation. This is done
using a Python script.

Like most real surfaces, the analysed surface is not optically smooth.
The plane carrier surface is therefore associated with a reflectance func-
tion to model the roughness effect. The surface reflectance for simu-
lating optical roughness can be described, for example, by a Gaussian
function (1) [11-14].

I ef%
V2o

I is the sum of all ray intensities and corresponds to the area of the
Gaussian function. The standard deviation of the Gaussian function ¢
has a direct physical relationship to the geometric roughness [11-14].
¢, is the angle of incidence from which the angle of specular reflection
is derived. Using BRDF measurement data, the scattering width of the
carrier material is determined as o = 3°.

(19;0,~) ' @

Rsurfuce (8) =

2.2 Simulation of individual droplets on carrier surface

Knowledge of the refractive index and the contact angle is required for
the simulation of an (idealised) water droplet in the COMSOL simula-
tion environment. The refractive index of water has been extensively
researched [15,16], so that further material investigations are not nec-
essary for this study. The contact angle of a water droplet is formed by
the interaction of the surface tension of the fluid, the surface energy of
the carrier material and the surrounding medium [17], as well as the
roughness of the carrier material [18,19]. As a rule, the formation of
the contact angle is very complex and the contact angle cannot always
be reliably calculated using these parameters, but must be measured
physically.
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In the experimental measurements, the Young-Laplace model is used
to determine the drop contour on the carrier surface in order to deter-
mine the resulting contact angle. The measurement is carried out for
water droplets with different radii. The result shows an almost constant
contact angle of 72° for radii from 1.75mm to 3 mm. The water droplet
is modelled in Comsol Multiphysics using the same Young-Laplace
model and with a constant contact angle (72°) and radius (3 mm).

For later verification of the area-averaged reflectance model, ensem-
bles of 1, 10, and 15 drops are randomly distributed on the substrate
and irradiated over their entire area. The reflectance data obtained
from the ensemble simulations is used to evaluate the accuracy of the
model (see section 3.2).

2.3 Simulation of fine-structure elements on carrier surface

For the second application example, a generic fine-structure is se-
lected as a single element, which can be described as a periodic two-
dimensional grid structure with a sawtooth-like cross-sectional profile
(see figure 1(a)). The ‘sawtooth’ flanks are directly adjacent to each
other, there are no horizontal surface strips of the unaffected carrier
surface in between. The structure angle « is used as a variable geomet-
ric parameter of the fine-structure. The structure angle is defined as
the angle between the horizontal plane and the flanks. Consequently,
a structure angle of 0° results in a structure-free plane surface, whose
reflectance is determined solely by the optical roughness and the re-
fractive index of the substrate surface. The flank length is chosen to be
constant at 2 cm, resulting in further geometric parameters such as the
height of the fine-structure and the grating constant, depending on «.

3 Effective reflectance model: modelling, plausibility
check and discussion

The effective reflectance model of a plane surface demonstrated in sec-
tion 3.4 will use a superposition approach for modelling the directional
surface reflectance by optical roughness of the surface (section 3.1) as
well as by structural roughness elements imprinted on the surface (sec-
tions 3.2 and 3.3).
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Dr+ global

lateral reflection
(a) Definitoric sketch of fine-structure (b) Reflectance regimes of individual
droplets

Figure 1: Definitoric sketches of individual structural elements of a plane surface:
droplet-covered surface, and sawtooth-like fine-structured surface. (a): Defi-
nition sketch of sawtooth profile geometry and parameter definitions of fine-
structure. (b): Reflectance regimes of a single droplet on a plane, moderately
rough carrier surface, shown on a hemispherical reflected radiance distribution
resulting from exclusive irradiation of the droplet itself.

3.1 Reflectance modelling of plane carrier surface without
fine-structures

In this study, the reflectance of the rough carrier surface is reproduced
using the Generalised-Harvey-Shack (GHS) model [13,14] as the most
suitable model. This is a semi-analytical physical reflectance model
for optically smooth to moderately rough surfaces, which requires the
geometric surface roughness and the complex refractive index of the
substrate material as input information. The material parameters for
parameterising the GHS model were determined from a reflectance
measurement of the real substrate object using the Fraunhofer-IOSB
gonioreflectometer.

The complete determination of the (effective) complex refractive in-
dex requires a transmission measurement, which cannot be carried out
with opaque materials. However, a successful transmission measure-
ment is absolutely essential for determining the absorption coefficient.
Instead, the complex refractive index and surface roughness can be
determined from the inverse solution of the GHS model with a sin-
gle BRDF measurement of the homogeneous carrier surface without
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further material measurements by fitting the model parameters. The
fitting requires an assumption on the statistical height distribution of
the surface (PSD power spectrum density). Polished surfaces have sta-
tistical height distributions that can be described with an inverse power
law [14]. In many cases, the local height distribution of a rough surface
is normally distributed [12-14].

The Python script by Johansen [20] was modified for this purpose;
in particular, a new PSD function that resembles a Lorentz or Cauchy
distribution has proven successful. The parameterisation of the inverse
GHS model using the modified script provides a refractive index of
the carrier with 1., = 1.63 4+ 0.94j at 1550nm. The roughness is
obtained as o = 0.724 pm.

The theoretical reflectance (perpendicular incidence of radiation) is
16%, while 13% is measured. The calculated value is close to the mea-
sured value, which is why the refractive index determined is consid-
ered plausible. The ratio ¢/A is high at 0.5, which indicates an opti-
cally moderately rough surface. The narrow width of the reflectance
speaks against this. Moderately rough surfaces can reach a half-width
of 20° and more in the reflectance [14,21]. If the parameters are used in
the GHS model with a Gaussian PSD, a half-width of 10°is measured,
which is due to the different PSD and makes the result plausible. Ref-
erence samples made of aluminium with clearly defined roughness (Ra
~ 1pum) support the result. The reference sample shows a significantly
higher scattering.

3.2 Reflectance modelling of single droplets

Figure 1(b) shows the simulation result for a single drop. The hemi-
spherical distribution of the reflected radiance shows that a reflectance
model of a drop has to take three optical effects into account.

Specular reflection. Specular reflection follows the law of reflection
and is characterised here by ¢; ~ ¢,. It is largely independent of the
angle of incidence. In the zenith angle range around ¢; ~ 0° (zenith)
there is an underestimation of approx. 26 % at the maximum.
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Hemispherical reflectance. The hemispherical reflectance is caused
by the interaction at the water-air interface. Due to the droplet shape,
the propagation is not directional, but spreads radially in space. Ac-
cording to Fresnel’s formulae and the refractive index of water [15], the
reflectance is low and approx. 2% for angles of incidence up to 45°. It
can, therefore, be modelled in simplified form as isotropic reflectance.

Lateral reflectance. The lateral reflectance spreads parallel to the
carrier surface. It only starts to become relevant from an angle of inci-
dence of 27.5° (zenith) and increases rapidly in intensity.

The sum of the reflectances of the three reflectance regimes forms the
reflectance Ry, of the individual droplet, which can be described by
an empirical model as follows (for detail cf. [22])

—05+ (9-9;)° —(6-120°+9;)
Rarop = 0.0094-¢ 1887 +0.02-¢ 15+  0.003 @)
specular regime lateral regime hemisph. regime

3.3 Reflectance modelling of fine-structured surfaces

Reflectance modelling makes it necessary to distinguish between the
‘global” angle of incidence ¢;¢jop,, defined as the angle of incidence
with respect to a featureless surface, and the ‘local” angle of incidence
at the fine-structure. The latter is of decisive importance for the appli-
cation of Fresnel’s formulae. The (global) reflectance angle is the last
interaction of the radiation with the fine-structure. Figure 1(a) shows
the most important parameters.

The figure shows the interaction of the rays with a structural ele-
ment. The ray bundles are split by the triangular elements. The po-
sition of the flanks must be taken into account. Due to the laws of
geometrical optics, the angles of the fine-structure can be subtracted or
added to the angle of incidence. Each partial ray bundle has its own
reflectance angle, which is calculated with @, ¢jopa1 = 0 globar +2-a or
with &, copa1 = Ui glopar — 2+ & The reflected intensity is calculated by
the “local” angle of incidence using Fresnel’s formulae Rpespe1 (0 1ocar)-

As long as 9 jocas = U g10pa +a < 90° is fulfilled, the rays bundles
are split. With perpendicular incidence, rays are split in a ratio of 1:1;
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the ratio shifts with increasing angle of incidence 8; ¢jop,- The splitting
ratio is in accordance with the conservation of energy:

Utank - (Sin(90° —a)+ Sin(ﬂi,gzohal)>

E_ =05 P 5in(90° — a) and 3)
E o 51 Flank <Sin(90° —a) - Sin(ﬂi,global)> @
. Uetank - sin(90° — a) '

where E_ + E; = 1.
The reflectance model for the first, direct interaction with the fine-
structure can thus be represented as follows

Ry = RO(ﬂH—,globul) 'RFresnel(ﬂi,global + D‘) ‘E+ and )
R-= Ro(ﬂr—,globﬂl) 'RFresnel(|l9i,global - “D -E- (6)

where R( denotes the reflectance function of the structure-free surface
according to equation (1).

The first-order reflectance model is extended by a second reflection,
which takes place when 8, ¢jopa1 = Ui gropar + 22 > 90° is fulfilled.
By further applying the angle theorems, the global reflectance angle
Bor 1 globar = 180° — U; gopar — 4+ & is calculated. To simplify matters,
it is assumed that no further splitting of the ray bundles takes place
and all rays interact once more with the fine-structure. The reflectance
function R is extended by an additional Fresnel term. The reflectance
function for the second-order reflection at the fine-structure is

Rot :R0(6r+,global) ’ RFresnel(ﬁi,glabal + 0‘) Ey
: RFresnel(l92r+,global + ‘X) : @)

The total reflectance Ry of the fine-structure then results as the sum
of the parts (5), (6) and (7) to

Rfs =Ry + R-+Ropy 8)
:Ro(ﬂr+,g10bal) ' RFresnel(ﬂi,glabul + 0‘) : E+

: (1 + Reresnel (1927+,global + 0‘))

+ Ro(ﬁr—,globul) * REresnel ( ﬁi,globul - “D -E_
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3.4 Effective reflectance model for plane surfaces with additional
fine-structures

The effective reflectance model R,ss of a plane carrier surface with im-
printed or impressed structural elements superimposes the reflectance
R free of the unaffected optically rough surface and the reflectance Rs/c
due to fine-structures. The total area of a surface is spit into an un-
affected part and a part with structural elements, A = A free + Astre;
the following therefore applies to its fill factors: A fm/ A+ Aspre/ A =
FFfyee + FFstre = 1. Thus, the effective reflectance model is formulated
as

Reff = Rfree (1 - FFstrc) + Rstrc FFstrc 7 (9)

where a parameterised GHS model is used as the reflectance model
Rfree of the unaffected surface (see section 3.1). The reflectance model
Rstrc is obtained from the radiation interaction on a structure object of
the surface. Interactions between individual structural elements can
also be taken into account, so that a structure object can be thought
of as an ensemble of a few individual elements. Equations (2) and (8)
show examples of structure reflectance models.

Application 1: Effective reflectance model for droplet-covered sur-
faces. The effective reflectance model (9) is for a droplet-covered sur-
face (see section 2.2):

Rndmp = Rearrier - (1 - FPndrop) + Rdrop : FFndrop ’ (10)
where is the fill factor of the drop coverage is
0.5 Mdrop * Asingledrop
FFuprop = | — v +0.5) . Grop _"singiearop (11)
ndrop < COS(I%) Acarrier

Depending on the angle of incidence ¢;, a drop casts a shadow on
the carrier surface, the size of which is approximated by the term
0.5/cos(9;). Equation (2) is used as the reflectance model of a drop.
Figure 2 shows the results of the model as an example in compar-
ison to simulations of a single drop (red), and of ensembles of 10
drops (blue) and 15 drops (green) for two representative angles of in-
cidence of 30° and 60°. The result of the reflectance model is shown as
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Figure 2: Comparison of the effective reflectance model (10) for a droplet-loaded surface
(dashed line) with results of ray-optical simulations for ensembles with 1, 10,
and 15 droplets (solid lines, red, blue, green) for incidence angles ¢; of 30° and
60°.

a dashed line, the numerically determined area-averaged reflectances
as full lines. The results are normalised to the maximum of the carrier
reflectance, whereby the normalised reflectance of the carrier surface
alone is also indicated by a black full line.

The graphs show good agreement between the simulated reflectance
and the reflectance model for different angles of incidence. The de-
viations are always below 4 %. In further investigations, the contact
angle and the radius of the individual droplets were varied, assum-
ing a Gaussian size distribution of droplets. The simulation results of
the droplet ensembles also showed good agreement with the model in
these cases.

The area-averaged reflectance model for drop—covered surfaces is lin-
ear and based on the reflectance of a single isolated drop. The investi-
gations show that a surface-to—surface distance of the order of the drop
radius is necessary to keep the influence of the interaction on the spec-
ular reflectance low. However, the interaction in the lateral reflectance
regime cannot be completely avoided. The overall good results confirm
the effective reflectance model (10) and thus the modelling approach

).
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Figure 3: Comparison of the effective reflectance model (12) for a two-dimensionally fine-
structured surface with a structure angle & = 30° (dashed line) with results of
ray-optical simulations for angles of incidence 9; € [0°, 15°, ..., 75°] (solid
lines) for roughnesses o5 of 3° and 11°.

Application 2: Effective reflectance model for two-dimensional trian-
gular fine-textured surfaces. The effective reflectance model R,fr (9)
for a plane surface with a two-dimensional periodic fine-structure with
a triangular cross-section is formulated using the carrier reflectance
model R, from (1) and the reflectance model R¢; from (8) for the
structural elements as

Reff = Rsurf (1 - FFfs) + Rfs FFfs , (12)

where FFy; is the fill factor of the carrier surface provided with im-
printed fine-structures.

For the plausibility check of the reflectance model, FFs, = 1.0 was
selected as the most unfavourable case with complete coverage of the
carrier surface with fine-structures. The effective reflectance model (12)
then merges into the structure reflectance model (7). The parameter
study includes the structure angle o and the roughness o (see equation
(1)). Figures 3(a) and 3(b) show the results for roughness angles o; of
3° and 11° at a structure angle of 30°. For this structure angle, we see
generally good agreement for all angles of incidence from 0° to 75°
for both an optically moderately rough and an optically rough surface.
Significant deviations only occur for ©; gjopa = 15°.

Comparisons of the effective reflectance model with simulation re-
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sults at other structural angles « show generally good agreement up to
« = 45° and confirm the model. For structural angles above o« = 60°,
the model is incomplete and further interactions must be taken into
account. These include additional interactions with the fine-structure
and the further splitting of the beam’s ray bundles.

4 Conclusions

Effective reflectance models of plane fine-structured surfaces, equation
(9), enable a more efficient simulation of radiation propagation in large-
scale scenarios. The superposition of reflectance effects on unaffected
surface parts and surface parts with additional fine-structures leads to
a simple additive modelling concept. A parameterised Generalised-
Harvey-Shack model is used for the reflectance of the unaffected area
components (section 3.1). The reflectance of a single imprinted or im-
pressed structural element is modelled on a physical basis, as demon-
strated in two use cases. A randomly drop-covered carrier surface is
modelled by an empirical reflectance model (2), a two-dimensional tri-
angular periodic fine-structure by a simplified analytical model (8). The
resulting effective reflectance models for both sample surfaces, (10) and
(12), are then checked for plausibility using comparative ray-optical
simulation results. The good agreement between the results demon-
strates that the modelling approach is also suitable for efficient use in
complex large-scale propagation computations.
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Prediction of various material parameters
using a combination of non-destructive sensors
and artificial intelligence
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Abstract Nondestructive testing (NDT) methods offer a promis-
ing alternative for material quality control, although most cur-
rent solutions are focused on specific parameters or need sam-
ple preparation. To address this challenge, we propose combin-
ing adapted NDT methods with artificial intelligence (AI). This
approach leverages Al to analyze raw NDT data and predict
material properties. The results demonstrate that NDT models,
combined with Al-based models, achieve average relative errors
of 5—20 %, depending on the parameter. These findings pave
the way for integrating Al-enhanced NDT techniques into auto-
mated production environments, reducing testing time and costs
while enabling batch-wide material characterization.

Keywords NDT, Al, material characterization, quality control

1 Introduction

Material properties are critical in determining the design, manufac-
turing, and performance of products across modern production pro-
cesses [1]. Understanding material behavior under varying influences
is essential for selecting appropriate materials. Material characteriza-
tion also underpins quality control by verifying that produced or pur-
chased materials meet the specifications required for downstream pro-
duction stages. The importance of this step is reflected in the extensive
number of test standards to evaluate specific material parameters.
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Traditional testing methods, while accurate and reliable in the past
decades, come with significant limitations [1,2]. These methods are
often time-consuming, costly and labor-intensive, requiring specialized
equipment and trained personnel. As industries transition into the era
of Industry 4.0, integrating such methods into automated production
environments becomes increasingly challenging.

Nondestructive testing (NDT) methods provide a compelling alter-
native, although most current solutions are focused on specific param-
eters, need sample preparation [3-5] or are more focused on classifi-
cation rather than prediction of material parameters [6,7]. Although
traditionally employed for flaw detection and structural health mon-
itoring [8], NDT methods can also provide data related to material
properties, such as electrical conductivity from eddy current measure-
ments [9]. Their key advantage is compatibility with automated pro-
cesses. However, extracting material parameters directly from NDT
data is complex as the relationship between NDT measurements and
material characteristics involves intricate, nonlinear dependencies that
cannot be easily derived analytically.

To address this challenge, we propose an integration of adapted NDT
methods with artificial intelligence (AI). This approach leverages Al to
analyze raw NDT data and predict material properties. In this study,
we validate this concept by demonstrating how selected NDT methods,
paired with custom feature extraction and machine learning models,
can accurately predict material parameters.

This approach has significant potential for practical applications
where a fast and cost-effective in-line quality control is held back by
time- and labor-intensive lab tests. By tailoring NDT methods and Al
models to specific use cases, it becomes possible to design custom mea-
surement systems for quality control.

2 Materials and Methods

2.1 Materials

This study involved a total of 65 materials, spanning six distinct ma-
terial classes: Stones/Minerals including granite, fire clay, graphite,
cement and slate, glass (borosilicate, soda-lime, quartz and glass ce-
ramic), Wood and natural materials including wood from beech, oak,
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spruce, pine and poplar, as well as cork and composite wood products
(HDF, MDEF, OSB, particle board), ceramics in the form of Al,O3 and
ferrite, polymers from the two main groups of thermoplastics (ABS,
PA-6, PE-HD, PE-HMW, PE-UHMW, PETG, PMMA, PP, PS, PTFE,
PVC) and thermosets (epoxy, acrylic and PU resins) and metals with
coppet, brass, different types of aluminum, steel and stainless steel.

In many cases, multiple variants of a material were sourced, either
in different forms or from different suppliers. This approach aimed
to include both minor and major variations in material properties to
ensure comprehensive coverage.

All materials were processed into standardized sample types, part
of which were subsequently used for characterization and others for
evaluation with the nondestructive testing (NDT) methods. The sam-
ples for NDT testing were around 30 x 30 mm with thicknesses ranging
from 3 to 18 mm.

2.2 Materials characterization

The classical lab methods were used to perform a wide characterization
of all materials, which provide the ground truth as input data for the Al
models’ training process. Tests adhered to relevant standards, with at
least three samples per material, and results averaged and stored with
standard deviations. The following material parameters were chosen:

® Thermal Conductivity/Diffusivity: Measured at room tempera-
ture using a Linseis HFM 300 or LFA 1000.

* Emissivity: Determined using a calibrated custom setup utilizing
two infrared thermometers

® Specific Heat Capacity: Assessed with a DSC 214 Polyma (NET-
Z5CH) in temperature-modulated mode near room temperature.

¢ Density: Helium pycnometer (Micrometrics AccuPyc II).

* Sound Velocity: Longitudinal and transverse velocities measured
via ultrasonic phase spectroscopy (UPS) using an Advantest
R3754A network analyzer and Olympus transducers.
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Elastic Parameters: Elastic modulus and Poisson’s ratio obtained
through tensile or compression tests with a ZwickRoell universal
testing machine and GOM Aramis 12M system.

Electrical Conductivity: Measured with a bench power supply
and precision voltmeters.

2.3 NDT methods

To obtain qualitative measurement data, a series of different sensor sys-
tems, based on established NDT methods, was used. Although these
are not directly capable of determining quantitative material param-
eters, their measurement data are in correlation with certain material
characteristics. Therefore, the following methods were selected:

Active Thermography: Heat decay and distribution were ana-
lyzed using a thermal camera after laser excitation (450 nm) to
infer thermal properties such as conductivity, capacity, and emis-
sivity.

VIS/NIR Spectroscopy: Polymer identification and spectral anal-
ysis used a SparkFun Triad AS7265x and a Spectral Engines
NIRone Sensor S (1.55 — 1.95 pum).

Radar: An Infineon 60 GHz radar kit provided data on material
interaction with radar waves, sensitive to dielectric properties.

Acoustics: Samples excited by a vibrating ceramic plate emitted
impact sounds recorded via a MEMS microphone with a sample
rate of 60 kHz, linking frequency spectra to mechanical proper-
ties.

Eddy Current: Custom sensors with excitation/sensing coils
recorded responses across frequencies to analyze conductivity
and magnetic properties.

2.4 Experimental setup and procedure

The experimental setup integrates all NDT sensors into a single system
and allows sample thickness compensation, as well as position variabil-
ity by tilting and raising the sensor head in relation to the sample. The
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measurement procedure begins with spectroscopy measurements, fol-
lowed by radar and thermography, where the 450 nm laser is heating
the sample, while the thermal camera records video of the tempera-
ture changes. Simultaneously, eddy current data are collected. Finally
acoustic measurements are performed by vibrating the ceramic plate
and recording the sound of the sample. The process is repeated for
50 iterations per sample, with 65 materials tested, using three samples
each. A centering mechanism resets the sample’s position after each
iteration, completing a cycle in approximately 30 seconds.

2.5 Feature extraction and model training

Each NDT method underwent a tailored feature extraction. For spec-
troscopy, data smoothing and normalization yielded key spectral fea-
tures, while eddy current measurements produced amplitude and
phase features from Bode plots. Radar data was summarized using
channel statistics, and the acoustic signals were analyzed for time-
domain characteristics using the Python software package tsfresh [10].
Thermography data yielded key features from the temporal evolution
of the heated zone. The combined dataset was cleaned via variance
thresholds and PCA.

The target vector consisted of the respective material parameters de-
termined by the lab measurements. To stabilize the algorithm and
avoid discrete values, the target values were perturbed using a normal
distribution with a standard deviation of 5 % around the true value.
Furthermore, the target values were scaled for training. Most values
were normalized to a standard deviation of 1 and a mean of 0. Met-
rics varying across several orders of magnitude (e.g., Young’s modulus
and conductivities) were transformed into a normal distribution using
a Box-Cox power transformation.

A neural network with two hidden layers (512 and 128 neurons)
was selected as the machine learning algorithm. A dropout of 0.5
was added, and an Adam optimizer with a learning rate of 0.001 was
trained, using the mean squared error (MSE) as loss function. The
training was done in Python with the help of the libraries scikit-learn
and tensorflow.
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3 Resulis

3.1 Material parameters

The material parameter measurements provided a comprehensive
dataset across six material classes. The material parameters for all
materials were determined as described in chapter 2.2. In general,
the measured values aligned well with datasheet and literature values,
where available. The calculated standard deviation for each parameter
and material was typically around 5 % or less. However, higher vari-
ance was observed in certain cases, particularly for natural materials.

3.2 Predicted material parameters

Figure 1 displays the machine learning model’s predictions for all 65
materials, divided into the eight material parameters. True values are
on the x-axis, and predictions on the y-axis, with blue markers repre-
senting validation data (used in training) and orange markers showing
six entirely new materials: two PE, a PP, Al 1050, brass and beech. The
dashed line indicates the ideal agreement between actual and predicted
values. The mean absolute percentage error (MAPE) ranges from 13 %
for pressure wave speed to 37 % for Young’s Modulus, excluding ther-
mal diffusivity and electrical conductivity, which are harder to predict
due to their wide ranges and uneven spacing. The training was also re-
peated for each measurement method separately to be able to estimate
the individual contributions to the model’s predictive capabilities (Ta-
ble 1). The results show that parameters like the pressure wave speed
(cspeea) and specific heat capacity (cp) are generally easier to predict,
while thermal diffusivity («) and electrical conductivity (o) perform
quite poor.

The results show that even individual measurement methods can
help perform some parameter prediction but their combination drasti-
cally improves the results to a mean value of 22 % in the test dataset.
These results show to be a promising approach to characterize a broad
range of materials. In real world applications though it is unlikely that
material parameters have to be predicted from this broad range. This
is why the polymer class was picked to train a more specialized ma-
chine learning model. The results are shown in Figure 2. Due to the
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Figure 1: Predicted material parameters for a broad range of materials ranging from cork
to AL, O3. Points in orange are materials that the machine learning model was
never trained on.

poor performance, o and a were left out of training. As test material,
two PEs from different brands and one PP sample were chosen. The
results increase significantly now, as shown in the last row of Table 1.
In many cases now the percentage errors lie in the vicinity of standard
deviations that were achieved with the lab tests and are thus inherent
to the materials themselves.

4 Discussion

The results demonstrate that predicting material parameters based on
NDT sensor data is a viable approach, yielding promising results.
While standard material characterization achieved standard deviations
of around 5 % (and up to 10 % in certain cases), the predicted param-
eters showed relative errors averaging between 5 % and 20 % for the
polymers. Although this indicates that predictions do not yet match
the accuracy of standard testing methods, it highlights the feasibility of
using NDT data for parameter estimation.

The analysis of model quality revealed several key influences. Nar-
rowing the range of training data significantly improved predictions for
materials within the trained range. The choice of features also played
a critical role in prediction quality. Although models using features
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Table 1: Comparison of the prediction results of different machine learning models.
Shown are the mean deviations from the true values in percent for Young's
modulus (E), density (o), pressure wave speed (cspeed), thermal conductivity (x),
thermal diffusivity («), specific heat capacity (cp), emissivity (¢), electrical con-
ductivity (¢) and the mean over all columns. The first six rows show results
using individual measurement methods, while the last two rows present com-
bined methods for all materials and a polymer subset.

Methods Materials E P Cspeed K & ¢ € 0 Mean

NIR all 863 389 173 59.4 55 284 77.6 101°  44.0
VIS all 365 589 28.1 166.5 96.1 33.9 93.7 104  88.2
Radar all 614 392 172 50.7 421 253 94.6 10° 41.2
Thermo all 63.4 32.65 12.8 43.7 113.632.7 80.1 1019 379
Acoustic all 1127 36.1 189 844 619 31.5210.4 108 70.6
EC all 141 47.6 312 429 30.8 30.6 35.5 540 47.0
Combined  all 371 241 128 35.1 226.122.2 22.1 101 21.9
Combined poly. 145 91 56 231 - 64 41 - 10.5

derived from a single NDT method were already viable to predict spe-
cific parameters, they showed inferior overall performance compared to
models incorporating features from all methods. Combining multiple
NDT methods increases the number of relevant features and captures
more direct connections to physical properties, improving overall pre-
diction accuracy. For instance, while the best average error of a single
method (thermography features) was 37.9 %, combining all methods
reduced the error rate to 21.9 %.

Prediction quality also varied across material parameters. Properties
such as pressure wave speed, specific heat capacity, and density ex-
hibited relatively low error rates, whereas Young’s modulus, electrical
conductivity, and thermal diffusivity proved harder to predict. One po-
tential reason for this discrepancy is the distribution of actual values.
Parameters like density and specific heat capacity often have a more
uniform distribution, whereas others, such as modulus and conductiv-
ity, exhibit greater variability, even on a logarithmic scale.

Additionally, the physical interdependence of certain parameters,
such as thermal diffusivity (a function of density, thermal conductiv-
ity, and specific heat capacity), may introduce unwanted complexity
into the model. This interdependence warrants further investigation to
mitigate its impact on prediction accuracy.
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Figure 2: Predicted material parameters for the material class of polymers.

5 Conclusion

This study demonstrated that NDT methods, combined with Al-based
evaluation, can predict material parameters with reasonable accuracy,
achieving average relative errors of 10 — 20 %, depending on the pa-
rameter. These findings pave the way for integrating Al-enhanced NDT
techniques into automated quality control systems, reducing testing
time and costs while enabling batch-wide material characterization.
While the models performed well within the range of training data,
their predictive accuracy decreased for materials outside this range,
highlighting the need for tailored models for specific industries. In the
next stages of this research, we aim to focus on more specific applica-
tions, particularly targeting the characterization of recycled polymers,
a growing area of industrial importance. To further enhance the pre-
diction accuracy and broaden the scope of measurable parameters, we
will explore the integration of additional nondestructive testing meth-
ods, such as Raman spectroscopy and terahertz analysis.
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Abstract This study presents a novel framework for leaf seg-
mentation, integrating Grounded SAM with a lightweight CNN
to enhance automated plant phenotyping. By leveraging
prompt-derived bounding boxes, Grounded SAM provides ini-
tial segmentation, which is refined by a CNN trained on mini-
mal data to isolate leaf segments. The method was validated on
potato and CVPPP datasets, demonstrating improved recall and
precision over the baseline. This approach reduces reliance on
extensive training data, offering a scalable solution for diverse
plant phenotyping applications.

Keywords Phenotyping, automated segmentation, CVPP , seg-
ment anything

1 Introduction

Phenotyping is the characterization of plant traits that result from ge-
nomic and environmental influences; these traits collectively form the
phenome [1]. Accurate phenotyping is crucial in crop breeding for
selecting desirable traits to enhance crop yield, improve disease resis-
tance, or increase adaptability to environmental stresses. It also plays a
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vital role in monitoring crop health and development [2]. Traditionally,
phenotyping has relied on visual observation combined with destruc-
tive analysis methods such as picking and weighing. To address the in-
efficiencies of traditional phenotyping, methods based solely on image
analysis are becoming increasingly popular [1]. However, image-based
phenotyping faces challenges due to the complexity of segmenting im-
ages to measure changes in leaf morphology over a plant’s lifetime,
which is influenced by the dynamic nature of leaf appearance through-
out growth [3], compounded by the diversity of plant species and leaf
geometries that complicate the development of universally applicable
segmentation methods for leaf identification across various species and
growth stages [3]. In recent years, multiple computer vision (cv) auto-
mated approaches have been developed to tackle this problem. Nev-
ertheless, these models often require extensive training data to achieve
high accuracy [4].

This paper extends the approach of Williams et al. [5] by utilizing
Grounded Sam (GSAM) [6] (explained in detail below) to segment in-
dividual leaves based on prompt-derived bounding boxes rather than
segmenting the entire image. We then employ a lightweight CNN to
filter out only the leaf segments, using only few images per plant type
and growth stage for training. This approach transforms the annota-
tion process from a segmentation task into a classification task, making
it faster and easier, and is schematically illustrated in Figure 1. The
methods are tested and validated on the Potato Leaf Dataset (PLD)
(Solanum tuberosum) created by [5], and to demonstrate transferabil-
ity, they are also applied to the Computer Vi- sion Problems in Plant
Phenotyping (CVPPP) datasets [7] with the plants Arabidopsis (Ara-
bidopsis thaliana) and tobacco (Nicotiana tabacum). We applied the
methods to 936 images and find that our methods outperforms the
baseline on boths datasets with an Average Recall at an Intersection
over Union (IoU) threshold of 0.75 (ARy75) of 63 and an Average Preci-
sion at an IoU threshold of 0.75 (APy5) of 64.

1.1 Related work

Recently, the segment anything (SAM) framework [8] was introduced
as a groundbreaking foundational model for image segmentation. The
most notable feature of SAM is its impressive zero-shot segmentation

102



Automated leaf segmentation

s Leaves®

Weak supervison

Figure 1: Overview of the process depicts the initial segmentation using GSAM, followed
by a CNN-based dropout refinement. Plant and reference images adapted
from [5]

performance on previously unseen datasets and tasks [9]. This capa-
bility is facilitated by various prompts, such as points and boxes. SAM
has demonstrated remarkable versatility and effectiveness in handling
a wide array of segmentation tasks [10] and has been successfully im-
plemented in various fields. Including but not limited to: medical
segmentation [11] [10], material science [12], remote sensing [13] [14].
Williams et al. [5] proposed a method where a plant image is initially
segmented using SAM, followed by the application of rule-based geo-
metric and color filters to isolate leaf segments. These filters include
green color detection, exclusion of the entire plant, circle fitting to ex-
clude non-leaf objects, and IOU exclusion with a set threshold. Du-
plicate masks are subsequently removed. The authors validated their
method using a dataset of potato plant images, consisting of top-down
views across four growth stages, with threshold parameters manually
optimized for this dataset. Zhang et al. [15] employed SAM for se-
mantic fruit segmentation, distinguishing fruits from other segments
based on segment area, and filtered overlapping masks by their IoU.
Balasundaram et al. [16] used the prompt “plant” with SAM to seg-
ment plants and estimate their health via their Normalized Difference
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Vegetation Index values. Additionally, [17] utilized GSAM to segment
brown spots on coffee leaves.

2 Material and Methods

Using GSAM, plant images are segmented based on prompt-derived
bounding boxes, resulting in a collection of annotation masks. GSAM
integrates the Grounding DINO model as an open-set object detec-
tor with SAM to enable precise segmentation based on arbitrary text
prompts. Initially, Grounding DINO [18] generates bounding boxes
for objects or regions within an image using textual information as a
condition. These bounding boxes serve as prompts for SAM, which
then produces detailed mask annotations, allowing for accurate seg-
mentation of specified regions within diverse visual tasks [6]. Since the
segmentation goal of this study is leaf detection, the prompt we used
is ”leaf.”

To eliminate incorrectly segmented leaves, we employ a binary de-
cision process for each mask, utilizing a CNN classifier to determine
whether it represents the fully visible portion of a leaf. This classifier
is trained only on a few representative instances from each dataset.

All masks are resized to match the input dimensions of the trained
CNN. The regions segmented by GSAM are then filled with the original
pixels from the input image, while the rest of the image is filled with
black pixels (0,0,0) in the RGB color space.

Training

The resulting images, created as described above, are then annotated
as either leaf or no leaf and used to fine-tune a pre-trained CNN.

To enhance the robustness of the model, the training data will be aug-
mented through various techniques such as rotation, mirroring, bright-
ness adjustment, and cropping.

In this case, the ResNet10t [19] network is chosen for its ability to
generalize well with minimal data. Its lightweight structure enables it
to efficiently learn important features and patterns from the training
data, even when the dataset is relatively small.
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2.1 Experiments
Datasets

For the experiments, two datasets were utilized:

The PLD: Created by [5], comprised of 126 top-down images of
potato plants (Solanum tuberosum) at various growth stages. The RGB
images are of resolution 4608 x 3456 pixels, with reference data pro-
vided in a JavaScript Object Notation (JSON) file that characterizes each
leaf as a geometric shape.

The CVPPP dataset [7]: This dataset contains images of Arabidopsis
(Arabidopsis thaliana) and tobacco (Nicotiana tabacum) plants, which are
frequently employed in plant phenotyping research and were created
by [20]. The reference data is presented as a multicolored PNG mask.
The CVPPP dataset is organized into four subsets: Al (128 images),
A2 (31 images), A3 (27 images), and A4 (624 images). Al, A2, A4
contain images of Arabidopsis (Arabidopsis thaliana) plants, while A3
consists of images of tobacco (Nicotiana tabacum) plants and P1 of
potato (Solanum tuberosum) plants.

Representative examples of the dataset can be seen in Figure 2. It
is worth noting that the quality of annotations in the CVPPP dataset
is higher, as the PLD used polygons for annotation, which can lead to
errors along the edges of the plants.

Evaluation Metrics

Evaluating the accuracy of multi-object segmentation presents chal-
lenges. This study employs the evaluation method from the Common
Objects in Context (COCO) dataset [21] to ensure robust and standard-
ized assessment. The process involves comparing the IOU of each pre-
dicted mask with reference masks, acknowledging that pixel-wise an-
notations are inherently imperfect and subject to human error [22]. For
each segment predicted as a leaf, the IoU between the predicted and
reference masks is calculated. An annotation is deemed a true posi-
tive (TP) if the IoU surpasses a set threshold. When multiple predicted
masks have an IoU greater than zero with the same reference segment,
the mask with the highest IoU is designated as the TP, while others are
classified as false positive (FP). Reference masks that do not sufficiently
overlap with any predicted masks are recorded as false negative (FP).
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Figure 2: Example images from the datasets used in this study: The CVPPP dataset (A1-
A4) and the PLD [5] dataset.

The threshold for determining whether an IOU is considered a match
is set at 0.75 for ARy5 and AP75 metrics. For generalized AR and AP
the metrics are calculated at each IoU threshold in the set T € [0.5 :
0.05 : 0.95], then the average AR and AP are calculated across these
varying thresholds.

Experimental Setup

First, a baseline was established by applying the original Leaf only
SAM (LOS) method [5] to both datasets. Due to the high resolution of
the potato dataset images (4608 x 3456 pixels), the resolution was re-
duced to 10% to facilitate processing. To ensure this reduction did not
adversely affect baseline performance, the original code was applied to
a subset (10 images) of the dataset at full resolution, and metrics were
calculated, providing benchmark scores comparable to [5]. Some de-
viations are expected due to the undisclosed data split. These metrics
were then compared to those from the same 10 reduced-resolution im-
ages, revealing a slight degradation in AR and AP, as shown in Table
1. This is attributed to lower SAM performance and higher IoU penal-
ties at reduced resolution. For processing speed, comparisons between
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methods were conducted on these reduced-resolution images, with a
slight improvement in absolute performance anticipated at full resolu-
tion. Nonetheless, comparisons at reduced resolution remain fair.

Table 1: Comparison of the benchmark LOS model ARys, AP75, AR, and AP values that
we obtain for the 10 random images in full resolution, and reduced resolution.
Also, the values from the original paper that slightly deviate, likely due to dif-
ferent validation images.

Condition AR75 AP75 AR|AP
Williams et al. [5] 63 | 60 |59 |56
Full Resolution 68 | 56 | 63|53
Reduced Resolution| 51 | 49 |50 |49

Next, we tested the proposed method against the baseline. To train
the CNN classification seven images from each dataset were used to
train a model.

The prompt utilized to identify the bounding boxes is “leaf,” with
thresholds of 0.1 for both text and box. This low threshold is selected
due to the dropout nature of the process, where an excess of segmen-
tations is beneficial, as they can be removed but not added.

3 Results and discussion

Results

The performance of the proposed method was evaluated on two
datasets: the CVPPP dataset and the PLD. Exemplary results are shown
in Figure 3, and the complete performance results are summarized in
Tables 2 and 3. In Table 2 the performance metrics for the data set A4
alone are presented, alongside the results for all data we used from
the CVPPP (A1-A4). A4 was chosen because it encompasses all growth
stages of a plant, making it an exemplary case for the challenges of
automated phenotyping. The metrics are defined as above. In Table 3,
the results are compared on only the PLD, on which the parameters for
the baseline model were manually tuned.

For the CVPPP dataset, the baseline method (LOS) [5] achieved an
ARys5 of 46, AP75 of 25, AR of 42, and AP of 23. Our proposed method
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Table 2: Results of the proposed methods in comparison to only SAM, the baseline and
only GSAM on the CVPPP [7] dataset. Shown are the individual results for A4
as well as the averaged results from A1-A4.

Ad CVPPP
Method AR5 AP7; AR AP|AR7; APy5 AR AP
Base SAM 64 11 56 10| 68 20 62 19

Baseline LOS [5] 25 9 22 8| 46 25 42 23
Baseline GSAM 66 47 58 42| 70 44 64 41
Ours (GSAM + CNN)| 64 59 56 52| 66 58 60 53

outperformed the baseline. It achieved an ARys of 66, AP75 of 58, AR
of 60, and AP of 53 for the averaged results from subsets Al to A4.

Table 3: Results of the proposed methods in comparison to only SAM, the baseline and
only GSAM on the PLD [5] dataset.

Model AR75 AP75 AR|AP

Base SAM 58 | 10 |54 9
Baseline LOS [5] 58 | 62 |53 |57
Baseline GSAM 63 | 48 |59 |46
Ours (GSAM + CNN)| 59 | 69 |55 |65

The images in Figure 3 show that the method reliably removed in-
correct masks. However, some false positive (FP) classifications are
also visible, such as the submask in the example from PLD(a). Addi-
tionally, it is evident that, compared to the reference, the leaves in the
image from Al are recognized without stems which leads to a smaller
IoU. This smaller IoU can contribute to a poorer performance on the
ARy5 metric.

3.1 Discussion

The proposed prompt and CNN-based method exhibits improvements
over the baseline established by [5]. The segmentation provided by
GSAM surpasses the baseline in terms of average recall (AR) and aver-
age precision (AP) while our CNN dropout further enhances precision
by eliminating incorrect masks. Additionally, our approach permits the
use of low thresholds for text and bounding box detection, as erroneous
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Figure 3: Segmentation results across different datasets and methods. A1-A4 are taken
from the CVPPP dataset, Pld a and b from the PLD. For each example, the
complete segmentation results from SAM, LOS [5], GSAM(”Leaf”), and our
proposed approach are shown.

segments are subsequently filtered out.

The annotation process for the CNN-based method is particularly
swift, as it only requires binary classification rather than manual in-
stance segmentation and mask creation, significantly reducing the time
and effort needed for annotation. For instance, the data used to train
the networks for the experiments were labeled in under 5 minutes.

The baseline method’s performance on the A4 dataset was likely
poor because the green filtering misclassified many leaves of the
slightly differently colored Arabidopsis. Similarly, in the Al dataset,
the green filter likely caused moss-covered areas on the soil to be rec-
ognized as false positives (FP).
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Due to the dropout pipeline of the method we note that the recall of
this approach can only be as good as that of the initial segmentation
given by the GSAM model. To determine where this upper bound
(placed by GSAM) of the approach lies, we also calculated the metrics
for the unmodified GSAM mask on both datasets. We find for the
dataset A4 the ARys for the total output of SAM was 66, so the with
the AR5 of 64 from our approach, 97% of the maximum possible recall
was reached while increasing the AP75 by 32%.

4 Conclusions and Outlook

The primary aim of this study was to create a robust framework for
automated leaf segmentation with minimal dependence on training
data or manual tuning, beneficial for plant phenotyping applications.
Specifically, an automated procedure resilient to variations in plant
species and growth stages was targeted. The challenges posed by
diverse plant morphologies and leaf geometries can be mitigated by
using GSAM for initial segmentation, followed by a sparsely trained
lightweight CNN to isolate segments corresponding to plant leaves.
For further improvement, the segmentation provided by GSAM should
be carefully considered and optimized to ensure high absolute recall
for leaves, with different prompts for Grounded DINO [18] tailored
to specific plant phenotypes. Moreover, various parameters of SAM
should be explored, along with the potential use of SAM2 [23] in the
segmentation step. Additionally, future work could involve testing on
more complex datasets, such as those featuring leaves from different
perspectives or under varying environmental conditions, to enhance
the robustness and applicability of the method.
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Abstract The microbial spoilage of grapes during ripening and
after harvest poses a serious threat to quality. The suitabil-
ity of mid-infrared (MIR) spectroscopy for the quantification
of mold growth/load in grape products was assessed using
grape juice inoculated with three different fungal species. Data
from reference analytics and MIR spectra were combined in
different PLS regression models resulting in a R*> of 0.774
(NRMSE =13.4%) for the prediction of fungal biomass and a R2
of 0.652 (NRMSE = 17.9%) for the determination of the ergosterol
content based on infra-red spectra. These results imply that MIR
spectroscopy may be suitable for a rough assessment of mold
contamination in grape juice. However, its application in mon-
itoring fermentation processes as non-destructive and inline ca-
pable method appears significantly more meaningful.

Keywords Infrared spectroscopy, MIR, grape, mold, process
control, ergosterol.

1 Introduction

Biological and environmental factors, such as grape variety and ripen-
ing stage, as well as climate and soil, significantly impact the chemical
composition of wine grapes [1]. Additionally, mold spoilage presents
a substantial concern during ripening and before processing. While
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certain mold species, such as Botrytis cinerea, can be advantageous in
specific contexts, infestation with filamentous fungi, such as Aspergillus
spec. and Penicillium spec., can result in off-flavors and the poten-
tial formation of mycotoxins [2,3]. Mid-infrared (MIR) spectroscopy
is already used for the determination of the most substantial quality
parameters in grape products, including sugar content, pH and total
acidity [4-7]. The potential for detection of mold and mold varieties by
MIR spectroscopy in grapes and grape products could be also demon-
strated [8,9]. However, the fungal infection of grapes or food in gen-
eral is still predominantly detected by visual inspection or quantifica-
tion of chemical marker substances. The most commonly used fungal
biomarker is ergosterol, a hormone located in the cell wall of molds and
yeasts. Due to the general specificity, this molecule is a good marker for
fungal infestation and is already used for the determination of fungal
biomass in grapes or fruit juices [10-13]. Nevertheless, would a rapid
and non-destructive determination of ergosterol and therefore fungal
biomass by mid-infrared spectroscopy allow a quick, labor-efficient and
inline capable analysis of quality and safety of grapes. The scope of this
work was to investigate the suitability of mid-infrared spectroscopy
for the determination of fungal biomass in grape juice by applying a
well-defined experimental setup to obtain spectral data as well as solid
ground truth data. This dataset was subsequently used for regression
analysis to predict the fungal biomass in inoculated grape juice based
on mid-infrared spectroscopy.

2 Material & Methods

2.1 Preparation of Mold Spore Suspensions

Aspergillus carbonarius (DSM 1982), Botrytis cinerea (DSM 1282) and Peni-
cillium expansum (DSM 877) were obtained from the DSMZ-German
Collection of Microorganisms and Cell Cultures (Braunschweig, Ger-
many). Spores of A. carbonarius were harvested with sterile sea sand
after 10 days of incubation at 30 °C on yeast extract glucose agar plates
supplemented with chloramphenicol. Spores were resuspended with
Ringer’s solution and ultrasonic bath treatment for 2 minutes. The su-
pernatant was filtered using a fritted glass funnel, and the entire spore
harvesting process was repeated two more times. The spore suspen-
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sion was centrifuged and thrice washed with Ringer’s solution. The
resulting spore suspension was stored in a sterile glass bottle with glass
beads at 4 °C. The spores of B. cinerea and P. expansum were harvested
after 14 days of growth at 24 °C on potato dextrose agar plates. The
conidia were released by the addition of Ringer’s solution and gentle
scraping with a sterile fork. The spore suspension was filtered using a
fritted glass funnel and transferred to a sterile glass bottle with glass
beads for storage at 4 °C.

2.2 Grape Juice Inoculation

Commercial pasteurized red grape juice was obtained from a local su-
permarket and originated from the same production batch. Aliquots
of grape juice were aseptically inoculated with the previous prepared
mold suspensions to achieve an initial spore count of approximately of
10x 10° CFU/ml. The inoculated juice was transferred in 6 mL aliquots
to individual sterile 24 mL glass vials and the lid was sealed with a
0.45 um filter membrane to avoid further microbial contamination dur-
ing storage. The prepared inoculated grape juice samples, along with
the corresponding controls, were stored for up to 10days in climate
chambers at a controlled temperature of 10°C, 16°C or 20°C and a
relative humidity of 80%. During storage the inoculated samples were
analyzed regularly. For each sampling three whole 24 mL glass vial
were taken and analyzed individually.

2.3 Fungal Biomass Quantification

Fungal (dry) biomass was determined by sterile filtration of the grape
juice samples and subsequent determination of the dry matter of the
filter residue. Grape juice samples were filtered through a 0.45 pm fil-
ter membrane (Merck KGaA, Germany) using a Buchner funnel with
slight vacuum pressure. The resulting filtrate was subsequently used
for further analysis (FTIR, pH and brix). The filter containing fungal
residue was rinsed with deionized water to remove remaining grape
juice, and dried at 72 °C overnight. Fungal dry biomass corresponded
to the weighed difference (0.1 mg precision) between the initially empty
filter and the biomass loaded filter after drying.
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2.4 Fourier-Transform Infrared Spectroscopy (FTIR)

Infrared spectra of the filtered grape juice samples were acquired us-
ing an ALPHA II FT-IR spectrometer equipped with a Platinum-ATR
sampling module and OPUS 8.2.28 software (Bruker Optics GmbH &
Co. KG, Germany). The filtered grape juice sample was applied evenly
on the ATR sensor so that its entire surface was covered. Spectra were
acquired between 400cm™ and 4,000cm™ with a resolution of 4cm’!
and with 24 scans, each.

2.5 pH and Brix

pH and brix were determined from the recovered grape juice filtrate of
the biomass determination step (see section2.3). The pH was measured
with a SevenCompact pH meter 5220 (METTLER TOLEDO, Switzer-
land), while brix measurement was performed with a Brix-Acidity Me-
ter Master Kit (ATAGO, Japan).

2.6 Ergosterol Content

The ergosterol content in the samples was measured using High-
performance liquid chromatography (HPLC) based on the dried filters
of section2.3. The filter was placed in a reaction tube and 10mL of a
10 g/mL methanolic potassium hydroxide solution (Th. Geyer GmbH
Co. KG., Germany), as well as choleocalciferol (Merck KGaA, Ger-
many) in n-hexane as internal standard was added. The mixture was
blended with an ART-MICCRA D-8 blender for 1 minute. After addi-
tional shaking at 400 rpm for 30 minutes, the mixture was incubated in
an oven at 80 °C for 1 hour. After cooling down, 1 ml of deionized water
and 2 ml of n-hexane were added to the suspension and the tubes were
shaken at 200 rpm for 2 minutes. The samples were allowed to rest until
phase separation occurred. The upper phase was then transferred to an
HPLC vial, and the solvent was completely evaporated using a gentle
stream of nitrogen. The solid residue was dissolved in 1 ml of the mo-
bile phase for HPLC, consisting of 80% methanol and 20% acetonitrile.
A recovery sample consisting of ergosterol (Sigma-Aldrich, USA) was
additionally prepared and processed alongside the biomass samples in
parallel. HPLC analysis was performed using an Ultimate 3000 (Ther-
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moScientific, USA) system equipped with a Nucleosil 120-3 C18 col-
umn (Macherey-Nagel, Germany) and a variable wavelength detector.
Separation of peaks was achieved with an isocratic mobile phase con-
sisting of 80% methanol and 20% acetonitrile (isocratic) at a flow rate
of 1mL/min and 20 °C. Ergosterol detection was conducted at 254 nm,
whereas the wavelengths 210 nm, 290 nm and 363 nm were additionally
used to verify the presence of analyte and internal standard, and the
absence of interfering substances. HPLC operation, data acquisition
and subsequent processing were done with Chromeleon 7 (ThermoSci-
entific, USA).

3 Results & Discussion

Ergosterol content, brix and pH of the inoculated grape juice samples
changed over a storage time of 7 days at 20 °C (Table 1). Significant dif-
ferences in these parameters were also visible within the different mold
species. The grape juice samples inoculated with Aspergillus carbonar-
ius and Penicillium expansum showed the largest changes in brix value
and pH, whereas inoculation with Botrytis cinerea resulted in slight al-
terations. Interestingly, the direction of these significant changes was
dependent on the mold species. The juice samples inoculated with
A. carbonarius showed a significant lower pH and brix value compared
to P. expansum inoculated samples. As expected, the fungal biomass
and ergosterol content increased in all species during storage. Species-
dependent conversion factors for ergosterol content to biomass are
published in literature [11] and were also observable in this study.
While samples inoculated with B. cinerea displayed only slight non-
significant changes in brix and pH over time, the significant increase
in fungal biomass during storage demonstrated sufficient mold growth
under the experimental conditions.

The reference analysis results were confirmed by the obtained FTIR
spectra. The highest relevant infrared absorption of inoculated grape
juice samples could be detected between 900 and 1500 cm™! (Figure 1).
Due to the fact that the water absorption is almost absent in this region,
absorption effects can be mainly linked to dissolved substances [4]. The
largest differences in the spectra were observed in the region between
1000 to 1100cm™, which is typical for sugar absorption. The grape
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Table 1: Measured chemical and physical parameters of the inoculated grape juice over
the incubation period. Displayed is the mean across all mold species at day 0
(initial values) and for each species separately after 7 days of storage at 20°C
and 80%relative humidity. The displayed values correspond to the mean +
standard deviation. Different letters indicate significant different groups within
rows (p<0.05, ANOVA and Tukey’s range test).

Parameter  Initial Values A. carbonarius  P. expansum B. cinerea
Brix 16.3+0.12 15.2+0.3P 149+0.1¢ 16.5+0.12
pH 3.28£0.022 2.39£0.02° 3.08 +0.05¢ 3.26+0.012

Biomass [mg] 9.00 +8.02 61.6+3.9P 43.8+0.8¢ 30.2+1.9¢

Ergosterol 0.09+0.12 46.0+6.2° 53.4+4.9° 11.5+2.8°

[mg/L]

juices inoculated with A. carbonarius and P. expansum showed the high-
est decrease in absorption in this region indicating sugar catabolism.
Additionally, a slight difference in the absorption patterns can be found
between A. carbonarius and P. expansum. The first had its maximum
of absorption at around 1064 cm™, while the samples inoculated with
P. expansum exhibited a maximum at around 1042cm™. These differ-
ences are likely caused by a different sugar composition. Glucose has
its maximum absorption at around 1037 cm’!, while fructose demon-
strates at 1064 cm™ its typical maximum [14]. This indicates that P. ex-
pansum favorably consumed fructose in contrary to A. carbonarius.

The obtained MIR spectroscopic data were used without further pro-
cessing to predict the amount of mold in the juice samples during
storage. Therefore, fungal biomass and ergosterol content were inde-
pendently modeled using partial least squares (PLS) regression. Both
target values were separately calculated using four factors and ran-
dom sampling, where 66% of the data was used for training and 34%
for testing purposes, with five repetitions each. Comparisons of the
predicted target values with their respective ground truth revealed dif-
ferences in both models, even though the applied steps during model
building were the same (Figure2). The PLS regression model for fun-
gal biomass showed a R? of 0.774 and a NRMSE of 13.4%, whereas the
PLS regression model for ergosterol content revealed a R? of 0.652 and
a NRMSE of 17.9%. This result indicated a higher correlation between
the spectral data and the fungal biomass compared to the ergosterol
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Figure 1: Excerpt of the measured mean raw infrared spectra of the inoculated grape
juice samples and non-inoculated reference grape juice after 7 days of storage
at 20°C and 80 % relative humidity.

content. Regarding the quantitative estimation of mold spoilage in
grape juice, ergosterol represents therefore not the ideal ground truth
for reliable prediction levels. A certain factor contributing to this effect
is the varying ergosterol content in fungal cell walls across different
fungal species. This circumstance must be taken into account when
converting ergosterol content to fungal biomass [11].

4 Conclusions & Outlook

The largest observed differences in the MIR spectra could be con-
tributed to the individual sugar content and composition, which is cor-
related with mold growth. Thus, the sugar content is the most signif-
icant factor in estimating mold growth in the experiment. Since sugar
content, as well as sugar composition and other constituents highly
fluctuate in grapes by nature, an application of the calibration on other
grape juices or even other fruit varieties is very unlikely. The two sep-
arate PLS regression models showed distinct results caused by the dif-
ferent target values. The PLS regression model for ergosterol content
was less precise compared to the model for biomass prediction. In the-
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Figure 2: Partial least squares (PLS) regression models for (A) fungal biomass with
2 of 0.774 (NRMSE=13.4%) and (B) ergosterol content with R?> of 0.652
(NRMSE =17.9%) in the inoculated grape juice samples based on MIR spec-
tra. The data shown consists of samples incubated at 10°C, 16 °C or 20 °C and
collected at 0, 2, 4, 7 and 10days after start of the experiment. The obtained
data were analyzed in Orange version 3.38.1. NRMSE was calculated as RMSE
divided by Xmax—Xmin-

ory, it is possible to calculate the fungal biomass from ergosterol con-
tent using species-specific conversion factors [11,15] probably resulting
in an increased precision of the PLS regression model for ergosterol.
However, in practical application, this approach might not be effec-
tive because the present mold species are often not identified, or con-
version factors are subject to necessary adjustments based on various
intrinsic and extrinsic factors [16,17]. Additionally, ergosterol is also
synthesized by common yeasts such as Saccharomyces cerevisiae, which
are widely present on grapes and other food [18]. The herein described
experiments were performed under controlled and reproducible condi-
tions, which are typical for fermentation processes. An application of
MIR spectroscopy in e.g. the process control of fermentation processes
seems to be very promising. The therein well-defined conditions allow
the application as calibration or continuous measurements for further
use in novelty or abnormality detection to ensure process stability.
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Use of VIS-NIR spectroscopy to monitor
mango ripening quality with ripening indices
in professional ripening processes
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Abstract This study investigated the ripening process of Kent
mangoes using various quality parameters and non-destructive
spectroscopy techniques in professional ripening facilities. The
research tracked changes in firmness, total soluble solids (TSS),
titratable acidity, and color values over 8 days of ripening, re-
vealing significant transformations during the climacteric phase
with firmness decreasing from 99 to 35 N and TSS increasing
from 13.6 to 16 °Brix. Two ripening indices, the Ripening In-
dex (RPI) and Internal Quality Index (IQI), were applied and
analyzed to quantify mango maturation in professional ripen-
ing processes. The results demonstrated minimal changes in the
first three days ripening, followed by substantial quality shifts.
Visible and Near-Infrared (VIS-NIR) spectroscopy models were
developed to predict quality parameters, with the most success-
ful correlations observed for color values like chroma (12 = 0.83)
and hue (r* = 0.94). The study highlights the potential of non-
destructive spectroscopic techniques to calculate ripening indices
for monitoring mango ripeness while revealing challenges in de-
veloping robust prediction models across all quality parameters.

Keywords Mango ripening, VIS-NIR, ripening index, tempera-
ture sum, quality parameters
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1 Introduction

Mangoes (Mangifera indica L.) are among the most popular tropical
fruits, with increasing demand in European markets. As climacteric
fruits, mangoes undergo a genetically regulated ripening process char-
acterized by biochemical changes that influence acidity, soluble solids,
and physical attributes such as firmness, weight, and color [1,2]. These
transformations enhance aromatic compounds and nutritional quali-
ties, which are critical for consumer acceptance and palatability. In
Germany, the controlled ripening of mangoes in specialized facilities
has been practiced for about 10 years, often involving a warming phase
and ethylene treatments. Before this, mangoes imported by ship were
marketed directly without controlled ripening. Defining the point of
perfect mango ripeness remains challenging. Despite the importance
of ripening control, current postharvest protocols lack standardization,
and mango maturity assessments are typically subjective, based on
small sample sizes and destructive methods such as visual appearance,
firmness, or total soluble solids (TSS). Due to mango quality and ripen-
ing process variations, these measurements often cause resource inef-
ficiencies and food loss [3]. Advances in non-destructive technologies
offer promising alternatives for monitoring fruit quality throughout the
supply chain. Several reports indicate visible and near-infrared spec-
troscopy as practical tools for predicting mango qualities like TSS, firm-
ness, dry matter (DM), and flesh color. However, they rarely address
controlled ripening practices commonly used in Germany. Another
study used a portable VIS-NIR spectrometer to determine maturity pa-
rameters (soluble solids: r’cy = 0.87, RMSEcy = 1.39 %; dry matter:
r’cy = 0.84, RMSEcy = 8.81 g kg!) [4]. A interval partial least square
regression (iPLSR) was applied to improve mango firmness prediction
(r’p = 0.75, RMSEp = 5.92 Hz?g?/?) in portable NIR spectroscopy [3].
Nevertheless, models for predicting mango quality using NIR or VIS-
NIR need to achieve high robustness. Since modeling a single parame-
ter involves similar variability as a destructive reference measurement,
it is challenging to make concrete statements about the ripeness of man-
goes in the ripening room. It is important to combine relevant param-
eters into an index to obtain more reliable results. A Ripening Index
(RPT) was successfully used to monitor postharvest ripening of man-
goes, using firmness, titratable acidity, and TSS [5]. Another ripening
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index, the Internal Quality Index (IQI), was further developed, integrat-
ing TSS, firmness, and color attributes of mangoes [6]. The report also
used VIS-NIR to predict both RPI and IQI with good results. However,
such models have not been adapted to typical industrial ripening con-
ditions, where mangoes are ripened over 3-5 days at increasing tem-
peratures up to 22 °C in specialized ripening rooms. The cumulative
temperature sum provides insights into optimal mango storage condi-
tions. However, its use has not been adopted as a parameter for defin-
ing ripening times in ripening facilities. This study evaluates whether
RPI and IQI can serve as valuable ripening parameters for professional
mango ripening. Furthermore, it seeks to determine if VIS-NIR models
can be used for non-destructive measurement of ripening parameters,
as described in the literature. Additionally, the study will use the tem-
perature sum to assess its potential as a parameter for determining
ripening times.

2 Material and methods

2.1 Sample material and storage conditions

In this study, Kent mangoes were used for data collection across five
separate ripening cycles. The fruits were transported to Europe by re-
frigerated container ship for about three weeks. In the artificial ripen-
ing process, the fruits are typically warmed for 24 hours at 16 + 1 °C /
61 £ 9 % rH and exposed to ethylene gas for 24 hours to initiate climac-
teric ripening. To counteract the climacteric phase, the fruits are then
cooled down to about 12 + 1 °C for 2-3 days still in the ripening room.
This ensures that the fruits reach their ready-to-eat stage another 2-3
days later, on their arrival at the store or end consumer. Three of these
cycles were conducted in rooms of a professional mango ripening fa-
cility (Axesso Ripening room, Interko Heat Exchangers and Ripening
Solutions, Moerkapelle, Netherlands). After placing the mangos in the
ripening rooms, four boxes were defined for further sampling, and a
logger for temperature and humidity (Testo 184 H1, Testo SE & Co.
KGaA, Titisee-Neustadt, Germany) was placed inside. The other two
were carried out at constant room temperatures of 20 + 1 °C and 54 +
5 % RH.
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2.2 Acquisition of reference data

Each day, measurements were taken on ten mangoes (ripening room)
and five mangoes (room temperature) at three defined measurement
points. The temperature sum was calculated by aggregating the av-
erage hourly temperature over the storage period for each ripening
process. Color values were measured at three defined and marked
points on each fruit using a colorimeter (PCE-CSM 2, PCE Instruments,
Meschede, Germany). Firmness was assessed using a penetrometer
(Fruit Texture Analyzer, GUESS Manufacturing Ltd., Cape Town, South
Africa). Afterward, the skin was carefully removed from two measure-
ment sites, and the spectrum, color values, and firmness were recorded
again. A cylindrical cutter (approx. 25 mm diameter, 20 mm length)
was used to take samples from each measurement point. One sample
was dried in an oven at 30 °C for 24 hours to determine dry matter
content (DM in %), with weight measured before and after drying. The
second sample was analyzed for total soluble solids (TSS) and titratable
acidity (TA). It was homogenized at 24,000 rpm using an Ultra-Turrax
(IKA Ultra-Turrax T25, Janke & Kunkel), followed by centrifugation at
10,000 rpm for 5 minutes at 4 °C using a Heraeus Megafuge X1R Cen-
trifuge (Thermo Scientific). The supernatant was used to determine
TA with an automatic titration system (HI-902, Hanna® Instruments,
Germany) using 0.25-N sodium hydroxide (NaOH). The remaining su-
pernatant was analyzed for TSS using a handheld refractometer (Hi
96822, Hanna Instruments, Germany). Two indices, a ripening index
(RPI) and an internal quality index (IQI), were calculated using Eqgs. (1)
and (2), where F is firmness (Newtons), TA is titratable acidity (%), TSS
is total soluble solids (%), and L, hy,, and C,y, are the color attributes
of the flesh.

RPI =1n(100-F-TA-TSS™ 1) (1)

IQI =In(100-F-L* -h,,-TSS™'-C.,1) 2)

2.3 Recording of NIR spectra

Spectra of fruit with and without skin was recorded at pre-marked lo-
cations in contact with the fruit using the F-750 Produce Quality Meter
(Firmware v.1.2.0 build 7041, Felix Instruments, Portland, USA). The
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device records spectra for the wavelength range from 477-1059 nm.
Spectral data from the F-750’s SD-Card was transferred to a computer
for subsequent analysis.

2.4 Statistical and chemometrical analysis

Spectra was loaded into the Model Builder Software (version 1.3.0.177,
Felix Instruments, Portland, USA). The software uses non-linear it-
erative partial least squares (NIPALS) regression and a leave-one-out
method for cross-validation. Spectra in second derivative form were
used to build prediction and cross-validation models. The data pro-
cessing of the reference values and the temperature and humidity log-
gers was carried out in Excel (Version 2021, Microsoft, Redmond).

3 Results and discussion

During the first three days, when the mango fruits were in the ripen-
ing rooms (Days 1-3), firmness decreased on average across all ripening
variants from 99 to 93 N (Table 1). Total soluble solids (TSS) increased

Table 1: Mean and standard deviation of firmness, total soluble solids (TSS), titratable
acidity (TA), dry mass (DM) and flesh/peel color parameters of mangoes at
different days of storage.

Dayof | minness(N)  TSS (brix)  TA (%) DM (%)
storage
1 103.3+12.4 13.3+£05 0.7+0.0 146+1.3
2 940+82 141+£0.8 06+0.1 145+0.4
3 9311586 14005 06+0.0 13.9+0.9
4 729+120 150+ 0.3 06+0.0 148+0.7
5 58.1+9.1 148+07 05+0.1 144+07
6 nA nA nA nA
7 413197 159+ 0.1 04100 138+1.4
8 279+49 15.9+ 0.0 0.6+0.0 nA
Day of Hue (%) Luminosity (L*) Chroma (c*)
storage peel flesh peel flesh peel flesh
1 974168 818127 47.4+08 751+20 313+x09 550149
2 965 +7.1 81.3+09 485+1.9 747+16 323+07 553+05
3 98.2+2.1 827113 472+1.4 741+1.3 32007 520+%27
4 809+78 80.3+09 46.8+2.7 73.3+06 339+32 597+23
5 941+88 81.8+ 1.6 50.2+0.9 741+21 360+£07 532144
6 nA nA nA nA nA nA
7 100.2+1.9 80.8 £ 0.1 48.5+0.5 699+15 339+x11 602%10
8 892103 80.8+0.0 527+1.2 717409 380+05 57.0+00
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slightly from 13.6 to 14.1 °Brix. Titratable acidity showed high variance,
reducing from 0.7 to 0.6 on average across all variants. The color val-
ues for the peel and flesh remained stable for h (hue) and L (lightness),
with 96-94 (peel), 81-82 (flesh), 47-47 (peel), and 75-74 (flesh), respec-
tively. Color values such as ¢ (chroma) for the flesh showed a minimal
increase (31 to 32), while they decreased for the peel (57 to 52). The
ripening process can explain the observed trends. In the initial phase
(Phase: Initiation), the climacteric phase was initiated by warm temper-
atures and the addition of ethylene gas, leading to minimal changes in
the parameters. These slight trends generally align with known quality
changes in mango ripening literature [7]. In the second phase (Climac-
teric, Days 4-6), corresponding to the climacteric peak, more significant
changes in firmness and TSS were observed. Firmness continuously
decreased from 93 N (Day 3) to 35 N (Day 7), while TSS increased from
14 to 16 °Brix during the same period. This reduction aligns with sev-
eral reports of softening of the texture due to enzymatic activity typical
for the climacteric phase [1]. However, the extent of reduction depends
on temperature conditions [8]. Titratable acidity (TA) also decreased,
with high variability, from 0.6 % (Day 3) to 0.5 % (Day 7). The color val-
ues for h, L, and c remained practically constant with minimal changes.
The assignment of ripening phases can also be confirmed through the
changes in the calculated ripening indices RPI and IQI, as shown in
Figure 1. A clear trend can be observed throughout the ripening pro-
cess in both cases. However, both indices change minimally during the
first phase (ripening room, Days 1-3). This initial phase, with an RPI
of 6.1 (Day 1) to 5.9 (Day 3) and an IQI of 11.2 (Day 1) to 11.1 (Day
3), corresponds to unripe mangoes (RPI of 6 indicates unripe man-
goes) [6,9]. The minimal change in RPI during the first three days can
be attributed to the time delay after applying heat and ethylene to ini-
tiate the ripening process. Both ripening indices significantly decrease
once the mangoes are cooled in the ripening room and the climacteric
phase begins. The RPI decreases from 5.8 (Day 3) to 4.3 (Day 7). This
range between RPI 6-4 has been defined as intermediate-ripe mangoes
and is associated with the best quality [6]. An RPI below 4 corresponds
to an over-ripe mango. This value is not reached, indicating that the
mangoes in commerce would have reached a ready-to-eat status (Days
7-8). The data clearly shows that the RPI can adequately and logi-
cally represent the changes and ripening of mango fruits. However,
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Figure 1: RPI and IQI of mangoes at different days of storage. Mangos ripening stages
are separated by horizontal lines and marked as unripe (A), intermedium-ripe
(B) and over-ripe (C).

the changes during the first three days of ripening are minimal, with
no significant differences in RPI or IQL. It is easier to determine daily
quality changes as soon as the climacteric phase begins. The results
for predicting quality parameters during mango ripening are listed in
Table 2. Models were developed for the VIS (477-729 nm) and VIS-
NIR (729-1059 nm) ranges. Additionally, models were created based
on NIR measurements on the skin and flesh. The correlations with the
NIR spectrum on the skin were weak for all quality parameters, with
firmness r2 = 0.32 and TSS 2 = 0.41. The correlations in the VIS range
on the flesh showed higher accuracy, particularly for color values with
chroma (c*, 12 = 0.83), hue (h*, r2 = 0.94), and lightness (L*, r>=0.67),
and were also suitable for firmness (r2 = 0.56) and TSS (r2 = 0.45). The
VIS-NIR range improved the TSS correlation to 12 = 0.58 as well as dry
matter from r2 = 0.32 (VIS) to r2 = 0.55 (NIR). However, no sufficient
correlations could be established for TA with any method. In contrast
to the results in this experiment, other studies have established good
models for the prediction of TSS in mangoes, with model accuracies
ranging from r2 = 0.86 [10] to 12 = 0.98 [11]. The feasibility of predict-
ing mango quality parameters was also demonstrated through the skin
with validation models reaching r2 = 0.72 for pulp firmness and 12 =
0.50 for TA, which could not be proven in this study [12]. Another
study achieved prediction models for the h® value through the mango
peel with a maximum RMSE of 3.16°, which is significantly more accu-
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rate than the results of this experiment [13]. However, the portable NIR
spectrometers used in these cited studies apply wavelength ranges up
to 1600 and 2300 nm and thus deviate significantly from the wavelength
range of the F-750 device. A better prediction models with the F-750
was achieved in terms of dry matter in a study [14] than the results of
this experiment (r2 = 0.84). However, several mango varieties were used
for the modeling, and different data pre-processing methods were car-
ried out before the correlation. Based on our results, non-destructive
measurement of the ripeness index (RPI) using VIS-NIR showed some
limitations, as no model could be generated for TA. The possibility of
capturing all necessary quality parameters for calculating IQI in one
spectral measurement could present a significant time-saving advan-
tage for assessing mango ripeness. While the destructive measurement
of the spectrum on the flesh reduces some advantages of this method,
the overall potential for non-destructive assessment remains promis-
ing. The firmness of the mangoes decreased linearly in relation to the

Table 2: Results of the NIR models for the prediction of fruit quality parameters in
mango samples

With Skin (477-729 nm) Without Skin (477-729 nm)
Parameter n_ Valuerange PC r’%yv RMSECV| n Value Range PC r%cyv RMSECV
Firmness (kg) | 160 2,7- 14,8 6 0.32 263 532 03-148 6 056 242
Acidity (g/L) |270 2,7-124 3 0.01 197 270 27-124 3 016 1.77
Brix (%) 270 9,9-189 6 0.14 153 270 99-189 6 045 1.23
c* 540 15,1-511 5 0.29 461 540 19,4-81,5 5 083 3.93
h® 540 20,8-117,7 6 0.29 20.23 540 736-99,2 6 09 0.95
L* 540 296-606 5 0.17 4388 540 59,1-83,9 5 067 2.21
DM (%) 195 9,3-194 5 0.11 1.73 195 93-194 5 032 1.49

With Skin (729-1059 nm) Without Skin (729-1059 nm)
Parameter n_ Valuerange PC rcv RMSECV| n Value Range PC r%cv RMSECV
Firmness (kg) | 160 2,7- 14,8 6 03 2.68 532 0,3-14,8 6 045 2.7
Acidity (g/L) |270 2,7-124 3 0.01 1.94 270 27-124 3 009 1.85
Brix (%) 270 9,9-189 6 041 127 270 99-189 6 058 1.06
c* 540 15,1-511 5 0.12 5.16 540 19,4-81,5 5 034 7.65
h° 540 20,8-117,7 6 0.06 23.41 540 73,6-99,2 6 031 3.25
L* 540 29,6-606 5 0.09 5.15 540 59,1-83,9 5 046 2.84
DM (%) 195 9,3-194 5 042 1.39 195 93-194 5 055 1.21

temperature sum, consistently across all ripening variants (Figure 2).
This demonstrates the dependency of firmness on temperature. Litera-
ture also describes this relationship, indicating that firmness decreases
rapidly at higher storage temperatures. The trend for TSS shows a
weaker correlation with temperature, with r2 = 0.57. All other quality

132



VIS-NIR spectroscopy for monitoring mango ripening

A initiation climacteric B initiation phase climacteric
7 phase phase A 14 phase L A
6 %% ‘ 12 ;?m -
5 : (%E%:Q\“ @ R2=0.8409| B 10 A B W
Qg B
T4 © g 81 Opeel R? = 0.8282
o 3 6 - & flesh
24 I C 4 rc
14 B c 271 A B c
0 T T T | 0 T T T |
0 1000 2000 3000 4000 0 1000 2000 3000 4000
Temperatur sum (°C) Temperatur sum (°C)

Figure 2: Mean of RPI and IQI of mangoes and the temperature sum. Mango’s
ripening stages are separated by horizontal lines and marked as unripe (A),
intermedium-ripe (B) and over-ripe (C).

parameters exhibit weak correlations. Correspondingly, high correla-
tions were found between the ripening indices RPI and IQI and the
temperature sum (RPI, 2 = 0.84 and IQI, r? = 0.82). Thus, an unripe
mango, with an RPI of 6 during the ripening room phase (Phase 1),
corresponds to a temperature sum of 0-970 °C. An intermediate-ripe
mango (RPI 6-4), corresponding to Phase 2 in our study (cooling, deliv-
ery), falls within a temperature sum range of 970-2500 °C. The changes
observed in the first three days of ripening indicate minimal variation
in firmness and TSS. While this makes these indices challenging for
quality determination during early ripening stages, it also suggests that
this phase of minimal changes could be considered in future models or
ripening concepts.

4 Summary

This study demonstrates that RPI and IQI are effective parameters for
assessing mango ripening, with high correlations to the temperature
sum. VIS measurements on the flesh show strong correlations for color
values and moderate success for firmness and TSS. However, VIS-NIR
models are not feasible for non-destructive measurement of TA. The
temperature sum effectively characterizes the ripening stages, with ex-
plicit linear dependency observed for firmness. These findings sug-
gest that while VIS-NIR technology enhances quality assessment, early-
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stage ripening indices are challenging, emphasizing further refinement.
Overall, the study highlights the potential of these methods to improve
professional mango ripening practices.
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Optimization of plant experiments in CEA and
vertical farming through standardization and
modeling

Kay Plat
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Koburgerstr. 10, 04277 Leipzig

Abstract Vertical Farming and Controlled Environment Agricul-
ture (CEA) enable the precise control of environmental factors
such as light, temperature, and nutrients, allowing the study of
complex growth processes. To ensure the comparability and re-
producibility of experimental results, standardized methods and
innovative modeling approaches are required. This paper high-
lights the challenges of standardization in CEA experiments, the
integration of image and sensor data for analyzing growth pa-
rameters, and the use of resource-efficient technologies for op-
timizing agricultural systems. The presented approaches con-
tribute to the development of reproducible and sustainable cul-
tivation systems.

Keywords Controlled environment ggriculture (CEA), plant
growth, standardization, modeling, resource efficiency, sensor
data, image analysis

1 Introduction

The potential of Vertical Farming and Controlled Environment Agri-
culture (CEA) is transforming plant research. Through the precise con-
trol of environmental factors such as light, temperature, and nutrients,
entirely new scientific questions can be explored. However, to obtain
reliable and comparable results, standardized methods are essential.
greenhub actively works on developing such standards and creating
solutions that can be directly applied in practice. Standardization is
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not only a tool for science but also a way to make technologies and
processes more accessible for broader applications. The integration of
optical and hyperspectral techniques significantly expands the possibil-
ities for monitoring plant growth processes and offers new approaches
for early stress detection. [1].

2 Challenges and Solutions

Diversity of Conditions: The challenges posed by varying growth con-
ditions should not be underestimated. To ensure that research results
are consistent and reproducible, uniform methods must be used [2].
Harmonizing growth parameters between different research institu-
tions can also promote data exchange and facilitate global collabora-
tion.

Technology as the Key: The technologies developed by greenhub
enable precise monitoring and adjustment of growth conditions in real
time. This ensures stabilized experimental conditions and reliable re-
sults [3]. Advances in sensor technology, automation, and vertical
farming allow maximizing yield per unit of area and optimizing re-
source efficiency [4].

3 Modeling of Plant Growth and Its Application

Understanding and Prediction: Growth models are essential tools for
understanding how plants respond to various environmental factors.
These models are not only useful in research but are also applied
in agriculture to optimize yields and improve resource efficiency [5].
Sensitivity analyses provide valuable insights into how environmental
changes impact biochemical processes and help model and optimize
these processes accordingly [6]. Image data is playing an increasingly
important role in plant monitoring. Even non-visible changes within
the plant can serve as early warning indicators, making camera systems
indispensable in future plant research projects [7].

Implementation in Research and Industry : The models developed
in research can find broad applications in agriculture and industry.
They help farmers and companies refine their cultivation strategies and
operate more sustainably. Image analysis techniques also allow for
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non-destructive measurements of growth parameters such as weight
or leaf size and enable the early detection of deficiencies [8]. Model
predictive control (MPC) further enhances the dynamic regulation of
environmental parameters, maximizing resource efficiency [9]. One
major challenge in this field is the lack of valid growth data, which still
requires considerable effort to generate. greenhub aims to provide an
automated environment with the GreenResearcher, ensuring that these
models and technologies are tailored to real-world requirements. Addi-
tionally, inline production measurement and plant condition detection
using optical and sensor-based methods will be enabled. This will not
only accelerate research but also significantly advance the development
of new approaches.

4 Practical Application

Adaptation of Cultivation Systems: Findings from standardized ex-
periments and model predictions should help optimize cultivation sys-
tems, particularly regarding light and nutrient management. Image
data enables the detection of changes in plants before they become
visible to the human eye, allowing for earlier interventions than be-
fore [10].

Resource Efficiency : These optimized systems contribute to more
sustainable agricultural practices that offer both economic and ecolog-
ical benefits. Spectral analysis can help make resource use more ef-
ficient in indoor production and experimental setups. Particularly in
the use of light, fertilizers, and plant protection products, these anal-
yses enable precise determination of requirements, reducing overall
consumption [11]. At the same time, such approaches help reduce the
environmental impact of modern agricultural systems.

5 Conclusion and Outlook

The Interaction of Standards and Technology: Standardized meth-
ods, combined with growth modeling and state-of-the-art technology,
are key to advancing plant research. There is still significant untapped
potential in the field of image analysis. In many cases, standardized
procedures are still lacking. These approaches would not only provide
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Figure 1: greenhub GreenResearcher, Vertical Farming System

scientific benefits but also offer concrete advantages for practical appli-
cations [7]. Greater integration of automation and artificial intelligence
could further improve the efficiency and scalability of such systems in
the future.

greenhub’s Role: greenhub is playing a key role in driving these
developments by creating solutions that advance research while also
meeting the needs of the agricultural sector. The novelty of greenhub’s
approach lies in the combination of cutting-edge technologies such as
inline measurements and automated detection of plant conditions us-
ing optical and sensor-based methods. This not only improves analysis
quality but also significantly facilitates integration into real production
environments and optimization processes. The goal is to bridge the
gap between research and practice and to make innovations directly
applicable.

References

1. S. Gorji and et al,, “Applications of optical sensing and imaging spec-
troscopy in indoor farming: A systematic review,” Journal of Agricultural

140



10.

11.

Standardization of plant experiments

Research, 2024.
T. Kozai, Smart Plant Factory: The Next Generation Indoor Vertical Farms.
Springer, 2018.

D. Touliatos, I. C. Dodd, and M. R. McAinsh, “Vertical farming increases
lettuce yield per unit area compared to conventional horizontal hydropon-
ics,” Food and Energy Security, 2016.

S. H. Van Delden and et al., “Feeding the world: The future of vertical
farming,” Trends in Plant Science, 2021.

T. Li and et al., “Crop modeling for controlled environment agriculture,”
Frontiers in Plant Science, 2020.

S. Streif, R. Findeisen, S. Waldherr, and F. Allgéwer, “Steady state sensi-
tivity analysis of biochemical reaction networks: A brief review and new
methods,” Journal of Theoretical Biology, 2009.

D. Singh and et al., “Imaging techniques for phenotyping of plant traits,”
Plant Methods, 2021.

M. Rahman and et al., “Application of ai in precision agriculture,” Sustain-
ability, 2021.

T. Padmanabha and et al., “Model predictive control for environmental
optimization in controlled agriculture,” Environmental Control Journal, 2020.

H. Poorter and et al., “A meta-analysis of plant responses to light inten-
sity,” Plant Physiology, 2019.

Y. Zhang and et al., “Spectral reflectance as a tool for resource efficiency in
agriculture,” Agronomy, 2021.

141



142



Optimizing near-infrared spectroscopy for
on-line grape must quality assessment:
Addressing the impact of suspended solids

Pascal Gauweiler!, Xiaorong Zhengz, Lucie Cornehl?, Anna Kicherer?,

and Robin Gruna!

I Fraunhofer Institute of Optronics, System Technologies and Image
Exploitation, Fraunhoferstr. 1, 76131 Karlsruhe, Germany
2 Julius Kiithn-Institut (JKI), Federal Research Center for Cultivated Plants
Institute for Grapevine Breeding, Geilweilerhof, 76833 Siebeldingen, Germany

Abstract What distinguishes good wine from premium wine is
the quality of the berry material. The sugar and acid content
are the key parameters in this case. To measure these, a time-
consuming and costly labor analysis is usually required during
delivery process to the cellar. Near-infrared (NIR) spectroscopy
offers a faster alternative, but is also used in laboratories due to
its size and integrability. The development of the miniaturization
of NIR-spectrometer opens up new possibilities for integration.
To explore this, such a spectrometer and a pump with particle
filter were integrated into a harvester to measure the quality pa-
rameters online during harvesting. The filter size of the pump
that delivers the grape must to the NIR-spectrometer for analy-
sis is a critical parameter as suspended solids in the must affect
accuracy. This study examined the filtration requirements to re-
duce this problem using 38 samples from four grape varieties,
filtered in 9 steps from 1mm to 40um and centrifuged as the
final step considered as free of suspended solids resulting in 359
spectra. Chemometric analysis via PLSR showed that, for sugar
prediction, a finer filter is needed, whereas a proper preprocess-
ing effectively eliminates the influence of solids on acids.

Keywords NIR-Spectroscopy, agriculture, food quality, chemo-
metrics, vine, grape must
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1 Introduction

Sugar and acid content are key factors in assessing grape must qual-
ity, especially in wine cooperatives, where these metrics form the basis
for payment. In the current process, the grape delivery is being an-
alyzed in laboratories and is therefore time-consuming and costly. A
reliable method for determining must constituents during the harvest
would eliminate the need for laboratory analyses, facilitate cellar man-
agement, and enable early decisions to be made if quality is not up to
standard. Near-infrared (NIR) spectroscopy has emerged as an efficient
method to detect various ingredients in biological samples [1] [2].

In a previous study [3], a miniaturized NIR spectrometer was cal-
ibrated with samples from four varieties of vine. The transmission
spectra of the respective must were recorded and a model using PLSR
(patial least-square regression) was build. The idea is to integrate that
spectrometer in a harvester to get the quality parameters such as glu-
cose, fructose, malic acid and tartaric acid online during harvest. With
that information, the cooperative or the winery cellar can skip the ex-
pensive and time-consuming laboratory analysis. During practical ap-
plication, the filter device did not work well. The must contained sus-
pended solids, which led to a decrease in intensity and thus to a poorer
estimate of the spectral analysis.

In this study, the previous NIR spectrometer with its flow cell was
used to examine the influence of suspended solids to determine the
minimum requirement of the filter device for still good sugar and acid
estimation. 38 samples of four grape varieties, two red and two white,
were used, pressed and then filtered in 9 steps, started at 1mm to
40 pm. The samples were centrifuged in the 10th step and considered
free of suspended solids. Spectra were acquired during each step to-
taling 359 samples. The assumption is that the smaller the particle size
in the sample, the better the performance of the model since the data
become better as the intensity increases and the signal-to-noise ratio
(SNR) improves.
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2 Materials and Methods

2.1 Sample Collection

Two red (‘Dornfelder’ and ‘Pinot Noir’) and two white (‘Chardon-
nay’ and ‘Riesling’) wine grape varieties of Vitis vinifera (L.) were sam-
pled weekly from onset of véraison (16th August 2023) up to harvest
(27th September 2023) from four commercial vineyards located at the
"Wollmesheimer Miitterle” site, near Landau in southern Rhineland-
Palatinate, Germany (49°10'41.8”N 8°05’36.7”E). Each variety had four
sampling time points. At each time point, 200 berries were randomly
collected from each vineyard. At harvest, four additional samples were
taken for each variety, except ‘Pinot Noir’, directly from harvesters.

The berry samples were divided into two subsamples of 100 berries
each. One subsample was crushed using a blender (BL 6280, Grundig,
Germany), while juice was extracted from the other using a manual
juicer. Each subsample was further split into three parts: one was
centrifuged at 20,340 x g for 10 minutes (Sigma 6K 15, Sigma Laborzen-
trifugen GmbH, Germany), another was used for the determination of
the reference value and the third was subjected to filtering tests. For
filtering, a series of filters with pore sizes ranging from 1,000 um to
40 um (pluriStrainer® Set, pluriSelect Life Science, Germany) were ap-
plied to non-centrifuged samples. To determine reference values for
glucose, fructose, malic acid and tartaric acid, juice from a subsam-
ple was transferred to a 2mL reaction tube, centrifuged at 12,100 x g
for 5 minutes (Minispin, Eppendorf, Hamburg, Germany) and diluted
1:3 with double-distilled water. The samples were centrifuged again at
12,100 x g for 5 minutes before analysis.

A HPLC system (Agilent 1290 Infinity II, Agilent Technologies, Santa
Clara, USA) equipped with a multisampler (G7167B), binary pump
(G7120A), column oven (G7116B), diode array detector (DAD, G7117B),
and refractive index detector (RID, G1362A) was used for analysis. A
Rezex ROA-Organic Acid H+ ion exclusion column (300 x 7.8 mm,
8um) with a guard column (Carbo-H+, Phenomenex Inc., Torrance,
USA) was maintained at 75 °C for separation. Samples (5pL) were in-
jected and analyzed in a 16.5-minute run using 0.4 mM sulfuric acid as
the mobile phase at a flow rate of 0.6 mL/min. Malic and tartaric acids
were quantified at 210.4nm, while glucose and fructose were detected
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with the RID set at 50 °C. A dilution series (1.5-90 g/L for glucose and
fructose; 0.15-9¢g/L for malic and tartaric acid) served as an exter-
nal standard. Chromatograms were processed using Agilent OpenLab
ChemStation software (Agilent Technologies, Santa Clara, USA). The
distribution of the various compounds is shown in Tab. 1.

Table 1: Distribution of the sample content in g/L.

Content Mean Std. dev. Min Max
Glucose 73.88 26.97 9.9 115.13
Fructose 75.33 30.48 7.33 120.47
Malic Acid 7.89 7.77 1.88 2743
Tartaric Acid 8.45 2.77 5.18 17.02

2.2 Spectral Data Collection

The samples were analyzed using the NIRONE Sensor S 1.4 spectrome-
ter by SpectralEngines, Steinbach, Germany. It operates within a wave-
length range of 1,100nm to 1,350nm, offering a resolution between
12nm and 16 nm, and delivering a SNR of 15,000. The spectrometer
uses a single-element InGaAs detector combined with a Fabry-Pérot
interferometer for optical filtering.

A HL-2000-HP halogen lamp (Ocean Optics, Florida, USA) was used
for illumination, which covers a broad spectral range from 360 nm to
2,400nm. The samples were placed in a 1/4” flow cell (Avantes, Apel-
doorn, Netherlands) equipped with an extension hose and a tap at
the end to stabilize the sample during measurement. The optical path
with a length of 5mm is aligned orthogonally to the flow cell, which
corresponds to the diameter of the flow cell. The samples are there-
fore measured in transmission. To connect the light source, flow cell
and spectrometer, a step-index fiber optic cable (Thorlabs, New Jer-
sey, USA) with a diameter of 365 ym and a numerical aperture of 0.22
was used (Fig. 1). This configuration ensured optimal utilization of the
spectrometer’s dynamic range while preventing signal overloading.

Before starting a new measurement series, a white and a dark ref-
erence was recorded. The measurement of the white reference pypite
was realized by using distilled water with a temperature of 20 °C . For
measuring the dark reference 4.k, the empty flow cell was recorded
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with the light turned off. The spectra y; are balanced by the formular
Mipal = (Hi — Hdark) / (Pwhite — Hdark)-

Each sample was filtered step by step from coarse to fine and mea-
sured in each case resulting in 342 spectra. 17 of the centrifuged sam-
ples were measured totaling 359 spectra. After every measurement,
the flow cell was cleaned with distilled water. Due to hydrogen bond-
ing, the temperature of the sample has an impact on spectral data [4].
Therefore, the sample temperature was kept constant at 20°C. The
mean spectra of each filter size is shown in Fig. 2.

Figure 1: Flow cell with an optical path of 5mm. The light shines through a fibre with
a diameter of 365um orthogonal to the vertical flow. The must is inserted
vertically.

2.3 Data treatment

To ensure clean data, an outlier removal step was performed before-
hand. For each filter size, a principal component analysis (PCA) was
applied. Data points that deviate from the mean of the PCA space by
more than 1.96 standard deviations across the first four components
were classified as outliers, capturing 95 % of the data within this range.
Each filter size was analyzed independently, resulting in a different
number of samples per filter size (see Tab.2 and Fig. 3).

For the modeling process, all data were split according to their filter
size. Data with one filter size were used for test, the remaining nine
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Figure 2: Raw (left) and normalized (right) average raw spectra, separated by filter size.
The spectrum is subjected to artifacts due to the sensor used. Except for the
centrifuged samples, the data are very similar so there is a large overlap in this
graph. The filter size is correlated with the intensity.

were used for training and parameter optimization. The quality of the
training data is considered to be consistent, as the data remains 88 %
the same every run.

Table 2: Distribution of the samples for each filter size before and after outlier removal.

Filter size (um) centr. 40 60 70 85 100 200 400 750 1,000
Sample number 17(16) 38(34) 33(33) 38(33) 38(34) 38(31) 38(33) 38(32) 38(32) 38(33)

2.4 Preprocessing

To reduce effects such as scattering, noise and variation in intensities,
all spectra ran through a preprocessing step to earn a proper estima-
tion. The combination of normalization and smoothing with an op-
tional derivation is recommended [5]. Normalization helps to reduce
the impact of varying intensities caused by the sample’s own absorp-
tion characteristics. There are multiple approaches to normalization,
with two of the most widely used being standard normal variate (SNV)
and multiplicative scatter correction (MSC) [5]. Both methods are com-
mon preprocessing techniques, and since their outcomes are generally
comparable, the choice between them is not particularly critical. SNV
works by a straightforward two-step process: subtracting the mean
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Figure 3: PCA Plot of the first two components grouped by filter size in pm after utlier
removal. No clusters formed, except for the centrifuged samples.

value from the spectrum and then dividing the result by the standard
deviation.

For noise reduction, filter algorithms like Savitzky-Golay (SavGol)
are frequently applied [5] [6]. This method involves fitting a poly-
nomial to a defined window of the spectra and replacing the center
value with the result of the fit. As the algorithm moves through each
point in the spectra, it reduces noise by filtering out high-frequency
components that the polynomial cannot capture. A key benefit of this
approach is that spectral peaks remain in their original positions and
derivatives can be computed during the fitting process, which is useful
for correcting baselines caused by scatter effects.

2.5 Modeling

Partial Least Squares Regression (PLSR) is the most widely used regres-
sion approach in chemometrics [7]. It is used as a method for dimen-
sionality reduction that optimizes the covariance between the predictor
and response variables. This technique enables the prediction of one
dataset from another using a linear model. The key parameter of the
performance of the model is the number of components. With a low
number, the model tends to generalize poorly, while a high number
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leads to overfitting.

With the parameters of SavGol filter and the number of components
of PLSR, the question is which parameter settings works best for the
data. Optuna, a framework for hyperparameter optimization [8], was
used to determine the optimal parameters. The Tree-structured Parzen
Estimator sampler [9] was chosen due to its advantages for hierar-
chically dependent parameters and its suitability for relatively small
datasets ranging from 100 to 1,000 samples. The metric to measure the
performance of the model is the root-mean-squared-error which was
calculated as RMSE = (4 N, (y; — #;)?)"/2. During the parameter
search, cross-validation was performed whereas the training data were
split into five folds for every parameter set chosen by TPE algorithm.
The data within each fold were randomly selected, ensuring that all
five folds cover the entire training dataset. One fold was defined as
the evaluation set, while the other four served as the calibration set.
The model’s performance was rated based on this division, and the
process was repeated with each fold taking a turn as the evaluation
set. After completing all iterations, the performance metrics from each
fold were averaged to receive the final performance value of the re-
spective parameter set. This approach provided a more representative
evaluation by using all training data and minimizing the influence of
favorable splits. The best performing parameter set was considered the
final model.

The parameters that needed to be optimized included the window
size, polynomial order, and derivative of the Savitzky-Golay filter, as
well as the number of components of the PLSR model. Since SNV
has no parameters, it did not require any optimization. The entire
modeling process and parameter optimization was carried out using
Python 3.9, with the use of SciKit-Learn 1.0.2 and Optuna 3.6.1.

3 Results and discussion

For each compound and filtration stage, an individual model was de-
veloped and optimized according to the previous described method.
The resulting RMSE for each compound is shown in Fig. 4 divided into
train and test. The RMSE of the training data of all four compounds
is nearly independent of the filter size, which is consistent with the
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Table 3: RMSE (g/L) of train and test data for different filter sizes (um).

Filter| Train: Test:
Glucose Fructose Malic Tartaric|Glucose Fructose Malic Tartaric
Acid Acid Acid Acid
1,000| 8.5 6.76 339 1.09 16.21 282 747 153
750 | 7.31 416 332 1.21 7.98 10.07 331 1.25
400 | 7.15 7.3 329 131 12.49 1228 383 1.34
200 | 7.96 765 341 0.86 7.32 752 362 1.38
100 | 7.15 582 329 1.25 10.01 927 346 1.38
85 8.13 6.81 3.3 1.3 7.81 943 325 1.26
70 7.31 598 329 1.32 7.42 797 348 1.32
60 7.73 7.4 341 114 8.71 8.68 3.66 1.07
40 8.0 7.0 228 123 6.35 6.8 274 124
centr.| 6.17 6.38 315 0.85 | 200.47 26092 6734 7.35

assumption made. For both sugars, the RMSE showed a decreasing
trend with the particle size decreases; however, a typical converging
behavior was not observed. The uneven trend of the sugar values can
be explained by one sample that was not detected at the outlier detec-
tion stage and could not be well described by the model. The sample
number is relatively small whereby RMSE metric is sensitive to out-
liers. Deleting this particular sample would lead to a smoother trend.
The impact of this sample is not visible in the acid results.

The curves for sugars and acids are similar in terms of unevenness.
Therefore, the information of each sugar and acid is also distributed
in similar ways in the spectra. The RMSE at 1,000 um is the highest
value of all compounds and decreases rapidly with the next filtration
stage. This could be the limit where the signal starts to drown in noise.
Due to the particle size, the intensity of the spectra is decreased (see
Fig.2), resulting in a worse SNR. In general, the acid concentration is
lower than the sugar (see Tab. 1) and should therefore be more affected
by noise, but the performance at the different stages remains the same.
The RMSE of the training set of tartaric acid by 200 pm filter size per-
forms surprisingly well, which is usually an indicator of overfitting.
However, the RMSE of the test set is integrated into the trend as ex-
pected.

The RMSE of the centrifuged samples are not included in Fig. 4 since
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Figure 4: RMSE (g/L) of filter size 1000, 750, 400, 200, 100, 85, 70, 60 and 40 pm of
glucose, fructose, malic acid and tartaric acid.

the prediction was too poor (Tab.3). Fig.2 and Fig.3 show that the
centrifuged spectra are very different from the rest. It is therefore not
surprising if the prediction does not work as the model has never seen
a centrifuged sample during training. Hence, the performance of the
training set is as expected.

All contents performed the best at the finest filter size of 40 pm which
is explainable as the SNR is the best in this area.
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4 Conclusion

The 38 samples were filtrated by 10 filter steps starting from 1,000 um
to 40 um and as the final step centrifuged, which is considered free of
suspended solids. The resulting 359 spectral data were analyzed for
each filter size case via PLS-Regression and basic preprocessing. For
modeling, all data were used except those of one filter size. The optimal
model parameters were determined using an optimization framework.

The resulting data show that for sugar, the use of a finer filter leads
to better prediction accuracies. This can be attributed to the improved
SNR as the signals intensity increases with each finer filter level. The
prediction of acids is almost constant along the filter sizes, which is
an indicator that proper preprocessing effectively eliminates the influ-
ence of solids in this case. Both contents are important parameters in
practice, so the choice of filter size is based on the sugar performance
which provides sufficient results at 100 pm. A filter size of 750 pm is
recommended as the upper limit for the available data, as the signal is
drowned out by noise with coarser filters.
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Abstract This work investigates the aging process of roasted
Arabica and Robusta coffee beans using hyperspectral mea-
surement technology. Measurements spanning the visual near-
infrared to short-wave infrared ranges were conducted almost
daily for four weeks. The spectral data analysis highlights sig-
nificant changes in the 1900-2005 nm range, closely linked to
chemical composition changes in coffee beans. Storage condi-
tions impact aging, with the coffee canister preserving freshness
better than refrigeration. The study identifies 1930 nm as a criti-
cal wavelength, emphasizing the importance of understanding
spectral signatures in coffee quality assessment. The study’s
dataset provides a valuable resource for further research, offer-
ing insights into the spectral evolution of roasted coffee beans
and its implications for quality control and flavor enhancement.

Keywords Hyperspectral analysis, coffee aging, coffee fresh-
ness, rapid coffee aging, NIR, hyperspectral imaging

1 Introduction

From predicting plant health to quality control in the food industry,
spectral sensors combined with Al offer a wide range of potential ap-
plications. In the global food industry, coffee is an important issue.
Spectral measurement technology is already being used to distinguish
between different green coffee beans [1]. The storage of green coffee,
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as well as the storage after roasting, plays an important role in the fla-
vor [2,3]. In particular, important degassing processes take place after
roasting which only perfect the flavor experience after a certain time [4]
and define the quality of the coffee by its freshness [5]. This is about
14 days after roasting. Other studies in this area have looked at much
longer timescales and different spectral ranges [4].

In this work, we aim to significantly reduce the time between spectral
measurements and also want to measure in the ranges of visual near-
infrared and short-wave infrared ranges. Measurements are therefore
taken almost daily to monitor the degassing effect, and thus the aging
after roasting. In a proof-of-concept study, we used hyperspectral mea-
surement technology to investigate how quickly the spectrum changes
during the degassing process of freshly roasted Arabica and Robusta
coffee beans from different varieties under different storage conditions.
For this purpose, spectra were acquired using a dual hyperspectral
camera system in the range of 400-2500 nm under constant laboratory
conditions. The measurements were taken 14 days after roasting and
were carried out almost daily over a period of 4 weeks. Various ana-
lyzes of the spectral data were performed to determine how well the
aging of the coffee beans was reflected in the spectra. In this study, the
aging process is analyzed in terms of changes in the ingredients of the
coffee bean that are visible in the reflectance spectrum.

2 Experimental design

2.1 Coffee samples and storage conditions

The most popular varieties of coffee are Arabica and Robusta. Arabica
beans from Costa Rica and Robusta beans from Ecuador were selected
for this experiment. After roasting, the beans were kept in an airtight
package with a CO2 valve for 14 days. The package was then opened
and prepared for the experiment. Petri dishes, each containing 30 g of
coffee beans, were used as sample carriers. As coffee beans are stored
in different ways in households, four common storage methods were
selected to study the aging process under different conditions. These
are:

(A) Coffee canister with CO2 valve in the laboratory at 22°C
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(B) Petri dish with closed lid in the laboratory at 22°C
(C) Petri dish with closed lid in the refrigerator at 2°C

(D) Petri dish under constant active air flow in the laboratory at 22°C,

whereby the constant air flow was achieved by a fan directly oriented
to the beans.

2.2 Measurement setup

The measurement trials were completed in a dark laboratory under
constant environmental conditions. The hyperspectral measurement
system used was the push-broom camera system from Norsk Elektro
Optikk (NEO), consisting of Hyspex VNIR-1600 and Hyspex SWIR-
320m-e, covering the spectral range from 400 nm to 2500 nm. A transla-
tion stage was used to continuously move the samples under the push-
broom camera system to produce a 2D spectral image. Two 250 W line-
producing halogen light sources were used to illuminate the samples.
In addition, a graduated reflectance standard with 90%, 50%, 25%, 10%
and 5% reflectance was used for subsequent calibration of the spectra.

Due to the different storage conditions, it was ensured that the cof-
fee samples had acclimatized to the constant ambient temperature be-
fore each measurement. The camera system and lighting were also
switched on at least 30 minutes before the start of the measurements
to allow them to stabilize. Once constant conditions were achieved, a
measurement was taken for each storage condition of the coffee beans,
including the reflectance standard and the Arabica and Robusta coffees
(see Figure 1).

2.3 Processing

After taking the spectral data, the data was at first processed using
the software Hyspex Rad from NEO. The dark current was subtracted
from the images to determine the true radiance. The images were then
further processed using the in-house MATLAB based HawkSpex®Flow
pipeline. To convert the radiance data into comparable reflectance data,
a calibration was performed using the reflectance standard recorded
in each measurement. Due to the different graded reflections of the
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Figure 1: Laboratory measurement setup including two camera systems, graduated re-
flectance standard, halogen light source and coffee beans in Petri dishes.

standard, a multi-point calibration was used instead of the usual two-
point calibration [6]. This is based on a least squares fit of a quadratic
function and more accurately represents the true reflectance. From the
labeled data (see Figure 2), 2000 samples per coffee type were randomly
selected. In order to minimize noise, these samples were filtered with
a third-order 1-D median filter.

Figure 2: One spectral band of processed and labeled spectral measurement, where left
is Robusta from Ecuador and right Arabica from Costa Rica.
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2.4 Timeline

The measurement trial began on the day all the samples were filled
into the respective storage containers, even before they were exposed
to the different storage conditions. From this point, the samples were
measured almost daily over a period of three weeks. No measurements
were taken on days 2, 8,9, 11, 15 and 16. In addition, a further measure-
ment was taken on day 35 to record the deviation after approximately
one month, as has been done in other studies over longer periods [4].

3 Experimental results

3.1 General observations

In order to analyze in general whether and how changes in the spec-
trum are related to the age of the coffee beans, this sub-section concen-
trates exclusively on storage condition (B). First, it is analyzed whether
there are any differences at all in the spectra at the wavelengths chosen
for this work. This is done by analyzing the reflectances over all the
measurement days for both camera systems.

Due to the differences in height and orientation of the coffee beans
within the Petri dish, it is useful to normalize the data before a valid
statement can be made. An L1 normalization was used for this purpose
(see Figure 3).

It turns out that the data from the VNIR camera system does not
show any significant changes regarding the aging. Therefore, further
analysis of the VNIR data is not carried out. The data in the SWIR
wavelength range, on the other hand, show significant differences, par-
ticularly in the range from 1900-2005 nm. A trend can be observed
that shows the aging process day by day with decreasing normalized
reflectance. It can be seen that the changes within the first few days
are big and become smaller over time. The strongest change in ab-
sorption is at 1930 nm, one of the known absorption bands of coffee,
besides 1430 nm, 1730 nm, 1760 nm and 2250 nm [7]. In particular, the
characteristic wavelengths of caffeine are at 1940-1960 nm [8].

The absorption bands of the second overtone of C=O and the first
overtone of the C=O and O-H combination band are located in the
wavelength range from 1900-2000 nm, where a superposition of the
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Figure 3: Left VNIR and right SWIR mean normalized spectra of all measurements from
Arabica coffee beans. Color gradient of blue (day 1) to red (day 35) is used to
differentiate between days.

main chemical components of coffee beans occurs [9]. These major
components are carbohydrates, water, lipids, proteins (including amino
acids), chlorogenic acid and caffeine, with carbohydrates being the
most abundant and caffeine the least abundant. It is possible that the
aging process has only changed the water content of the coffee beans.
It is also possible that a combination of all the major components of the
coffee bean have changed.

For a detailed analysis of the aging process, only the first and last day
of measurement are shown in Figure 4. The standard deviation is also
taken into account in order to visualize the variation of the recorded
pixels of different coffee beans.

In the non-normalized state, the overlap of the standard deviation
is large. This can be attributed to the fact that coffee beans were also
measured in the lower layers due to the Petri dish. After applying L1
normalization, the standard deviation drops sharply and shows only
a small overlap in the relevant wavelength range. Even from a purely
visual observation, it is clear that a machine calibration model could
work very well to distinguish between the first and last day.

So far, the focus has been on Arabica coffee beans, but Robusta shows
similar behavior (see Figure 5).
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Figure 4: Left non-normalized and right normalized mean spectra (opaque lines) with
standard deviation (transparent area) of measurement taken day 1 (blue) and

day 35 (red) from Arabica coffee beans.
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Figure 5: Left non-normalized and right normalized mean spectra (opaque lines) with
standard deviation (transparent area) of measurement taken day 1 (blue) and
day 35 (red) from Robusta coffee beans.

3.2 Storage condition observations

Since it has already been shown for storage condition (B) that the rapid
aging process of the coffee beans is visible in the spectrum for both va-
rieties, it is now investigated whether this process is dependent on the
storage conditions described in section 2.1. For this purpose, storage
condition (B) is taken as a reference and the relative difference to other
storage conditions is analyzed. Figure 6 shows the difference spectrum
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for Arabica as a relative difference.

Arabica
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Figure 6: Left normalized mean spectra and right relative difference mean spectra to
storage condition (B) from all other storage conditions in this work, including
all measurement days. Color gradient of blue (day 1) to red (day 35) is used to
differentiate between days.

It can be seen that storage in the coffee canister (A) has a positive
effect on the freshness of the coffee beans. The changes in reflectance
in the 1900-2005 nm wavelength range are significantly lower, which is
confirmed by the positive difference. On the other hand, storage in the
refrigerator (C) seems to accelerate the decrease in reflectance. Active
air flow with the lid of the Petri dish open (D) shows no significant
change in the difference. They have therefore spectrally aged almost
identically to those in storage condition (B). Fluctuations from 2100 nm
seem to be noise.

The same can be observed for Robusta. The relative differences are
slightly different to those for Arabica, but show the same tendency.

162



Hyperspectral coffee freshness analysis

4 Conclusion and further work

The results show a change in the spectrum over time, regardless of
the type of coffee beans. This change is more prominent in the first
few days and decreases after approximately two weeks, depending on
the storage conditions. In this study, the coffee canister (A) seems to
preserve freshness best. On the other hand, storage in the refrigerator
(C) seems to accelerate the aging process. There was no significant
difference between storage with active air flow (D) and without (B). It
can therefore be concluded that the aeration did not lead to a faster
changes in the main components of the coffee beans.

It was possible to identify 1930 nm as a significant wavelength, which
is in a range where the major compounds of coffee beans overlap.
A low-cost sensor that specifically monitors the aging process of the
roasted coffee beans presented here is conceivable in a similar way
to [10]. For this, only the wavelength range presented here needs to
be covered and another to ensure standardization. It has already been
shown in [11] that the degassing process depends on the roasting of the
coffee. Therefore, future work should investigate whether the results
can be reproduced for other coffees with different roasting conditions.
Furthermore, a machine learning model that estimates the actual aging
is conceivable. As the changes may not have a negative impact, labora-
tory analysis of the ingredients and tasting by coffee sommeliers would
be useful.

References

1. P. Menz, A. Backhaus, and U. Seiffert, “Transfer learning for transferring
machine-learning based models among hyperspectral sensors,” in ESANN
2019 proceedings, 2019, pp. 589-594.

2. ]. Blaszkiewicz, E. Nowakowska-Bogdan, K. Barabosz, R. Kulesza,
E. Dresler, P. Woszczynski, L. Bitos, D. B. Matuszek, and K. Szkutnik, “Ef-
fect of green and roasted coffee storage conditions on selected characteristic
quality parameters,” Scientific reports, vol. 13, no. 1, p. 6447, 2023.

3. ]. Barrera-Lopez, A. FE Gonzdlez-Barrios, L. F Vélez, L. F. Tarquino,
H. Lépez, and M. Hernandez-Carrién, “Evaluation of roasting and storage
conditions as a strategy to improve the sensory characteristics and shelf

163



P. Menz et al.

10.

11.

164

life of coffee,” Food science and technology international, vol. 30, no. 3, pp.
207-217, 2024.

M. C. Lézaro, E. J. Ferreira, J. A. Gomes Neto, and E. C. Ferreira, “Charac-
terization and predictive modeling potential of aging time of roasted coffee
using infrared spectroscopy,” Analytical methods : advancing methods and ap-
plications, vol. 14, no. 36, pp. 3486-3492, 2022.

C. Yeretzian, I. Blank, and Y. Wyser, “Protecting the flavors—freshness as a
key to quality,” in The craft and science of coffee, B. Folmer, Ed. Saint Louis:
Elsevier Science, 2017, pp. 329-353.

J. Burger and P. Geladi, “Hyperspectral nir image regression part i: calibra-
tion and correction,” Journal of Chemometrics, vol. 19, no. 5-7, pp. 355-363,
2005.

N. Caporaso, M. B. Whitworth, S. Grebby, and I. D. Fisk, “Non-destructive
analysis of sucrose, caffeine and trigonelline on single green coffee beans
by hyperspectral imaging,” Food research international (Ottawa, Ont.), vol.
106, pp. 193-203, 2018.

T.Li, X. Yu, W. Zu, Y. Cai, and W. Hong, “Review: Application and research
progress of near infrared spectroscopy for multidimensional assessment of
coffee beans,” Journal of Near Infrared Spectroscopy, vol. 32, no. 6, pp. 179-
191, 2024.

J. S. Ribeiro, M. M. C. Ferreira, and T. J. G. Salva, “Chemometric models
for the quantitative descriptive sensory analysis of arabica coffee beverages
using near infrared spectroscopy,” Talanta, vol. 83, no. 5, pp. 1352-1358,
2011.

P. Menz, V. Vaquet, B. Hammer, and U. Seiffert, “From hyperspectral to
multispectral sensing — from simulation to reality: A comprehensive ap-
proach for calibration model transfer,” in ESANN 2022 proceedings, 2022,
pp- 469-474.

X. Wang and L.-T. Lim, “Effect of roasting conditions on carbon dioxide
degassing behavior in coffee,” Food Research International, vol. 61, pp. 144—
151, 2014.



Classification of overall sensory acceptability
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stored at different temperatures using
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Abstract This study investigates whether fluorescence spectra
can predict the overall sensory impression of minced MAP meat.
Minced pork was packaged under 70% O, and 30% CO, and
stored at constant 2, 10 and 14°C. Fluorescence measurements
and sensory assessment were regularly conducted up to 17 days
at 2°C storage and with a shorter periode for 10 and 14°C. A
trained sensory panel graded the samples, individual grades
were merged into an overall acceptance score from 1 to 9. Sam-
ples with a score >5 were considered inacceptable for consump-
tion. Fluorescence spectra were measured on opened packages
with a portable device at random positions. Averaged spec-
tra per sample of 5 batches were used to calibrate partial least
squares discriminant analysis models. About 100 samples were
used for calibration and 60 independent samples for valida-
tion. Cross-validated two-class models had averaged accuracies
of 91% (89%), sensitivities of 90% (87%), and specificities of 92%
(91%) for “acceptable” (validation results). Hence, fluorescence
spectra measured with a handheld fluorescence device have po-
tential to classify MAP minced pork according to the overall sen-
sory impression into “acceptable” and “not acceptable”.

Keywords Sensory assessment, fluorescence spectra, spoilage,
minced pork, MAP
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1 Introduction

Minced meat is a perishable food, which has to be stored at 2°C to
maintain its shelf life. [1] Microbial parameters have to be monitored to
ensure good hygienic conditions. Among these, the determination of
total viable counts (TVC) is important to assess the hygienic status of
minced meat. [2] However, there are a number of drawbacks, which are
limiting the application: The sampling is destructive. The cultivation-
based method is labour and cost-intensive and results are only available
after several days. In addition, some bacteria are known, which are
viable, but not cultivable and, hence, invisible for TVC [3].

Various spectroscopic rapid methods have been investigated to de-
termine the TVC in meat including mid infrared, Fourier transform in-
frared (FTIR), VIS/near-infrared, multispectral image acquisition, flu-
orescence and Raman spectroscopy. All these methods showed corre-
lations between the spectra and TVC when samples were stored dur-
ing the experiment. Only few of the publications focused on minced
meat or modified atmosphere packaging. Grimmler et al. reported
correlations with an R2cv of 0.83 and root mean squared error of cross
validation (RMSECV) of 0.69 log(cfu/g) for aerobically stored minced
pork and beef using fluorescence spectroscopy [4]. Fengou et al. inves-
tigated minced pork under aerobically conditions with FTIR, MSI and
VIS. For the different methods, they reported root mean squared errors
of prediction (RMSEP) from 0.915 to 1.173 and R? values from 0.727
to 0.834 [5]. Arias et al. obtained an R?val of 0.694 in the prediction
and an RMSEP of 1.037 log(cfu/g) using near-infrared spectroscopy
with MAP pork fillets and measurement on the opened MAP trays [6].
Given prediction errors of 0.7 to 1.1 log units, the predictability of TVC
is not very precise with + 1.4 to 2.3 log(cfu/g) at a 95% confidence
level which may hinder application of TVC as a threshold parameter to
evaluate fitness for consumption. On the other hand, sensory analysis
is well suited to describe the edibility of meat. Ramirez et al. investi-
gated the sensory analysis of pork with an electronic nose. They found
correlations between the results of their device and the sensory assess-
ment [7]. However, sensory analyses are also destructive, cost and
labour-intensive as they require a trained panel. Nevertheless, they are
meaningful with regard to the perception of the consumer. A rapid
method to determine the sensory properties of minced meat could be
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interesting for different stakeholders. Therefore, the aim of this study
was to investigate the feasibility to determine the overall acceptability
of minced MAP pork using a handheld fluorescence device.

2 Materials and Methods

Minced meat was produced batch wise from pork (shoulder) and pack-
aged in trays under modified atmosphere with 70% O, and 30% CO,.
The batches were stored at constant temperature until the samples were
spoiled, in total three independent experiments for 2, 10 and 14°C,
each. In general, samples were measured on day 1, 3, 4, 6, §, 10, 13,
15 and 17 for 2°C storage and day 1, 2, 3, 6, 8 and 10 for experiments
with a storage temperature of 10 or 14°C, see Table 1. One package was
used for sensory analysis and three packages for fluorescence analysis
for each measurement day. As there was no sensory analysis for the
first 10°C experiment, the fluorescence spectra were not included in this
study. In experiment C, measuring day 4 was skipped and in experi-
ment H, the measurements were cancelled after day 6 due to spoilage
of the samples (see Table 1).

Table 1: Overview of experiments, storage temperatures and number of samples.

Number of samples

Experiment Storage Measurement Sensory

temperature days A Fluorescence

analysis
A 2°C 9 9 26
B 2°C 9 9 27
C 2°C 8 8 24
D 10°C 6 6 18
E 10°C 6 6 18
F 14°C 6 6 17
G 14°C 6 6 18
H 14°C 4 4 12

For the sensory analysis, a trained sensory panel with 4 - 9 panellists
graded the sample according to appearance and smell per sampling
day. The individual assessments were discussed and merged into a
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consent report including an overall acceptability with scores ranging
from 1 to 9, with 1 being impeccable and 9 totally spoiled. Samples
with a score >5 were considered as inacceptable for consumption. In-
termediate marks were reported in the consent report rounded to 0.5.

In parallel, fluorescence spectra were collected with a portable flu-
orescence device (BFD-100, FreshDetect GmbH, Germany), which ex-
cited fluorescence at 405 nm and recorded the spectra from 460 to 900
nm. Samples were opened and measured at 11 randomly-selected po-
sitions per package. The spectra were manually checked for outliers
and these were discarded if required. The remaining spectra were av-
eraged to one mean value spectrum per sample using MS Excel. In
doing so, less than 1% of the spectra was discarded and 2 samples
were completely lost (experiment A, day 13 and F, day 8).

For data analysis, sensory and fluorescence data were combined,
resulting in 160 pairs of overall acceptance scores and fluorescence
spectra. Partial least-squares discriminant analyses (PLSDA) were cal-
culated using Solo Toolbox 9.1 (Eigenvector Research Inc., Manson,
WA, USA). Fluorescence spectra were pre-processed with Savitzky-
Golay smoothing (order 0, filter width 7), baseline correction (auto-
matic weighted least squares, order 2), standard normal variate (SNV)
normalization and mean centring (MC). In a first step, the samples
were subdivided into two classes according to their sensory overall ac-
ceptability scores: Class 1 with scores < 5 were considered as “accept-
able”, while class 2 with scores >5 were considered as “not acceptable”.
In a second step, the samples were divided into three classes and an
intermediate class was introduced to account for uncertainties at the
threshold. In doing so, class 1 (“acceptable”) contained samples with
a score of 4 or lower, class 2 (“still acceptable”) included samples with
scores higher than 4 and lower than 6 and class 3 (“not acceptable”)
included samples with overall acceptability scores of 6 or higher. In
both cases, 3 PLSDA models with different combinations of calibration
and validation experiments were calculated each. Model 1 was built on
the experiments B, C, E, G, H and was validated with experiments A,
D and F Model 2 included data of the experiments A, C, D, F, H and
was validated experiments B, E, G. Model 3 comprised experiments A,
B, E, E G and was validated with experiments C, D and H.
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3 Results and Discussion

For the two-class PLSDA models, good classification results were ob-
tained. The number of correctly predicted samples varied between the
three models, see confusion matrices, Figure 1. To compare the per-
formance of the models, accuracy, specificity and sensitivity were cal-
culated for each model for calibration, cross-validation and validation
according to equations 1 - 3, respectively. Class 1 (acceptable) was con-
ventionally considered as “negative” and class 2 (not acceptable) was
considered as “positive”.

Model 1 Model 2 Model 3
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Figure 1: Confusion matrices of the predictions of the PLSDA models 1 - 3 with two
classes; class 1 = “acceptable”; class 2 = “not acceptable”; validation samples
from independent experiments.

TP + TN

A = 1
Y T TP TN+ FP+ N M
e TN
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Table 2 shows that the accuracies of the three models were in
the same range and only slightly decreased on average from cross-
validated 91.3% in the calibration to 89.7% in the validation, varying
between 87% and 93%. Larger discrepancies were observed for sen-
sitivity and specificity, which might be due to the small number of
samples in the split data sets. The analysis of misclassified samples per
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Table 2: Performance metrics for PLSDA models 1 - 3 with 2 classes.

Parameter Model 1 Model 2 Model 3
Calibration  Accuracy 0.94 0.94 0.93
Specificity 0.93 0.95 0.97
Sensitivity 0.95 0.91 0.87
Cross- Accuracy 0.91 0.93 0.90
validation  Specificity 0.90 0.94 0.91
Sensitivity 0.92 0.91 0.87
Validation  Accuracy 0.89 0.87 0.93
Specificity 0.85 0.89 1.00
Sensitivity 0.95 0.85 0.81

overall acceptability score (see Table 3) showed, that all 3 models cor-
rectly classified samples with scores <4 “as acceptable” and rated all
samples with scores >6 as “not acceptable” without exception. There-
fore, a third class was introduced to cover the region of uncertainty
between 4.5 and 5.5. All samples in this range were classified as “still
acceptable”, while other sample remained in their previous class.

Table 3: Overview of misclassified samples in predictions of the 2 class-PLSDA models.

- Number of samples
Acceptability

Model 1 Model 2 Model 3

score Total Misclassified | Total Misclassified | Total Misclassified
1-3 24 0 27 0 21 0
3.5 3 0 0 0 3 0
4 6 0 6 4 3 0
4.5 3 3 3 0 0 0
5 5 3 0 0 6 0
5.5 3 1 0 0 0 0
6 0 0 9 4 9 4
6.5-7.5 0 0 0 0 0 0
8-9 18 0 17 0 12 0
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The classification results of the PLSDA models with three classes are
shown in Figure 2. Again, the number of correctly predicted samples
varied slightly between the three models. Accuracy, specificity and
sensitivity are summarised in Table 4 to compare the performance of
the models. The accuracy decreased on average from cross-validated
91.3% of the two-class model to 81.3% of the three-class models. In the
validation, the accuracy decreased on average to 76.3%. Against expec-
tations, the performance of the three-class PLSDA models decreased
compared to the PLSDA models with two classes. Obviously, the intro-
duction of the additional class increases the likelihood of errors rather
than reducing it or the thresholds were not well chosen.

Model 1 Model 2 Model 3
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Figure 2: Confusion matrices of the predictions of the PLSDA models 1 - 3 with three
classes; class 1 = “acceptable”; class 2 = “still acceptable”; class 3 = “not accept-
able”. The samples used for validation originated from independent experi-
ments, which were not included in the calibration data.

Table 5 displays the misclassifications for the PLSDA models with 3
classes. Mostly one-class misclassifications occurred in the range from
3.5 to 6. The acceptability scores could not be strictly differentiated
according to the spectra between “acceptable” and “still acceptable” as
well as between “still acceptable” and “not acceptable”. On the other
hand, the three class PLSDA models had only 2 two-class misclassifica-
tions out of 178 predictions (1.1%) It is worth mentioning that this mis-
classification occurred with highly spoilt samples in a range where the
two-class model performed correctly. This may indicate that two-class
discrimination is feasible, but no further refinement. This is underlined
by the finding that partial least-squares regression (PLSR) did not yield
high correlations between the fluorescence spectra and the overall ac-
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Table 4: Overview of misclassified samples in predictions of the PLSDA models with 3

classes.
Parameter Model 1 Model 2 Model 3
Calibration  Accuracy 0.81 0.81 0.81
Specificity 0.80 0.80 0.81
Sensitivity 0.96 0.94 0.94
Cross- Accuracy 0.82 0.80 0.82
validation  Specificity 0.84 0.78 0.82
Sensitivity 0.96 0.94 0.94
Validation  Accuracy 0.77 0.76 0.76
Specificity 0.85 0.82 0.85
Sensitivity 0.90 0.90 0.89

ceptability scores with coefficients of determiantion (calibration and
cross-validation) of R? = 0.71 (data not shown).

Table 5: Overview of the incorrectly classified samples in prediction for the PLSDA mod-
els with 3 classes.

Number of samples
. Model 1 Model 2 Model 3
Acceptability - — - — - .
Misclassified Misclassified Misclassified
score One- Two- One- Two- One- Two-
Total Class Class | Total | Class Class | Total | Class Class
1-3 24 0 0 27 0 0 21 0 0
3.5 3 ) 0 0 0 0 3 0
4 6 2 0 6 6 0 3 1 0
4.5 3 2 0 3 3 0 0 0 0
5 5 2 0 0 0 0 6 3 0
5.5 3 3 0 0 0 0 0 0 0
6 0 0 0 9 6 0 9 6 0
6.5-7.5 0 0 0 0 0 0 0 0 0
8-9 18 0 2 17 0 0 12 0 0
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4 Conclusion

The study has shown that fluorescence spectra recorded with a portable
device have potential to calculate (or predict) the overall sensory ac-
ceptability of minced pork which was packed under high oxygen mod-
ified atmosphere with 70% O, and 30% CO, and which was stored
at 2, 10 or 14°C with a joint model for all three temperature regimes.
PLSDA models with 2 classes were able to distinguish correctly be-
tween “acceptable” and “not acceptable” samples. The accuracy of
the predictions in a validation with independent samples was 87 - 93%.
The introduction of an intermediate class to account for uncertainties in
the range between “acceptable” and “not acceptable” did not improve
the classification results. Au contraire, the total number of misclas-
sifications increased and occurred in the area between neighbouring
classes.

Further investigations are required to confirm the results with a
larger data basis and samples from different production origins to
demonstrate suitability for industrial and commercial applications. To
this end, fluorescence measurements should also be recorded through
the packaging material so that the overall sensory acceptability can be
determined non-destructively with the packed meat samples.
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Abstract Sorting black plastics is challenging due to their strong
absorption in the visible and short-wave infrared ranges induced
by added carbon black particles as colorant. Conventional sort-
ing methods struggle due to too low reflectivities. Mid-wave In-
frared (MWIR) hyperspectral imaging offers a possible solution,
providing sufficient signal level for classification. In this work,
the illumination of the Specim FX50 MWIR hyperspectral cam-
era was optimized by the developmentof a line-focused illumi-
nation system using quartz tube heaters and elliptical reflectors.
The new setup improved signal-to-noise ratios, eliminated tem-
poral drifts, and allowed successful classification of black plastics
(HDPE, ABS and PP). However, sensitivity to ambient tempera-
ture variations highlights the need for a temperature stabilized
environment to achieve reproducible results and enable reliable
operation in industry.

Keywords Hyperspectral imaging, mid-wave infrared, black
plastics, focused illumination

1 Introduction

The global demand for plastics has created an urgent need to find ef-
ficient ways to recycle them, especially since most are derived from
non-renewable resources. Among the many challenges associated with
plastics recycling, sorting black plastics remains particularly difficult.
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Conventional sorting techniques based on the visible or shortwave in-
frared (SWIR) portion of the electromagnetic spectrum struggle to sep-
arate black plastics. Added carbon black particles absorb strongly in
this spectral region, resulting in a signal-to-noise ratio (SNR) that is too
low for successful material classification. One potential solution to this
challenge is to shift the analysis of the samples to the mid-wave in-
frared (MWIR) region. This region provides sufficient signal response
even for black samples. [1]

Despite its potential, MWIR hyperspectral imaging still faces chal-
lenges such as sensitivity to environmental temperature variations,
drift, and poor signal due to inappropriate illumination. As a result,
it is rarely used for industrial applications. Limitations in data repro-
ducibility and signal quality were also observed during initial testing
of the Specim Fx50 at the Imaging Laboratory of Joanneum Research.
Since the original illumination, two conventional patio heaters, was
suspected to be the main cause of the poor data quality, it was decided
to completely revise the illumination setup. The previous setup was re-
placed by two quartz tubes whose light is focused onto the scan line of
the camera by custom-made elliptical reflectors. In addition, the tem-
poral stability and warm-up times of the hyperspectral imaging system
were evaluated. The sensitivity of the system to environmental varia-
tions was investigated. With the final setup, colored and black plastic
samples were acquired and analyzed to demonstrate the capabilities of
the optimized system.

2 Material and Methods

2.1 Hyperspectral Cameras

The hyperspectral imaging system at the Joanneum Research Imaging
Laboratory is equipped with several pushbroom hyperspectral cam-
eras, covering a total spectral range from 400 nm to 5300 nm. The sam-
ple transport is realized by a variable speed conveyor belt. A rotary
encoder at the start of the conveyor acts as an external trigger source to
match the frame rate to the speed of the conveyor, ensuring adequate
resolution in the y-direction.

This work focuses mainly on improving the quality of data gener-
ated by a Specim Fx50 hyperspectral camera. The camera operates in
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the MWIR with 308 spectral bands ranging from 2.7 ym to 5.3 ym.
The camera’s focal plane array is cryogenically cooled to reduce dark
current and features temperature stabilized optics.

To demonstrate the superiority of the redesigned system over typical
plastic sorting setups in the challenging task of classifying black plas-
tic samples, comparison images of the samples were acquired with a
hyperspectral SWIR camera (combination of PhotonFocus MV3-D640I-
MO01-144-G2-12 area sensor and Specim IMSPECTOR NI17E spectro-
graph) covering the spectral range from 900 nm to 1700 nm.

2.2 Plastic Samples

The use case considered a colored and a black sample of high den-
sity polyethylene (HDPE), acrylonitrile butadiene styrene (ABS), and
polypropylene (PP), respectively. The colored HDPE and ABS samples
were taken from the Plasticprop essentials sample kit. [2] The remaining
samples were collected from domestic packaging waste, following the
recycling code labeling on the objects. It should be noted that these
samples, mainly corks and lids, may contain additives.

2.3 Acquisition and Calibration

For the acquisition of hyperspectral data, an exposure time of 1.5 ms is
chosen. The sample transport speed is set to 0.03 ms~! as this is fast
enough to prevent melting of the samples but still guarantees a high
signal response.

To bring the acquired images into a meaningful context and compen-
sate for effects such as non-uniform illumination or varying sensor sen-
sitivity, calibration needs to be done. Since spectral calibration, where
the spectral pixels are mapped to their corresponding wavelengths, was
already completed by the manufacturer of the camera, only radiomet-
ric calibration is still missing. In this work, the measured intensities
are calibrated against a reference standard of high, (almost) constant
reflectance (relative radiometric calibration). The true reflectance can
be calculated by normalizing the dark current corrected signal of an
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image against the dark current corrected reference intensity:

measurement — dark signal

reflectance = py -
P’ White reference — dark signal

)

Pw is the (unknown) reflectance of the aluminum reference target.

3 Line-Focused lllumination

The illumination of a hyperspectral imaging setup should have a con-
tinuous, preferably uniform spectrum along the spectral range of the
camera. Especially for low reflective samples, a high illumination in-
tensity is important to obtain an acceptable SNR at profitable sample
transport speeds. In addition, temporal stability is essential to produce
comparable results. Although the initial illumination, a conventional
unfocused patio heater, was suspected to be the cause of poor data
quality, again a thermal emitter was chosen for reasons of cost and
simplicity, and because of the broad, continuous emission spectrum
optimal for pushbroom hyperspectral imaging. A small radius quartz
tube heater with a relatively low surface temperature of 800 K to 1000 K
was chosen to have peak emission in the camera’s spectral range.

To overcome the limitations of the previous system, the radiation of
the thermal emitter should be focused on the scan line of the camera in
order to achieve higher signal levels at lower power consumption and
to avoid unnecessary warming of the environment. For this purpose,
reflectors with an elliptical cross section have been designed. By geo-
metrical considerations of the reflected rays, the optimal properties of
the elliptical shells were evaluated, which are a compromise between
the maximum ratio of reflected rays and the fulfillment of the size re-
quirements. Aluminum was chosen as the reflector material because
of its good reflectivity in the MWIR and its good machinability. The
reflectors were milled from a single block of aluminum and then the
surface was cleaned. Then the quartz tubes and reflectors were assem-
bled and protective cages were installed. Finally, the two light sources
were mounted on opposite sides of the camera’s scan line and aligned
using a thermal camera, see figure 1. To obtain uniform illumination
of uneven samples, the illumination should be slightly defocused from
the conveyor belt. [3]
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(a) Final setup of the MWIR hyperspectral (b) Thermal image of the focus line of one of the
imaging system: Specim Fz50 and focused lamps. light sources across the conveyor belt.

Figure 1: Final MWIR hyperspectral imaging setup and the corresponding focused illu-
mination line.

4 Results and Discussion

4.1 Improvements in Intensity and Signal-to-Noise Ratio

To evaluate the improvements in intensity with the new illumination,
reference images of a diffusely reflective aluminum target, representing
the emission characteristics of the light source itself, were captured.
One of the initial light sources and one of the new, focused lamps were
successively used to illuminate the sample.

As shown in figure 2, the dark current corrected signal increased
significantly along both the spatial and spectral axes, indicating that
the illumination intensity on the sample was effectively altered. Since
both the old and the new illumination are thermal emitters, the spectral
intensity distributions are a consequence of Planck’s blackbody radia-
tion law and thus are relatively similar. The reduced intensities at low
and high wavelengths are mainly a consequence of the detector’s wave-
length dependent spectral response. The decrease in intensity along the
spatial axis for both illumination scenarios is due to the limited width
of the lamps. The sudden drop in spatial intensity can be explained by
the sharp end of the aluminum target. For the new illumination, the
intensity distribution is not perfectly centered, but this is compensated
by the inverted distribution of the opposing lamp.

The overall SNR is summarized by averaging the dark current cor-
rected signal along the sensor and dividing by the median of the pix-
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Figure 2: Increase of signal from the initial unfocused illumination to the optimized illu-
mination. Mean spectral and spatial response of the aluminum target.

elwise sensor noise. Through the new illumination, the overall SNR
measured on aluminum reference target could be improved almost
four-fold from 178 to 715.

4.2 Drift at the Edges of the Sensor

The data acquired with the old illumination often showed a bowl shape
along both the spectral and spatial axis after radiometric calibration.
Two examples, the calibrated mean reflectance spectrum of an HDPE
sample and the mean intensity along the conveyor belt of the imaging
system, are shown in figure 3 for both illumination setups. The increase
in intensity towards low and high wavelengths or pixel numbers (thus
the edges of the area sensor) appears only for the data acquired with
the old illumination setup. In the average HDPE spectrum, the CO, ab-
sorption band is also very prominent and inverted, indicating a signif-
icant intensity drift between the acquisition of the white reference and
the sample. In contrast, the curves acquired with the new illumination
setup show no evidence of drift towards the edges of the detector. The
fact that the two curves also do not match in the center region, even
though the same reference target was used for calibration, again sup-
ports the theory that the old setup was not stable over time and that
there was a strong drift between sample and reference acquisition.
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Figure 3: Spectral and spatial intensity drift towards the border of the photo detector
in the calibrated data acquired with the old illumination setup (green curve).
The data acquired using the optimized illumination setup (blue curve) after
calibration behaves as expected.

4.3 Stability

The signal increase during the heat-up process of the quartz tube was
monitored, and it was found that it must be turned on for 5 min be-
fore recording hyperspectral data to ensure stable continuous emis-
sion. Otherwise, the heating curve of the thermal emitter would cause
a strong drift in the signal. By monitoring the internal temperatures of
the camera and the average signal, it was also observed that the Specim
Fx50 camera causes a signal drift as long as its uncooled internal com-
ponents are still getting warmer at the beginning of operation. It was
found that the camera needs to run at least for 2 h in advance to reach
a stable state. In addition, care must be taken to prevent the optics of
the camera from overheating, as this would lead to a rapid increase in
the measured signal. It is therefore necessary to ensure sufficient ven-
tilation of the optical heat sink. Experiments with an air conditioner
have shown that the influence of the change in ambient temperature
on the signal is severe. Cooling down the camera environment leads to
a rapid downward shift of the spectrum in an order far above the noise
level. Hence, the camera environment must be temperature stabilized
to make the generated data truly comparable.
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4.4 Use Case: Classification of Black Plastics

To demonstrate the capabilities of the redesigned imaging system, im-
ages of color and black plastic samples have been acquired and will
be compared to images acquired with the SWIR camera set-up. The
average spectra of all plastic samples are shown in figure 4. While
all colored samples have spectral features captured by both cameras,
the spectral response of the black samples is only present in the MWIR
range. Although the SWIR range is generally more suitable for spectral
characterization of plastics, it cannot be used to classify black plastics.

Since both HDPE and PP belong to the group of polyolefins, they
share most of the spectral characteristics and thus have similar spec-
tral responses in both spectral ranges. Similar to Lima Ribeiro, Fuchs,
Lorenz, et al., characteristic spectral features of both colored and black
HDPE at 3430 nm and 3512 nm could be resolved, while for ABS the
nitrile stretching absorption peak at 4470 nm is only visible in the spec-
trum of the colored sample [4]. Overall, the spectrum of black ABS
looks more like that of HDPE, suggesting that the sample may has
been mislabeled or has a PE content. The four closely spaced peaks in
the region of 3390 nm to 3525 nm of PP [5], resulting in a broad absorp-
tion band due to the poor spectral resolution of 35 nm of the camera,
are less pronounced for the black sample.

The preliminary results show that MWIR hyperspectral imaging can
overcome the limitations of lower wavelength methods and reveal the
spectral characteristics of black plastics. However, as with all spectro-
scopic techniques, the effectiveness of MWIR hyperspectral imaging is
highly task and material dependent. Variations in chemical composi-
tion, surface structure, and additives can significantly affect a material’s
spectral signature and, consequently, classification accuracy.

5 Conclusion and Outlook

A new illumination for the Specim Fx50 MWIR hyperspectral camera
has been developed and tested. By replacing the previous illumina-
tion, the intensity on the sample and the SNR could be significantly
altered. Unexplained drifts at the detector edges and temporal vari-
ations were eliminated. Most of the signal drift can be avoided by
allowing the illumination and camera to reach their stable state. The
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Figure 4: Mean absorption spectra of black and colored HDPE, ABS and PP samples in
the SWIR and MWIR regime. For the colored samples (solid line), a charac-
teristic spectral response is visible in both spectral regions. In contrast, there
is no spectral response for the black samples (dashed line) in the SWIR region
because of the strong absorption of the black additive.

camera’s operating temperature is still dependent on ambient temper-
ature fluctuations. A temperature-stabilized environment is necessary
to obtain reproducible results in future experiments. The results of the
optimized MWIR hyperspectral imaging system for the classification of
colored and black HDPE, ABS and PP plastics were promising. Com-
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pared to SWIR reference images, most of the spectral features could
also be revealed for the black samples. However, its effectiveness de-
pends on the specific task and material, as variations in composition,
surface structure, and additives significantly affect spectral signatures
and classification accuracy.
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Abstract Multilayer, multi-material packaging impedes the me-
chanical recycling of plastic packaging. We characterized 30 trays
made of PET or PET/PE with an IR-Microscope and examined
the NIR-spectra of more than 300 trays recorded with a hyper-
spectral camera. We found that PET dominates the layer struc-
ture with layer thickness percentages of more than 80 %. Fur-
thermore, the PE-peaks are detectable in PET/PE trays and thus
indicate its separability via sensor-based sorting. Moreover, the
orientation of the analyzed particle in relation to the sensor in-
fluences the NIR spectrum only minor. Especially the quality
of the spectrum is influenced by the material thickness and its
surface properties

Keywords Sensor-based sorting, material characterization, recy-
cling

1 Introduction
During mechanical recycling, plastics are reprocessed into secondary

raw materials in the form of flakes, pellets, and granules. Recycling
typically includes the steps of collection, separation, sorting, washing,
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and compounding [1]. To avoid inferior properties of the secondary
raw material, the reprocessing requires a high purity of the respec-
tive target material and hence the removal of unwanted materials [2].
Through concatenating several liberation and separation steps, hetero-
geneous material streams such as post-consumer packaging waste can
be processed into material concentrates ready for conversion [3]. How-
ever, the more complex the material composition of a particle, the more
complex its recycling becomes [4]. For example, post-consumer plas-
tic waste is dominated by food packaging which in turn places spe-
cific demands on protecting the packaged goods. Hence, packaging
designs must combine different materials in different layers, increas-
ing their complexity. Each layer fulfills specific functions, such as an
extended shelf life, protection against mechanical stress, or simplified
packaging and transportation [5]. As the share, order, and types of
the polymers used greatly vary, these complex packaging are hard to
separate through direct separation techniques such as swim-sink sepa-
ration, sorting centrifuges, or zigzag classifiers. Alternatively, indirect
separation techniques such as sensor-based sorting can be applied by
using the chemical composition as a characteristic property [6]. For
sorting plastics, near-infrared spectroscopy is widely used [7] [8]. How-
ever, even here the combinational complexity remains a challenge. [9]
showed that it is possible to differentiate between packaging made of
mono-material and multi-material on a sensor-based sorting system
using near-infrared spectroscopy. They defined an overarching level
of abstraction above the actual material composition based on overly-
ing characteristic spectral information for the desired overarching class.
Nevertheless, it remains unclear to what extent the spectral information
and thus the classification is influenced by the sample presentation,
share/thickness of the materials used and additional features such as
sealing films. In this article, we investigate this conundrum using PET
trays from lightweight packaging waste collections. These trays can
either consist of the mono-material PET or of a multi-layer combina-
tion of PET and LDPE and possibly another barrier material such as
EVOH. In addition, such packaging is usually sealed PET/PE or PET
films [10].
In this article, we examine the following research questions:

1. What are typical designs of packaging trays made of PET and
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PET/PE regarding used materials, layer thickness, and shares?

2. Are there spectral differences based on the side of the PET/PE
tray facing the sensor?

a) Sealing film: top vs. bottom
b) Tray: top vs. bottom
¢) Sealing film & tray: top vs. bottom)

3. Are there spectral differences between a PET/PE sealing film and
a PET/PE tray?

4. Are there spectral differences between PET/PE (tray and sealing
film) and PET?

5. Are additional barrier layers (e.g., EVOH) recognizable in the an-
alyzed spectrum?

2 Material and Methods

The used material stems from a sampling campaign of lightweight
packaging waste of the separate collection in Austria conducted in 2023
by [11]. Amongst others, PET trays were separated and analyzed using
a near-infrared handheld device (microPHAZIR, Thermo Fisher Sci-
entific Inc., USA). The total amount of PET-trays amounts to 302, of
which 212 (70 %) were mono-material PET and 90 (30 %) were multi-
material PET/PE trays. For a better understanding of the sample prop-
erties, 33 packages were selected, differing in brand, size, and applica-
tion. These were then examined using an IR-microscope (Spotlight 400,
PerkinElmer Inc., USA) regarding layer thickness and material type.
Next, the samples were recorded on a sensor-based sorting machine
equipped with a near-infrared hyperspectral camera (EVK-Helios G2
NIR 1, EVK DI Kerschhaggl GmbH, Austria). As the objects can
pass the sensor in a wide variety of positions, the same samples were
recorded in different orientations to the sensor. For this purpose, the
samples were recorded both with the sealing film open and closed. In
addition, images were taken from both angles, i.e., from the bottom
or top side facing the sensor, resulting in a total of six different per-
spectives of the sample (cf. Fig. 1). All consequent data handling was
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performed using Matlab 2022b (The MathWorks, Natick, USA). The
spatial pixels of the sample were then manually selected from the hy-
perspectral image, avoiding overexposed and underexposed areas as
well as those with decorations such as labels. The pixel values were
then derived, smoothened, normalized, and combined into a mean
spectrum. This procedure removes baseline effects from the spectra
and overlapping bands are highlighted making it easier to distinguish
the spectra from each other [12]. Figure 3 depicts normalized and de-
rived spectra from the respective areas together with spectra obtained
from PET-trays.

3 Results and Discussion

The results of the examined packaging trays are presented in Figure 1
and the results of the obtained near-infrared spectra are in Figure 3.

1) What are typical designs of packaging trays made of PET and
PET/PE regarding used materials, layer thickness, and shares?

The 22 PET packaging trays analyzed had an average thickness of
341 pm, with a minimum of 85 ym and a maximum of 594 ym and
a standard deviation of 123 %. The 11 multi-material multilayer trays
analyzed had an average thickness of 297 pm, a minimum of 223 pm,
a maximum of 437 um, and a standard deviation of 73 %. A quarter
of them consisted of an additional EVOH barrier embedded between
LDPE layers. Furthermore, the top layer, which touches the packaged
goods and to which the sealing film is attached, is composed of LDPE
while the bottom layer is composed of PET. This is because the sealing
films, which are often also made of PET/PE, are easier to seal with
the same material, whereas the PET layer is the top layer for better
printability (source). Lastly, PET accounted for at least 80 % of the
total thickness of all multimaterial, multilayer trays. 2 shows the cross-
section of three typical structures (PET, PET/LDPE, PET/LDPE/EVO-
H/LDPE).

2) Are there spectral differences based on the side of the PET/PE
tray facing the sensor?

Depending on the area examined, the near-infrared spectra collected
differ only slightly in their course or quality.

a) Sealing film, top vs. bottom
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Layer 1 Layer 2 Layer 3 Layer 4
Share of Share of Share of Share of Total
. Thickness total . Thickness total . Thickness total . Thickness total 0
Material [um] thickness: Material [um] thickness‘Ma'e"al [um] thicknass“Ma'a"al [um] thickness‘Th'cknass

%1 %] %1 ;b

LDPE 42 18 PET 187 82 - - - - - - 229
LDPE 19 7 EVOH 8 8 LDPE 19 7 PET 243 84 289
LDPE 41 16 PET 219 84 - - - - - - 260
LDPE 35 15 PET 204 85 - - - - - 239
LDPE 42 16 PET 220 84 - - - - - - 262
LDPE 14 4 EVOH 5 1 LDPE 18 5 PET 313 89 350
LDPE 42 10 PET 395 90 - - - - - - 437
LDPE 39 15 PET 217 85 - - - - - - 256
LDPE 17 6 EVOH 6 2 LDPE 20 7 PET 246 85 289
LDPE 38 9 PET 394 91 - - - - - - 432
LDPE 40 18 PET 183 82 - - - 223

Figure 1: Composition of the examined PET/PE trays in terms of used material, layer
thickness, and their respective share of the total thickness. Layer 1 equals the
top layer touching the packaged good while layer 2 / 4 is the bottom outside
layer.

Surface contamination
LDPE EVOH

Surface contamination
LDPE

Figure 2: Cross-section of three typical structures of the examined trays (from left
to right: PET, PET/LDPE, PET/LDPE/EVOH/LDPE) obtained with an IR-
Microscope. The top layer touches the packaged goods.

There are barely visible spectral differences between the NIR-image
of the sealing film captured from its top or bottom. However, it can be
seen that the proportion of sinusoidal noise is higher on the front of
the sealing film than in the other images. This is due to interferences
caused by the interaction of radiation with the low layer thickness [13].
Another cause might be an additional treatment of the sealing film to
make it more reflective, as a higher gloss is more appealing to cus-
tomers.

b) Tray top vs. bottom

Again, there are barely visible spectral differences between the NIR-
image of the tray captured from its top or bottom. However, when
looking at the tray from the top, the PE peak at 1220 nm is somewhat
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Figure 3: Near-infrared spectra of PET/PE trays presented to the sensor in different ori-
entations.

more pronounced than when looking at it from its bottom. One reason
for this could be found when viewing the images with an IR micro-
scope (cf. 2: It is noticeable that the PE layer is often on the inside of
the tray, i.e. when viewed from the top.

¢) Sealing film & tray, top vs. bottom

When looking at the entire packaging, i.e. the sealing film and tray
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together, from above or below, only very slight differences are recog-
nizable. Here too, a slightly more pronounced peak is recognizable
when viewed from below, i.e. the side of the tray facing the sensor. As
described above, this could be because the PET layer is often located
on the outside of the tray.

It is also noticeable here that the sinusoidal noise is more pronounced
on the side of the reflective sealing film.

3) Are there spectral differences between a PET/PE sealing film and
a PET/PE tray?

When comparing the tray spectra with the sealing film spectra, the
aforementioned tendency of films to form sinusoidal noise due to in-
terference becomes apparent again. This phenomenon generally poses
a challenge in the sensor-based sorting of thin packaging such as films
(cf. [14]). It can also be seen that the PET peak at 1650 nm is more pro-
nounced for the trays than for the sealing film. This is probably due to
the generally higher share (min. 80 %) of PET in the PET/PE trays.

4) Are there spectral differences between PET/PE (tray and sealing
film) and PET?

In general, when examining the spectra, it can be seen that the
PET/PE spectra from tray or sealing film differ from the mono-material
PET spectra within the examined spectral range. The peaks characteris-
tic of PET always dominate the PE peaks in the PET/PE spectrum. One
reason for this could be the higher share of PET in the tray and the seal-
ing film. This assumption is supported by the fact that the ester peaks
characteristic of PET (especially in the wavelength range of 1120 nm
(fourth band) and 1650 nm (third band), cf. [15] are particularly pro-
nounced in the tray images, especially those with the tray-side facing
the sensor. When comparing the PET spectra with the PET/PE spectra,
it is noticeable that the PET/PE spectra generally show a slightly less
characteristic course. Furthermore, a shift of the PE peak from 1180
nm to 1220 nm PE peak can be observed, which could be caused by the
additive effects of the two materials.

5) Are additional barrier layers (e.g., EVOH) recognizable in the
analyzed spectrum?

Although not plotted as a separate category, the spectra were also an-
alyzed for their content of other barrier layers, in particular EVOH. Al-
though, in principle identifiable by its OH groups in the near-infrared
range [15], EVOH is not visible in the analyzed spectra. This is proba-

191



N. Kuhn et al.

bly due to the very low concentrations, which are between 1-3 % of the
total thickness of the analyzed trays.

4 Conclusion

Due to its complex composition, multi-material, multi-layer packag-
ing poses a challenge for the recycling industry. To generate secondary
raw materials with a high substitution potential, it would make sense to
separate the current PET material stream from the separate collection of
plastic packaging waste into a PET fraction and PET/PE fraction. How-
ever, this requires interdisciplinary cooperation between waste proces-
sors, plastics technology, and recycling technology. This article aimed
to increase the understanding of PET/PE trays at the end of their life
cycle through a systematic investigation.

For this purpose, multi-material, multi-layer trays from the separate
collection of plastic packaging were analyzed. From a sample of 302
PET or PET/PE trays, 33 trays were analyzed using an IR microscope
concerning their layer structure. It was found that almost exclusively
two- or four-layer structures were used. EVOH could be detected as
an additional barrier layer in some samples at a layer thickness of 1-3
%. It was also found that PET dominates the layer structure with layer
thickness percentages of more than 80 %.

In the next step, various aspects of sensor-based sorting were ana-
lyzed. The aim was to identify possible factors influencing the near-
infrared spectra. It was found that the orientation of the analyzed
particle in relation to the sensor has observable but only very slight
influences on the NIR spectrum. Furthermore, the material thickness
and surface properties have a greater influence, particularly regarding
the quality of the spectrum. In addition, spectral differences between
the PET spectrum and the PET/PE spectrum are clearly recognizable.
The PET/PE spectrum is more similar to the spectrum of PET than that
of PE. This is probably due to the generally higher share (min. 80 %) of
PET in the PET/PE trays. Finally, it was determined that EVOH is not
visible in the analyzed spectral range due to its low proportion (1-3 %)
in the trays examined.

One interesting aspect of future investigations could be to determine
the layer thickness percentage at which certain plastics are detectable
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in a multi-material multilayer packaging system during sensor-based
sorting. In the future, this could result in a better sorting of plastic
waste and subsequently increase its recycling rate.
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Detection of bio-based additives in plastics
using NIR data: Opportunity for bio-based
markers
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Abstract In a research project on bio-based materials, charac-
teristic near-infrared (NIR) signatures of various inorganic and
organic fillers, including wood-based fibers, were identified in
polymers. These signatures are strong enough for sensor-based
sorting, enabling the removal of these materials from unfilled
streams or directing them into specific recycling pathways. This
led to the idea of using bio-based materials as markers, offering a
sustainable alternative to markers made from rare earth elements
like neodymium. The study aimed to develop bio-based mark-
ers detectable with conventional NIR sorting equipment. The
substances were extracted from apple pomace and cocoa shells,
including hemicellulose, theobromine, DEAE glycan, catechin,
and others. After initial testing, depolymerized hemicellulose
emerged as the most promising candidate for large-scale tests.
Bottles and plates containing varying concentrations of mark-
ers were produced and cut into flakes for sorting tests. Support
vector machines achieved 99.8 % accuracy of classification for
inorganic markers and 95.0 % for organic markers. Sorting ex-
periments indicate that bio-based markers can sustainably dif-
ferentiate polymer materials using existing sorting equipment,
but are prone to error from organic dust contamination. Addi-
tional research is needed to reduce the required concentrations
for robust sorting, making it a viable market product.

Keywords Near infrared spectroscopy, polymer compounds,
tracer-based sorting
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1 Introduction

Plastic production is rapidly increasing and still almost exclusively re-
lying on fossil resources [1]. When carbon-based polymers disintegrate
or are incinerated, the carbon is released, such as into the atmosphere
in the form of CO,. Keeping the materials in loops through reuse or
recycling reduces the need for additional resources. Another approach
is the substitution of fossil feedstock with bio-based resources, e. g.,
through bio-based additives in the form of fillers, which are added
to conventional base polymers. In the recent past, fiber-filled poly-
mers have received a backlash in media, as to not being recyclable and
therefore lowering the quality of recyclates in the established material
streams [2]. In a research project on regionally-sourced bio-based ma-
terials, we found characteristic NIR signatures of different inorganic
and organic fillers, including wood-based fibers, in the tested poly-
mers. These signatures were strong enough for sensor-based sorting,
which might offer a chance to remove the materials from unfilled ma-
terial streams or to channel them into their own respective recycling
pathways. This led to the idea of using bio-based materials as mark-
ers for individual material or product categories. Currently available
markers for polymers are often made from rare earth elements [3], such
as neodymium, which are critical for high-tech applications. Bio-based
materials may offer a less critical alternative. The goal of the study was
to develop bio-based markers which are detectable with conventional
NIR sorting equipment.

2 Previous Work

In the research project “reGIOcycle”, new plastic compound formula-
tions were developed with a focus on bio-based fibers in polyolefins.
The mechanical properties were improved through the application of
specialized coupling agents. To investigate the behavior of these new
materials within the waste streams of conventional plastic waste in
commercial sorting plants, experiments were conducted at the pilot
plant at Fraunhofer IWKS (Figure 1).

Samples of 1 kg of stepped plates were sorted three times on the
sorting machine. The results showed that with current state of the art
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Figure 1: a) Pilot scale sorting system at Fraunhofer IWKS, sensor-based sorting unit
marked in red. b) Principle drawing of sensor-based sorting.

NIR sorting technology, commercially available filled materials (wood-
based fibres and also inorganic fillers) end up in the respective fractions
of their base polymers polyethylene (PE) (Table 1).

Table 1: Sorting results of unfilled and filled HDPE (high-density polyethylene) com-
pounds with commercial sorting parameters for PE.

Compound Eject Rate
HDPE 100%
HDPE + Wood-based Fibres (20%) 99.6%
HDPE + Inorganic Filler (20%) 100%

When training the software of the sorting machine towards detecting
fillers, it was possible to separate these materials reliably from a binary
mixture with unfilled materials (Table 2).

Table 2: Sorting results of filled materials from unfilled materials in binary mixture of
identical sample size.

Compound Purity Yield F1-Score
HDPE + Organic Filler 98.3% 99.5% 0.99
HDPE + Inorganic Filler 98.3% 100.0% 0.99

With the promising results from this study, a project called “bIR-
mark” was started to specifically develop and test bio-based marker
materials for plastics in commercial NIR sorting systems.
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3 Material and Methods

3.1 Samples

To find possible candidates for bio-based markers, various substances
were extracted at the extraction pilot plant at Fraunhofer IWKS [4-6].
The feedstock was apple pomace, the residue after producing apple
juice, and cocoa shells. This was done in a way to keep it usable as
animal feed and for soil applications, to not compete with food pro-
duction. Catechin extracts were provided by Martin Bauer GmbH &
Co. KG. The challenge in producing bio-based markers was to cre-
ate or isolate molecules with a strong NIR signature. A strong and
characteristic NIR signature is of great importance because many of
the overtone vibrations coincide, leading to an overlap of the marker
vibrations with, e. g., PE vibrations. The most prominent absorption
bands are caused by the overtone and combination bands of the molec-
ular fundamental vibrations of the functional groups C-H, N-H, O-H,
and S-H. PE has very strong absorption bands due to the multitude of
CH; chains. Natural substances differ from PE in that, besides CH,, vi-
brations, they exhibit characteristic vibrations of functional groups like
C-0 (alcohols, ethers, acids, esters), N-H (amines, amides), NO, (nitro
groups), C=C (aromatics, alkenes), and C=0 (aldehydes, ketones, acids,
esters). Another limitation was the measurement range of the NIR de-
tector in the sorting machine, which detects in a range of 1300-1900
nm. This range includes the first and second overtone vibrations of
the molecular vibrations of CH, CH,, CHz, CONHR, Ar—-OH, CONH,,
RNH;, ROH, and H,O groups.

The tested substances included variants of hemicellulose (HEC) in
differing molecular masses, theobromine (TB), DEAE glycan (HEC-
D), hemicellulose stearate (HEC-SA), 4-tert-butylbenzoic acid (HTBBA)
and catechin (CAT). These substances were then tested for their NIR
detectability in the pilot scale sorting plant at Fraunhofer IWKS, their
stability under extrusion-relevant temperatures, and their compound-
ing properties. Starting with pure samples of the substances (Figure
2), the most promising candidates were chosen for larger scale tests.
To compare the new developments with state-of-the-art technology, a
commercially available inorganic marker (IM) by Tailorlux GmbH was
included in the tests. The substances were incorporated into HDPE
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compounds by project partners at SKZ. These were then processed via
injection moulding into coin-sized chips and later to palm-sized discs
(diameter of 7 cm) for a larger area, leading to more NIR spectra. Con-
centration series were conducted to find the lower limits of reliable
detection.

In a final step, hemicellulose with 9 kDa (HEC9) and IM were
incorporated in HDPE, LDPE (low-density polyethylene) and PP
(polypropylene) matrix materials by SKZ. Sample parts were produced
using common manufacturing processes. Bottles and plates with a wall
thickness of 500 pm were produced using blow molding and plate
pressing. The samples were manually cut into flakes of about 2 cm
diameter for sorting tests. The influence of thermal and mechanical
stress on the marker compounds during processing and mechanical re-
cycling was examined. No significant changes in optical appearance
or in thermal and rheological properties were observed. Sample plates
were also subjected to thermal and UV aging.

(a) (b) (c)

(e)
LI (")

%’.ﬁm el
MEL L

Figure 2: Sample shapes: a) Pure marker substance, b) Chip, c) Disc, d) Plate, e) Bottle,
f) Flakes (from Bottles)

3.2 Machine Learning-based NIR Detection

The developed bio-based markers were recorded in pure form using
the NIR sensor of a Varisort Compact multi-sensor sorting machine by
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Sesotec GmbH with a spectral range of 1300 - 1900 nm at the pilot
sorting plant of Fraunhofer IWKS. From the comparison of the spectra
with the reference spectra of polyethylene, promising candidates for
compounding could be identified. A manual analysis of the spectra
from HDPE compounds was not able to identify characteristic influ-
ence of the low marker concentrations (1 % and below) to facilitate
detection. Due to the resolution of the NIR sensor with pixels of about
5 x 5 mm, only a very limited number of independent spectra could
be recorded per chip sample, inhibiting robust training of the classifi-
cation algorithms. Therefore, larger sample discs were produced and
NIR spectra recorded of front and back. Black and white balancing
was performed and erroneous spectra manually removed. Spectra of
marked and unmarked samples were visually compared. To reduce the
influence of individual training approaches on the classification results,
machine learning with identical settings were applied to all marker
compounds. For their high versatility, artificial neural networks in the
form of a multilayer perceptron (MLP) were chosen, as well as upport
Vector Machines (SVM) for their good performance in weak signals,
such as in edge pixels [7].

In Python, pairings of marked and unmarked HDPE samples were
created. Classes were balanced and split into 70/30 train/test-split and
the spectra were smoothened, differentiated and normalized. After
training with MLP and SVM, the classification accuracy was evaluated
using the unseen test data, as proportion of correctly assigned spectra
relative to the total number of spectra (Formula 1).

TP+ TN

TP+TN+FP+FN @

accuracy =

where TP = True Positives, TN = True Negatives, FP = False Posi-
tives, FN = False Negatives.

3.3 Sorting Experiments

The flakes from plates and bottles were then used to test the marked
and unmarked materials for their sortability, which is a necessary cri-
terion for technical recyclability. They were again recorded with the
NIR sensor, black and white corrected, and erroneous spectra removed.
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Material types were combined for each sorting scenario and classes bal-
anced. Normalization and mean centering were performed for each
spectrum and per wavelength band across all spectra. A partial least
squares (PLS) algorithm was trained over the entire spectral range. For
sorting operation, noise filtering was applied and a pixel-based error
correction was integrated by assessing 3 direct neighbors.

In the sorting trials, various scenarios were investigated. The suit-
ability of the markers in HDPE was practically tested by sorting
marked from unmarked HDPE flakes, for both the bio-based HEC9
and the inorganic marker in different concentrations. The influence of
a color masterbatch on IM detection was assessed, as well as IM in two
types of LDPE (a: FA3227, b: FA7220). To investigate sorting of HDPE
and LDPE, HDPE with markers was sorted from unmarked LDPE, and
compared with pure HDPE and LDPE. For each of the sorting scenar-
ios, the sorting plant was set to eject the target material (t), and the
samples were processed individually by material type. To statistically
validate the results, each trial was repeated three times. The evaluation
was then carried out based on weight of the eject and pass fractions.
In the case of the aged samples, due to the small sample size, particle
count was used.

From the weights/particle counts of the eject fraction (e) and the pass
fraction (p), Eject Ratio (ER), i. e., the yield (Formula 2), was calculated
for each run of the respective material. The arithmetic mean of the
three runs was then calculated to determine the average yield of the
target material in this sorting scenario:

= ER; )

Assuming an equal mass distribution of the materials in each sorting
scenario, we subsequently calculated the theoretical purity of the target
material for illustration purposes from the ERs (Formulae 3, 4):

. Me ¢t
urity, = . 3
P Vi Zi Me ; ( )
- . ERy
For equal masses of all materials: purity, = 4)
Y ER;
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Sorting exhibits a trade-off between purity and yield. Since their
individual manifestation is a matter of process adjustment and not the
capability of the marker, the Fl-score was calculated (Formula 5) to
combine both indicators [8]. An F1 of 1 would indicate perfect sorting,
0.5 with two equally-sized material quantities would indicate a random
distribution without meaningful sorting, whereas 0 would indicate a
purity and/or yield of 0.

F1—2x Purity, x Yield;

- Purity, + Yield; ®)

4 Results and Discussion

4.1 Machine Learning-based NIR Detection

The spectral signatures of CAT (blue) and HEC with 30 kDa (black)
deviate significantly from the average HDPE spectrum (red), which
may indicate good recognizability (Figure 3a).

PE
PE + HEC30 (1%)
PE + CAT (1%)

Taz s fess  f61s i1 s mes  qez 1900 1327 1985 tadz 14 1566 1613 1671
Wavelength fom] Wavelength [

728 1785 1842 1900

Figure 3: a) Average spectra of pure catechin (CAT, blue) and hemicellulose 30 kDa
(HEC30, black) compared to PE (red), b) Average spectra of 1 % marker in
HDPE chips.

During manual analysis however, there were hardly any differences
visible between the spectra of pure HDPE and HDPE with marker con-
centrations of 1 % and below (Figure 3b). Surprisingly, this was also
the case for the commercially available IM. Due to the low spatial res-
olution of the NIR sensor relative to the sample size and mostly only
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single samples per substance/concentration, the samples were passed
through the sensor several times, even though this would not yield
fully independent measurements.

Here, the machine learning came into play. The MLP showed error-
free distinction of the marked samples from the pure HDPE samples
in almost all cases, which resulted in limited informational value. Ac-
cordingly, the results of the SVM were used as the significant decision
criterion for the suitability of the markers (Table 3).

Table 3: Results of SVM on test dataset for the accuracy of distinguishing compounds
with markers from samples without.

Marker Concentration [wt%] Sample Accuracy
CAT 1% Chip 84.8%
CAT 10% Chip 99.7%
HEC 30 kDa 0.1% Chip 76.8%
HEC 30 kDa 1% Chip 87.1%
HTBBA 1% Chip 70.1%
HEC 16 kDa 0.5% Disc 94.6%
HEC-D 0.5% Disc 78.9%
HEC-SA 0.5% Disc 88.8%
M 0.5% Disc 99.9%
TB 0.5% Disc 91.5%

The results show very good recognizability of CAT with a concentra-
tion of 10 wt% and of depolymerized HEC16 with 0.5 wt%. The com-
mercial marker showed the best results, even in low concentrations of
0.5 wt%. Since low quantities of markers are pursued, depolymerized
hemicellulose was chosen for further trials. Due to better results of
lower molecular weights, the substance was further depolymerized.

4.2 Sorting Experiments

The results of SVM with the flake spectra was promising (Table 4). In
the sorting test for HEC9 however, it was found that with each pass,
the proportion of incorrectly ejected unmarked HDPE increased. Sub-
sequently, the sample spectra were re-recorded and retrained, with re-
sults already significantly worse in the software compared to the ini-
tially recorded spectra. The latest sorting results are presented below.
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This decrease could be attributed to the contamination of the samples
with fine dust, as inevitably occurs in waste sorting facilities. The or-
ganic deposits on the initially pure HDPE reference samples exhibit a
spectrum comparable to the samples with the hemicellulose marker,
causing them to be incorrectly ejected as well. Only at a higher concen-
tration of 1 % was an improvement in distinguishability achieved.

The inorganic marker shows robust results for HDPE and PP that
increase with concentration. The sortability was hardly affected by the
color masterbatch. For both LDPE types, the sorting accuracies are
relatively low. One possible explanation is that the additives used in
the LDPE types react in similar wavelength ranges as the marker. This
could obscure the actual effect of the marker, which may explain why
Type 1, which is UV-stabilized and designed for high stress, seems to
be less suitable for combination with the marker.

It is evident that a certain distinction is generally possible even with
unmarked HDPE and LDPE samples. The combination with markers
showed practically no influence on the result. Since in practice there is
a far greater variety of formulations than could be represented in the
project, overlaps in additives could complicate NIR-based differentia-
tion between LDPE and HDPE. Oven storage showed no clear change
and, in particular, no deterioration in sortability (not shown). Starting
from 14 days of UV weathering, there seems to be a slight deterioration
in results, although statistical fluctuations cannot be ruled out.

5 Conclusions and Outlook

The detection of bio-based marker substances using NIR was investi-
gated on a pilot scale sorting plant. Initial tests with small samples
lacked robust detection due to sparse spectral data, leading to the use
of machine learning methods like Support Vector Machines. Hemi-
cellulose emerged as a promising candidate and, along with an inor-
ganic marker, was incorporated into larger samples for sorting experi-
ments. While initial results were encouraging, contamination with fine
dust adversely affected the detection of hemicellulose in HDPE and PP
samples, requiring higher concentrations (1 %) for better distinguisha-
bility. The inorganic marker did not show this issue and performed
well even at low concentrations (0.1-0.2 %). Aging tests indicated that
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Table 4: SVM and Sorting Results for HEC9 and IM in HDPE, LDPE and PP

Polymer Marker Accuracy (SVM) Purity Yield F1-Score
HDPE + Marker, HDPE

HDPE HEC9 (0.1%) 95,0% 50.8% 69.2% 0.59
HDPE HEC9 (0.2%) 95,8% 48.9% 67.0% 0.57
HDPE HEC9 (1.0%) 98,1% 59.5% 85.3% 0.70
HDPE IM (0.1%) 99,8% 88.5% 75.4% 0.81
HDPE IM (0.2%) 100% 89.5% 83.7% 0.87
HDPE IM (0.5%) 100% 97.0% 88.4% 0.93
HDPE IM (0.2%) + Color (0.75%) 100% 85.1% 82.9% 0.84
LDPE + IM, LDPE

LDPEa IM (0.1%) 88,6% 50.5% 71.4% 0.59
LDPEa IM (0.2%) 99,7% 53.3% 90.9% 0.67
LDPEb IM (0.1%) 99,3% 56.6% 86.3% 0.68
LDPEb IM (0.2%) 99,8% 59.3% 88.5% 0.71
HDPE (+ Marker), LDPEa

HDPE Unmarked 99,8% 95.8% 81.6% 0.88
HDPE HEC9 (0.2%) 99,9% 90.4% 83.7% 0.87
HDPE IM (0.2%) 99,9% 93.0% 84.6% 0.89
PP + Marker, PP

PP HEC9 (0.1%) 75,9% 49.8% 75.3% 0.60
PP IM (0.2%) 99,4% 90.8% 83.0% 0.87

both markers maintained their sortability without significant deteriora-
tion. Tested HDPE and LDPE types were possible to be sorted without
need for markers. Further research needs have been identified. The
development of the hemicellulose marker should continue, exploring
modifications that could enhance its NIR signature. To effectively mark
different materials, it’s essential to identify additional marker systems
and explore combinations, including the possibility of combining or-
ganic and inorganic markers.
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Abstract The need for effective recycling solutions has led to
the investigation of advanced technologies for material charac-
terization. This study explores chemometric methods including
artificial neural networks for characterizing post-consumer plas-
tics using near-infrared hyperspectral data. We analyze differ-
ent classification methods in terms of overall performance, their
ability to generalize onto another dataset as well as outlier de-
tection. The investigated methods are Linear Discriminant Anal-
ysis (LDA), Artificial Neural Networks (ANN), Spectral Angle
Mapper (SAM), and Partial Least Squares Discriminant Analysis
(PLS-DA). We show that the performance on the main dataset is
similar for all methods, with an accuracy of approximately 98%,
whereas the models varied in terms of generalization and out-
lier detection. SAM performed best in terms of outlier detection,
outscoring other methods by 8 percentage points.

Keywords hyperspectral imaging, robust model development,
post-consumer plastics, near-infrared

1 Introduction

With an increasing demand for sustainable plastic products, high-
quality recyclates are needed, which require a pure separation of
lightweight packaging (LWP) waste into its material components. Key
technologies that offer a great potential for material separation are
sensor-based sorters, employing near-infrared hyperspectral imaging
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(NIR-HSI), which allows to capture detailed spatial and spectral infor-
mation. This information can be analyzed using chemometric meth-
ods to distinguish different types of polymers. Sorting purity depends
on the sensor, the separation unit, and data analysis methods. These
methods are usually based on statistical models, which may fail, when
the statistics of the input data slightly changes e.g. under varying
conditions in the sorting plant. We adress this issue by comparing
chemometric methods in terms of their adaptability to a different mea-
surement scenario and the detection of outliers in the form of foreign
material and background (defined by the conveyor belt).

2 Related works

Sorting post-consumer plastics using NIR-HSI has been used for many
years and is an established method in research and industry [1]. Most
common methods for spectral analysis are Principal Component Anal-
ysis (PCA), Partial Least Squares Discriminant Analysis (PLS-DA), Lin-
ear Discriminant Analysis (LDA), and Support Vector Machine (SVM)
[1] [2]. Based on these methods, various polymers have been success-
fully classified. Investigated polymers include PET, HDPE, LDPE, PP,
PVC, PS, ABS, PA, HIBS, and more [1] [2]. Recent studies suggest fur-
ther potential in improved analysis methods.

Mehrubeoglu et al. [3] investigated 13 plastic samples of 11 differ-
ent polymer types. Four ratios of spectral responses were utilized as
features. A sample is classified by the shortest Euclidean distance to
labeled feature cluster centers. Some miss-classified pixel existed in the
final semantic segmentation result.

In a study by Zheng et al. [4] ABS, PS, PP, PE, PET, and PVC were
explored using NIR-HSI and a fisher discrimination model, which is
closely related to the LDA. The model showed an accuracy of 84.9% in
cross-validation and 100% for 21 unknown cleaned samples.

Wu et al. [5] analyzed 298 samples of WEEE plastics, specifically PP,
PS, and ABS. Model robustness has been put to the test by training with
virgin plastics and testing with WEEE plastics. Among the tested meth-
ods, PCA-LDA performed best in accuracy and robustness (99.7%),
while SAM was also accurate (99.3%), but sensitive to the choice of
data preprocessing. PLS-DA was less effective (91.9%) despite the fact,
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that it is one of the most widely used methods.

Xia et al. [6] used a CNN for classifying polymers reaching 98.00%
accuracy, outperforming common methods like SIMCA (69.98%) and
PLS-DA (57.00%). The analysis was based on 159 clear and pure sam-
ples, including 84 black plastics of 7 different polymers. In their out-
look the authors stated that future work will involve actual daily life
samples to gain a more robust model.

Most studies utilize small datasets of up to 150 samples, resulting in
limited variance in the sample collection and the risk of performance
drop, when being applied in a sorting facility. Further, datasets often
consist of clean, virgin material. As stated in [5], training samples from
a variety of sources would be necessary to prevent misclassification
in the circumstances of changes of coating and contamination on the
surface.

To meet the aforementioned gaps, this study aims at

1. a comparative analysis on chemometric methods based on an ex-
tensive dataset of untreated post-consumer plastics,

2. a cross-dataset analysis between laboratory and industry condi-
tions,

3. and evaluating the models ability to detect outliers

to find the best model with a low sensitivity to changes in the sam-
ples appearance and the measurement setup. Both circumstances can
change during the lifetime of the classification system in a sorting fa-
cility.

3 Material and methods

In this section the recorded datasets are described in detail. After that,
the measurement setups will be presented, before the methods for clas-
sifying the data are introduced.

3.1 Datasets

Two datasets have been created for the cross-dataset analysis using a
hyperspectral camera. Both datasets include samples of Polypropy-
lene (PP), Polyethylene terephthalate (PET), Polyethylene (PE), and
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Laboratory Disposal Facility

Figure 1: Measurement setups used to record RGB and NIR-HSI images. On the right,
the setup is placed on top of a conveyor belt at the disposal facility in Iserlohn,
Germany. A similar setup has been used to record the data in the laboratory
as depicted on the left.

Polystyrene (PS). For each hyperspectral image there is also an RGB
image, which data is used only for annotation of the samples and visu-
alization in this study. A few samples of the datasets can be seen in Fig-
ure 2. By presorting the samples according to their material category,
dataset annotation has been simplified. After recording, segmentation
was applied to extract foreground spectra.

The laboratory dataset was captured at Fraunhofer IOSB in Karl-
sruhe, Germany. The dataset includes 102, 119, 196, and 131 samples
of PP, PET, PE, and PS respectively. A single sample represents one
post-consumer plastic packaging. For all 548 samples, multiple NIR
spectra were recorded, resulting in a total number of more than 133,000
spectra.

The disposal facility dataset has been recorded at the Lobbe RSW
GmbH in Iserlohn, representing images from a realistic sorting sce-
nario. The disposal facility dataset includes 381, 94, 152, and 290 sam-
ples of PP, PET, PE, and PS respectively. In total, this results in 917
samples, of which more than 85,000 NIR spectra were taken.

3.2 Measurement setup

The measurement setups are shown in Figure 1. The line-scan camera
FX17e from SPECIM was used to capture the hyperspectral images, fea-
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Disposal Facility

Laboratory

Figure 2: A few samples from the dataset measured in the disposal facility (first row of
images) and from the lab (second row of images). The pictures shown here are
from the RGB camera.

turing 640 spatial pixels and 224 channels covering wavelengths from
900 nm to 1700 nm. To ensure proper illumination in the NIR range, 12
halogen lamps, each with a power rating of 120 W, were employed. For
both setups, we utilized the same illumination and camera type (same
producer and product name). The recordings differ in the background,
with a cleaner conveyor belt used in the lab and a higher recording
speed in the disposal facility. The conveyor belt operated at approxi-
mately 1m/s in the disposal facility, compared to 0.2m/s in the lab.

We perform white-balancing on all spectra following the method
used in [5]. Averaged spectra are depicted in Figure 3. It can be seen
that offset and scale of spectra varies when comparing the two datasets.
The key spectral features defined by the position of peaks and valleys
are preserved.

3.3 Methods

The algorithms investigated in this study are common chemometric
methods, namely PLS-DA, LDA, and SAM as well as artificial neural
networks. The goal is to predict the class (PP, PET, PE, or PS) for an
unknown sample.

All methods can be used with different preprocessing steps and pa-
rameters, which will be described for each method briefly.
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Laboratory Dataset Disposal Facility Dataset
Wavenumber / cm-?* Wavenumber / cm-?
10204 9259 8475 7812 7246 6757 6329 10204 9259 8475 7812 7246 6757 6329
0.7 A =——RP 0.7 1
PET
0.6 1 —— HDPE 0.6
— PS
gos 8 0.5 \
C [=
je] 8
304 804
kol ‘@
o o
0.3 034 — PP
PET
0.21 0.2 4 —— HDPE
— PS
0l —/—F—F—"T—"T—T—T—T—T—T—— 0l +—F—F—"F—""—"T"—""———
980 1080 1180 1280 1380 1480 1580 980 1080 1180 1280 1380 1480 1580
Wavelength / nm Wavelength / nm

Figure 3: Averaged spectra for different polymer types. The data from the laboratory is
shown on the left and from the disposal facility on the right. Given reflectance
values are relative reflectance in the range from 0 to 1.

PLS-DA and LDA

PLS-DA and LDA are closely related since both are linear classifier. The
methods are commonly used in combination with the preprocessing
methods standard normal variate correction (SNV) and differentiation
of the spectra (often approximated by Savitzky-Golay filter). Detailed
explanations of PLS-DA and LDA can be found in [7].

SAM

Spectral angle mapper (SAM) is less famous than PLS-DA and LDA,
but an effective technique for classifying NIR spectra. It is based on
the angle between the sample spectrum to precalculated prototypes,
whereby the prototypes are mean spectra of each category.

For given spectra a and b, the angle of inclination can be calculated
using the formula

a-b
Bsan = cos ! () ,
M llalllll]

with a-b being the dot product [8]. In this study, SAM worked best
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Figure 4: Model architectures of investigated artificial neural networks with a multilayer
perceptron (MLP) at the top. In the middle and bottom are convolutional neu-
ral networks, whereby CNN2 is adapted from [6].
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in combination with the second derivative of the spectral data using
Savitzky—Golay filter.

Artificial neural network

A multilayer perceptron and two convolutional neural networks
(CNN1 and CNN2) are also investigated in this study and belong to
the more recently discovered methods for spectral analysis. The mul-
tilayer perceptron consists of fully connected layers only, whereas the
CNN:s are built using convolutional, pooling, and fully connected lay-
ers. The architecture of CNN2 corresponds to the one proposed by
Xia et al. [6], since it showed very promising results in the underlying
study. Figure 4 presents all investigated architectures.

4 Results

The results are presented by first comparing the models accuracies on
the laboratory test data. Then, the accuracies on the data from the sort-
ing facility are shown, before we compare the capability of detecting
outliers for each model.

4.1 Results on laboratory dataset

For evaluation, all models have been trained on 85% of the dataset
recorded in the laboratory. Then, the models were tested on the re-
maining 15% of the laboratory dataset (from now on referred as lab
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Laboratory Dataset Outlier Detection
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Figure 5: Accuracies and AUC for all methods on unseen data. LDA, PLS-DA, and SAM
were combined with preprocessing methods applied in the order stated in the
models name. Outlier detection performance is evaluated using the area under
ROC curve (see section 4.3).

data) and on 100% of the dataset from the disposal facility (from now
on referred as fab data).

The previously described models are used together with different
preprocessing methods. We evaluated 6 different variants of LDA and
PLS-DA, one SAM, one MLP, and two CNNs. In Figure 5 each method
is listed together with the preprocessing steps being Savitzky-Golay fil-
ter estimating first derivative (SG), Savitzky—Golay filter estimating sec-
ond derivative (SG2), and/or standard normal variate (SNV). The or-
der of names corresponds to the order of application. For this analysis
better results were achieved by performing SNV after Savitzky—Golay
filtering.

Accuracies of the models are presented on unseen data only. The
models are sorted according to its accuracy on fab data. On the left
side of Figure 5 it can be seen that the accuracies of all models on lab
data are about the same, except for model (10), though it is with 96.7%
only 1.5 percentage points below the best (CNN2) with 98.3%.
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4.2 Results on sorting facility dataset

On fab data there is a wider range of accuracies as shown in the mid-
dle of Figure 5. Savitzky—Golay filter, SNV and LDA reached together
with CNN2 the highest accuracy of 98.4%. Models (3) and (4) are with
98.3% and 97.9% respectively not significantly lower. Model (10) has
the worst performance in this comparison on both datasets. Therefore,
we conclude that PLS-DA should only be used here in combination
with Savitzky—Golay filter or a similar preprocessing method. Inter-
estingly, there is no indication that LDA or PLS-DA outperforms the
others in general, instead, it depends on the preprocessing steps, if the
model performs well or not compared to the others. For LDA and PLS-
DA the best results were achieved by first applying Savitzky-Golay
filer and then SNV.

The artificial neural networks CNN2 (2), MLP (5), and CNN1 (7)
reached very high accuracies with 97.8% up to 98.3% on lab data, be-
ing among the top models. But their accuracies dropped by about 2
percentage points on fab data, except for CNN2, which achieved the
highest accuracy together with model (1).

4.3 Outlier detection performance

For sensor-based sorting of post-consumer LWP waste, it is not only
necessary to predict the polymer category, but also, to identify foreign
material. This is due to the presence of all kind of materials in post-
consumer LWP, including items that do not belong to the LWP fraction.
For an automated sorting scenario, it is also important to have a back-
ground class, which indicates that there is no object underneath the
sensor and no actuators have to be activated. For this reason, we set
up another spectral dataset of foreign objects (paper, wood, metal, and
glass) and background (conveyor belt without samples).

We took the models that were trained on lab data and extended it by
applying a threshold to the score values. If the score of every class is
below this threshold, the model outputs -1 instead of the class index of
the polymer (which would be 0 for PP, 1 for PET, 2 for PE, and 3 for PS).
For the LDA, MLP, and CNNs we used the posterior probabilities as
scores. For the PLS-DA we used the regression outputs and similarity
scores for SAM. The models class prediction can easily be derived from
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Figure 6: Receiver Operating Characteristic (ROC) curves for all methods on dataset
from disposal facility. Dotted lines connect neighboring data points and in-
dicate that there are no actual data points at these positions.

these scores by finding the class index with the highest score.

For evaluating the anomaly detection, we used 50% of normal poly-
mer spectra, 25% foreign material and 25% of background captured in
the disposal facility. Both foreign material and background are con-
sidered as anomaly, whereby the models were not trained on these
samples. Instead, they detect the anomalies based on the threshold as
described before. The models are expected to output -1 if there is an
anomaly and a number greater or equal to 0 otherwise.

For this binary decision, we calculated Receiver Operating Character-
istic (ROC) curves as shown in Figure 6. As the threshold of a model
is increased, it will predict more of the spectra as anomaly resulting
in a better true positive rate (TPR). However, this also increases the
false positive rate (FPR). A perfect model should detect all anomalies
(TPR=1), while there are no false positives (FPR=0). SAM (3) gets clos-
est to this point in Figure 6, followed by CNN1 (7), which can be seen
as second best. Model (1) being the best model in terms of accuracy on
fab data, is performing very well until a TPR of 0.8. For a TPR of 0.8,
the threshold for model (1) was set to 1 — 2.22-10~1. Further increas-
ing the threshold is numerically barely possible without resulting in a
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threshold of 1, which would classify all spectra as anomaly resulting
in the point at the top right corner. This is why the curve is printed in
dotted line from TPR = 0.8 up to 1 for model (1). This numerical issue
is highlighting the fact that model (1) is way to certain about some of
the foreign materials belonging to one of the trained polymers.

A common way to evaluate the ROC curve using a single number is
the area under ROC curve (AUC), which is added to Figure 5 on the
right hand side. The AUC underline the conclusions made based on
Figure 6. Model (3) and (7) are among the best two with 98.2% and
95.6%, respectively. All other models show an AUC below 90%.

5 Conclusions and outlook

We have shown that LDA, CNN2, SAM, and PLS-DA being trained
on the laboratory dataset were able to reach top accuracies of approxi-
mately 98% on the disposal facility dataset. For that, the best perform-
ing LDA and PLS-DA were achieved by preprocessing the spectra with
Savitzky—Golay filter and then with SNV. By introducing foreign mate-
rial and background spectra, the models were tested on their capability
of outlier detection. Based on thresholding predicted class scores, the
outliers are identified without any further training. Out of the best
4 models of the previously mentioned results, only SAM was able to
reach a very good AUC score of 98.2%. In contrast to that, the other 3
models showed an AUC below 90%. In conclusion, SAM demonstrated
the best overall results. To enhance outlier detection capabilities of the
other models, exploring alternative methods beyond thresholding of
classifiers scores could yield improvements. This presents an opportu-
nity for future research in this area.
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Abstract Identifying black polymers, which typically contain
0.5 to 3 mass percent of soot or black masterbatch, remains
a considerable challenge in recycling sorting processes. Near-
infrared spectroscopy (NIRS) is well-suited for the rapid and
reliable identification of non-black polymers, making it a pre-
ferred choice for industrial sorting. However, due to the com-
plete absorption of light in the NIR spectrum by black polymers,
NIRS proves ineffective for such materials. Mid-infrared (MIR)
spectroscopy offers a promising alternative for detecting black
polymers. While conventional Fourier-transform infrared (FTIR)
systems in the MIR range provide high accuracy, they lack the
speed required for large-scale sorting operations. This paper in-
troduces an innovative spectrometer system utilizing photon up-
conversion, enabling the high-speed detection of black polymers
and presenting a viable solution for industrial applications. Ex-
perimental results highlight the system’s potential for efficient
sorting of black polymers, addressing a critical gap in recycling
technology.

Keywords Identification of black polymers, middle infared,
photon up conversion, black plastic sorting

1 Introduction
Black polymers are extensively used in various consumer products, in-

cluding electronics, automotive parts, and IT equipment. Their charac-
teristic color results from adding approximately 0.5 to 3 mass percent of
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carbon black or black masterbatch during production. Recycling these
materials offers significant environmental and economic benefits, yet
current methods for identifying black polymers are still under devel-
opment. For industrial applications, these methods need to be efficient,
reliable, and easy to implement.

NIRS (Near-Infrared Spectroscopy) is currently a preferred technique
for identifying non-black plastics, especially common household waste,
due to its accuracy and efficiency. However, NIRS is ineffective for
black polymers because the carbon black content absorbs nearly all
light in the NIR spectrum, making material identification impossible.
By contrast, MIR (Mid-Infrared) spectroscopy has shown potential for
characterizing black polymers [1-4]. This approach can partially over-
come the absorption challenges by utilizing different wavelengths, al-
though it is also impacted by the composition and structure of the
material.

Black polymers differ from typical household plastics, as they are
primarily used in technical applications requiring specific properties.
These properties are often achieved by incorporating various addi-
tives and fillers, which complicates spectral identification. Even among
polymers of the same type, spectra can vary widely due to differences
in additive composition, such as flame retardants, reinforcing fibers,
or levels of carbon black. Additionally, surface treatments or coatings,
including layers for color, protection, or electromagnetic compatibility
(EMCQ), can further interfere with spectral analysis and may need to be
removed before analysis.

Interest in identifying black polymers has led to the exploration of
several IR techniques, such as specular or diffuse reflection [1,3,5], At-
tenuated Total Reflectance (ATR) [5,6], IR transmission [5,7] and emis-
sion spectroscopy [8]. Reflectance measurements have been studied in
multiple research projects, showing promise for accurately analyzing
soot-filled polymers [9-11]. In recent developments, researchers have
explored alternative spectral techniques to further enhance polymer
identification. One approach is hyperspectral imaging, which com-
bines spatial and spectral data, allowing for detailed chemical map-
ping and identification of complex polymer blends [12]. But up to
now hyperspectral techniques are using NIR spektroscopy and FTIR is
not realized up to now. Additionally, fluorescence spectroscopy is be-
ing investigated for detecting certain polymers with unique fluorescent
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Figure 1: MIR spectra of a black and a non-black PP polymer sample

markers, providing another method for polymer sorting and identifica-
tion [13]. An example of a polypropylene polymer is shown in Figure
1. One significant limitation of MIR spectroscopy, however, is that it
works effectively only with non-conductive polymers. If a polymer is
electrically conductive, MIR light is fully absorbed, resulting in unus-
able spectra without detectable signals.

The importance of recycling black polymers will increase in the fu-
ture, as these materials are commonly found in devices such as smart-
phones and other electronic equipment containing valuable elements,
including rare earth metals. Rare earth elements, critical to modern
technologies, are used in components like magnets, batteries, and dis-
plays. Efficient recycling of these materials is essential to meet growing
demand, minimize environmental impact, and promote sustainabil-
ity. Improved recycling methods for black polymers could significantly
contribute to the conservation of these valuable resources, supporting
efforts toward sustainable development and resource management in
the face of increasing demand for technology.

A summary or overview of the current issues in plastic identifica-
tion within sorting facilities and measurement techniques for polymer
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detection and classification is provided in [14]. This also includes a
discussion of the future challenges in this area.

1.1 Principles of identification of polymer samples

The primary method for identifying industrial plastics is near-infrared
(NIR) spectroscopy. Detector systems based on indium gallium ar-
senide (InGaAs) are particularly well-suited for this purpose, as they
offer both the sensitivity and the speed necessary for sorting appli-
cations. These dispersive spectrometer systems are designed without
moving parts, which makes them resistant to mechanical vibrations
and simplifies their protection against dust. Advanced systems can
capture measurement rates of up to tens of thousands of spectra per
second, enabling economical operation in sorting facilities.

The NIR wavelength range is from 780nm to 2500nm , which cor-
responds to a wavenumber range of approximately 12800cm~! to
4000cm~!. Due to the different detectors required, the NIR range is
often divided into two sections. Silicon-based sensors are primarily
used for the short near-infrared (SNIR) range, covering wavelengths
from 780nm to about 1050nm , while InGaAs sensors are predomi-
nantly applied to the “classical” NIR range from 1050 ,nm to 2500 nm
. The NIR range is characterized by overtone and combination bands
associated with C-H, N-H, O-H, and C-O functional groups. Identifica-
tion of plastics relies heavily on the stretching vibration modes of CH,
CHy, and CHj3 groups, with the second overtone found around 1.1 um
to 1.25um, the first overtone around 1.65pum to 1.7 ym, and combina-
tion bands within these ranges.

One significant limitation of plastic identification with NIR spec-
troscopy is its inability to detect black plastics. The soot within these
materials absorbs all NIR light, resulting in no detectable signal and
thus no material differentiation.

In the mid-infrared (MIR) spectral region, spanning wavelengths
from 2.5 pm to approximately 16 um (or a wavenumber range from
4000 cm~! to around 600 cm 1), plastics display additional vibrational
modes — such as deformation, rocking, and twisting modes — aris-
ing from their molecular structure. Besides the C-H groups, molecular
structures like O-H, N-H, and C-O also contribute to the spectral char-
acteristics through fundamental vibrations. These distinct molecular
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groups and their specific vibrational modes produce a unique spec-
trum for each polymer, which allows for accurate identification. This
spectral region, often known as the ”fingerprint region,” makes MIR
spectroscopy a leading analytical technique for the analysis and char-
acterization of polymers.

An added benefit of the MIR spectral range is that it enables the
identification of black polymers. By measuring reflectance spectra, it is
possible to distinguish black polymers, as illustrated in Figure 1, which
compares the reflectance spectra of a black polypropylene (PP) sample
with those of a non-black sample. The spectra reveal the primary spec-
tral features, and the filler material appears to have minimal impact on
the polymers’ optical properties. Thus, MIR spectroscopy proves to be
an effective technique for identifying black polymers.

A limitation in the MIR range, however, is that no measurable signal
can be obtained from electrically conductive polymers. This occurs due
to the presence of a free electron system within the polymer material,
which interferes with signal detection in this spectral region.

1.2 Non-linear photon up conversion

In the photon up conversion process, infrared (IR) photons are con-
verted into higher-energy photons in the near-infrared (NIR) range,
specifically within the silicon spectral range, through sum-frequency
generation. In this mechanism, a mid-infrared (MIR) photon with en-

ergy

WMIR + WIS = WSE 1)

This process has long been recognized as an effective method for
high conversion of signals [15-17]. By employing periodically poled
non-linear crystals (PPLN) made of lithium niobate oxide, and through
proposals to conduct the high conversion directly within the laser res-
onator to amplify the laser power, conversion efficiencies exceeding
10% can be achieved. However, beyond energy conservation as de-
scribed by eq.1, phase matching of the light waves within the crystal
is essential. This requirement can be formulated in the k-space with
k-vectors and in the one dimensional case it corresponds to eq. 2
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App is the polarization period of the conversion crystal and the dif-
ferent A; are the wavelengths of the interacting waves. The n; are the
refractive indexes of the media at the respective wavelength. The re-
fractive index of the crystal is temperature dependent. By choosing a
temperature and the polarization period of the crystal the wavelength
range of the converter is determined. More details and applications of
photon up conversion can be found in [18].

2 Measurement setup

Black body light
source

IR

PPLN

Black plastic sample

IR NIR

converter Module

Figure 2: measurement setup with the Litran converter and a black plastic sample. A
black body was used as a IR light source with temperatur of 900°C. The Litran
system was constructed and built by the Fraunhofer Institut fiir Physikalische
Messtechnik, Fh-IPM, Freiburg (Germany)

The measurement setup utilized for analyzing the plastic samples
is depicted in Fig.2. An infrared (IR) light source, specifically a black
body radiator operating at 900°C, was employed. The samples con-
sisted of 5 mm thick plastic plates, which were non-electrically con-
ductive. This characteristic is crucial, as electrically conductive black
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plastic samples absorb all radiation in the MIR spectral range, render-
ing them unsuitable for characterization.

The black body source irradiated the sample, and the reflected light
was directed through the converter module containing the PPLN crys-
tal. The resulting NIR signal was detected using a single-photon
avalanche diode (SPAD) area sensor. This sensor was developed as
part of the Fraunhofer Gesellschaft’s LITRAN research project, con-
ducted by the Fraunhofer Institut fiir integrierte Schaltungen, (Fh-IIS),
Erlangen (Germany).

The measurement duration for each sample ranged between 0.3 and
0.5 seconds. For reference, IR measurements were performed using
an uncoated aluminum mirror. Reflectance values were determined
according to the corresponding equation.

Is—1
I — Iy
* Jg is the sample intensity spectrum, representing the measured
intensity from the sample under investigation.

® [R is the intensity of the reference, typically measured using a
standard material like an uncoated aluminum mirror.

¢ ]y is the wavelength-dependent noise and the dark current spec-
trum, which includes background signals and detector noise con-
tributions.

3 Results

The poling period of the PPLN crystal was App = 21.34 um and the
temperature of the PPLN crystal was 50.02°C for all measurements.
The measured NIR spectra were then assigned to wavelengths in the
MIR. A black polypropylene (PP) sample was analyzed using the pho-
ton up-conversion system, which is schematically depicted in Fig.2 and
shown in a photograph in Fig.5.

The poling period of App = 21.34 pm allowed for spectral measure-
ments within the the wavelength rande of 3.2pum to 4.15pm wave-
length range. A single measurement was conducted without averaging.
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Figure 3: Photo of the Litran system which was constructed and built by the Fraunhofer
Institut fiir Physikalische Messtechnik, Fh-IPM, Freiburg (Germany)

For comparative purposes and to assess the LITRAN system’s spectral
quality, the plastic samples were also examined using a commercial
FTIR spectrometer. The resulting spectra are presented in Figure .

The FTIR spectra were acquired at a resolution of 4 cm~ 1, with spe-
cific reflection peaks corresponding to the functional groups in the PP
polymer. Upon comparison, it is evident that the LITRAN system ex-
hibits a lower spectral resolution than the FTIR measurements. Al-
though the reflection peaks in the LITRAN spectra are broader, they
remain discernible and can be utilized for identifying and distinguish-
ing various types of plastics. In the following section the measurements
with the photon up-conversion system are referred to as LITRAN (from
Light Transformation) and spectra measured with the Fourier spec-
trometer will be assigned FTIR. This will simplify the presentation.

Functional groups of the PP polymer are assigned to the correspond-
ing reflection peaks. By comparing the two spectra one can see that the
spectral resolution of the LITRAN system is lower compared to the
FTIR measurements. The reflection peaks are wider but present and
can be used for the recognition and differentiation of other types of
plastic.

4 Conclusion

MIR spectroscopy has proven to be an effective technique for the spec-
tral characterization of black plastic components and their classifica-
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Figure 4: MIR spectrum of PP black sample measured with LITRAN system and with
FTIR spectrometer. Spectra are given in wavelength.

tion into corresponding polymer types. Using the LITRAN system,
reflectivity measurements in the spectral range between 3.2 ym and
approximately 3.6 nm enable the identification of pure plastic grades
as well as blends, which can even be traced to specific manufacturers.
For re-granulates, the proportions of base materials can theoretically be
quantified through appropriate calibration models. These capabilities
are essential for ensuring precise sorting and producing high-quality
recycled black plastic materials.

The LITRAN system supports the economical sorting of black plas-
tics, as it can achieve measurement rates of several thousand mea-
surements per second, enabling sorting systems with adequate mass
throughput. For engineering plastics, the identification of potential
polymer additives and mixtures is also critical. Many engineering plas-
tics, for instance, contain flame retardants, some of which are restricted
and must be removed prior to re-granulation. The LITRAN system’s
spectral range can be customized to detect such substances.

Additionally, the LITRAN system offers the potential to enhance ex-
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Figure 5: MIR spectrum of ABS (brand name Lustran) black sample measured with
LITRAN system and with FTIR spectrometer. Spectra are given in wavelength

isting NIR-based sorting systems by extending them to the MIR range.
In the MIR range, absorption bands are 10 to 100 times stronger than in
the NIR range, allowing the system to sort standard non-black house-
hold plastics effectively. However, achieving this would require mea-
surement rates of several tens of thousands to hundreds of thousands
per second. The optical components and measurement setup of the
LITRAN system are, in principle, capable of broadening the applica-
tion of photon upconversion to additional industrial processes.
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Abstract The study evaluates the potential of various Construc-
tion and Demolition Waste (CDW) powders as Supplementary
Cementitious Materials (SCMs) in cement mortars. Four CDW
types—concrete screening fines (CS), mixed fines (MS), terra-
cotta (RT), and porcelain (RP)—were used to replace 20% of the
cement. Techniques including laser granulometry, XRF, XRD,
and SEM analyzed particle size, composition, and microstruc-
ture of the materials. Ceramic powders RT and RP showed poz-
zolanic properties, though RP’s surfactant contamination caused
a porous structure. The properties of CS and MS were not sig-
nificantly different. The findings help to understand the impor-
tance of separating CDW to use them in resource-efficient and
sustainable cement production.

Keywords Construction and demolition waste, supplementary
cementitious materials, microstructure, concrete, ceramics

1 Introduction
The rapid growth of the global population has led to a rising demand

for the construction of new buildings, infrastructure and roads. Addi-
tionally, the demolition of outdated structures to make way for mod-
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ern, more efficient buildings is increasingly common. This trend re-
sults in the depletion of natural resources and a substantial increase
in construction and demolition waste (CDW). Despite the vast quanti-
ties generated, about 35% of world CDW is landfilled, contributing to
landscape degradation, occupying significant land areas, and causing
environmental pollution [1], [2]. However, this waste stream contains
valuable recyclable materials that are often underutilized. For instance,
concrete waste can be processed to separate the cement matrix from
aggregates, followed by thermal treatment of the matrix to dehydrate
and reactivate the hydrated cementitious binder [3], [4], [5], [6]. This re-
processed material can partially replace cement clinker in concrete pro-
duction, thereby reducing the associated carbon dioxide emissions gen-
erated during clinker manufacture. Similarly, finely ground ceramic
waste has potential as a partial substitute for clinker, acting as a poz-
zolanic supplementary cementitious material (SCM) [7], [8], [9], further
reducing the environmental impact of cement production. However,
this requires separation of construction and demolition waste (CDW),
which is often a difficult task.

This study compares the results of two previous works [10], [11] and
aims to evaluate the necessity of separating demolition waste by com-
paring the effects of concrete, ceramic, and mixed wastes on the mi-
crostructure of the binder matrix in mortar samples. It gives a com-
parative analysis of the properties of various types of CDW, including
concrete screening fines (CS) composed of a separated cement matrix,
mixed screening fines (MS) containing 60% of cement matrix with ce-
ramic and glass fines inclusion in amount of approximately 40%, terra-
cotta powder (RT) and porcelain powder (RP).

2 Materials and Methods

2.1 Materials preparation

Concrete-containing materials (CS and MS) were collected from Trade-
cowall, a Belgian inert waste processing company. The ceramic ma-
terials (RT and RP) were sourced from various sites in Luxembourg
and France. Following sampling, all materials were dried at 105°C to
a constant mass, then crushed in a jaw crusher and milled in an im-
pact mill equipped with a 2 mm mesh bottom sieve. The CS and MS
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powders were subsequently sieved through a 125 pm mesh, and the re-
sulting 0/125 um fraction was calcined in a muffle furnace at 500°C for
2 hours. This process reactivated the hydrated cement phases without
CO, emissions, as the temperature remained below the calcite decom-
position threshold. Basically, the RT and RP powders did not require
thermal activation, however, to unsure their pozzolanic activity, they
were sieved on a finer sieve of 63 pm mesh.

The processed waste powders were incorporated as supplementary
cementitious materials (SCMs) in cement mortar specimens, with 20%
of the cement replaced by the respective waste powders. Mortar bars
measuring 40x40x160 mm were prepared according to the ISO 679:2009
standard. The water-to-binder (w/b) and sand-to-binder (s/b) ratios
for all mixtures were set at 0.5 and 3, respectively.

Given the pozzolanic nature of ceramic powders, which can be con-
sidered as calcined clay with admixtures, the microstructure of ternary
cement blends, known as Limestone Calcined Clay Cement (LC3), was
also analyzed. These LC3 blends comprised 70% Portland cement, 20%
ceramic powder, and 10% limestone filler. LC3 mortar bars followed
the same w/b and s/b ratios of 0.5 and 3, respectively.

In addition to the waste powders, the study utilized CEM I 52.5
R Portland cement provided by the French manufacturer Vicat, CEN
Standard Sand in accordance with EN 196-1 and tap water for the
preparation of all mortar specimens.

2.2 Experimental Methods

The characterization of the resulting powders was conducted using a
HELOS & RODOS laser granulometer to determine particle size distri-
bution, X-ray fluorescence (XRF) to assess chemical composition, and
X-ray diffraction (XRD) to analyze mineralogical composition. Miner-
alogical analysis was performed with a D2 PHASER X-ray diffractome-
ter under the following conditions: Cu-Ka radiation at 10 mA and 30
kV, with a rotation angle from 5° to 70° in 26, a 0.02° step size, and a
step time of 0.6 s. Data were processed using Profex software.

The microstructure of cement mortars containing 20% waste powders
was examined after 90 days of curing in a moisture chamber at 20 °C
using scanning electron microscopy (SEM). For SEM analysis, mortar
specimen debris was coated with a 4 nm layer of gold and examined
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Figure 1: Particle size distribution of the powders used in the study.

with a JEOL JSM-6010LA field emission scanning electron microscope.

3 Results and Discussion

3.1 Particle Size Distribution

The results of laser granulometry shown on the Figure 1 revealed sim-
ilar particle size distributions for both concrete-containing wastes, CS
and MS. However, despite undergoing the same preparation proce-
dure, the ceramic powders, RT and RP, exhibited significantly different
granulometric compositions. The coarser particle size distribution of
the porcelain powder (RP) can be attributed to its higher hardness com-
pared to terracotta (RT), which makes it more difficult to grind. Over-
all, due to the finer sieve used during processing, the ceramic powders
have a finer particle structure than the cement-containing powders.

3.2 Chemical Composition

XRF analysis (Table 1) revealed that the predominant oxide in the com-
position of MS, RT, and RP was SiO;, with concentrations of 41.94%,
50.64%, and 64.38%, respectively, whereas the major oxide in CS was
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CaO, at 33.29%. Both ceramic powders contained sufficient amounts
of silicon, aluminum, and iron oxides to meet the 70% requirement for
pozzolanic SCMs after ASTMC618 standard. However, the presence
of ceramic and glass impurities in MS did not contribute enough poz-
zolanic oxides to the mixed waste screening powder. Consequently, the
sum of pozzolanic oxides (5i0;, Al,0O3, and Fe;O3) was 76.72% for RT,
85.74% for RP, and only 55.55% for MS. It can be noted that the oxide
composition of MS is more similar to the composition of CS than to
that of ceramic wastes.

Table 1: Oxide composition of the investigated materials, mass-%.

SiOZ A1203 Fe203 CaO MgO TiOz MnO NaZO Kzo P205 503 LOI*
CEM|16.07| 3.91 | 3.58 [66.72| 1.45|0.37 | 0.08 | 0.26 |1.18| 0.39 |3.88]| 2.10
CS |28.42| 590 | 4.12 |33.29| 1.63 | 0.45| 0.12 | 0.35 |1.25| 0.17 |0.80|23.50
MS [41.94| 8.10 | 5.51 |21.24|1.11 |0.77|0.11 | 0.47 |2.15| 0.44 |2.56|15.60
RT |50.64|17.66 | 8.42 {10.32| 1.51 |1.08 | 0.19 | 0.39 |3.37| 0.23 |3.28| 2.90
RP |64.38/19.14 | 2.22 | 6.74 | 0.45|1.36| 0.04 | 0.64 |3.03| 0.08 [0.21] 1.70
LF |854| 196 | 1.06 |47.68 1.81 | - - 1012 1037| - |0.1|38.36
*Loss on ignition at 950 °C

3.3 Mineralogical Composition

XRD patterns given on the Figure 2 showed that the mineralogical
composition of all powders was primarily dominated by quartz. The
cement-containing wastes also exhibited significant amounts of calcite,
originating from both the aggregates in the concrete and carbonation
of the cement, as well as feldspars. In contrast, the composition of the
ceramic wastes differed more markedly from each other. RT contained
high amounts of feldspars, while RP exhibited a notable presence of
mullite, which was absent in terracotta. This distinction is attributed
to the different firing temperatures used in the production of these two
types of ceramics.

Notably, the diffraction patterns of both ceramic powders displayed
a pronounced amorphous halo (Figure 3), indicative of a high glass
phase content, which is crucial for pozzolanic activity. The cement-
containing materials also exhibited a glass phase, but their amorphous
halo is less pronounced.
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Figure 2: XRD patterns of the investigated waste powders.

3.4 Microstructure

Figure 4a shows SEM images at 200x magnification, revealing a dense
matrix structure in mortar samples containing 20% CS, MS, and RT.
In contrast, the samples with RP exhibited a more porous structure.
At higher magnification (1000x; Figure 4b), the RT-containing mor-
tars demonstrated a notably dense microstructure, while those with
CS and MS displayed a moderately loose microstructure. The RP-
containing samples exhibited a highly porous microstructure with nu-
merous voids.

The compressive strength test, considered the most critical evalua-
tion of cement quality, aligns with the SEM microstructural analysis.
According to previous studies [10], [11], the mortars containing CS and
MS, which exhibited a relatively dense microstructure, achieved com-
pressive strengths after 90 days of curing that were only 10% and 12%
lower, respectively, than that of the reference mortar without SCMs.
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Figure 3: Amorphous halo on the XRD patterns.

Figure 4: SEM pictures of mortars containing 20% SCMs: a — magnification 200x, b —
magnification 1000x.

These results suggest that CS and MS are acceptable for use in struc-
tures not requiring high-strength concrete. The RT mortars, exhibiting
the densest microstructure, demonstrated the best performance, with
compressive strength 3% higher than the reference sample. In contrast,
RP mortars, characterized by a porous structure with numerous voids,
showed the poorest performance, with compressive strength 37% lower
than the reference. These results suggest that RT can be used in the
production of high-strength concrete, while untreated RP powder is
unsuitable as an SCM.

The dense microstructure and good mechanical properties observed
in RT-containing mortars indicate favorable pozzolanic activity of the
material. However, the porous structure of RP-containing mortars is
attributed to contamination of the sanitary porcelain with surfactants
during its lifespan, as confirmed by foaming tests. Calcination of RP
powders at 500°C eliminated the contaminants and significantly im-
proved the mechanical properties of mortars containing 20% RP, re-
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Figure 5: SEM pictures of LC3 mortars with ceramic waste powders: a — magnification
200x, b — magnification 1000x.

ducing porosity and enhancing compressive strength.

The pozzolanic properties of ceramic powders suggest their potential
application in the production of highly sustainable LC3 cement. SEM
images of samples containing 20% ceramic powders and 10% limestone
filler (Figure 5) revealed pore filling with secondary ettringite. This
phenomenon has a dual effect on the quality of the hardened binder.
On one hand, pore filling compacts the structure, increasing its density
and improving mechanical properties. On the other hand, the growth
of secondary ettringite can induce internal stresses, potentially lead-
ing to cracking, which negatively impacts the material’s durability. A
more detailed investigation of this phenomenon is needed to assess its
implications for long-term performance.

4 Conclusion

This study demonstrated that the properties of pure concrete waste
(CS) and mixed concrete-ceramic waste (MS), as well as the microstruc-
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ture of cement mortars containing 20% of these materials, are compa-
rable. These findings suggest that ceramic and glass inclusions have
minimal impact on the performance of concrete SCMs. Consequently,
the separation of concrete waste from ceramic materials may not be
necessary for producing cement intended for low-strength structures.

In contrast, only pure ceramic waste appears suitable for the produc-
tion of high-strength cement with a dense microstructure. It is essen-
tial to consider the conditions under which the original ceramics were
used, particularly for materials like sanitary porcelain, which may re-
quire washing or calcination to remove surfactants.

Further studies are needed to assess the life cycle impact of the inves-
tigated SCMs and evaluate the economic feasibility of separating and
purifying ceramic waste for cement production. Additionally, more
detailed research on the microstructural development of LC3 based on
ceramic waste is required, particularly to understand the effect of sec-
ondary ettringite growth in pores on the properties of hardening ce-
ment.
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PAH detection in road surface residue using
various hyperspectral imaging sensors
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Abstract Road destruction sites still yield tar-contaminated rub-
ble, a material that was used until the mid 1980s in many Euro-
pean countries and has been shown to be carcinogenic and muta-
genic. Usually, this tar-contaminated road rubble is mixed with
bitumen and minerals, which are also present in road construc-
tion and are valuable for recycling. Therefore, a challenge lies in
distinguishing tar from bitumen and being able to sort them for
further treatment and recycling. In this work, we investigate
whether it is possible to distinguish tar- from bitumen-based
road surface material with hyperspectral imaging in the short-
and mid-wave infrared spectrum. The findings reveal that SWIR
imaging is less effective, while MWIR imaging provides more
promising results by distinguishing between different sources of
samples based on their chemical signatures. However, general-
izability across various sources poses a significant challenge due
to the variability in sample composition, which is heavily influ-
enced by the presence of different additives. Notably, the study
demonstrates the efficacy of MWIR hyperspectral imaging in de-
tecting polycyclic aromatic hydrocarbons (PAHs) in controlled
sand samples, suggesting potential for identifying PAH contam-
ination in road debris. The results highlight several challenges
and emphasize the necessity for a more diverse dataset to en-
hance model robustness and accuracy.

Keywords Hyperspectral, MWIR, PAH
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1 Introduction

Until the 1980s, tar was primarily used as a binder for road surface con-
struction before being outlawed in most European states [1]. The ma-
terial was outlawed, as it contains Polycyclic Aromatic Hydrocarbons
(PAHs). They are a class of organic compounds with multiple aromatic
rings, such as Naphthalene, Biphenyl, Fluorene and Anthracene. These
compunds have been identified as carcinogenic, mutagenic, and geno-
toxic and can contaminate groundwater [2]. In addition, the use of re-
cycled materials containing tar as the foundation of new road surfaces
has been restricted. Therefore, potentially tar-containing construction
and demolition waste from roads must be decontaminated, which is
currently highly energy consuming.

This problem is amplified by the lack of separation of the different
materials contained in the road rubble. In addition to tar, these are
usually bitumen, which replaced tar as binder material, and minerals,
which make up the largest part of the road-surface-mixture and ac-
count for approximately 95% [3]. Both bitumen and minerals would
be valuable for recycling. However, in many cases, these bitumen
and mineral fractions are mixed with tar-containing road rubble. In
these cases, the entire batch is considered tar-contaminated, as mix-
ing is prohibited in most countries [4]. This tar-containing rubble is
land-filled or recycled using thermal methods that destroy the chem-
ical structures of the embedded minerals, rendering it unusable for
further recycling [5,6]. Separating tar from other road materials before
decontamination would also improve the efficiency of decontamination
and reduce transportation costs.

1.1 State of the art and research

Currently, a lot of uncontaminated road rubble is declared tar-
containing, as this is in some cases cheaper for the demolition crews
than carrying out the extensive testing which is currently mandated
[4]. This extensive testing includes taking point samples in a certain
raster and having them analyzed in a laboratory. The methods applied
here are usually High Performance Liquid Chromatography, Gas Chro-
matography, or mass spectrometry [7]. Due to the high testing efforts,
some material is falsely labeled tar-contaminated.
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To get a rough overview of possible PAH concentration, solvent-
based paints can be sprayed onto the rubble, which react with the
PAHs creating a fluorescent effect that is visually observable. How-
ever, this method is not sufficient for official classification, as this detec-
tion method only works for a subset of possible PAHs. For large-scale
dense testing, an optical solution would be much preferred, allowing
for higher throughput.

Optical methods that use intrisic fluorescence have been shown to
be capable of detecting PAH concentration in soil [8,9]. However, the
methods require high-intensity excitation and a slow scanning process.
Although some methods are inline capable, the throughput of these
systems is still orders of magnitude lower than required.

Some studies have used spectroscopy in the ultraviolet to visual
wavelength regions to detect PAH in gas streams [10]. Although these
methods are inline-capable, they require vaporization of the samples,
which renders them unusable for the target recycling applications.

Hyperspectral short-wave infrared (SWIR) sensors have also been
investigated in this context. It has been shown that the information
allows distinguishing between different additives in bitumen-based
binders [11]. Furthermore, [12] were able to detect PAH in soil us-
ing near- to short-wave infrared. However, accuracy is rather limited
and detection is likely related to the interrelationship between organic
carbon and clay, which is not present on the road surface.

1.2 Contribution

In this work, a preliminary study is presented that examines the dif-
ferences in spectral reflectivity of tar, bitumen, and mineral in both the
short- and mid-wavelength infrared spectrum with the goal of identi-
fying methods to distinguish the different materials. Hence, we con-
sider the problem as a classification task. Our work forms the basis
for the development of a sensor-based sorting approach [13], which al-
lows materials to be separated before further treatment, thus reducing
transport and processing costs. Therefore, we consider sensors that are
suitable for this field of application. More precisely, we use a hyper-
spectral SWIR camera operating in the wavelength range from 1000nm
to 2500nm as well as a hyperspectral MWIR camera that is sensitive
from 2700nm to 5300nm.
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We investigate which wavelengths are particularly suitable for find-
ing relevant features for distinguishing tar and bitumen. Related work
suggests that the regions between 6250nm and 14286nm as well as
around 3300nm [14] are relevant. The MWIR sensor covers the range
around 3300nm, the SWIR sensor might, however, be able to detect
some overtones of these spectral bands.

2 Materials and Methods

In the following, we provide information on the samples considered
in this study, as well as on the system used for data acquisition. We
further present initial insights obtained via exploratory analysis of the
acquired spectral data and present the final processing pipeline devel-
oped and used in the remainder.

2.1 Description of samples

The dataset for this study was obtained using 151 bitumen, 118 mineral
and 148 tar samples with a grain size of approximately 16mm to 32mm.
The samples were acquired from 3 different sites (mainly road destruc-
tion sites), which is a total of 12 sources. The samples were fixed to
sample carriers, see 1. This allows for reproducible measurements and
the fusion of different sensors. The sample carriers are fixed to the
linear stages of the cameras using dowel pins.

Figure 1: Example for samples on sample carriers. Left: mineral samples, middle: bitu-
men samples, right: tar samples.
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2.2 Description of Acquisition System

For our analysis, both a hyperspectral camera in the SWIR (HySpex
SWIR-640) and in the MWIR range (Specim FX50) were used. SWIR
imaging systems are widely used in current sensor-based sorting fa-
cilities to separate materials such as different polymers or to detect
impurities in different consumer goods. Therefore, it would be ideal if
these sensors and facilities could be used with small modification for
sorting road debris. However, most known absorption bands of PAH
are well outside the spectral range of SWIR. Therefore, detection relies
on the detection of high-order spectral overtones, which are challeng-
ing to detect. It is assumed that these bands may be easier to detect in
the MWIR. Therefore, we also use a MWIR sensor.

2.3 Processing Pipeline

For this study, several step analysis was performed. As a basis, a clas-
sification pipeline has been created, incorporating an Autoencoder and
a kfolds-classification. This pipeline is applied to both sensors and dif-
ferent separations for train and test samples. Further, the influence of
the Autoencoder on the linear separability of the dataset is shown.

Overview

2 shows the data processing pipeline that incorporates an Autoencoder
step. In our work, train/test splits are done sample-wise, but classi-
fication is performed pixel-wise. The full pipeline is shown, however
we evaluated multiple versions with different or no implementation for
some of the steps.

The samples are first captured using a sensor (either SWIR, MWIR
or both sensors combined). The result is the captured image data (1).
This data is then preprocessed. A SVN normalization is applied, dead
pixels are interpolated, and some parts of the spectrum are masked
(CO; and noisy parts of spectrum). From the resulting preprocessed
data (2), the mineral samples are split off to train an autoencoder. The
Autoencoder uses an MLP structure. The tar and bitumen samples
are used for classification. They are split into train- and test samples
using different methods and following a cross-validation approach (3).
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If feature selection is applied, it is fitted using the training set (4) and
then applied to both train- and test samples (5). The Autoencoder is
then applied to the training samples. The 20% of the pixel with the
lowest reconstruction error is considered an embedded mineral and is
removed (6). In addition, the 20% quantile of the reconstruction error
is learned as a threshold. The Autoencoder is now applied to the test
samples. All pixels with a lower reconstruction error than the threshold
are removed (8). An artificial neural network is trained as a pixelwise
classifier using (6). The classifier is applied to (7) and compared to
the ground-truth data for evaluation. The following sections go into
further detail on the different pipeline steps.

train

Samples Split
Sensor

Bitumen/Tar

Preprocessin . Train
P ¢ Mineral Auto
encoder apply

Figure 2: Data Pipeline for classification. The marked steps are altered during evalua-
tion. FS denotes Feature Selection, which is trained on the training samples
and then applied to all samples. All steps that have been varied for analysis
are marked in blue.

Preprocessing

Preprocessing serves the purpose of removing irrelevant or misleading
information from the measurements. The preprocessing in this work
includes object segmentation, dead pixel correction by spectral inter-
polation, removal of CO, band as well as noisy edge-wavelengths and
Standard Normal Variate (SNV) transformation to remove influence of
mean-value (on a per-pixel base)

Object segmentation was achieved by training a simple classifier on
background vs. foreground spectra. The resulting masks were then
filtered and used as individual object masks. A dilation morphological
filter was applied to the masks to remove edge pixels, which often suf-
fer from mixed spectra, shadows, or steep surface angles. The CO,band
was ignored for the MWIR data.
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Autoencoder for Removal of Embedded minerals

Another unwanted factor are the minerals embedded in the tar and
bitumen samples. There are two possible negative effects of the em-
bedded minerals. First, learning differences between tar and bitumen
is more difficult if the training data set also contains spectra that are
actually of class mineral but are wrongly labeled as tar or bitumen. Sec-
ondly, it is possible that there is a correlation between the type of the
embedded mineral and the actual class. However, there is no indication
that this link would generalize to all tar and bitumen samples.

We therefore chose to remove the embedded mineral from the tar
and bitumen using an Autoencoder approach. We chose this approach
instead of a classification approach, because a classification approach
would require additional tar and bitumen samples. The Autoencoder
is a MLP model that tries to reproduce input spectra. In our case,
the model is trained on mineral spectra and is therefore capable of
reproducing mineral spectra accurately, while it struggles to reproduce
tar or bitumen spectra. The reconstruction error for each spectrum
is compared to a threshold to detect the embedded minerals. For a
visual confirmation of the overall validity of the approach, the result
of the Autoencoder is merged onto a high-resolution SWIR image. An
example is provided in 3.

To visualize the effect in feature space, we performed a partial least
squares (PLS) transformation on the raw input data for tar and bi-
tumen, the filtered data (without minerals) and for cross-checking a
dataset with only the spectra identified as minerals. 4 displays the re-
sults as kernel density plots. It is apparent that the linear separability
of the classes is improved by removing the embedded minerals.

Feature Selection

A main motivation for feature selection is an improvement in infer-
ence time, as fewer features have to be processed. Since the underlying
chemical properties of the different materials usually only affect a small
part of the spectrum (for example, some resonance frequencies of dif-
ferent bonds), the approach in many cases also helps remove irrelevant
information and can improve robustness and accuracy.

To detect relevant features in the tar and bitumen samples, we per-
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Figure 3: Visual result of Autoencoder filter. Detected minerals are marked in yellow.
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Figure 4: Change of linear separability when applying Autoencoder on the MWIR data.
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form a synergy interval PLS (SiPLS) [14] with 3 bands of 10 adjacent
features on a kfold cross validation. 5 shows that the features around
3000nm and 4250nm are consistently selected.
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Figure 5: Feature selection bands. Reference spectra are means over all tar and bitumen
samples.

3 Results and discussion

We have applied different versions of the pipeline presented in 2.3. The
different variables that were tested are sensor choice, preprocessing,
influence of embedded minerals / Autoencoder, influence of train/test
split variation and influence of performing feature selection

The sensor choice refers to the selection of sensors used. In this
study, a SWIR and a MWIR sensor were considered. In addition, the
performance of the combined sensors was tested.

Two different methods for cross validation and train/test split were
evaluated. Firstly, the separations of train and test samples for each
class is performed without considering the source (road destruction
site) of the materials by randomized kfold cross validation. Secondly,
the samples are split along the sources, so that each training set con-
tains two sources from each class and the test set the other. The latter
separation is in the following referred to as source aware.

The influence of performing a SiPLS feature selection was tested.
The feature selection was trained on the training samples and applied
to both train and test samples before classification.
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1 shows the accuracy both in terms of the percentage of correctly
classified pixels as well as percentage of correctly classified objects.
The object classification is achieved by making a majority decision over
all pixels that belong to a given object.

Table 1: Classification performance for different settings.

Sensor Split FS AE Ob Acc Px Acc
SWIR Random No Yes 63.05 58.27
SWIR Source aware No Yes 44.57 48.53
Both Random No No 87.81 81.05
Both Random No Yes 89.53 79.14
MWIR Random No No 8844 81.89
MWIR Random No Yes 88.06 80.42
MWIR Source aware No No 51.92 50.65
MWIR Source aware No Yes 54.38 52.73
MWIR Source aware Yes Yes 70.80 60.69
MWIR Random Yes Yes 8329 76.11

The results show that the SWIR sensor is not suitable for distinguish-
ing tar and bitumen-based road rubble. Using both sensors does not
improve accuracy compared to using MWIR alone.

However, one major caveat to the results is that they only general-
ize within different sources. When samples from all sources are in the
training set, the accuracy is much higher than when a model trained
on a set of sources is applied to other sources. This is a strong indica-
tion that differentiation is mostly not based on tar or bitumen specific
properties but rather on different additives in the samples. Further,
although the samples of the tar class have been confirmed to be PAH
containing, the PAH distribution within the class is unknown. There-
fore it could be possible, that individual samples within this class do
not contain any PAH. We were able to show that feature selection helps
to significantly increase accuracy when testing on novel sources. This
may be because tar and bitumen are most easy to distinguish in these
wavelength regions, due to the differences in chemical properties. Ei-
ther PAH itself can be detected, or some other proxy linked to tar or
bitumen. Another cause may be changes in environment conditions
during the dataset capture process. However, the background test in
?? has shown that the environment influence does not carry that much
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information.

3.1 Remaining Challenges

It is not yet clear how well the results generalize to the distinction
between tar and bitumen. The current models appear to mostly learn
additive-specific features, as indicated by the far worse performance
when testing on samples from unknown sources. To see whether a
tar/bitumen specific separation is possible, a much larger and more
diverse dataset would be required.

In a second step, it could be determined whether the MWIR data al-
lows for the detection of PAH content in tar and bitumen or is sensitive
to other chemical differences between tar and bitumen.

4 Conclusion

In this study, we investigated the separability of tar and bitumen from
road debris using hyperspectral imaging techniques in the short- and
mid-wave infrared spectrum. Motivated by the need to improve recy-
cling processes and reduce costs associated with handling potentially
hazardous materials, we utilized hyperspectral SWIR and MWIR cam-
eras to classify samples of tar, bitumen, and minerals obtained from
road destruction sites.

Our findings indicate that, while SWIR imaging did not prove effec-
tive, MWIR imaging enabled a distinction between different sources of
samples on the basis of their chemical signatures. We have also shown
that masking and ignoring the embedded minerals inside the tar and
bitumen samples improves the linear separability of tar and bitumen.
However, generalizability across different sources remains a challenge,
primarily due to variability in sample composition influenced by vari-
ous additives. Notably, our mid-wave hyperspectral imaging approach
successfully detected PAHs in controlled sand samples, demonstrating
its potential to identify PAH contamination in road debris.

The study’s results underscore several challenges and highlight the
importance of expanding the dataset to improve model robustness and
accuracy. Future work should focus on enriching the dataset by col-
lecting a more diverse range of samples to enhance the model’s ability
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to generalize across different types of tar and bitumen. Another devel-
opement avenue would be moving away from a classification approach
towards a regression method, directly estimating the PAH content for
each pixel. This would allow detecting PAH contaminated bitumen
samples (for example as a result of oil spills) and allow distinctions
between different levels of PAH contamination Finally, exploring the
impact of different additives on the MWIR spectra could help in im-
proving the confidence in the results.

These steps are essential to advance the capability to sort and recycle
road debris effectively, which can lead to significant environmental and
economic benefits.
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natural gypsum using hyperspectral imaging
and machine learning methods
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Abstract The sustainable use of limited resources has become
a critical priority in modern economic practices. The planned
cessation of coal-fired power generation by 2038 and the subse-
quent discontinuation of flue gas desulfurization (FGD) gypsum
will deprive the gypsum industry of this significant resource.
This deficit cannot be effectively mitigated through recycling
alone. Expanding the extraction of natural gypsum and anhy-
drite poses substantial environmental concerns. This study ex-
plores the classification of underutilized gypsum-bearing rocks
(mixed rocks), a byproduct of natural gypsum mining for the ap-
plication as a replacement. Hyperspectral imaging (HSI) is uti-
lized to capture spatial and spectral information, which is then
analyzed using machine learning techniques. Achieving recogni-
tion rates above 99 %, the approach demonstrates great potential
for identifying mineral phases within mixed rocks, highlighting
its viability for enhancing resource efficiency.

Keywords Hyperspectral imaging, machine learning, SWIR,
natural resources, resource efficiency, gypsum, anhydrite

1 Introduction

1.1 Problem and Objective

The construction industry as one of the major CO, producers plays a
central role in sustainability within the broader societal context, par-
ticularly in the efficient use of resources. Gypsum is a significant raw
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material, with its demand expected to rise to approximately 10.7 mil-
lion tons per annum (10.7 Mt/a) in Germany by 2035. The current
demand of around 10.0 Mt/a (as of 2020) is entirely met by domestic
sources, divided into three categories: natural gypsum and anhydrite,
flue gas desulfurization (FGD) gypsum (by-product of coal-fired power
generation), and recycled gypsum. With the planned coal phase-out by
2038, a substantial portion of FGD gypsum will be eliminated, necessi-
tating an increased reliance on natural gypsum and recycled gypsum.
Since the share of recycled gypsum is projected to grow only to around
1.0 Mt/a, the extraction of natural gypsum will become increasingly
significant. However, this development is controversial due to the po-
tential impact on sensitive ecosystems, such as the biodiversity-rich
South Harz region [1-6].

A posible potential is given by the so-called transitional or mixed
rock types, which have been economically neglected due to their vari-
able content of crystal water and other properties. However, given the
increasing demand, the efficient utilization of these resources is gaining
greater attention [2,4].

The following section presents a hyperspectral imaging technique
that, in combination with machine learning methods, enables rapid
and non-destructive determination of gypsum and anhydrite fractions
in transitional and mixed rocks. This approach facilitates a goal-driven
management of material flows and a more efficient use of limited re-
sources.

1.2 Related Work

The ability to distinguish between gypsum and anhydrite based on the
spectral information in the near-infrared (NIR) range has been well-
documented. Differences can be identified particularly in certain spec-
tral bands. Cloutis et al. [7] describe that the dominant bands in the
visible-near-infrared (VNIR) region, influenced by water (H,O), are lo-
cated around 1400 nm to 1500 nm and 1900 nm to 2000 nm, which is
why these regions are referred to as water bands. Additional bands
specific to the near-infrared spectrum (NIRS) of gypsum can be found
at approximately 1000 nm, 1200 nm, and 1750 nm. During the conver-
sion of gypsum to bassanite, Harrison [8] observed that the character-
istic bands of gypsum shift towards shorter wavelengths. In contrast,
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it is generally assumed that anhydrite lacks these water bands. How-
ever, experiments by Cloutis et al. [7] indicate that weak expressions of
these bands can occur, suggesting that anhydrite samples may be par-
tially hydrated or in a transitional state towards bassanite or gypsum.

Miiller et al. [9] report that optical sorting based on NIRS in free-fall
experiments involving a mixture of 62.6 wt% anhydrite and 37.6 wt%
gypsum resulted in an increase of the anhydrite content to 98.0 wt%
and in the gypsum content to 88.2 wt% in the seperated fractions, lead-
ing to significant improvements in material quality.

2 Materials and Methods

2.1 Materials

For the investigation of the classification potential of mixed/transi-
tional rocks using hyperspectral imaging, three samples within the
grain size range 8/16 (8 mm to 16 mm), provided by CASEA GmbH
from the Ellrich mine, are provided. These samples were pre-classified
by experts into the categories of anhydrite, gypsum, and mixed rocks
as depicted in Figure 1. Visual differentiation of these categories proves
to be challenging, as all samples exhibit a color variation ranging from
white to gray. While anhydrite samples tend to show a more whitish
hue, gypsum samples appear slightly grayer. However, this visual dis-
tinction is not considered a definitive differentiating feature.

10 mm

Figure 1: Material from left to right: gypsum, mixed rocks and anhydrite.
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2.2 Experimental Setup

The experimental setup as shown in Figure 2 comprises a hyperspec-
tral line-scan camera (HySpex SWIR-384 [10]) with a sensitivity in the
short-wavelength infrared (SWIR) range from 1000 nm to 2500 nm and
two halogen lamps (emission spectrum from 400 nm to 2500 nm). The
lamps are positioned at approximately 45° to the sample to create a line
illumination. A moveable sample stage allows line-by-line scanning.
The setup is complemented by a white reference standard measuring
200 mm by 50 mm, which exhibits a nearly constant reflectance of 95 %.

Figure 2: Experimental setup for hyperspectral image acquisition.

2.3 Data Acquisition

Before the generation of the hyperspectral image data begins, the pre-
classified material samples provided by CASEA GmbH are divided
into two groups as shown in Figure 3. The first group consists of 20
randomly selected particles per material, with a high degree of variance
in shape and color. This group is used on the one hand to check the
purity of the material by determining the crystal water content using
thermogravimetric analysis (TGA) and on the other hand the images
of these samples are later used to investigate the classification of gyp-

260



Approach to increase resource efficiency using HSI and ML

sum and anhydrite in the mixed rocks. It should be noted that each
particle in this group was individually labeled so that the results of the
destructive TGA can later be traced back to the corresponding image
data. The second group from the material provided forms the data ba-
sis for the training and evaluation of various classification models. For
this purpose, around 500 particles each were extracted from gypsum,
anhydrite and mixed rocks.

The TGA is carried out in several steps. First, each particle was
ground to an approximate grinding fineness of 50 um. The initial mass
of each ground particle was then recorded. The samples were then
dried at a maximum temperature of 40°C for 24 h to remove any free
moisture. After drying, the particle mass (1)) was measured again. To
determine the water of crystallization, the particles were heated to a
temperature of 350°C for 5 h to release the water bound in the crystal
lattice. Finally, the mass () is measured again. The content of crystal
water (CW.,) was calculated based on the differences in the measured
masses (Ampy,p) using equation 1 and equation 2.

Amp,o = my — my (1)
A
CWo, = 2120 400 9, 2)
mo

2.4 Preprocessing

The preprocessing of the data is carried out in several steps. The first
step involves correcting the image data, which includes identifying
defective and overexposed pixels that manifest as distinctive outliers
within the image data. The correction of individual pixel spectra is
achieved by calculating an average pixel spectrum from the surround-
ing pixels, which is then used to replace the data of the defective pixel.
The next preprocessing step involves normalizing the image data using
the recorded white reference standard. This correction is applied indi-
vidually to each pixel within one line of the image. Finally, the particles
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Figure 3: Process flow regarding data creation, training and testing.

in the acquired hyperspectral data are segmented. Due to the high con-
trast between the particles and the sample stage, a simple thresholding
method can be employed.

2.5 Feature Extraction

For feature extraction in hyperspectral data, both spatial and spectral
features can be utilized. However, since the focus of this study is on
the spatial distribution of mineral phases within the mixed rocks, only
spectral features are considered. These features are then combined
with dimensionality reduction techniques such as Principal Compo-
nent Analysis (PCA) and Linear Discriminant Analysis (LDA).

The extracted feature focuses on the pixel spectra of the recorded
particles within a selected Region of Interest (ROI) in the center of each
image. The ROI size is set to 25 px by 25 px (ignoring background
pixels). Representative examples of gypsum and anhydrite and their
mean spectra are shown in Figure 4.

2.6 Classification

Before starting the classification process, the dataset is split into train-
ing and test datasets in an 80/20 ratio. The split is performed using
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Figure 4: Mean reflectance spectra of gypsum and anhydrite including visual examples
as false RGB images in the SWIR range.

stratified cross validation over five iterations to ensure that the class
proportions in the dataset are preserved.

For the classification task, various Machine Learning (ML) algo-
rithms are employed, including Logistic Regression (LR), Random For-
est (RF), Support Vector Machine (SVM), and Multi-Layer Perceptron
(MLP). It is important to note that the MLP requires a validation dataset
during training. For this purpose, approximately 10 % of the training
dataset is randomly selected and used as the validation set.

After training and evaluating the ability to distinguish between gyp-
sum and anhydrite, an additional test is conducted. In this step, the
trained machine learning models are applied to the previously de-
scribed mixed rocks, and their data are classified on a pixel-by-pixel
basis. For validation, the previously determined contents of crystal
water are used as reference.

3 Results

3.1 Distinguishing Gypsum and Anhydrite

Figure 5 presents the mean accuracy and standard deviation for differ-
ent ML algorithms with and without dimensionality reduction meth-
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ods. In general, distinguishing gypsum and anhydrite based on their
reflectance spectra in the SWIR range proves to be an effective ap-
proach. Achieving accuracies of 99 %, all ML algorithms show a high
reliabibilty in this classification task. Using PCA and LDA as dimen-
sion reduction methods slightly enhance the overall accuracy and re-
duce the standard deviation as expected, but not in a decisive degree.

ENone BPCA SLDA

0.995

Accuracy

0.99

LR RF SVM MLP
Machine Learning Model

Figure 5: Mean accuracy and standard deviation of all classifiers with and without di-
mensionality reduction methods.

3.2 Detection of Gypsum and Anhydrite in Mixed Rocks

Gypsum [l Mixed Rocks Anhydrite Il
o IR CWey, = 0,44 % CWy, 71813‘/ m— )
CW. 20,60 % r\nh\ drite) (( ypsum) CW ;;‘ 0,19 %
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20,43 %
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Figure 6: Pixelwise classification of gypsum and anhydrite in pure material and mixed
rocks including determined content of crystal water.
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Based on the successful classification of gypsum and anhydrite, the
next task focuses on detecting these minerals in mixed rocks. As shown
in Figure 6, the results from Sect. 3.1 were effectively reproduced us-
ing an SVM classifier with LDA. As it seems, it is the best method
according to high accuracy and low standard deviation, applied to pre-
viously unknown samples, which had been used earlier to determine
the content of crystal water (see Sect. 2.3). Pure gypsum and anhy-
drite samples were correctly classified, with all pixels assigned to their
true labels. When applied to mixed rocks, a clear distinction between
gypsum and anhydrite was observed within the samples. Addition-
ally, the dataset of mixed rocks included samples that could be reliably
classified as gypsum or anhydrite based on their determined content
of crystal water.

4 Conclusion and Future Work

In conclusion, the integration of HSI and ML for distinguishing be-
tween gypsum and anhydrite demonstrates promising results, partic-
ularly for pure materials. For mixed rocks, this approach offers po-
tential to enhance resource utilization, as pure gypsum and anhydrite
often remain hidden within unused piles of mixed material. However,
several aspects require further investigation. The current experiments
were conducted under controlled conditions with a limited number of
samples from a single region. It is crucial to evaluate whether the high
accuracy can be maintained under more challenging conditions, such
as varying levels of dust and humidity. Additionally, regional varia-
tions and the presence of impurities from other minerals may impact
the classification accuracy of gypsum and anhydrite in mixed rocks.
Future work will address these challenges to further optimize the effi-
cient utilization of these resources.
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Automated data acquisition method for
sensor-based real-time material flow
characterization of recyclable waste streams
using sensor fusion: A case study

Fabian Roth, Aydin Deliktas, Kaushik Rattawa, Alexander Feil, and
Kathrin Greiff

RWTH Aachen University, Department of Anthropogenic Material Cycles,
Wiillnerstrafle 2, 52062 Aachen

Abstract In recent years, the development of real-time applica-
tions has become increasingly popular in the field of sensor-
based systems and recyclable waste streams. One promising
method is sensor-based real-time characterization (SBRTC) in-
volving object detection or instance segmentation models as well
as specific datasets containing recyclable materials to assess the
quality of material flows. Building such models requires image
data for training, testing and validation. This process is labor-
intensive and prone to error, mainly when conducted manually.
Here, we explore two approaches for the acquisition on conveyor
belts: In approach I, a rotary encoder (a) and pre-defined time
intervals (b) are compared to reduce acquisition gaps and redun-
dancies, thereby improving data quality. The data acquisition
was possible with a mean relative acquisition error (MRAE) of
about 0% (a) and up to 66% (b). Approach II demonstrates the
technical feasibility of object tracking which allows the counting
of particles in a real-time video stream by leveraging Kalman Fil-
ter (KF), K-Nearest Neighbor (KNN), and Hungarian Maximum
Matching (HMM). An accuracy of 99% + 1% could be achieved.
Therefore, this work contributes to novel data acquisition meth-
ods for high resolution RGB area images of SBRTC applications
to effectively address the challenges of noisy and biased real-
world datasets making it easier to perform data splitting.

Keywords Sensor-based real-time characterization, data acqui-
sition, data quality, object tracking, computer vision
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1 Introduction

In 2020, the European Union generated a total of 8.6 million tons of
non-hazardous, non-ferrous metal waste, of which Germany accounted
for 16.6%, ranking as the largest producer [1]. One key factor in reduc-
ing the environmentally and economically expensive consumption of
primary non-ferrous raw materials is the transition towards a circular
economy (CE). This aims at substituting more and more primary
raw materials with secondary raw materials [2]. Therefore, reducing,
reusing, and recycling has gained increasing importance, and within
recycling, the characterization of recyclable waste streams has taken
on a key role [3]. For this reason, gaining information about material
characteristics is necessary for SBRTC of material flows. In order to
leverage SBRTC, extracting frames from real-world video sequences is
required to create novel datasets for inline analytics [4].

However, collecting and capturing images is both labor-intensive and
time-consuming, particularly when conducted manually [5, 6], as data
collection, acquisition, and preparation can account for 45% to 90%
of the total pre-processing time [7]. Moreover, a significant challenge
in extracting frames from video sequences using an RGB area camera
can be the issue of spatial and temporal correlation. That is, extracting
two consecutive frames can lead to redundancies, such as the repeated
occurrence of objects [8]. According to [6], a model’s perceived
performance can be artificially enhanced positively. This effect can
be attributed to the fact that objects extracted twice can be part of
both training and validation sets. Once a model is trained, it already
knows the object. Moreover, duplicates only in training data can also
falsely influence the model performance concerning generalization
capabilities, as the model memorizes objects which are ‘very similar’,
‘near duplicate’, or ‘exact duplicate’ [9]. That is, data sparsity and
redundancy can negatively impact the model’s performance in its
generalization capability by skewing the model and introducing a bias.
This bias is also known as data leakage [9,10].

An automated data acquisition method for SBRTC of recyclable waste
streams using sensor fusion offers the possibility of overcoming these
limitations, i.e., avoiding acquisition gaps and redundancies.
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Prior research has already demonstrated the suitability of rotary
encoders and various sensor types. While in the automotive and
manufacturing industries, rotary encoders are used to measure the
movement of conveyor belts accurately [11], an optical encoder was
used by [12] to start the acquisition of a line scan camera once the
conveyor belt reached a stable velocity for the reconstruction of a
3D material transportation status. Another study demonstrated the
calculation of the object length on a conveyor belt as it passes the
scanline of a LiDAR camera [13]. Furthermore, the combination of
RGB and magnetic sensors allows the determination of the rotational
movements while utilizing an endoscopic capsule robot [14]. To deal
with overlapping images, another study demonstrated a static acquisi-
tion method for scrap, where five frames per second were saved [15].
Moreover, rotary encoders allow high reliability and accuracy by
converting a rotary motion into a digital or analog signal comprising
several pulses per revolution [11]. However, using rotary encoders
with RGB area cameras for data acquisition, i.e., preventing duplicate
particle occurrences in the dataset by synchronizing camera acqui-
sition framerate and conveyor belt speed, seems largely unexplored
in literature. That is, sensor-based systems using optical sensors in
combination with a rotary encoder and object tracking represents a
relatively unsophisticated technology, thus offering untapped potential
to improve dataset creation. For this reason, this study aims at
improving the data quality of a data acquisition process by exploring
methods to address spatial redundancies in consecutive frames and
accurately determine ground truth data (i.e., true particle values) of
real-time video sequences. To this end, we address the following
research questions:

¢ RQI1: What is the impact of data acquisition without rotary en-
coder and how can spatial redundancies be prevented using a
rotary encoder in order to improve data quality?

* RQ2: To which extent is it possible to determine the ground truth
data of video sequences in real-time?
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2 Materials and Method

In this study, two approaches are investigated: Approach I compares
two methods to overcome the issue of spatial and temporal correlation.
For approach 11, object tracking is leveraged to determine the dataset’s
ground truth.

2.1 Acquisition principles

The experimental setup for data acquisition comprises several key com-
ponents, as shown in Fig. 1: An industrial RGB camera (GV-77Q5WP-
C-HQ) (a) with a resolution of 4500 by 4500 pixels, a pixel size of 3.2
pm and a color depth of 12-bit to extract color features from a 2D im-
age with a framerate of 42 frames per second (FPS) at full resolution.
This results in 0.089 mm per pixel with a recording area of 370.3 mm
by 370.3 mm, which is illuminated by a diffuse illumination chamber
(Planistar 60-60-Sled-3-VAD-19w-O, 5700K) (b). Images were taken by
triggering a rotary sensor (MSK320) (c), which has a maximum an-
gle resolution of 0.006 °. Additionally, a rotary encoder (MR320) (d)
is mounted at the motor shaft, which sends up to 2000 impulses per
revolution on a single signal line(SIKO Global 2024). Afterwards, an
Arduino Nano v3 (e) receives data, which is transmitted to an indus-
trial workstation (f). Processing the received data in (e) requires the
circumference of a circle, which includes the radius of the motor shaft
(60 mm) and the thickness of the belt (1.8 mm). Following, the total
distance moved by the rotary encoder is compared with the total frame
length of the recording area (y-axis). Once the rotary encoder has been
moved to 370.3 mm, the total distance is set to zero, and the current im-
age is saved. Otherwise, the distance travelled by each impulse is accu-
mulated until the total distance is reached. Consequently, the recording
software requests a periodic update from the Arduino Nano v3, repeat-
ing the acquisition process until the conveyor belt speed reaches zero.

2.2 Experiment I: Spatial and temporal correlation (RQ1)

Extracting frames from a video sequence requires addressing the chal-
lenge of spatial and temporal correlation. According to [16], spatial and
temporal correlation is fundamental to analyzing object movement in
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(i) KNN
@) (ii) KF
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Figure 1: General structure of the experimental setup: (a) rgb camera, (b) illumination
chamber, (c) rotary sensor, (d) rotary encoder, (e) Arduino Nano v3, f) indus-
trial workstation and (i) K-Nearest Neighbor (KNN) background subtraction,
(ii) Kalman Filter (KF), (iii) Hungarian Maximum Matching (HMM).

Frame 1 (t1) Frame 2 (t2) Frame 3 (t3)

y

Figure 2: Consecutive frames over time (t,) of a video sequence with particles in t; =’
red’, ty =" blue', t3 =' green’.

a video sequence as objects change their positions dynamically. In this
context, the spatial correlation is used to describe the location of objects
within a single frame. In contrast, the temporal correlation describes
the relationship between consecutive frames in a video sequence. As
shown in Fig. 2, the position of the objects ‘red’, ‘green, and ‘blue’
changes over time across consecutive frames.

As discussed in Section 1, one method for extracting frames from
a video sequence is to select the sixth frame (static), while another
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approach involves using an encoder (dynamic). For this reason, three
speed levels were initialized at 39 FPS, ie. 0.17%, 0.15% and 0.24%
(see Table 1), whereby the speed interval was set in incremental steps.
The time interval tyee for the static method is a fixed time interval
that remains constant at different speed levels. It was calculated using
an r.p.m. counter (PCE-DT 66) and the frame length of 370.3 mm.
Each n-frame (fyoe) was captured, e.g. a frame was extracted after
3.7 seconds at 0.1%, which equates to one image being captured every
144.42 frames. Using an encoder involves the dynamic time interval
twe, which varies at different speed levels or intervals. That is, every
frame (fye) is extracted depending on the conveyor belt’s speed.

Speed Level Speed Interval Time Interval Frame Interval
[Z] [Z] twoe twe fwoe fwe
0.10 0.10 3.70s 370s 144.42 144.42
0.10 0.15 3.70 s 247 s 144.42 96.28
0.10 0.24 3.70s 1.54 s 144.42 60.17
0.15 0.10 2.47 s 370 s 96.28 144.42
0.15 0.15 2.47s 247 s 96.28 96.28
0.15 0.24 2.47s 1.54 s 96.28 60.17
0.24 0.10 1.54 s 3.70 s 60.17 144.42
0.24 0.15 154 s 247 s 60.17 96.28
0.24 0.24 154s 1.54s 60.17 60.17

Table 1: Speed levels and intervals at 39 FPS with the corresponding time interval
(twoestwe) and frame interval (fuwoe; fuwe)-

To evaluate the acquisition performance, 50 particles (1,) were
recorded at pre-defined speed and time intervals. Afterwards, the to-
tal number of particles (c,) within the recorded images was manually
counted to calculate the mean relative acquisition error (MRAE), which
can be denoted as Eq. (1):

1 & iy —cpl
MRAE(n,¢) = + ) % €]
p=1 4

Where N is the number of the speed intervals.
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2.3 Experiment Il: Object tracking

In order to acquire ground truth particles at different speed levels (see
Table 2) from a monolayer input stream, object tracking was utilized
by leveraging three distinct algorithms, including KNN, KF and HMM
(see Fig. 1) : (1) KNN is a pixel-level background subtraction method
that determines the background by analysing the nearest neighbours
in a pixel’s “short-term-long-term” history [17]. In other words, the
number of frames (or pixel values) used to model the background is
determined by the history of the model (i). The model’s sensitivity to
changes is controlled by the Dist2Threshold (ii). Both parameters were
set to 60 (i) and depending on the speed level: 200, 300, 320, and 340,
respectively (ii). (2) KF is a statistical method for estimating the future
position of an object based on its previous and current position, includ-
ing both process noise covariance (PNC) (i) and measurement noise
covariance (MNC) (ii). While (i) quantifies the degree of uncertainty
associated with the behaviour and movements of the tracked object,
(ii) represents the uncertainty inherent in the observations, capturing
the inaccuracies and noise present in the measurement process [18].
In enhancing KF’s responsiveness to changes at higher speed levels,
(i) a scaling factor of 0.9 was set using a 4x4 matrix. Furthermore, a
2x2 matrix with a scaling factor of 0.5 and 0.3, respectively (ii), was
defined to prevent missing changes in fast-moving objects. (3) In or-
der to overcome the assignment problem in consecutive frames, HMM
leverages inputs from (1) and (2) by calculating a cost matrix with a
maximum distance of 70, thus assigning unique identifiers to each of
the objects [19].

3 Results and Discussion

3.1 Experiment I: Spatial and temporal correlation (RQ1)

The data acquisition process could achieve a mean relative acquisition
error of 27.3% at 0.1 %, 24.7% at 0.15 %, and 66% at 0.24 . Further-
more, the relative acquisition error at 0.1 %, at 0.15 % and 0.24 Z is
zero, as the acquisition rate relates to the conveyor belt speed. An in-
crease in conveyor belt speed from 0.1 % to 0.15 % and 0.24 ©* with the
same acquisition rate results in a relative acquisition error of 34% (48%).
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Speed Speed KF KNN HMM
level interval

. Dist2 max
L % ] L % ] PNC MNC History Threshold Distance
0.10 0.10 I1(4x4)-09 I(2x2)-05 60 320 70
0.10 0.15 I(4x4)-09 I(2x2)-05 60 300 70
0.10 0.24 I1(4x4)-09 1(2x2)-05 60 320 70
0.15 0.10 I(4x4)-09 1(2x2)-03 60 340 70
0.15 0.15 I(4x4)-09 1(2x2)-03 60 340 70
0.15 0.24 I(4x4)-09 1(2x2)-03 60 340 70
0.24 0.10 1(4x4)-09 I(2x2)-03 60 200 70
0.24 0.15 1(4%x4)-09 I1(2x2)-03 60 200 70
0.24 0.24 I(4x4)-09 1(2x2)-03 60 200 70

Table 2: Object tracking parameters for (i) KF, (ii) KNN and (iii) HMM based on speed
levels and intervals.

Starting with a speed level of 0.15 % while decreasing (increasing) the
conveyor belt speed to 0.1 % (0.24 ') leads to a relative acquisition
error of 38% (36%). The relative acquisition error at the speed level of
0.24 % is 64% when the speed is decreased to 0.15 % and 134% when
it is decreased further to 0.1 % As shown in Figure 3a, the number of
particles counted at a speed level of 0.24 %, with a speed interval of
0.1 %,1is 117. That is, the acquisition rate depends on the conveyor belt
speed, which remains constant at this specific speed level and interval.
Furthermore, an increase in the conveyor belt speed at a constant ac-
quisition rate, for example, from 0.1 to 0.24 %, results in 48% of the
particles being missed, whereas a decrease in the conveyor belt speed
from 0.24 to 0.1 & results in more than double the number of parti-
cles. Consequently, this demonstrates that pre-defined time intervals
probably do not enhance model performance, even when employing
the best deep-learning models. In contrast, the use of a rotary encoder
couples the temporal component to the conveyor belt speed, resulting
in a relative acquisition error of zero for each speed level. That is,
the spatial correlation shows neither redundant nor missing particles,
whereas edge cases cannot be avoided, as there are 1 at 0.1 % and 1 at
0.24 . Nevertheless, this enables precise control of the data acquisition
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Figure 3: Acquisition without encoder using time intervals (a) Manual counted vs.
tracked particles in consecutive frames and (b) redundant and missed parti-
cles with edge cases at different speed levels: 0.1%, 0.15% and 0.24%.

system through automated fine-tuning of the acquisition rate based on
the conveyor belt speed. This ensures data integrity of datasets used
for deep-learning models, thereby helping to create datasets that are
free from bias and noise.

3.2 Experiment II: Object tracking (RQ2)

Additionally, object tracking provides the capability to count particles
in consecutive frames within the acquisition system, independently of
whether it is controlled by a rotary encoder. Consequently, the combi-
nation of KF, KNN, HMM and a rotary encoder ensures the real-time
creation of datasets with ground truth information, achieving a count
accuracy of almost 100%. As shown in Fig 3.a, the system can track
particles with a deviation of + 1 particles (=total tracked) of the total
ground truth. This dual capability serves to reduce labor time and en-
hance the validation of the data acquired by using knowledge of the
ground truth to address class imbalance in classification problems. It
also enables targeted strategies to effectively balance different classes.
However, increasing the conveyor belt speed above 0.24 % requires en-
hancing the responsiveness of the KF to changes by increasing the PNC.
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b)

Figure 4: a) object tracking: unique identifiers for each particle by b) extracting particles
from background using background subtraction.

Consequently, a reduction in MNC is essential to prevent the system
from missing rapid changes. As shown in Fig. 4, background sub-
traction allows particles to be separated from the background. In this
context, a lower Dist2Threshold provides the capability to track fast-
moving objects, while the history remains resilient to higher conveyor
belt speeds (see Table 2).

4 Conclusion and Outlook

In this study, an automated data acquisition method for dataset cre-
ation was investigated by leveraging two approaches. The first ap-
proach allows for addressing the issue of temporal and spatial correla-
tion to deal with data sparsity and redundancy by avoiding noisy and
biased data. The mean relative acquisition error was observed to be
27.3% at 0.1 %, 24.7% at 0.15 %, and 66% at 0.24 ©* when extracting
frames using a predefined time interval. In contrast, employing a ro-
tary encoder achieved an impressive accuracy of 100%. On the other
hand, object tracking can track particles in real-time to determine the
dataset’s ground truth with an accuracy of 99% + 1% to allow for en-
hanced data validation by leveraging ground truth knowledge to tackle
class imbalance in classification problems, ultimately leading to more
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reliable and robust deep-learning models. It remains to be seen how
performance changes at higher speed levels. Furthermore, a data ac-
quisition system that considers dynamic temporal correlation has the
potential to enhance the data quality of high resolution RGB area im-
age datasets, thus allowing for higher generalization capabilities as
a trained model does not memorize duplicated objects (i.e., skewing
the model). Consequently, the capacity for more effective material as-
sessment is enabled for sensor-based real-time characterization while
reducing labor time and biased training, testing, and validation data
during pre-processing. Further research is recommended to explore
the effects of higher conveyor belt speeds, which is necessary for scal-
ing up to technical or industrial scale aimed at acquiring novel datasets
from various recyclable waste streams. Additionally, decoupling of the
conveyor belt speed from a rotary encoder could enable the design of
an RGB-based speed measurement system for flexible integration in
industrial applications.
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Abstract In recent years, the demand for efficient and accu-
rate sorting solutions across various industries has surged due
to the need for enhanced material recovery and sustainability.
Sensor-based sorting systems have emerged as pivotal technolo-
gies. They employ visual inspection to ensure the precise classi-
fication and sorting of bulk materials. Several challenges hinder
the potential of deep learning models in industrial systems for
image data analysis in complex sorting tasks. Due to different
hardware, traditional static deep learning models often fail to
handle the dynamic requirements of varying material through-
put and execution times, leading to inefficient sorting accuracy.
This paper investigates the integration of adaptive architectures
for semantic segmentation. These architectures dynamically ad-
just their computation pathways based on input complexity, op-
timizing performance and resource utilization. Implementing an
architecture with early exit mechanisms improved accuracy, en-
abling sorting decisions regardless of hardware limitations. Ex-
perimental validation using real-world data from sorting plants
demonstrates adaptive models” practical applicability and bene-
fits for sensor-based sorting systems.

Keywords Adaptive architectures, semantic segmentation,
sensor-based sorting, early-exit mechanisms
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1 Introduction

Sensor-based sorting is a real-time application in the field of machine
vision. Corresponding systems provide solutions for separating single
particles from a material stream and are used in various industries such
as recycling, food processing, and waste management [1].

The functional principle of a common kind of sensor-based sorting
systems is as follows. Bulk material particles are transported on a con-
veyor belt. After being discharged from the belt, they pass through an
inspection line and are detected by imaging sensors. The recorded data
is analyzed to make sorting decisions for the physical separation of
different material classes. Individually activated, fast-switching pneu-
matic valves, arranged orthogonally to the main transport direction of
the conveyor belt, are used to eject individual objects. Assuming a con-
stant speed of the bulk material due to conveyor belt transport, a fixed
delay time between detection and ejection can be established, resulting
in real-time requirements to initiate physical separation promptly [2].

1.1 Motivation

A crucial subsystem of sensor-based sorting systems is the visual in-
spection unit. For sorting tasks based on color and shape, color sensors
are used. In this case, the aim of data evaluation is semantic segmenta-
tion, typically by assigning each pixel to a specific material class. How-
ever, in demanding sorting tasks with complex materials with similar
optical properties, this is challenging.

Particularly in the area of image analysis, significant progress has
been made thanks to innovative processes from the field of deep learn-
ing [3,4]. Yet, sensor-based sorting systems face various challenges
that require different aspects of adaptability from the neural networks
employed that can be summarized as:

¢ Varying material throughput and load
* Varying hardware and execution times
e Wasteful computations on simple inputs

A particular challenge for the use of deep learning models in sensor-
based sorting systems is the long execution time [5]. Generally, the
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timing constraints depend on the distance between the sensor and the
ejection unit. In addition, the model inference on a graphics process-
ing unit (GPU) is subject to time jitter. The deployment of a deep
learning model is therefore difficult, as not only the time constraints
can change, but also the execution time due to the different hardware
used. In standard neural networks, the execution time remains rela-
tively constant due to static inference, where the compiotational graph
and parameters remain fixed after training.

This leads to the concept of adaptive networks, which can adapt their
structure or parameters to the input during inference. An adaptive
network is often realized using early-exit architectures, where inter-
mediate exits are placed within the neural network. These intermedi-
ate results can be utilized at different points during inference, and in-
creasing computation time yields more accurate results. When used in
sensor-based sorting, adaptive networks have the advantage that sort-
ing decisions can be made regardless of hardware properties. The time
between inspection and ejection can be optimally utilized by making re-
sults more accurate through more complex, therefore time-consuming
evaluation, but still always reliably delivering timely results.

1.2 Contribution

This paper explores the use of adaptive architectures for semantic seg-
mentation of sensor data, emphasizing their potential to enhance the
use of deep learning models in sensor-based sorting systems. By using
adaptive networks that adapt their structure depending on the situ-
ation, these architectures promise improved accuracy, flexibility, and
robustness. They offer a significant advantage by optimizing the time
between material inspection and rejection, ensuring timely and precise
sorting decisions regardless of hardware limitations.

1.3 Related Work

A deep neural network (DNN) can be formulated as a function y =
f(x) = fr(fi—1(... fi(x)), where x is the input data, L is the number
of layers in the DNN and f; is the differentiable operator at layer i. The
output of a layer i can be denoted as h; = f;(h;_1), where h; 1 is the
output of the previous layer i — 1.
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To convert a DNN to an early-exit architecture, an early-exit branch
cp(hy) = yp is placed at every selected branch location b € B C
{1,...,L}. ¢ can be an intermediate classifier or regressor, produc-
ing the early result y,. We call the original network f(x) the backbone.

Early works for early exits were introduced in classification tasks
[6-8]. Later, the idea was further developed and improved. Depending
on the goal required, the quality of the decision, the speed of the deci-
sion, or both were improved [9]. The field of application has also been
extended to various other areas. For example, NLP [10-12] and image
segmentation [13-17] have been investigated using this technique.

For image segmentation, MLSNet [14] implements an early exit
mechanism by incorporating a hierarchically connected decoder with
ResNet [18] as the backbone and multiple classifiers at different layers.
Experimental results in the complex Cityscapes [19] and BDD100K [20]
datasets, two datasets based on various street scene images with pixel-
level annotations, demonstrate that MLSNet surpassed the baseline
models in terms of both accuracy and inference speed.

On the other hand, ADP-C (Anytime Dense Prediction with Confi-
dence) [15] uses HRNet [21] as its backbone. When confidence is high
enough, further computation for pixels is minimized. Once a pixel
reaches sufficient confidence, its prediction is retained for subsequent
exits without additional processing. ADP-C shows better performance
on the Cityscapes dataset compared to the baseline.

The above works show that the networks were tested on well-known
benchmark datasets (Cityscapes, BDD100K, etc.). We want to extend
these ideas to real-world sorting system scenarios. In this work, we
show how we adjust the network architecture to fulfill the given task
and test the networks on real data.

2 Methods and Datasets

2.1 Datasets

Collecting real, labeled data from a sensor-based sorting system is ex-
pensive and challenging, and no large open datasets exist. Therefore,
the datasets used for training and validation in our study are generated
synthetically. Firstly, we record real data for the materials to be sorted
in the lab. Individual instances are then algorithmically cut out from
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actual recordings using basic image processing algorithms. Instances
are randomly selected, rotated, and arranged on a background. Using
this synthesis method, the labels required for training can be generated
automatically. The synthesized images contain complex situations, i.e.,
highly occupied images with numerous object overlaps [5]. For the
material types to be sorted, we select three groups, and each group
consists of two kinds of material: raisins and coffee beens, bricks and
sand-lime bricks, and peanuts and hibiscus, as shown in Figure 1. We
use real data captured from the device for testing, and the labels are
manually generated.

Original Image Original Image Original Image

Ground Truth Mask Ground Truth Mask Ground Truth Mask

(a) (b) (©)

Figure 1: Synthetically generated training dataset: (a) raisins and coffee beens, (b) bricks
and sand-lime bricks, (c) peanuts and hibiscus.

2.2 Adaptive Architectures

The difference between our datasets and the datasets of other domains
in the literature is their complexity. Our data sets usually consist of
very few classes, which means that the neural network supposed to
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make the decisions does not have to be as complex as in the literature.
We adapt the work from [14] by reducing the complexity. They use an
encoder-decoder structure for segmentation. We replaced the backbone
(encoder), originally consisting of a ResNet-18 [18], with a much nar-
rower backbone. Now, the backbone consists of only a few layers. We
further specify that the final architecture should have three exits. Every
exit can be seen as a decoder to fulfill the encoder-decoder structure.

In Figure 2, the backbone is marked with a blue box, and each exit’s
level is highlighted differently. The feature maps of each level are com-
puted sequentially, starting from level 1. The decoders consist of con-
volution layers with kernel size 3 x 3 followed by batch normalization,
a ReLU-activation, and max-pooling. For upsampling in the decoder,
bilinear interpolation is used, concatenated to the previous activations.
The stride indicates the feature map dimension ratio to the final out-
put resolution. The final classification is done by a 1 convolution to
produce the multiscale segmentation outputs.

We use FLOP (Floating-Point Operation) as a measurement of the
complexity of a neural network. FLOPs indicate how many floating-
point operations are needed to calculate the result of the neural net-
work to a given input. The advantage of FLOPs compared to a time
measurement is the independence of the underlying hardware. Our ar-
chitecture consists of two early exits (1 + 2) and the final exit (3) at the
End. The first exit needs 0.038G FLOPs to calculate the desired output.
The second exit needs 0.096G FLOPs, and the final (third) exit needs
0.18G FLOPs. In Table 1 you can see the difference in FLOPs of our
model compared to [14].

Table 1: Comparison of FLOPs between the established and adapted model architecture

in gigaflops.
Exit |New Model (FLOPs in G)|Old Model (FLOPs in G)
Exit 1 0.038 3.4
Exit 2 0.096 47
Exit 3 0.180 6.5
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Figure 2: Our adapted MLSNet with a smaller backbone. ,Conv”consists of a convolu-
tion operator with a kernel size of 3 x 3, followed by a batch normalization and
a ReLU.

3 Experimental Results

In order to better understand the results of our own model, we first
train and evaluate three established static architectures for semantic
segmentation on the three datasets. This is followed by training and
evaluation with the customized, own model. We trained all models
on an NVIDIA Tesla T4 GPU with a batch size of 16. We used the
ADAM optimizer [22] with a learning rate of 1072 and a weight loss of
1073 for further improvement. The PyTorch Lightning Framework was
used to streamline training and monitoring. In particular, we use the
mean intersection over union (mloU) as a metric for our evaluation’s
semantic segmentation accuracy. With the number of classes 7 and py
representing the number of pixels of class x, that are predicted to class
y, we can define mloU as

1y Pii
mlolU = — . . (€))]
n l; Y pij+ i pii— pi
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The achieved accuracy is analyzed at various exits. The correlation
between Accuracy and FLOPs, as a measure of possible interference
speed, is specifically considered.

3.1 Baseline Semantic Segmentation Models

Three established semantic segmentation models were trained on the
three described datasets to determine achievable segmentation accura-
cies. Especially regarding the fact that synthetic training data is used,
but testing is done with real, manually labelled data The results of the
mloU metric with FCN32s [23], U-Net [24], and SegNet [25] models
are shown in Table 2. U-Net is the largest model, with 45 GFLOPs,
and it achieves the highest mloU on the test data for all three datasets.
The other two models each performed slightly worse. The results on
the datasets also differ; the peanut/hibiscus dataset achieves very high
mloUs, over 90% in some cases. The brick/sand-lime brick data set
seems to be the most difficult. This may be due to a high degree of
similarity between the two classes, a high difference between training
and actual data, or synthetic errors in generating synthetic data.

Table 2: Class-level mloU (%) of baseline models (numbers in parentheses indicate
FLOPs) on various datasets.

Model Datasets
Raisins and Coffee|Bricks and Sand-Lime|Peanuts and Hibiscus
FCN32s (19G) 87.2 73.3 91.2
U-Net (45G) 90.1 85.4 95.1
SegNet (11G) 88.0 813 93.0

3.2 Early Exit Model

In the following, our own modified MLSNet was trained. All three
early exists were trained simultaneously, and the model was then an-
alyzed based on its performance on the test data. Particular attention
is paid to the discrepancy between the different outputs. The results
can be found in Table 3. FLOPs also provide the number of required
computing operations and thus an estimate of the runtime.
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Raisins & Bricks & Peanuts &
Coffee Beans Sand-lime Bricks Hibiscus

Original Image

Groundtruth

Exit 1

Exit 2

Exit 3

Figure 3: Comparison of the visual quality of the results of the different exits of our
model for the three datasets.

Firstly, we look at the performance achieved at different points in
time at the various outputs of the models. As expected, the Exit 3
output has the highest segmentation accuracy on all datasets. The
achieved mloUs are slightly lower than the performance of the base-
line models, but this can be explained by the significantly smaller size
of the architecture due to the lower depth and frequency of the con-
volutional layers. While the Exit 3 output has 0.18 GFLOPs, the U-Net
has 45 GFLOPs.
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In addition, increased segmentation performance can be seen with
increasing output. The difference between the first and last exit is in
the range of A7%. However, the FLOPs of the two exits have already
more than quadrupled (factor 4.7).

The visual observation of the sorting results at the three exits in Fig-
ure 3 shows the improvement in segmentation performance. However,
it can be argued that sorting would already be possible with the result
at Exit 1 output in a sensor-based sorting scenario.

Table 3: Exit-level mIoU (%) of the i-th exit classifier (numbers in parentheses indicate
FLOPs) of our Model on various datasets.

Model Datasets
Raisins and Coffee|Bricks and Sand-Lime|Peanuts and Hibiscus
Exit 1 (0.038G) 80.6 76.8 78.0
Exit 2 (0.096G) 85.1 80.0 91.5
Exit 3 (0.18G) 87.6 82.9 93.5

3.3 Training Strategy Evaluation

For a better understanding of the model architecture, the existing
model was split into three individual models, each of which was re-
duced to just one of the three outputs. The three models were then
trained separately to enable a comparison between the separate and
end-to-end training of the mixed model. The results in Table 4 show
that the combined model with all exits together performs better than
the results obtained at the same exit of the individual model. The pre-
vious exits can therefore benefit from the later layers and exits during
training and enable better generalization. This behavior fits the known
phenomenon called Knowledge Distillation [26]. As a result, the model is
not only more flexible in use but also performs better than individual
models of the same size that have been specifically customized.

4 Conclusion and Future Work

This paper shows how early-exiting neural networks as adaptive archi-
tecture can perform on sensor-based sorting systems. Such techniques
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Table 4: Exit-level mlIoU (%) of the i-th exit classifier using separate training strategies
(numbers in parentheses indicate FLOPs).

Model Datasets
Raisins and Coffee|Bricks and Sand-Lime|Peanuts and Hibiscus
Exit 1 (0.038G) 72.3 714 77.9
Exit 2 (0.096G) 84.5 79.4 90.9
Exit 3 (0.18G) 87.3 80.8 93.0

offer advantages in accuracy and the ability to adjust resource needs.
Furthermore, with later exits, earlier exits can profit in training such
that these exits can outperform networks with similar FLOPs without
early exits. Due to this, training a big network with an early exit has to
be considered, even if the big network can’t be used in production.

In the future, we are eager to investigate more neural architectures
and datasets. We also want to prove this technique in production with
a real sorting system.
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Abstract Research on autonomous waste detection is primar-
ily focused on conveyor belt systems. Large objects are typi-
cally shredded to fit within a conveyor belt system. This work
investigates material detection in bulky waste before it is pro-
cessed by shredders, as sorting large objects before shredding
has the potential to improve the recycling process. Multispec-
tral cameras are employed to capture high dynamic range im-
ages across the ultraviolet, visible, near-infrared, and shortwave
infrared spectra. Deep learning techniques are applied for pixel
classification and patch segmentation. We evaluate our approach
on a small laboratory dataset consisting of 17 images. The re-
sults demonstrate that the multispectral imaging approach out-
performs RGB-only imaging, achieving a 10% higher accuracy.
Furthermore, the study demonstrates that spectral and spatial
convolutions enhance the performance of material detection.

Keywords Bulky waste, material classification, multispectral
imaging, deep learning

1 Introduction

Recycling is a key factor for climate protection and resource conser-
vation [1]. Sorting discarded materials (e.g., plastics, wood, metal)
is mandatory for recycling waste. Continuous development is taking
place for conveyor belt-based sorting technologies, supported by ini-
tial robotic systems [2]. A wide variety of sensors are used in short
distances and under nearly constant environmental conditions.
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In contrast, bulky waste (Germany: approximately 2.5 million tons,
with a recycling quota of 56% [3]) is still sorted using manually oper-
ated heavy machinery or requires shredding to be processed by con-
veyor belt systems [4]. Effective automated processes for sorting bulky
waste must be developed to increase material recovery for recycling.

To detect materials in a heap of bulky waste, sensors need to capture
objects from a distance under overlapping and varying environmental
conditions (e.g., changing lighting conditions, dust clouds). In previous
work [5], we proposed an approach where an autonomous crane either
picks detectable objects or grabs regions with homogeneous materials
for automated bulky waste sorting.

This work focuses on material classification for autonomous bulky
waste sorting, presenting the following three contributions: (1) A small-
scale laboratory material classification dataset', (2) A comparison of
multispectral and RGB data for material classification?, (3) An evalua-
tion of the spectral and spatial multispectral image feature space?.

The remainder of this work is organized as follows: Section 2
presents the background and reviews related work. In Section 3, we
describe the used data and how the processing pipeline is built to clas-
sify materials, including tested neural network architectures. Section 4
presents evaluation scenarios and their results. We finish with a final
conclusion with discussion and future work in Section 5.

2 Background and Related Work

For bulky waste sorting, distinguishing different materials is essen-
tial for effective separation. Various techniques are employed on this
task. Near-infrared spectroscopy is used to differentiate materials from
household waste [6] and to identify plastics in bulky waste [7]. Al-
though both works demonstrate that materials are distinguishable by
their spectral reflectance, they are impractical for classifying materials
in a pile of coarse bulky waste. Scanning individual objects separately
would be too time-intensive for high-throughput sorting systems.

In applications where waste is sorted on conveyor belts, hyperspec-
tral and multispectral imaging techniques are utilized. For example,

1 Dataset: https://zenodo.org/records/14616139
2 Code: https://github.com/autosys-lab/msi_material_classification_ocm
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Serranti et al. [8] employ a hyperspectral near-infrared imaging system
to separate PE and PP plastics from construction waste, while Casao
et al. [9] use a combination of RGB and near- to short-wave-infrared
hyperspectral cameras to identify objects in waste streams.

Another approach for waste detection utilizes RGB images in com-
bination with deep learning algorithms [10]. These systems offer the
advantage of low-cost RGB imaging systems and pre-trained networks.
However, RGB imaging requires material detection based solely on the
objects color and shape, whereas multispectral and hyperspectral imag-
ing exploit the differing reflectance properties of materials across vari-
ous spectra. Material could sometimes be identified based on the object
(e.g., wooden pallet), but often objects can be made of various materi-
als. Moreover, objects in waste and recycling contexts are often dirty,
fragmented, or deformed, making them difficult to recognize.

Due to inconsistent lighting, contamination with dust and dirt, the
deformation of objects in recycling facilities, and the high dimension-
ality of multispectral imaging systems, deep learning algorithms are
applied for material classification instead of classical computer vision
approaches. Neural networks have been applied successfully in multi-
spectral remote sensing image classification [11,12]. The U-Net archi-
tecture is designed to classify all pixels in a given image patch [13], tak-
ing spatial features into account without the need of generating patches
for every pixel.

For material classification this work adapts and combines the U-Net
[13], SpectrumNet [12] architectures, and convolutions on the spectral
feature space [11].

3 Methods and Materials

In this section, the dataset and data acquisition are described, followed
by a description of the applied neural networks.
3.1 Dataset and Data Acquisition

For the acquisition of the multispectral images, we slightly adapted
the setup from [5]. Using different cameras for the ultraviolet, vi-
sual, near-infrared, and short-wave infrared spectra, bandpass filters
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are employed with filter wheels to record small partial spectra, which
are registered and then merged into a multispectral image. In contrast
to [5], only the first spectrum (190—1100 nm) is used with the ultra-
violet camera. In addition, an extra RGB camera is used and the in-
frared cut filter was removed from the camera for visual /near-infrared
camera. The complete multispectral image consists of 14 spectra from
190—1700 nm. To balance different lighting conditions, high dynamic
range images are taken with varying exposure times for each channel
and combined into a single image.

(a) The multispectral image consists of 14 (b) Pixel level label mask with the follow-
channels spanning the visible, short- ing color coding;:

wave infrared, and ultraviolet spectra. . plastic paper . wood

. metal, . textiles, minerals

Figure 1: Multispectral image captured in a laboratory setting with small bulky objects
(a) and the corresponding label mask (b).

The dataset (see Fig. 1) comprises 17 laboratory multispectral scenes,
with 14 training and 3 validation scenes. Lighting is applied from var-
ious directions, and every object in the test dataset appears one to five
times in the training dataset. In our laboratory setup, the multispectral
scenes are captured from a distance of approximately two meters.

Six material classes are included in the dataset: metal, wood, plastic,
minerals, textiles, and paper. Deep learning networks are tested for
the classification of single-pixel vectors and the segmentation of multi-
spectral scene patches. Due to the fact that the material properties are
unknown for many objects (e.g., small fragments, heavy contamina-
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tion), not all pixels in an image are labeled. For pixel-vector classifica-
tion, labeled pixel-vectors are extracted from the multispectral scenes.
For segmentation, the multispectral scenes and label masks are divided
into patches, while only patches containing at least one labeled pixel
are considered for training and validation. To obtain a representative
validation dataset, the images with the most labeled objects are chosen
for validation. The chosen validation data results in a 7M/1M train-
validation split for pixel classification and a 32k/4k train-validation
split for patch segmentation.

3.2 Network Architectures

To evaluate the importance of spectral and spatial features, various
network architectures are implemented and tested. Spectral-Conv is
used as a pixel classifier to evaluate convolutions on the spectral fea-
tures. Spectrum-UNet is implemented as a patch segmentation net-
work to assess spatial convolutions, and 3DSpectrum-UNet is em-
ployed to test a combination of spatial and spectral convolutions.

Spectral-Conv: The network

Table 1: Network architecture for pixel clas-  (Table 1) classifies each pixel vec-

sifier with spectral co?rtolut.lon/s tor separately. Features are ex-
ilter-size .

tracted by three convolutional

layer name output size

stride A

input Tax1 layers and two pooling layers.
Conv 14x128  3/1 The classifier consists of a global
Max-Pool 7x128 2/2 pooling layer and a fully con-
Conv 7x128 3/1 .

Max-Pool 4x128 2/2 nected layer. All convolutional
Conv 4x256 3/1 layers are ReLU activated, while
Global-Max-Pool 256 the fully connected prediction

Fully Connected 6 layer uses softmax.

For the Spectrum-UNet the SpectrumNet [12] and UNet [13] archi-
tectures are combined. SpectrumNet was designed for multispectral
remote sensing image classification. It uses Spectrum Modules for fea-
ture extraction, each consisting of one bottleneck layer with 1x1 filters,
followed by two separate layers: one with 1x1 filters and one with 3x3
depthwise filters, both using the bottleneck layer as input.

UNet [13] is a neural network architecture originally designed for
semantic segmentation of medical images without the need to classify
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each pixel separately. UNet-like architectures typically consist of two
paths: one contracting and one expansive path. The contracting path
downsamples the input to learn high-level features, while the expan-
sive path upsamples the outputs to increase the resolution. Between
these two branches, skip connections are employed to localize high-

level features in higher-resolution layers.

Table 2: Detailed architecture of the Spectrum-UNet expansive path, where (x, y, z) rep-
resents a spectrum module with x bottleneck filters, y 1x1 convolutions, and z
3x3 depthwise convolutions. A modified SpectrumNet [12] (see Section 3.2) is

used as contraction path.

expansive path

layer name

input output size filters /stride

upsampling1
spectral9

spectrall0
upsamping?
spectralll
upsampling3

spectrall2
spectrall3
conv_pred

spectral8 6x6x512

upsamplingl 6x6x512 (64, 384, 128)/1
spectrald, ( 6x512 (64, 384, 128)/1
spectral7
spectrall0  12x12x512

upsamping2 12x12x256 (32,192, 64)/1
spectralll, ) o0x512

spectral3

upsampling3 20x20x96 (24, 74, 24)/1
spectrall2  18x18x96 (24, 74, 24)/1
spectrall3  16x16x6  3x3/1

Figure 2: Spectrum-UNet architecture: Patch segmentation with a combination of Spec-
trumNet [12] and UNet [13]. The network performs semantic segmentation on
multispectral patches (gray). The UNet-like network consists of Spectrum mod-
ules (orange), pooling layers (red), upsampling layers (blue), and convolutional

layers (yellow).

In comparison to the original SpectrumNet, 32 filters are used in
the first bottleneck layer instead of 16. This configuration performed
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better in previous experiments and could be explained by the number
of input channels, as this work uses 14, while the original work used
only 10 [12]. In comparison to the original UNet the first horizontal
skip connection is removed, as it contributed to overfitting in previous
experiments. For a detailed architecture, see Fig. 2 and Table 2.

To extract even more from the spectral features the 3D-Spectrum-
UNet incorporates 3D convolutions (see Fig. 3). In the last downsam-
pling block, three 3D convolutional layers are applied, each with 128
1x1x7 filters, followed by a 1x1x5 max-pooling layer with a stride of
1x1x5. The max-pooling layer is essential; otherwise, the 3D convolu-
tions would expand the feature space too much.

Figure 3: 3D-SpectrumUNet uses the Spectrum UNet architecture in combination with
3D convolutions in the lowest branch (purple), followed by an additional spec-
tral module to merge 3D and 2D features.

4 Experiments and Results

Experimental setups and results are discussed in this section. In all
experiments, the Adam optimizer is employed with a learning rate of
0.001. Each training session runs for a minimum of 40 epochs, after
which early stopping is applied, and training is halted if the validation
accuracy does not improve for ten consecutive epochs. Each training is
conducted ten times, and the average accuracy, along with the standard
deviation, is reported in the results.

1. RGB vs MSI: This experiment is conducted to evaluate whether
the complex multispectral setup is superior to a simpler and more cost-
effective RGB setup. For both setups, a Spectrum U-Net is trained for
patch segmentation, with both networks being identical except for the
input channels: one uses all multispectral channels, while the other
utilizes only the RGB channels.
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While the RGB-based network, with an accuracy of 51.5% and a stan-
dard deviation of 1.4%, still learns and performs better than random
classification, the inclusion of multispectral features results in a perfor-
mance gain of approximately 10%, with an accuracy of 62.1% and a
standard deviation of 2.8%. The experiment shows that multispectral
imaging is advantageous over RGB for material classification.

2. Learning Spectral and Spatial Features: Since multispectral imag-
ing is advantageous over RGB imaging for material segmentation (see
Section 4: RGB vs. MSI), an experiment is conducted to determine how
spectral features should be learned.

Two different network architectures are tested for pixel classification:
a multilayer perceptron (five fully connected layers: 512-128-64-32-6)
and the Spectral-Conv network (see Section 3.2). Two additional net-
works are evaluated for patch segmentation: the Spectrum-UNet and
the 3D-Spectrum-UNet (see Section 3.2). The Spectrum-UNet applies
only spatial convolutions, while the 3D-Spectrum-UNet applies both
spatial and spectral convolutions.

Table 3: The results show that patch segmentation outperforms pixel classification, and
spectral convolutions enhance pixel classification performance.

spectral-conv spatial-conv mean_acc std_dev

MLP no no 54.9 15
Spectral Conv yes no 56.9 1.6
SpectrumUNet  no yes 62.1 2.8
3DSpectrumUNet yes yes 63.9 2.8

The results (Table 3) show that both spectral and spatial convolutions
are beneficial for material classification. The impact of applying con-
volutions on the spectral feature space to enhance spatial convolution-
based networks is unclear, as the observed accuracy improvement is
smaller than the standard deviation.

3. Leave-One-Out Cross Validation: To test how much the re-
sults depend on the chosen train-validation split, the Spectrum-UNet
and 3D-Spectrum-UNet models are tested using leave-one-out cross-
validation. The 3DSpectrumUNet achieves an mean accuracy of 60.2%
and SpectrumUNet achieves 59.9%, but according to the standard de-
viation of 12%, the difference is not significant and thus their perfor-
mance can be regarded as equal. The two best and worst performing
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validation scenes are the same for both networks. Some objects occur
only once in the dataset and generalization to new material surfaces
seem to be challenging with our small dataset.

5 Conclusion and Outlook

This work investigates the classification of bulky waste before it is
shredded. Therefore, conveyor-belt systems cannot be used, and the
classification entirely depends on optical sensors. To gain enough sam-
ples from our 17-image dataset to train deep learning models, the im-
ages are divided into single pixel vectors (8 million) or patches of 24x24
pixels (36 thousand).

It is shown that multispectral imaging outperforms RGB imaging for
bulky waste classification. We also demonstrate that both spatial and
spectral features contribute to the classification accuracy. But further
experiments have to be made to test if a combination of both is superior
to only spatial convolutions. By applying convolutions on the spectral
and spatial feature spaces, an overall accuracy of about 63% is achieved
with only 14 training images.

In a real-world scenario, we anticipate lower accuracy with the same
number of labeled images due to more variable environmental condi-
tions. However, with a sufficiently representative dataset, classifying
recurring materials should be achievable. We are currently collecting a
significantly larger dataset in laboratory and field settings to check our
results with additional data and under more realistic conditions.
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Abstract With the increasing use of Al models in industrial pro-
cesses, comes the need for more training data. Further, material
packaging industry is an ever evolving sector, which makes the
task of the Al models used by post-consumer package sorting
facilities equally dynamic, rapidly outdating the training data,
and requiring the generation of new expensive datasets. We pro-
pose to apply continual learning in combination with the Arti-
ficial Neural Twin (ANT), to continually train models without
generating new data manually. We initially train with a small
dataset, then, apply Orthogonal Weight Modification with train-
ing stimuli from quality control measurements collected by the
ANT, and poof through experiments that this can replace the
expensive process of dataset generation.

Keywords Continual learning, artificial neural twin, process op-
timization, backpropagation, orthogonal weight modification

1 Introduction

With rise in use of Artificial Intelligence (AI) models in material charac-
terization, comes the need for datasets suitable for training such mod-
els. The publicly available data generally consist only on RGB images,
that are not useful for material characterization, where AI models need
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to be trained to perform the task of sorting different types of materi-
als (i.e. sorting post consumer packaging, in terms of metallic, non-
metallic, or in terms of plastic class: PET, HDPE, LDPE, PP, and PS).
Generation of this data is expensive, and generally kept private after-
wards [1].

Once trained, the model performs accurately at a specific set of tasks.
Extending this set for new tasks (i.e. and extended set of material
classes) means generating new datasets that involve both old and new
tasks which translates into increased expenses, or, generating datasets
only for the new tasks which despite less, is still expensive. This is
particularly true for recycling plants, where one of the key operations
is material classification, and Al models are expected to perform this
task effectively. The recycling plant has no way to predict the new
materials that reach the market and thereafter their sorting processes,
compromising the accuracy of their models [2].

Re-training Al models on data generated only for the new task en-
ables classification of new materials, but its ability to perform old tasks
diminishes or in some cases can be completely overwritten, which is
known as catastrophic forgetting [3], which can be avoided using Con-
tinual Learning (CL) approaches. A novel decentral process optimiza-
tion approach, the Artificial Neural Twin (ANT) can be used to contin-
uously collect data (i.e. sensor readings, Quality Control QC) from the
industrial process, and propagate it to all the Al models associated to
that process [4], which targets the dataset generation problem. Then,
we will select the CL approaches applicable for the mentioned data,
and test the performance of this training stimuli in combination with
CL in a virtual sorting facility.

1.1 Continual Learning

Continual learning is an approach that in the last years has been in-
creasingly used for Al models to become adaptable to changing condi-
tions. It summarizes techniques for Al models to accumulate knowl-
edge about new tasks in an offline or online fashion, without losing the
previously acquired [5].

In offline CL, models are trained and tested outside the operation
loop with a dataset that include old and new tasks. With the accu-
mulation of new tasks this can become memory expensive, therefore
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approaches like the work presented by J. Liu et. al. [6], use generative
models that learn in an online fashion, to generate replay data repre-
senting old knowledge so that the model can learn from it offline.

Online CL, aim to resemble the human learning process [7].
Throughout life, our brains can acquire, refine, and transfer knowl-
edge, which allows us to interact better with our environment. Even
though, the source of learning information might still be in our sur-
roundings, we rarely revisit it once we’ve learned from it, which re-
sembles a learning process from a continuous stream of data [3]. In
online CL, training data is received in small batches that are accessible
only once. Therefore, the learning process must be efficient, so that
models can extract sufficient knowledge from the online data stream,
to perform new tasks effectively [8].

On the model’s side, to avoid catastrophic forgetting while training,
several CL approaches were developed, following two main strings:
regularization, and parameter isolation [6].

Regularization based approaches intent to dictate specific rules to
modify the model parameters, although this term traditionally has
been used to describe the influence of a penalization parameter intro-
duced in the loss function used for model training. It makes reference
to any modification to the training algorithm, made to influence the
parameter variations. Example techniques are Batch Normalization,
Dropout, Label smoothing, Weight minimization norm, as S. Gonzalez
et. al. [9] summarized.

Parameter insulation approaches propose model-architecture based
strategies that generally block either neurons or sub-trees in a neural
network structure. Knowledge for previous tasks is stored in these
blocked sections, avoiding catastrophic forgetting while the free sec-
tions learn the new tasks. However, since each task has a correspond-
ing network section, the model’s capacity is limited.

1.2 Artificial Neural Twin (ANT)

Inside the industrial production field, given the complex nature of the
tasks, the dynamicity of processes, and the diversity of the associated
datasets; the use of Al models in combination with CL techniques to
optimize such processes has proven to be effective [10]. Before ap-
plying Al-powered optimization, the process needs to be digitalized,
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which involves the insertion of sensors that feed information to a net-
work of process models that continuously learn how to better monitor
and control machinery [11]. The Artificial Neural Twin (ANT) is de-
veloped as an industrial digitalization interface, with which, operators
can create distributed systems of communicating and self-optimizing
process machines.

The ANT uses Al models and decentral data fusion to predict future
machine states using Model Predictive Control (MPC) principles [12],
then applies the concept of backpropagation (Generally used to train
artificial neural networks [13]) on the physically distributed machines
to optimize the production process. Backpropagation allows for deter-
mining local loss gradients at each digitalized process machine (ANT
node) [4]. Afterwards, the ANT nodes update their parameters through
gradient descent [14]. This means that loss gradients are the stimuli for
the process optimization. While this treats the problem of process op-
timization, we suggest that the ANT can similarly generate training
stimuli for CL.

2 Methods

As mentioned in the previous section the ANT allows for the creation of
self-organized distributed systems that apply differentiable data fusion
to estimate the state of each section of the system (ANT-node), and
through backpropagation and gradient descent optimize parameters of
the mentioned nodes.

2.1 ANT data propagation

Exactly as in an Artificial Neural Network (ANN), where neurons are
placed in their corresponding layers and connected to each other ac-
cording to the network structure; the ANT interprets the physical pro-
cess steps as nodes that are placed in their respective process stage, and
links them together accordingly.

During the training process of an ANN, input data is required to
infer an output, which is used to calculate loss gradients, that are back-
propagated through the network, and through gradient descent used
to optimize the network parameters while minimizing the loss func-
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tion. The ANT operates similarly, exchanging information between its
nodes to infer their corresponding states, then, loss gradients are cal-
culated in terms of the state estimates and backpropagated trough the
physical network to optimize ANT-node parameters.

The inference period of the ANT is similar to a decentral data fusion
scenario, here the ANT-nodes exchange information about their state as
shown in Figure 1, perform data fusion among the gathered informa-
tion, their parameter settings and previous state estimates, to update
their state estimate which is thereafter communicated to the network
again. An ANT-node state includes every information relevant for the
operation of a process section (i.e. machine parameters, material flow
data, maintenance data, etc.).

The data fusion problem conducted during inference period on each
ANT node can be expressed as the inference of a maximum a posteriori
(MAP) process state estimate, x3,,p. In a simplified form this MAP
estimate can be expressed as a nonlinear least squares problem,

X —
”post = XMAP —

4 r a2
LprMer* Lpf:ux,t
Lprocfproc (X*) Lproco
Lpred fpred (X*) Lpredo
— : * _
= argmin LpMpx* Lybp ’” )
LsMgx Lsbg
LM x* Laibe
i .. i L

where L are the whitening operators with respect to the covari-
ances I'g = (LTDLD)_l, M, are observation matrices used to project
concatenated state vectors into current state vectors, fo correspond to
the information packages present in a node (i.e.: fp/oc(x*) corresponds
to state estimates of process model, f,,.;(x*) to the prediction model;
here information from the linear observation models, sensors, parame-
ters, and communications can be included as well). A full description
of the data fusion process inside the ANT can be found in J. Emmert
et. al. work. [4]

During the backpropagation period, the ANT calculates gradients in
an arbitrary loss function and propagates them to each node as Figure
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1 depicts; then, inside the nodes they are used to tune machine param-
eters. The optimization step through backpropagation operates along
the data fusion graph and thus backpropagates through the data fu-
sion inference in Equation 1, which can be expressed in a differentiable
manner.

I(a,b)
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Figure 1: ANT info and backpropagation periods, where f; is the model of process stage
i set inside the ANT-node, with i € {1,2,...,n}, I(a,b) is the input material
flow, M;(a, b) is the output material flow, and M,, is the out‘put of process. gTL,
is the gradient with respect to the process-stage state x;, a is the gradient with
respect to the process-stage parameters p;, and is de gradlent with respect

to the model parameters w;

To control the alternation between the previously described two pe-
riods, the ANT uses a loss node. This node receives information from
others, as well as quality control (QC) measurements from the user.
This means that at any stage of the process, production recordings can
be performed and introduced into the digitalized process through the
loss node. There, loss functions are evaluated (i.e parameter optimiza-
tion loss, quality control loss) and gradients are calculated and back-
propagated.

2.2 CL approach selection

As shown in Figure 2, for each strategy several approaches have been
developed, where the most success was registered in the approaches
that combine several strategies [20]. Therefore, we sided towards one
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Figure 2: Binary tree for CL approach classification in terms of the type of strategy used.
Where: Rehearsal Methos (RM) [6], Learning Without forgetting (LwF) [15],
Less forgetting learning (LFL) [16], Diffusion model (DM) [17], Online Core-
set Selection (OCS) [18], Low Rank Approximation (LoRA) [19], Architectural
regularization (AR1) [20], Label Smoothing (LS) [9], Bayesian L2 regulariza-
tion (BL2R) [21], Orthogonal Weight Modification (OWM) [22], Parameter soft
masking (PSM) [23], Synaptic Intelligence (SI) [24].

of the online approaches with regularization (lower side of the tree).
Considering that architectural approaches require the inclusion of ad-
ditional model parameters where knowledge for every new task can be
saved, which leads to memory expensive models with limited number
of newly learnable tasks, we decided not to use an architectural ap-
proach. Parameter insulation approaches do not overcome the later
limitation of architectural approaches, but they do not expand the
memory requirements of the model, since their target is to use the
parameters already included in the model, to learn new tasks.

Inside this subset, we consider OWM algorithm has a data efficient
way to preserve old knowledge. During the model’s training, OWM
creates a subspace using generated loss gradients. These are then used
to determine a projector matrix P = I — A(ATA +al) "' AT where I is
the identity matrix, a is a small constant and A is the matrix formed
by the loss gradients generated during model’s training. This matrix
projects all incoming CL loss gradients into a subspace orthogonal to
the original training loss gradients, thus preserving the knowledge.

Once the projector P is calculated, the weight update during CL is
performed as follows AW = kPAWBE . Where, k is the learning rate,
and AWB? is the gradient generated for model training.

This approach assumes that most models are significantly underde-
termined, which translates on parameters available for learning new
tasks. Every new task will be learned in a subsection of these pa-
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rameters, which results in a limited number of tasks that a model can
potentially learn with this approach. Despite its limitations, this ap-
proach encloses, a clever manner of preserving old knowledge, gradi-
ent based learning which avoids storing input data, and a higher use
of full model’s capacity.

2.3 Experimental setup

As mentioned in the previous section, we chose OWM as CL algorithm.
For this, access to a continuous source of data was necessary, for which
we simulated a section of a bulk material recycling process. To do that,
we used the physics engine of Unity game development framework.

This controlled environment provides us with a material stream that
emulates the complexity of a real material sorting task. Inside the sim-
ulated process, we begin with a machine (“siever”) that sorts materials
by size (Small, Medium, Large), on each outlet, we placed conveyor
belts that emulate the delay between sorting machines, and after each
of them we placed magnetic sorters, which sort materials as metallic
and non-metallic (Flow diagram of this process in J. Emmert et. al. [4]).

For the process, seven different types of articles were simulated
(Metallic: cans and caps. Paper: cups, balls and newspapers. Plas-
tic: caps, and bottles), which travel inside the described environment.

The siever model combines, linear functions that describe the prob-
ability of an object exiting on one of the outlets, with a convolution of
past input time series and an impulse response that models the mixing
behavior inside the sieving drum. The magnetic sorters use a small
ANN as process model to link output and input mass flows, and the
flow sensors use a polynomial function i.e. y(x) = Y1 ; x; * w;, where
x; represent the number of articles of type i registered by a flow sensor
in a time step, and w; is the corresponding mass of the article .

The initial task of this model is set to learn the masses of all other
articles w; where i € {2,3,..,7}, except for the mass of metallic cans,
which were not present during this training period. Here the projector
P is learned as well. Then, we embed the model y(x) and its projector
into the ANT, and include the metallic cans in the controlled environ-
ment. During CL period, we feed the ANT system with mass flow
quality control measurements, which are used to calculate loss gradi-
ents that are later backpropagated to the flow sensor where they are

312



Continual learning with the ANT

used by our CL algorithm to learn the mass of the metallic cans, allo-
cating this knowledge in the previously unused model parameter w;.

In this simple example every step of the process can be directly seen
and evaluated. Afterwards we used the same setup for the ANN pro-
cess model of the magnetic sorters, where we initially trained on very
few samples that do not include cans material mass flows, resulting in
a low fidelity model predicting inaccurate mass flows. During CL this
model is expected to self improve on similar quality control measure-
ments.

3 Discussion
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Figure 3: (a) Material mass flows registered by the sensor during CL while record-
ing QC measurements (1 per min.). Non-metallic material flow exiting on
the non-metallic outlet (Mflow_outputTP_NFM), metallic material exiting the
non-metallic outlet (Mflow_outputFP_NFM), their corresponding ground truth
(GT), and the machine parameter (Magnet_distance), (b) sensor model param-
eters representing article masses.

As mentioned in the first experiment we apply OWM algorithm and
gradients from QC measurements, to a mass flow sensor. Figure 3 (a)
depicts how after 31 QC measurements (Vertical dashed green line)
the ANT process optimization converges to a magnet distance of about
10cm, at this point, the sensor CL has converged as well, registering
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mass flows similar to GT, with respective uncertainty values (shaded
areas in corresponding colors). Figure 3 (b) shows how convergence
is reached as the mass of a cola can is learned, converging to 0.0140kg
(dashed blue line) compared to the GT value 0.0149kg (dashed red
line). Knowledge preservation granted by OWM approach is visible in
the other parameters of the model, which remained constant (Straight
horizontal lines in Figure 3 (b)).
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Figure 4: Material mass flows registered in magnetic sorter during CL while recording
QC measurements (1 per min.). Non-metallic material flow exiting on the
non-metallic outlet (Mflow_outputTP_NFM), metallic material exiting the non-
metallic outlet (Mflow_outputFP_NFM) and their corresponding ground truth
(GT).

In second experiment, CL is applied to magnetic sorter model, while
sensors use fully converged static models. Figure 4 shows how OWM
influences the model and thereafter its mass flow predictions as the
number QC measurements increases, unfortunately the model did not
converge , probably due to an unsuitable ANN architecture for OWM.
Nevertheless, this and the previous experiment are proof of the ANT’s
capability to provide an environment for the implementation of CL
algorithms, and stimuli for AI models to learn new tasks through con-
tinual learning. Thereafter we positively consider that large Al models
can learn new tasks through CL in combination with the ANT; fac-
tors to consider are: larger initial training datasets, a dynamic learning
rate, different CL algorithms among others, which will be evaluated in
future research.
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Abstract Recycling textile fibers is critical to reducing the en-
vironmental impact of the textile industry. Hyperspectral near-
infrared (NIR) imaging combined with advanced deep learning
algorithms offers a promising solution for efficient fiber classi-
fication and sorting. In this study, we investigate supervised
and unsupervised deep learning models and test their gener-
alization capabilities on different textile structures. We show
that optimized convolutional neural networks (CNNs) and au-
toencoder networks achieve robust generalization under varying
conditions. These results highlight the potential of hyperspectral
imaging and deep learning to advance sustainable textile recy-
cling through accurate and robust classification.

Keywords Textile recycling, textile fibres, hyperspectral imag-
ing, near infrared spectroscopy, deep learning, one-dimensional
convolutional neural network, autoencoder, classification

1 Introduction

The textile industry is a major contributor to global pollution, mainly
due to its resource-intensive production processes and massive waste
generation. A significant amount of textiles are discarded each year,
even though they could be recycled. To counteract the negative effects,
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it is essential to improve textile recycling rates, as the European Union’s
guidelines require 100% of textile waste to be recycled by 2025. [1,2]

The hyperspectral near-infrared (NIR) imaging technology offers a
potential solution for efficient recycling strategies. By analyzing the
spectral signatures of different fibers — whether natural, artificial, or
synthetic — this technology can accurately classify textiles based on
their chemical composition. When combined with advanced classifi-
cation algorithms, it enables textile recognition and efficient sorting
of various textile types. [2-4] While standard machine learning ap-
proaches have been successfully applied to hyperspectral data [5] in
the past, deep learning (DL) methods typically outperform these stan-
dard methods, due to the high versatility inherent to DL models. Es-
pecially, DL models based on convolutional neural networks (CNNs),
have shown strong performance in previous work, demonstrating their
capacity for accurate classification and generalization. [6-8]

In this study, we investigate the application of DL algorithms for tex-
tile classification. We explore two key use cases. First, we focus on su-
pervised classification, where unseen textile samples are classified into
one of 12 pre-defined categories — including pure textile fibers such as
cotton, polyester, silk, wool, viscose, and nylon, cotton-polyester blends
in various mixing ratios as well as cotton-elastane and linen-polyester-
viscose blends. Second, we examine unsupervised classification, where
only data from a single textile category are available for training. In this
scenario, an autoencoder network is employed to identify normal and
anomalous data based on reconstruction performance, detecting tex-
tiles that deviate from the class norm. This method proves useful in
situations where not all potential textile classes are available for train-
ing, a common challenge in real-world applications.

To ensure realistic performance evaluation, we use test sets that differ
from the training sets in aspects such as color, weave and yarn thick-
ness, providing a more robust assessment of the model’s out-of-sample
performance and generalization. Our results demonstrate that opti-
mized convolutional neural networks (CNNs) and autoencoder net-
works achieve robust generalization under varying conditions, show-
casing the potential of combining hyperspectral imaging with deep
learning for automated textile sorting.
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2 Textile data, Acquisition and Preprocessing

Textile categorization:  First, we describe the textile data recorded in
this study and explain how they are categorized and summarized in
Table 1. Primarily, the textiles are categorized by their fiber type, which
represents the basic raw material of a textile. Fibers are divided into
natural, artificial and synthetic fibers. Natural fibers either come from
plants, such as cotton or linen, or from animals, such as wool or silk.
Artificial fibers are derived from materials of natural origin. However,
the production of yarn takes place through chemical transformation
(e.g. viscose from cellulose). Unlike the previous ones, synthetic fibers
(e.g. polyester) are produced by chemical synthesis. Combinations of
different fiber types are called blended fibers. Here, we aim to classify
textiles according to their fiber type, to facilitate the recycling of fibers.
In addition to the fiber type, the structure type or production type, pro-
vides information about the processing of the textile fibers into textile
end products. Fibers are spun into yarns, which are then processed into
woven or knitted fabrics, which can differ in yarn properties, thread
density, fabric type and other manufacturing techniques. There are
also non-woven fabrics that are made directly from fibers and not from
yarn. Fiber type and structure type together result in the textile type
(fiber type + structure type = textile type). Textile samples within a textile
type, i.e. a row in Table 1, differ purely in their coloring. This is also
illustrated in Figure 1 for different types of polyester.

Hyperspectral imaging: The textile samples were analyzed on a con-
veyor belt with a pushbroom hyperspectral camera (ImSpector N17E
spectograph [9] and a PhotonFocus camera [10]). This setup was used
to examine the spectrum between 990 nm and 1700 nm (400 channels).

Figure 1: Comparison of polyester structure types (Panne Velvet, Satin, Fleece).
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Table 1: Specification of textile data and assignment of objects to different data sets.
The objects are differentiated by their fiber- and structure-type. Each line cor-
responds to one textile-type, that can entail different colors. The first column
shows abbreviations used throughout the manuscript. D1 - D6 indicate the as-
signment of textiles to different data sets, that are studied in this paper. D1 is
used for training, validation, and testing of the supervised classification model.
D2 and D3 are used to evaluate the generalization and out-of-sample perfor-
mance of the supervised model, differing in color and structure, respectively.
Training of the unsupervised classification is performed on D4, and the perfor-
mance on pure textiles and blends is tested via D5 and D6, respectively.

Fiber Structure Sup. Cl. |Unsup. ClL.
Textile | Type % Type Nr.|D1|D2|D3|D4|D5| D6
C1]|Cotton (plant-based) 100 |Flag Fabric | 1 [45]15 60

C2|Cotton 100 | Twill 2 29 29

C3|Cotton 100 |Cord 3 22 22

C4|Cotton 100 |Canvas 4 32 32

C5|Cotton 100 | Cretonne 5 37 37
P1|Polyester (synthetic) 100  |Panne Velvet| 1 |37 |12 49
P2|Polyester 100  |Satin 2 22 22
P3| Polyester 100  |Fleece 3 47 47
S1]Silk (animal-based) 100 - 1111 2
S2|Silk 100 N 2 1 1
L1|Linen (plant-based) 100 |- 1131 4
N1|Nylon (synthetic) 100  |Organza 1111 4 15
W1|Wool (animal-based) 100 Walkloden 114114 55
V1| Viscose (artificial) 100 Voile 11289 37
VLP1 | Viscose/Linen/Polyester|40/30/30]- 1125|8 33
CP1 9:1 Cotton/Polyester 90/10 |Frottee 1119|6 25
CP1 8:2| Cotton/Polyester 80/20 |Sweatshirt 1]24|8 32
CP1 7:3| Cotton/Polyester 70/30 |Sweatshirt 113812 50
CE1|Cotton/Elastane 95/5 |Jersey 1162|21 83
CE2| Cotton/Elastane 95/5 |French Terry| 2 48 48

Dark textiles: It was found that black and dark-grey samples of textile
type C5 and dark-blue samples of textile type CP1 9:1 absorb almost
all radiation, thus providing no information about the fiber type in the
recorded reflection spectrum. These samples are excluded from the
dataset. This phenomenon is also mentioned in Ref. [2], where it is
attributed to the complete absorption of radiation by carbon pigments.
For all other dark-colored samples, this phenomenon was not observed.

Preprocessing: To mitigate the influence of the light source’s spectral
signature and the background reflection pattern, the measured inten-
sities are calibrated by subtracting the dark reference and normaliz-
ing with respect to the white reference. Furthermore, we apply Stan-
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dard Normal Variate (SNV) to remove baseline drift, followed by mean
smoothing (i.e. averaging 5x5 pixel into one spectrum) to reduce noise,
and apply a first derivative Savitzky-Golay-Filter to emphasize subtle
spectral features, ensuring improved data quality for subsequent anal-
ysis. The combination of SNV+Mean+SG showed the best performance
during hyperparameter optimization for both investigated scenarios.

3 Supervised Classification of Hyperspectral Textile Data

Datasets: For the supervised classification task, three datasets were
prepared to evaluate the model’s performance and generalization ca-
pabilities, as summarized in Table 1. We perform stratified splitting of
D1 (1300 spectra per class) into training (60%), validation (20%), and
test (20%) subsets. D2 consists of spectral data from textile samples ex-
hibiting visible color variations compared to D1. And D3 is composed
of spectral data from textiles differing in structural properties such as
yarn thickness, thread density, and weave pattern. This dataset design
enables a robust evaluation of model generalization under different
conditions of variability.

Model: The final model employs a one-dimensional convolutional
neural network optimized for hyperspectral data. The model is ob-
tained by variation of different hyperparameters, such as number of
layers, activation functions, normalization, and preprocessing. The fi-
nal architecture employs the (SNV+Mean+SG) preprocessing discussed
in Section 2, and an input layer size of 400, corresponding to the num-
ber of channels in the hyperspectral dataset. This is followed by two
1d-convolutional layers with ReLU activation function and a kernel size
of 5. The number of filters is set to 20 and 32 respectively. Then a fully
connected dense layer is used, with a batch normalization layer and
a dropout layer with rate 0.5, followed by a ReLU activation and a
12 class softmax output layer.

Training: The network is trained using the categorical cross-entropy
loss function and optimized with the Adam optimizer [11] with ini-
tial learning rate (LR) of 0.001, and a mini-batch size of 128. A LR-
scheduler is used to reduce the LR by a factor of 0.2 when the valida-
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tion loss failed to improve for five consecutive epochs. Early stopping
with a patience of seven epochs is employed to prevent overfitting.

Results: To assess the model’s performance, we compute pixel-based
accuracy (i.e. the fraction of correctly classified pixels across all sam-
ples) and object-based accuracy (determined by majority voting of clas-
sified pixels assigned to an object), and display the corresponding con-
fusion matrices in Figure 2. On the test set of D1 all samples are classi-
fied correctly. Also on D2 and D3 exceptional performance can be ob-
served, only with slight misclassification rates for some cotton blends
and structurally different cotton fibers for a pixel-based analysis. With
respect to an object-based analysis, however, perfect classification is ob-
served across all data sets, showing the exceptional generalization and
out-of-sample performance of this comparably simple model.

4 Unsupervised Classification Using Autoencoders

Datasets: For the unsupervised classification task, datasets are struc-
tured to evaluate the autoencoder’s ability to filter target textiles. As
test case, we choose cotton as target textile. We train the model on D4
(1300 spectra) of Table 1, with a stratified split into training (60%), val-
idation (20%), and test (20%) subsets. We test the detection capabilities
in D5, consisting of non-cotton textiles and different cotton blends, and
D6, comprised of cotton textiles, differing in structural properties, to
assess robustness.

Model: The final autoencoder model, designed for target textile de-
tection in hyperspectral data, is optimized through systematic hy-
perparameter variations, including the number of layers, activa-
tion functions, and units per layer. It employs preprocessing steps
(SNV+Mean+5G) discussed in Section 2. The input and output lay-
ers are fixed at size 400, i.e. the number of spectral channels. The
encoder compresses the input into a 20-dimensional latent space using
two fully connected layers with 100 units and ReLU activations. The
decoder mirrors the encoder, consisting of two layers with 100 units,
reconstructing the input via a linear activation in the final layer.
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Figure 2: Confusion matrices for supervised classification of pixel-based (left) and object-
based (right) analysis on D2 (top) and D3 (bottom). On the test set of D1 all
data are correctly classified. Also on D2 and D3 exceptional performance can
be observed, with slight misclassification rates for cotton blends or structurally
different cotton fibers. With respect to an object-based accuracy, however, all
textiles are classified correctly, despite the different structure and coloring.

Training: The autoencoder is trained to minimize the mean squared
error (MSE) between input and reconstructed data. The Adam opti-
mizer [11] is used for training with an initial LR of 0.001, and a mini-
batch size of 16. A LR-scheduler is used to reduce the LR by a factor
of 0.5 if the MSE does not improve over five consecutive epochs. Early
stopping, monitoring the MSE of the validation set, is implemented
with a patience of seven epochs to prevent overfitting.
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Results: To assess the model’s performance, we compute the recon-
struction error (RE) on the different data sets. The classification is based
on the observed RE value and the 95% quantile of the RE distribution
over D4. Samples with RE lower (higher) than this threshold value are
classified as cotton (non-cotton). The results are summarized in Fig-
ure 3, where the distribution of the RE over D4, D5 and D6 is shown,
and Table 2, where pixel- and object-based accuracies of the textiles are
listed. The autoencoder effectively identifies non-cotton textiles based
on reconstruction error, with significant separation observed for syn-
thetic fibers (e.g., polyester and nylon). Cotton-polyester blends exhib-
ited intermediate RE values, making them more challenging to classify
correctly. Structurally different cotton types from D6 show a wider RE
distribution than on the training set and only moderate generalization
is observed, leading to reduced accuracy.
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Figure 3: Distribution of reconstruction error (RE) for different textiles. The decision
threshold is based on the 95% quantile of the RE distribution over D4. Pure
textiles from D5 can be well distinguished and yield 100% recognition (bot-
tom), whereas cotton blends are much harder to distinguish and only reduced
recognition can be observed (upper left). The RE distribution of different cot-
ton types from D6 is much wider than on the training set and only moderate
generalization is observed, leading to reduced accuracy. The corresponding
pixel- and object-based accuracies are given in Table 2.
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Table 2: Pixel- and object-based accuracies (in %) of unsupervised textile classification.

CP1|CP1|CP1
P1|{S1|L1|N1{W1|V1|9: |8:2|73|CE1|{VLP1|P2|P3|S2|CE2|C2|C3|C4|C5

100{100{100{100({100{100| 90 | 98 |100| 90 | 100 {100|{100|{100| 41 |76|56|87 |77
100/100{100{100/100{100| 92 | 100 | 100|100 | 100 [100|100({100| 42 |86 |69 |86 |83

pX
obj

5 Conclusion and outlook

In this study, we investigated supervised and unsupervised deep learn-
ing models and their generalization capabilities. For this purpose, we
tested the performance of the developed models on data sets that differ
from the training sets in aspects such as color and textile structure.

The supervised classification approach showed exceptional perfor-
mance for hyperspectral textile data, achieving high in-sample and out-
of-sample accuracy. However, its success depends on the availability of
a representative and diverse dataset for different fiber types, which can
be challenging, due to limited availability of all relevant fibers.

In contrast, the unsupervised approach using autoencoders showed
lower performance but is less restrictive in terms of dataset require-
ments, as only one fiber type is needed for training. This makes
it a promising alternative for scenarios where comprehensive labeled
datasets are not available. Due to reduced performance on blends, this
technique is better suited for pre-sorting of different fibers.

Overall, the results highlight that even relatively simple mod-
els, when suitably optimized and combined with preprocessing, can
achieve robust classification and generalization performance. This pro-
vides a solid foundation for further advancements in automated textile
analysis and recycling applications.
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CNN-based copper reduction in shredded scrap
for enhanced electric arc furnace steelmaking
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Abstract This study explores the detection of copper-containing
particles in shredder fractions using Convolutional Neural Net-
works (CNNs). Twenty CNN architectures were evaluated for
prediction accuracy and inference latency. The best-performing
models were then evaluated in inline trials.

Keywords Metal recycling, CNN, computer vision

1 Introduction

The United Nations report on metal recycling defines the end-of-life
recycling rates (EOL-RR) for 60 metallic and metalloid elements [1]. It
highlights two key points: common metals like iron, copper, and zinc
have EOL-RRs slightly above 50%, and copper, in particular, requires
greater recycling efforts. Its inclusion in the EU’s Critical Raw Material
Act reflects growing demand driven by its essential role in the automo-
tive and energy sectors [2] [3] [4]. Besides securing the EU’s critical raw
materials, metal recycling requires less energy than virgin production,
e.g., up to 88% for copper. [5] [6].

Additionally, copper’s presence in the feedstock for steel scrap recy-
cling diminishes the mechanical properties of the recycled steel, thus
making it only suitable for the least taxing applications [7] [8].

The metallurgical properties of copper make this further problematic
as it cannot be metallurgically removed once in the melt as it neither
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moves into the slag phase nor into the gaseous phase during scrap
metal recycling in electronic arc furnaces [8] [9] [10].

Currently, copper removal from metal recycling feedstock is often
done manually, which is physically and mentally demanding, making
it difficult for recyclers to maintain a workforce. An alternative method
uses X-ray fluorescence (XRF), but its high cost impedes widespread
application. This article proposes a third method for detecting copper-
containing particles in post-shredder fractions. It introduces an inline
sorting technique using low-cost RGB sensors, offering reasonable ac-
curacy. The approach evaluates various publicly available CNN archi-
tectures and one-stage detectors, which have become more applicable
and mature for sorting tasks in waste management.

2 Materials and Method

2.1 Materials

As the presented sorting solution aims at replacing the manual sorting
step, the samples were collected between shredding and manual sort-
ing. This ensures that the training samples taken mimic the material
the classification system would encounter in-situ as closely as possi-
ble. The copper fraction in particular is highly heterogeneous, incorpo-
rating wires, pipes, copper meatballs, and electric motors in different
shapes and sizes. Thus, a high number of particles was necessary to
ensure that the training material is a good representation of the mate-
rial that is encountered after the shredding step. Before any recordings
of the particles were performed, the material was split into a training
set and a test set. This was done to prevent any data leakage and thus
avoid overfitting by ensuring that the models could be tested on unseen
particles. Figure 1 shows a collection of samples.

2.2 Applied Machine Learning Methods

Convolutional neural networks (CNN) were used for classification. In
total, 20 different CNN architectures were trained using the training
image dataset. In addition to these, one-stage detectors were evalu-
ated for their performance. For this, all available sizes of YOLOvS [11]
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Figure 1: Depiction of Sample Material

and YOLOv11 [12] were used and compared for their mean average
precision and their inference latency on a test set.

2.3 Sensor-Based Sorting Stand

The CNN stages of this work were performed on a sensor-based chute
sorting aggregate, mirroring industrial facilities in optical-based sort-
ing facilities. This setup and its working principle are shown in Figure
2. This sorting aggregate employs an AViiVA® SC2 CL Camera Link®
Color Linescan Camera for image acquisition. The connection to the
PC performing the classification was done with a Matrox Zebra Radi-
ent eV-CL frame grabber. The connection to the frame grabber and the
Color Linescan Camera was established via the GigeCam interface over
Ethernet.

2.4 Digital Waste Research Lab

For testing the one-stage detectors in this study, a conveyor belt was
acquired and integrated into the existing setup at the Digital Waste
Research Lab (DWRL). The belt is 80 cm wide and 500 cm long. A
camera bridge for mounting industrial cameras (Basler ACE Pro) and
lighting was installed on the conveyor. Figure 3 illustrates the technical
facilities used in this work.
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Figure 3: Depiction of Digital Waste Research Lab

2.5 CNNs
CNN Model Creation, Validation, and Comparison

Each of the 20 CNN architectures was trained on 2,200 images, with
30% reserved for validation. Validation was performed on a separate
set of unseen images to evaluate performance and prevent overfitting.
Performance on unseen data was further tested by classifying 600 im-
ages in an offline phase, recording accuracy, and inference latency. To
assess resilience to varying lighting during inline classification, 50 ad-
ditional unseen particles were tested in live trials, where they were
classified in situ as they were dropped onto the sorting chute.
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Classification Process

As CNNs are image classification methods and thus incapable of object
detection, the segmentation of individual objects in an image must be
performed before classification. The image processing and classifica-
tion steps shown in Figure 4 are described next: First, each recorded
frame[A] was preprocessed to increase the difference between back-
ground and objects [B]. From this, a binary mask was created [C].
Blob analysis was then performed on that mask, yielding the bound-
ing boxes of each object in the given frame. These bounding boxes
were used to crop the individual objects from the recorded frame. The
classification was then performed on these individual cropped objects
and the resulting confidence and inference results were recorded and
displayed [D].

I
o

Figure 4: Depiction of CNN Image Processing and Classification

2.6 One-stage detectors
Training of one-stage detectors

All sizes of YOLOv8 and YOLOv11 were initially trained on a training
set of images recorded on the DWRL conveyor belt. After training, each
variant was evaluated by inferring testing images with varying occupa-
tion densities of 5%, 10%, 25%, and 40%. For each density, 5 runs with
10 testing images each were classified, and the mean, maximum, and
minimum mAPf’/gi% were recorded. Based on the results of this initial
evaluation, the most accurate and fastest network was selected for fur-

ther training and evaluation. This further training constituted training
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for up to 10,000 epochs, with a learning rate of 0.001 and a classification
error weight of 7.5. These networks were then further tested on images
recorded at the DWRL.

Semi-Automatic Labelling Process

To streamline the labour-intensive process of creating and annotating
training images, a semi-automated workflow using a custom-built ap-
plication was employed. Figure 5 illustrates the workflow for generat-
ing the training images.

Single Object

YOLO v8 untrained Single Class
Images
& Result / Input

Initial Step

Automatic Annotation

Images with
.25 Annotated Dataset
increased

Complexity

Retrained YOLO Retraining

Figure 5: Workflow of semi-automatic labelling process

Initially, the one-stage detector annotated simple images containing a
single particle. At first, the classifier could only create bounding boxes
but misclassified the objects. These annotated images were manually
corrected and used to train the classifier. This process was repeated
with increasingly complex images until the model’s predictions were
sufficiently accurate for testing on the unseen dataset.
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3 Results

3.1 CNNs

The recorded metrics allow the evaluation of the tested network ar-
chitectures, with inline testing accuracies being particularly important
as they best reflect real-world applications. The results of the most
promising architectures are discussed below, with a full list of recorded
metrics available in Table 1. The primary criterion for selecting a suit-
able network is the desired accuracy for the sorting task, which dictates
the required architectural complexity and hardware. DenseNet-201, of-
fering the highest accuracy, is the best choice for precise predictions.
However, this comes with increased inference latency, taking twice as
long as its less accurate tested counterparts. If some accuracy compro-
mises are acceptable or if the classification must occur on limited hard-
ware, AlexNet is a viable option. However, AlexNet was hindered by
low confidence in its copper predictions. GoogleNet and MobileNetV2,
with similar accuracy ( 90%), lower inference latency than AlexNet,
and higher confidence in copper predictions, should also be consid-
ered when developing a sorting model.

Table 1: Results of best performing CNN architectures

Name Training Accuracy [%] Offline Test Accuracy[%] Inline Test Accuracy[%] Inference Latency(s]

Dense Net 100 94 98 0.0575
DarkNet-53 100 93.5 96 0.0984
VGG-16 100 93.16 96 0.1870
Inception-v3 100 89 94 0.0626
AlexNet 98 80.5 92 0.0275
NasNet-Large 100 85.6 92 0.6521
GoogleNet 98 90.8 90 0.0225
MobileNet-v2 100 82.5 90 0.0265
ResNet-101 100 80.2 90 0.0224

3.2 One Stage Detectors

The one-stage detectors of the YOLO family showed highly divergent
performance. Firstly, the inference time increases substantially with in-
creasing size of the architecture itself. This is not always proportional
to the increase in classification accuracy as shown in Figure 6. The most
accurate architecture was YOLOv8m, so a YOLO network of medium
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size. The fastest network was YOLOvS8n, which was the smallest ar-
chitecture of the YOLO detectors evaluated. After further training, the
YOLOv8m and YOLOv8n showed high mAPf’/gi% on images from the

testing set. Figure 6 shows the resulting mAP%%% for each tested YOLO

architecture after the initial training run and the resulting mAP>%,% for
YOLOv8n and YOLOv8m after extensive training.

mAP{~ % of different YOLO architectures mAPY3 ™ %° of different YOLO11 architectures

—$- YoLoviin

YoLov1ls
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Figure 6: Resulting mAP>%% for each tested YOLO architecture depending on occupa-
tion density

Figure 7 shows a classified image after classifying the objects with
YOLOvV8m. It can be seen that the model handles overlapping objects
reasonably well and is capable of handling relatively high occupation
densities. Unfortunately, it can also be seen that some objects, e.g. a
piece of wire, has not been recognised by the model while another
object, namely a piece of copper pipe, was misclassified. In this area,
the models still need further training. Specifically, objects that are only
partly visible usually result in a rather low prediction confidence score
and are thus excluded from the prediction.
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