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Rapid deep-learning-based optical measurement of printed linear
structures

Maxim Polomoshnov, Nowab Reza MD Ashif, Klaus-Martin Reichert, Aziza El Hariry,
Ulrich Gengenbach, Ingo Sieber and Markus Reischl

Institute for Automation and Applied Informatics, Karlsruhe Institute of Technology (KIT), Eggenstein-Leopoldshafen,
Germany

ABSTRACT
Conventional optical measurement techniques are beneficial in automated manufac-
turing processes due to their fast and non-intrusive operation. However, they require
sophisticated and expensive equipment as well as increased personnel qualification.
While the integration of machine learning contributes to alleviating these require-
ments, it needs a time-consuming and tedious preparation of training datasets. We
introduce a twin concept to conduct rapid measurement of various geometrical prop-
erties of printed lines using deep learning. For the first time, a tedious collection and
assessment of training data is substituted by synthetic generation of digital samples,
which enables flexible, fast, and precise data processing. A full-field analysis of a non-
preprocessed image conducted by a neural network facilitates measurement of mul-
tiple geometrical properties of an object at once. Corresponding network architecture,
workflows, and metrics are outlined. The application area of the concept is demon-
strated, but not limited to the field of functional printing. The method can easily be
tailored to a wide range of engineering fields.
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1. Introduction

State-of-the-art production processes, such as micro and nano fabrication, additive or advanced manu-
facturing, or high-throughput applications, require fast and contactless assessment of various character-
istics of the outcomes. Among them, geometrical and functional properties of a fabricated product are
the most essential.[1–3] Optical metrology responds to such demand, but remains cautious about appli-
cation of novel machine-learning (ML) approaches.[2–5] Despite their faster and less complicated work-
flow, which is a crucial factor in manufacturing, ML-based measurements are expected to be less
accurate and less reliable compared to the classic measurement techniques.[1,2,4,5] Hence, a ML-based
measurement procedure demands new insights into principles of its utilization, to comply with metro-
logical standards.[2,3,5] We address this issue to better understand applicability of ML-assisted optical
measurements of geometric parameters by means of a synthetic training dataset.

In the first section, we portray the state of the art in the related field, briefly discuss identified prob-
lems, and introduce key terms and definitions. Section 2 proposes a twin concept to bridge identified
gaps. Furthermore, data preparation, workflow, and metrics are described. The results obtained are pre-
sented in Section 3 and discussed in detail in Section 4. In Section 5, we summarize the outcome of the
paper, propose the potential transfer to further application areas, and highlight avenues for the poten-
tial future work.
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1.1. Inkjet printing and direct-ink writing

Both inkjet printing (IJP) and direct-ink writing (DIW) are additive manufacturing techniques, which
enable a structured multi-layer deposition of materials based on a digitally-generated printing lay-
out.[6–9] Both technologies are able to use a wide range of materials, such as polymers, metals, nanopar-
ticles, ceramics, biomaterials, etc.,[6–9] and find application in different engineering fields (e.g., 3D
printing,[6,8] microelectronics,[1,8–10] biomedical,[6,8] material,[7,8] optical,[11] and textile[8,9] engineering).
For IJP, liquid inks with a low viscosity (�100mPa∙s) are typical, which results upon ejection by an
actuator in the formation of tiny single droplets with a minor load of a functional material.[7,9]

Adjacent deposited droplets coalesce in lines and form a thin layer with a desired layout.[7,9,12]

Extrusion-based DIW is capable of processing highly-viscous pastes (�1 Pa∙s) so a continuous forma-
tion of a thick-layer line with a high load of a functional material takes place.[8,9] Then, individual lines
fuze into a required 3D structure. Thus, both IJP and DIW single-nozzle systems produce linear traces,
which form more complex printed structures.[6–8,10] Although optical measurement of such lines dir-
ectly while printing is beneficial for immediate quality control, it is currently severely limited.[1,8,13] We
propose the integration of ML-supported measuring into the printing process to facilitate its further
automation and quality improvement, along with a reduction of waste.

1.2. Optical metrology and computer-vision based measurements

Optical metrology encompasses a plurality of contact-free methods and processes that use light as an
information carrier to measure object properties and physical quantities.[14,15] Among others, interfer-
ometry, diffraction, holography, and light scattering are commonly used to assess geometrical, dimen-
sional, textural, structural, or physical properties of a fabricated item to be probed (object).[5,14–16] In
computer vision (CV), digitization of an object via optical sensors generates a digital-data array (object
image)[5,16–18] that is correlated with the object appearance and, hence, reflects its visible proper-
ties.[18–21] Conventional optical measurement technology demands additional use-case dependent
enhancements of the collected image: rectification, denoising, normalization, gradient reduction, binar-
ization, etc.[5,20,22] Such data transformations are able to jeopardize accuracy and reliability of the
object.[5,18,20,21,23] To tackle this issue, increased hardware and set-up requirements emerge (e.g., laser
modules are frequently utilized as a light source to improve image quality).[5,14,16,18,20,21,23–25] For
instance, in the field of printed microelectronics, intricate multilayer objects with thin transparent
layers and indistinct shapes are typical. Namely, a transparent layer containing extraneous inclusions,
a field-effect transistor, and a sensor with interdigitated electrodes are exemplarily shown in

Nomenclature

ML Machine learning
DL Deep learning
CV Computer vision
NN Neural network
CNN Convolutional neural network
IJP Inkjet printing
DIW Direct-ink writing
2D, 3D 2-dimensional, 3-dimensional
ROI Region of interest
V Output variable
X Mean line width
Y Standard Deviation of corresponding X
Ycorr
M Standard Deviation corrected with respect

to the measurement error
SD Standard deviation
MAPE Mean absolute percentage error
acc Accuracy
accWS Weighted accuracy

e Accuracy variance
SF Smoothness factor
L (index) Label values
M (index) Measured values
H Image height
W Image width
Bn, Bm Image baselines
En, Em Edge functions
b Background color
f Foreground color
k Wavelength-to-image-height ratio
r Gaussian blur radius
P Estimated proportion
I-IV Measurement methods I-IV
a Scale factor
ReLU Rectified Linear Unit
Conv2D 2D-Convolutional layer
BaychNorm2D 2D Batch normalization layer
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Figure 1. Such objects demand rigorous manual operations to assess them correctly via CV-based
techniques.

Integration of ML methods into CV measurement systems enables fully-automatic data processing with
high flexibility and no human interaction. In this case, object positioning and data collection occur solely via
optical sensors. Since there is no demand for specialized equipment and manual operations, the approach is
considered to be simple, inexpensive, and not human-bias prone. A high degree of automation facilitates rap-
idity and variety of measurements. However, the output accuracy remains unproven.[1,3,5,22,26,27]

Figure 1. Examples of inkjet-printed objects from the field of microelectronics, requiring a rigorous manual property
assessment in the case of common CV-based measurement techniques. (a) Thin transparent layer with extraneous inclu-
sions and an indistinct edge, marked with arrows. (b) Multilayer field-effect transistor, comprising transparent and
reflective layers, and intricate interdigitated electrodes. (c) Multilayer chemical sensor, comprising highly-uneven trans-
parent insulating layers, and crossing and interdigitated electrodes.
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1.3. Machine learning

ML constructs an elaborated statistical prediction model to link input and output data automatically
and efficiently.[4,5,19,27] Deep learning (DL) is an enhanced technique of ML using multilayer neural
networks (NN).[2,5,28] During NN training, optimization of model parameters occurs through their suc-
cessive adjustment on training data that include both input and reference output (label) values.[2,27,28]

An optimized model has a minimal discrepancy between the label and the actual output values.[1,4,5]

A vast amount of different NN architectures has been developed in the recent years.[2,3,5,27–29] Among
them, convolutional NNs (CNN) are preferred to extract and analyze image features to classify or assess rep-
resented objects.[1–3,22,28,29] Its simple architecture enables fast training, but has difficulties with low-quality
input data, such as low-contrast and noisy images, or insufficient input-data variation.[1,3,22,28] The major
disadvantage of the DL approach is the need to collect a large, well-balanced training dataset.[1,4,5,19,22,27,29]

1.4. Related work

Literature study revealed a keen and growing interest in the integration of precise ML-based measurement
techniques into various engineering fields beyond printing, such as metrology,[4,22,30] agriculture,[31]

health care,[28,32] construction engineering,[33–36] mechanical manufacturing,[2,5] additive manufactur-
ing,[13,37] and microfabrication.[3,38] Conventional measurement procedures place high demands on equip-
ment and on image quality to acquire accurate data, and require manual operations.[1,2,5,25,33]

Holm et al. discussed applicability of CV and ML methods for an automatic microstructural analysis,
and demonstrated their high potential in the practical field.[38] Vallejo et al. identified a gap in the rep-
resentation and comprehension of available and required training data, which challenges application of
ML-based methods in soft metrology.[4] Chai et al. and Mahadevkar et al. systematized application sce-
narios of ML and DL in CV systems.[19,27] Fan et al. revealed a higher level of uncertainty for the ML-
based indirect measurement methods in the field of nanomanufacturing, compared to the slower
physics-based approach.[26] Tercan and Meisen indicated an increasingly important role of ML and DL
models for quality prediction in manufacturing, pointed out central challenges in their application, and
suggested application of synthetic training data instead of the natural ones.[2] Tin et al. demonstrated
applicability of a CNN model to predict and classify wafer-overlay errors in a semiconductor fabrica-
tion process.[39] Roach et al. implemented a DL-based approach to optimize process parameters into a
real-time monitoring of a DIW-3D-printing process, using a CV pipeline.[13] Shabani and Martinez-
Hernandez employed a deep NN for an instant image segmentation and contour detection to measure
filament width in-situ in a 3D-printing process.[37]

Carrasco et al. developed a CV-based method to measure surface-crack width with a high precision,
overperforming DL-segmentation techniques.[33] Lamouchi et al. integrated DL into crack-width esti-
mation to inspect concrete structures.[34] Tang et al. proposed an improved algorithm to measure crack
width, combining DL-based image segmentation with subsequent contour refining and pixel count-
ing.[36] Nyathi et al. employed a DL-based image segmentation and subsequent skeletonization to detect
and measure concrete cracks with support of a novel laser calibration method.[35] Ponnusamy et al.
combined a DL-segmentation model with a pixel calculation to compute joint-space widths from hand-
radiograph images.[32] Liang et al. utilized image skeletonization and ML for a real-time measurement
of cut tobacco with a low error rate.[31] Baderot et al. built a DL model and developed a tool to iden-
tify, classify, and measure objects from scanning and transmission electron microscopy objects via an
accurate image segmentation.[22] Kuzin et al. indicated specific requirements for a successful integration
of ML technologies into metrological practice.[30] Xue et al. investigated integration of ML into optical
metrology, identified potential efficiency and effectiveness improvements in the field through ML, and
highlighted existing challenges to be solved.[40]

To summarize, the following challenges were reported by researchers:

a. ML and DL techniques are mostly utilized in CV systems for image enhancement, classification,
and segmentation, and for contour detection. Subsequent pixel counting to measure object dimen-
sions occurs without employment of ML.[13,19,27,33,34,36,37]
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b. ML-based approaches have not yet demonstrated any measurement accuracy, comparable to the
traditional methods.[2,4,5,26,33]

c. DL methods need a well-developed training dataset, assembling of which is a long-lasting and
onerous process that has to be repeated for each trial. Production-process limits additionally
obstruct preparation of such datasets.[1,2,4,5,19,27,39,40]

d. Specific input-image requirements for industrial applications remain not considered
yet.[2,3,5,31,34,36,39]

2. Methods

The present section introduces a novel twin concept uniting (a) a concept of measurement of multiple
diverse geometrical values directly from a raw object image, based on the ML probability estimation,
and (b) a concept of substitution of the real-data training dataset by a digitally-generated one, including
images and their precise geometrical properties. The related data and their collection workflows, NN
architecture and workflow, and metrics to assess accuracy of the twin concept are specified.

2.1. Proposed twin concept

Currently, ML and DL applications are mostly limited to an automatic enhancement, masking, and
contouring in traditional image processing, and are sufficient for object classification. Figure 2 shows a
schematic representation of the conventional application of DL and ML methods in image processing
(depicted by the red-dashed frame) in comparison with our proposed method (depicted by the green-
dashed frame). Following the workflow of the conventional approach, after digitization, each raw object
image has to be subsequently enhanced to improve its quality, masked to distinguish regions of interest
(ROI), and contoured to identify object edges. For measurement of geometric properties, the pixel num-
ber in the ROI has to be counted and scaled by image resolution R to obtain a quantified target measur-
and (in Figure 2: X1). Hence, an incorrect edge detection directly causes an invalid value of the target
measurand. Moreover, such measurements are usually limited to a single measurand. All input images
have to be strictly adjusted to the dataset format, and ML/DL algorithms tailored for specific ROIs. To
this extent, the amount of supplementary manual work multiply increases, with a sharp reduction in
algorithm accuracy and versatility.

We proposed to use DL techniques to quantify multiple measurands with an appropriate accuracy
directly from the raw object image, simplifying and speeding up the procedure (green-dashed frame in
Figure 2). Using a raw object image as input, a NN is aimed to issue a probability for each predefined

Figure 2. Schematic representation of the proposed measurement concept based on direct data acquisition from the
raw full-field object image, and subsequent analysis via neural network (green-dashed frame). Conventionally, the image
has to be processed in a sequence of steps, possibly assisted by tailored neural networks (red-dashed frame), which
requires additional effort and jeopardizes measurement accuracy.
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measurand in the range between 0 and 1. After de-normalization via image size, and re-scaling via
image resolution, quantified values of N multiple target measurands become obtained (in Figure 2: X2

to XN). However, a challenging collection and labeling of the training set is required before the model
training. This workflow, schematically depicted in Figure 3, red-dashed frame, includes acquisition of a
large number of object samples, their digitization, tedious evaluation, and quantification of the resulting
data, to collect sufficient training data. In each stage, data fitness to predefined metrics has to be moni-
tored. If required, samples have to be re-collected (i.e., re-fabricated) to ensure their variety and quality.
In particular, the collection of 280 natural samples addressed in this study lasted about 40 h.

In our approach (Figure 3, green-dashed frame), we integrated a fully-controllable preparation of
digitally-generated (synthetic) data samples that substituted real-world (natural) object samples.
Recently, a similar approach has been suggested in the field of biophysics to accelerate training-data
preparation, and to intensify laboratory automation. It did not consider geometric accuracy of the
measured values (see Refs.[29,41,42]). A synthetic dataset is beneficial since it does not demand supple-
mentary evaluation and quantification steps. Corresponding values become simultaneously computed
with high precision during data generation. Digital re-generation of an unsatisfactory dataset is rapid
and flexible. As indicated in Figure 3, generation of 20,000 training samples used in this work lasted
55min, and, hence, is more than 3400 times faster than in the conventional approach.

Thus, the proposed twin concept offers four major advantages:

a. flexibility in the type and amount of measurands, pre-set during the NN training;
b. identification of implicit measurands (such as standard deviation of the measuring values) due to

the full-field image analysis;
c. simplification and acceleration of the measurement process due to reduction in its auxiliary

stages; and
d. substantial increase in process automation.

2.2. Data and dataset collection

In this pilot study, two types of plain printed lines, IJP and DIW, were inspected to validate the
approach. For training purposes, a synthetic dataset was prepared. Simplistic synthetic images were
designed not to resemble images of real printed lines in detail, but to address their distinctive features.
The main focus was on identification of the line widths and their variance, with the target accuracy of
90% or more. For simplification, the length of the lines was not considered.

2.2.1. Target measurands
For natural reasons, printed lines tend to spread periodically over the substrate surface, and do not
have a constant width at the microscale, important for microfabrication. Hence, two quantities were

Figure 3. Schematic representation of the proposed concept based on rapid training-data generation. Instead of the
conventional data collection and assessment that are highly labor-intensive and onerous (red-dashed frame), synthetic
training data and simultaneously computed label data have to be utilized (green-dashed frame). Time spent in this
work at collecting the specified amount of data samples is indicated for illustration.
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selected to be measured: (a) the mean line width X [mm], and (b) its standard deviation Y [mm] as a
measure of the line-width variance. Thus, the ultimate representation of the measurement result was
X±Y [mm]. Each X and Y were attributed with two values: reference label values XL and YL, and meas-
ured values XM and YM, identified by the model from a raw line image.

2.2.2. Natural data
71 IJP and 71 DIW lines were fabricated and digitized. The samples were printed on polyimide, poly-
ethylene terephthalate, and ceramic substrates using silver and carbon-based inks and pastes. For each
type, 70 lines and 70 interline spaces were saved as individual images with different sizes, 280 data in
total. Five image resolutions R were considered in the range 0.345 to 2.083 mm/px. Interline spaces were
included to test algorithm versatility on perplexing images. Hence, each image consisted of three zones,
as exemplarily presented in Figures 4(a)–(d): the foreground linear structure in the middle of the
image, and two identical background zones beside. Each line was measured 10 to 20 times via optical
microscopy to collect label data. Resulting images were augmented (mirrored in both directions, rotated
by 180�, and randomly gamma corrected in the range 0.5 to 1.5) five times to form a dataset of 1400
labeled images.[43,44] Input data related to each collected image (viz. digital image size in [px], image
resolution R in [mm/px], and label values XL and YL in [mm]) are exemplarily shown in Figure 4(e).
Edge-spread areas relevant to Y, and areas remaining intact during data acquisition are indicated in
Figure 4(f). Target measurands X and Y, and their geometrical meaning are illustrated in Figure 4(g).

Since Y�X, narrow edge-spread areas, depicted in Figure 4(f), cause a base effect, which has to be
considered when processing the results. The base effect is a mathematical effect, commonly used in eco-
nomics and statistics.[45] It refers to the choice of a basis for comparison between data points that
affects a large variation in ratio or percentage. A disproportionately small or large basis causes misrep-
resentation of the comparison result, reflected in seemingly abnormal ratio values.[45,46] Natural-data
collection lasted �40 h in total (IJP: 1 h printing-data preparation, 1 h printing-process preparation, 1 h
fabrication; DIW: 1.5 h printing-process preparation, 18.5 h fabrication; 0.5 h sample collection, 15 h
optical microscopy and value calculation, 1 h data labeling).

Figure 4. Natural data. Exemplary (a,b) direct-ink-written and (c,d) inkjet-printed lines. (a,c) single lines, (b,d) corre-
sponding interline spaces. (e) Exemplary input data: image, digital dimensions H and W, and resolution R (not indicated
XL¼ 144.59mm, YL¼ 16.09mm). (f) Edge-spread areas, relevant for the base effect in the measurement accuracy for Y,
and irrelevant areas, remaining intact during data acquisition. (g) Target measurands (X: mean line width, Y: SD of X, as
a measure of the line-width variance) and their geometrical meaning.
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2.2.3. Synthetic data
For image synthetization, an image generator was programmed in Python. The image size was
100� 500 px with a conditional resolution R¼ 1mm/px. Two provisional straight baselines Bn and Bm
were generated, forming a simple three-zone model, depicted in Figure 5(a). The maximum distance
between the baselines was 5% to 90% of the image width. The back and foreground areas had a solid
fill of a random brightness (“color”) in the range 0% (color value 0) to 100% (color value 255). The
absolute color difference determined image contrast. The contrast level was calculated as the image con-
trast divided by 255. To avoid NN ambiguity, the minimum contrast level was limited by 0.2.

Motivated by the natural dataset, we distinguished between three major types of edge shapes:
straight, periodic, and aperiodic edges. This partition was enhanced by dividing periodic edges into
low-frequency (1� k� 0.2, where k is the ratio of the wavelength in pixel to the image height) and
high-frequency (0.1� k� 0.01). Also, a no-line type without any explicit pattern was added to avoid a
false-positive identification of linear structures in low-contrast images (i.e., by color differences �4). As

Figure 5. Schematic representation of the image-generation principle. (a) Primary image of a three-zone linear structure
with two straight baselines Bn and Bm, and two random colors b and f. (b) Generation and application of complemen-
tary edge functions En and Em, in accordance with the edge class. (c) Generation and application of factors increasing
algorithm robustness. (d) Ultimate synthetic image and related data: digital image size, conditional resolution, and two
label values XL and YL.

Table 1. Edge classes.
Class 0 1 2 3 4

Number of
generated images

2000 4500 4500 4500 4500

Class description Empty images
without any
explicit lines

Lines with straight-
line edges

Lines with low-
frequency periodic
edges

Lines with high-
frequency periodic
edges

Lines with aperiodic
rough edges

Schematic
representation

Range of values for
XL and YL

XL¼ YL¼ 0 XL> 0, YL� 0 XL> 0, YL> 0

Exemplary synthetic
image and related
label data
XL± YL [px]

0.00 ± 0.00 23.22 ± 1.77 13.97 ± 3.03 38.00 ± 5.68 27.98 ± 12.73
Exemplary state of a

printing process
or affecting
factors

Clogged printing
nozzle, printing
failure, extremely
high or low
wetting

Normal printing
process, ideal
printed line

Insufficient substrate
heating, excessive
printing
resolution, ink
spreading

Excessive substrate
heating,
insufficient
printing resolution

Rough substrate,
damaged printed
line, unstable
droplet
generation
(satellite droplets)
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a result, five edge classes were defined, described, and exemplified in Table 1. Initially, 4000 images per
class were generated. Then, the amount of the no-line samples (class 0) was reduced by half due to
their sameness, and equally distributed for other classes to retain the total amount of 20,000 images in
the dataset.[43]

As shown in Figure 5(b), two edge functions En and Em were randomly generated for each image and
class, and added to the relating baselines. Gradient colors mimicking natural-line thickness were randomly
added to each generated image, as indicated in Figure 5(c). Each image was enhanced by random
Gaussian noise and blur to improve model robustness during training. Gaussian noise was generated as a
separate noise layer (m¼ 128, r¼ 128) and combined with the image layer with a factor between 0 and
0.2, denominated noise level. Gaussian blur (0� r� 2) was randomly applied to the finished image.
Resulting synthetic image and related image data (viz. digital image size 100� 500 px, image resolution
R¼ 1mm/px, and label values XL and YL in [px]) are schematically represented in Figure 5(d).

Since line edges in synthetic images were set via explicit equations, each image pixel was unambigu-
ously related to either back or foreground area. Hence, the distance between edge functions En and Em
was definable numerically, by subtracting in each pixel row i (see Figure 5(d)). That allowed us to com-
pute and arrange required label values XL and YL automatically, directly during image generation. In
total, 20,000 synthetic images were generated and labeled within 55min.

2.2.4. Measurement accuracy
As known from metrology[16,24,47] and noticed in[4,5,22] the true measurand values are never completely
undoubted. Hence, on the natural dataset, conducted measurements to collect reference label values
were expected to contain a measurement error that had to be considered further. To address the error,
we manufactured additional IJP and DIW samples, and asked three independent experts to measure
them using one of the following methods and equipment:

a. manually (i.e., CV-based, with a large number of manual operations) with a digital microscope
(M I),

b. semi-automatically (i.e., CV-based, with few manual operations) with an optical profilometer
(M II),

c. automatically (i.e., CV-based, without any manual operations) with an optical probe station
(M III).

The scheme, number, and accuracy of measurements were left to the experts’ discretion to avoid any authors’
influence on the measurement results. Upon measurements, discrepancies between three methods were
quantified pairwise, and the total congruence among three methods was found as the mean error (Equations 1a
and 1b).

Congruence XM I ,XM II ,XM IIIð Þ ¼ 1 −

PIJP,DIW
i

ei I, IIð Þ, ei II, IIIð Þ, ei I, IIIð Þ½ 	
6

, (1a)

where error e is an accuracy variance for two particular methods A and B:

e A,Bð Þ ¼ 1 −
min XM A,XM Bð Þ
max XM A,XM Bð Þ ,XM A,XM B > 0: (1b)

Afterwards, the same two samples were measured using the proposed DL-based algorithm (M IV), the
results were compared with the experts’ ones to define their joint congruence (Equation 1c).

Congruence XM IVð Þ ¼ 1 −

PIJP,DIW
i

ei I, IVð Þ, ei II, IVð Þ, ei III, IVð Þ½ 	
6

: (1c)
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2.3. Neural-network architecture and workflow

In our previous work,[1] a plain CNN was demonstrated to be able to assess multiple functional proper-
ties of printed samples directly from their images. At the outset, in the present work, we tailored the
algorithm as indicated in Figure 6. No pre-processing of the raw input images was conducted. As the
first step, the input image data were loaded as three-channel images, rescaled to 256� 256 px, and nor-
malized via the OpenCV library (ver. 4.10.0) to obtain a data array image
 with pixel values in the
range [0, 1]. The scale factor a equal to the image width divided by 256 px was kept for the later data
de-normalization. The data array was encoded eight times, using 2D convolution, 2D batch normaliza-
tion, and the ReLU activation functions. The resulting 1� 1� 1024 data array was flattened and oper-
ated in the fully-connected layers, consisting of four linear and three ReLU activation functions.
Corresponding to the amount of predefined measurands, two bounded output regressands were ranged
to [0, 1] with the sigmoid function. In the present study, the regressands are designated as estimated
proportions PX and PY, representing proportion of the evaluated dimension to the image size. The sig-
moid function acted as an easily differentiable and smooth output filter. To reduce its potential satur-
ation, all linear layers were initialized before the model training as follows: the weights were uniformly
distributed in the range −1= ffiffiffi

y
p

; 1=
ffiffiffi
y

p� �
; where y is the number of input features; the biases were

equaled to 0.01. For the same reason, generated training images had a limited baseline distance (see
Figure 5(a)) to avert training data near range limits. Thereby, design of the synthetic images deter-
mined the threshold value. As a result, sigmoid input was supposed not to reach extremes. Finally, the
values were de-normalized to [px] using the scale factor a, and re-scaled to [mm] using resolution R of
the input image data. Thus, output data encompassed values of the desired measurands XM and YM.

A batch of eight images was utilized for the model training, test and validation were performed on
single images. The mean squared error (L2) between the output data XM, YM, and the label data XL, YL,

Figure 6. The neural-network architecture.
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multiplied by an empirically-found constant factor k¼ 1000, was used as loss function. The learning-
rate scheduler was composed of four step-based cycles (36, 18, 12, and 9 epochs, 75 in total) with
a sinusoidal reduction by half within each cycle. The initial learning rate was set as 2� 10−4.
Before model training, the complete synthetic dataset was divided into a training, a validation, and a
test set (95, 2.5, and 2.5%, respectively) using the Random Split method. After each epoch, validation
on synthetic dataset was conducted. The natural dataset was not utilized during model training and val-
idation. After each training epoch, the model was tested on the complete natural dataset to monitor
training process on real data. Upon complete training, the model was tested on both synthetic and
natural datasets separately to obtain results to be assessed. All experiments were repeated 10 times to
estimate algorithm inaccuracy.

2.4. Metrics

To assess algorithm outcomes, for each output variable V (i.e., X or Y), its measurement accuracy
acc(V) was found using Equations 2a–b.[1] Thus, acc(V) represented measurement uncertainty depend-
ent on the label value VL—see range of values in Table 1. For a positive VL, Equation 2a was applied,
so accuracy was defined as a min-to-max ratio between VL and the measured value VM. For a VL equal
to zero, a ratio between VM and the image size was considered, according to Equation 2b. The resulting
accuracy does not exceed 100% that means a complete match of VM and VL:

acc Vð Þ ¼

min VL,VMð Þ
max VL,VMð Þ ∙100%, VL > 0

1 −
VM

image size lm½ 	

 !
∙100%, VL ¼ 0

, 0 � acc Vð Þ � 100%:
ð2aÞ
ð2bÞ

2
666664

Since such measurement accuracy is not conventional in the standard metrology practice, the mean
absolute percentage error (MAPE) was employed as a subsidiary metric (Equation 3):

MAPE Vð Þ ¼ 1
n
∙
Xn
i¼1

VLi − VMij j
VLi

∙100%,VL > 0: (3)

To unify X and Y as a single value, required for a simplified evaluation of the measurement results,
weighted accuracy accWS was found as a weighted sum of their particular accuracy values (Equation 4):[1]

accWS ¼ acc Xð Þ∙XL þ acc Yð Þ∙YL

XL þ YL
∙100%,XL > 0: (4)

The measurement error e was the deviation of the accuracy from 100% (Equation 5).

e ¼ 100% − acc: (5)

We expected measurement errors to be positive. Under such circumstances, resulting Y values do
not conform to a proper standard deviation and have to be corrected. Therefore, standard deviations
corrected with respect to the measurement errors Ycor

M were estimated (Equation 6).

Ycor
M ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Y2
M þ YM ∙e Yð Þ½ 	2 þ XM ∙e Xð Þ½ 	2

q
: (6)

To avert the base effect when interpreting acc(Y) values, we estimated the smoothness factor SF
(Equation 7), which is a measure of vicinity between the ratios Ycor

M /XM and YL/XL. Lines with a lower
SF value tend to have smoother edges, and, hence, to be more affected by the base effect:

SF ¼ 1 −

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Ycor
M

XL
−
YL

XL

� �2

þ YL

XM
−
YL

XL

� �2
s

,XL,XM > 0: (7)
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2.5. Equipment

The digital microscope Keyence VHX-7000 was employed for optical microscopy. A 3D profilometer
Sensofar S neox was utilized for optical profilometry. An in-house built automatic probe station,
equipped with a grayscale area-scan camera acA2040-35gm (Basler) and a brightfield back/coaxial for-
ward illumination was used as an optical probe station.[48] An image binarization was implemented in
the measurement algorithm of the probe station, with a potential impact on measurement accuracy.

The training, validation, and testing of the established NN were performed on a machine with
128GB of RAM, two 18-core processors Intel Xeon Gold 6354, and four GPUs NVidia GA102GL (RTX
A6000) with 48GB VRAM (driver version 555.42, CUDA version 12.5). The machine was operated by
the 64-bit operating system Ubuntu 22.04.4 LTS. 8 CUDA workers were utilized for all ML processes.
The programming was carried out in Python 3.12.8 and PyTorch 2.5.0.

3. Results

Each synthetic image was generated within �165ms. Training duration of the model was 113.4 s ± 0.9 s
per epoch, which corresponds to 6.0ms/(epoch�image). The completely pre-trained model required
�140ms for assessment of a single image.

On the synthetic test dataset, the total measurement accuracy reached 86.9% for the line width X,
and 82.3% for its standard deviation Y. In addition, a slight variation among classes was found, as
shown in Table 2. With an increase in the edge roughness (classes 1–4), accuracy for X decreased from
88.5 to 83.1%. Simultaneously, accuracy for Y grew from 74.8 to 92.0%. For empty images (class 0),
corresponding accuracies of 88.2 and 76.1% were comparable with the ones for straight lines (class 1).
With the mean synthetic-line width of 23.0 px and spread of 7.2 px, the corresponding measurement
errors were 2.7 ± 1.0 and 1.1 ± 0.2 px.

The training process demonstrated a fast convergence, as can be seen from Figure 7(a) (blue line).
Negligible decreases in the loss value, induced by the employed learning-rate scheduler (dashed green
line), are distinguishable upon 14th, 42nd, 57th, and 72nd epochs. Training accuracy reached a plateau
after �30 epochs (grey line). Thereafter, only a minor improvement in the results was noticed.
Validation on the synthetic (red line) and the natural (yellow line) showed a similar development, with
a plateau after �50 epochs, caused by a small learning-rate value. During validation, an average differ-
ence to the training accuracy was 1.7 percentage point less for synthetic images and 4.0 percentage
points more for natural data. The latter was caused by more contrast real images with less noise and
blur, compared to the training dataset of synthetic images.

On the natural dataset, in the aggregate, the assessed line width XM was similar to the reference
value XL for both line types, as indicated in Figure 7(b). Corresponding accuracy acc(X) attained 92.6%
for all lines (91.2% for DIW, 94.0% for IJP). Respective MAPE(X) scores were 9.2, 11.2, and 7.1%.
However, the line-width variance YM was estimated significantly higher in respect to the reference val-
ues YL. Thus, acc(Y) attained 43.1% in total (26.3% for DIW, 60.0% for IJP). MAPE(Y) scores were
342.0, 586.1, and 97.9%, correspondingly. Since DIW lines had highly smooth edges (see Figures 4(a)
and (b)), they were expected to be heavily affected by the base effect, in contrast to IJP lines. The
obtained results correlated well with the smoothness factor SF that was smaller for DIW lines, and with
the measurement accuracy on synthetic data (see Table 2: acc(Y) for classes 1–3). Despite seemingly
low acc(Y) values and huge MAPE(Y) scores, the weighted accuracy accWS was comparable with
acc(X): 91.7% for all lines, 90.6% for DIW, and 92.8% for IJP, due to the minor impact of overesti-
mated, but still small Y values.

A more thorough comparison of the measured and label values (without consideration of augmented
natural samples) revealed for DIW lines a greater deviation of the line width X from the ideal match

Table 2. Mean measurement accuracy on the synthetic test dataset, n¼ 5000.
Class 0 1 2 3 4 All

acc(X) [%] 88.23 ± 0.48 88.46 ± 2.36 87.65 ± 1.95 87.85 ± 1.04 83.14 ± 1.50 86.92 ± 0.36
acc(Y) [%] 76.10 ± 0.35 74.80 ± 1.05 80.80 ± 1.36 84.31 ± 1.47 91.97 ± 0.53 82.28 ± 0.60
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e¼ 0 than for IJP lines, as visible in Figure 7(c). In the whole, the line width was slightly underesti-
mated. However, for both line types, corresponding points were located close to the area of ideal values.
The same greater deviation from the ideal match is noticeable for DIW lines in Figure 7(d), where the
line-width variation Y is considered. For both line types, the variation values were mostly overesti-
mated—the stronger, the smoother line edges were. Yet, due to a different scale in Figures 7(c) and (d),
represented data are not directly comparable, and the base effect has to be treated. For this purpose, we
evaluated the measurement error in the ratio Y to X, depicted in Figure 7(e). Although related values
for DIW lines were distributed farther from the ideal match e¼ 0 than IJP lines, the measurement error
remained in total below 10%, that also conformed to the smoothness factor for both line types (see
Figure 7(b)). As well, the aforementioned insignificance of the reference value YL in relation to XL is
well distinguishable for DIW lines in Figure 7(e).

As expected, three optical-measurement techniques to collect label values provided slightly unequal
results, as reported in Table 3 and represented in Figure 8(a). The measurement congruence among them
was about 97.3%. Due to the applied image-binarization algorithm, the fully-automatic method had the
highest measurement inaccuracy. The proposed algorithm demonstrated a comparable congruence of
�98.3%. A drastic difference in the time cost was remarkable: the average measurement time was tens of
seconds per single measurement for methods using manual operations, and tenth of a second for fully-
automatic methods. Our algorithm was significantly faster than the common techniques, but yielded in
accuracy. Yet, after value correction with respect to the NN-measurement error, the proposed method
remained comparable to the fully-automatic one, overperforming it to a small extent.

Figure 7. (a) Mean training and validation accuracy during model training, n¼ 10. Pale bars indicate the standard error.
(b) Mean measurement accuracy on the natural dataset via the proposed algorithm, depending on the printed-line
type, n¼ 2000. (c) Measured line widths X, (d) corresponding corrected SD Y, and (e) their ratio as a function of related
label values, measured on the natural samples, n¼ 1400. A seemingly high data variance in (d), blue dots, was caused
by smooth edges in DIW samples, but had a minor impact on the weighted accuracy due to a great difference between
X and Y values.
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Typically for optical-measurement techniques, the image quality affected algorithm performance. In
Figure 8(b), on the base of synthetic dataset, a clear positive correlation between the image contrast
level, and the measurement accuracy for the line width X is noticeable. Hence, more contrast images
with more clear object edges are expected to be assessed more precisely via ML. A large variability on
the right-hand side of the diagram was caused by only few test images. In turn, that resulted from the
image-generation algorithm. In Figure 8(c), a minor negative correlation between the image noise level,
and the same accuracy as in Figure 8(b) is detectable. Indeed, noise and blur reduce clarity of the object
edges in an image, and, hence, equivalently reduce the perceived image contrast.

4. Discussion

The literature survey performed revealed three major matters toward integration of ML into measuring
applications in engineering. That were (a) complexity of the training-data collection, (b) high time and

Table 3. Measurement accuracy depending on the measurement method and exemplary natural sample.
Measurement method Manual Semi-automatic Automatic Proposed

Measuring equipment Digital microscope Optical profilometer Optical probe station Neural network
Number of measurements, for DIW/IJP samples 12/11 15/9 120/120 5/5
Average measurement time [s per sample] 42 20 0.3 0.14

Per single measurement Per image
Measured line width [lm] DIW sample 235.91 ± 3.78 236.93 ± 4.78 244.19 ± 41.22 240.82 ± 15.49


IJP sample 273.58 ± 7.40 275.67 ± 8.39 286.75 ± 60.57 273.47 ± 25.61

Result congruence [%] 97.33 ± 1.55 98.25 ± 1.44

Not corrected YL values, measured and recorded by the NN without respect to the measurement errors.

Figure 8. (a) Measurement results and duration for the same individually-selected printed lines, depending on the
measurement method. (b,c) Mean measurement accuracy and its linear trend on the synthetic test dataset, depending
on (b) the contrast level, and (c) the noise level of the image, n¼ 5000. In (b): no test images related to the contrast
levels between 0.02 and 0.2 were generated to avoid NN ambiguity during its training. A constantly decreasing number
of test images was caused by the image-generation algorithm.
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labor costs during the collection, and (c) an incommensurably low result quality. With the novel
approach presented in this work, we addressed all the factors in combination. Thus, a tedious collection
of the training samples from the real world was substituted with their digital generation. In turn, such
process transformation shifts required preparatory stages from the real world into the digital area. That
enabled a significant acceleration in the data preparation, an improved data variability, tailored to
desired data assessments, and an improved integration with cyber-physical systems. As a result, the
amount and complexity of preparatory manual operations and supplementary steps—such as prepar-
ation, enhancement, filtering, evaluation, and measurement of collected natural data—decrease, causing
a drastic cost reduction. In particular, generation of a 1000 training images needed <3min in our case,
in comparison to at least few hours, if not days or even weeks by the conventional approach. An added
benefit is an ability to create a manifold dataset, which is crucial for an efficient model training.

We achieved the measuring time of 140ms per object image that was up to 3600 times faster than
three conventional measurement methods. The requisite neural-net training duration of 6ms/(epoch�-
image) did not exceed any critical level. Concurrently, accuracy of the conducted measurements was
comparable with the chosen methods. Although genuine metrological approaches remain more reliable
for the engineering community, a little less precise, but rapid and flexible property estimation of fabri-
cated items is more advantageous under certain circumstances. Among them, a continuous inline pro-
cess monitoring, difficult measurement conditions, a high level of the object and data inhomogeneity,
variability in required measurands, and the need to simultaneously characterize multiple measurands
have to be highlighted. In the view of the above, the proposed approach seems to be equipollent to the
classic optical-measurement techniques.

As a whole, the results obtained proved a general applicability of the DL-based approach for a real-
object measurement using fully-synthetic training data. We achieved the overall mean measurement
accuracy of 91.7 ± 8.3% and demonstrated that common measuring methods are not completely precise
as well. Analogous results were reported by Baderot et al.,[22] utilized automatically annotated natural
objects for the NN training. Hence, despite previously reported concerns about feasibility of the ML-
driven measurement tools in various engineering fields,[2–5,26] we confirmed potential prospects of such
approach. The proposed algorithm is possible to transfer in a variety of applications, where a fully-
automatic measurement of a large number of objects is desired, but collecting of appropriate training
samples is challenging. In particular, this is true for construction engineering, agriculture and forestry,
geoscience, health care, and micro and nano fabrication. Depending on one’s need, further implicit
measurands are likely to be concerned, such as frequency or ellipsoidality of an object shape, textural
properties of a surface, layer thickness, etc. This implies a mere generation of an appropriate synthetic
dataset, with no alterations in the neural-net architecture.

A major limiting factor identified during our work was the image quality. Noisy and low-contrast
images with unclear object edges gradually reduced the assessment accuracy. In a common approach,
such images require an additional enhancement. However, application of DL algorithms facilitates data
extraction from such low-quality images and their subsequent processing. Therefore, input-data analysis
remains possible even under complex measurement conditions, such as insufficient or specific illumin-
ation, turbid atmosphere, or limited range of vision. Still, generation of a relevant training dataset,
reflecting target parameters, remains crucial. In addition to the requisite design of the synthetic training
data, a further improved NN architecture is key. For instance, segmentation of the input image or
Bayesian optimization of the hyperparameters are potentially advantageous.

Along with that, straight-like edges (see class 1 in Table 2) have a minimal width variance. Hence,
the base effect has to be considered when assessing such objects in respect to the SD value. As we
found, if unsure, the NN tended to overestimate SD value that made measurement results less accurate.
Furthermore, result deviation had to be additionally corrected with respect to the measurement
inaccuracy. As it was expected, the IJP lines with their contrast and clear edges provided a reliable
accuracy of �94% for the line width and 60% for its variance, whereas less distinct DIW lines only 91
and 26%, correspondingly. Despite seemingly low accuracy values, the absolute value of the variance
was mostly insignificantly small. It resulted in ca. one percentage-point less weighted accuracy, consid-
ering both line width and its deviation. In the whole, we achieved the target accuracy of over 90% for
all target measurands, except for the SD values due to the strong base effect.
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5. Conclusions and future work

We developed and analyzed a simple deep-learning-based algorithm to simultaneously quantify multiple
measurands of natural objects using fully-synthetic training data. In contrast to state-of-the-art publica-
tions, a fast and uncomplicated data collection process was demonstrated for the first time. A substan-
tial measurement accuracy of over 90% was attained, comparable with previously reported results on
more sophisticated models. This enables application prospects of our algorithm in practical terms.
Some additional factors affecting the results and demanding further elaboration were detected, such as
image contrast and quality, and the edge shape.

In this paper, primary results of an ongoing research have been reported. In future work, we intend
to elaborate the proposed method to expand our understanding of its applicability. In this process, an
analysis of affecting and limiting factors, implementation of more sophisticated network architectures,
transition to more complex object geometries, and increase in the algorithm robustness are envisaged.
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