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Various methods have been developed to assign pollen to its botanical origin. They range from technically
complex approaches to the less precise but sophisticated chromatic assessment, in which the pollen colors are
used for identification. However, a common challenge lies in the similarity of colors of pollen from different plant
species. The advent of camera-based bee monitoring systems has sparked renewed interest in classifying pollen

Pollination . . o . . .
Precision beekeeping based on color and offers potential advances for honey bee biomonitoring. Despite the promise of improved
Pollenyzer sensor accuracy, a critical examination of whether color diversity within a single species may be the primary

limiting factor has been lacking. Our comprehensive analysis, which includes over 85,000 corbicular pollen from
30 major pollen species, shows that the average color variation within each species is distinguishable to a human
observer, similar to the difference between two dissimilar colors. From today’s perspective, the considerable
color variation within a single pollen source makes the use of color alone to classify pollen impractical. When
picking a single pollen color from the entire dataset, we report a correct pollen type classification rate of 67 %.
The accuracy was highly dependent on the type and ranged from 0 % for rare types with common colors to 99 %
for distinct colors. The large color dispersion within species highlights the need for complementary methods to
improve the accuracy and reliability of color-based pollen identification in biomonitoring applications.

1. Introduction developed to recognize plant taxa within samples, each offering unique

advantages and insights (Campos et al., 2021; Layek et al., 2022). DNA

Pollen collection by honey bees (Apis mellifera L.) is of multiple
ecological and agricultural importance (Ollerton et al., 2011). At its
core, pollination is a vital ecosystem service with immense economic
value that supports agricultural productivity and biodiversity conser-
vation efforts worldwide. The importance of this service is particularly
pronounced given agriculture’s increasing dependence on pollinators, a
trend underscored by the Intergovernmental Science-Policy Platform on
Biodiversity and Ecosystem Services (2016). Recent findings by Casas
Restrepo et al. (2023) have highlighted the potential of pollen-based
regional differentiation and offer new insights into the geographical
classification of apicultural products. Consequently, the analysis of
pollen is emerging not only as a means to delineate honey varieties, but
also as a promising way to monitor biodiversity dynamics in different
ecosystems (Milla et al., 2022), facilitating informed decision-making in
land conservation and management.

In the field of pollen analysis, a variety of methods have been
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metabarcoding, for example, has revolutionized our understanding of
floral diversity by revealing a broader range of plant taxa in the vicinity
of beehives compared to traditional manual surveys (Milla et al., 2022).
Similarly, studies utilizing amino acid composition analysis have suc-
cessfully delineated pollen samples based on temporal and spatial
variation, providing valuable temporal insights into ecosystem dy-
namics (Ares et al., 2022). In addition, the integration of spectroscopic
techniques, including Fourier transform near-, mid- and Raman spec-
troscopy (ATR-FTIR), together with color analysis and microscopy has
enabled precise discrimination of pollen origins (Bleha et al., 2021;
Swiatly-Blaszkiewicz et al., 2021), demonstrating the versatility of
modern analytical approaches in elucidating botanical origins.

Despite the methodological advancements, the practical application
of pollen analysis often defaults to the technically less complex yet gold
standard method of light microscopy (Campos et al., 2021; Louveaux
et al., 1978; Von Der Ohe et al., 2004). This technique relies on the
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morphological examination of individual pollen grains, which are sub-
sequently classified into pollen types utilizing established pollen atlases
(Feegri et al., 2007). However, the limitations inherent in this method
become evident when attempting to identify plant taxa at the species
level due to morphological similarities among pollen grains. Nonethe-
less, the designation of pollen types provides valuable insights into
taxonomic diversity, with naming conventions reflecting varying de-
grees of taxonomic resolution (De Klerk and Joosten, 2007). It is
important to understand in the context of this work that one type of
pollen can be produced by several species. Notably, the concept of floral
constancy, wherein honey bees tend to collect pollen pellets of the same
botanical origin during a single foraging flight (Knoll, 1956; News-
trom-Lloyd et al., 2017; Percival, 1947), has facilitated chromatic as-
sessments of pollen pellets, offering a less labor-intensive yet
economically viable means of assessing floral diversity (Brodschneider
et al., 2021; Conti et al., 2016).

In previous studies, we have already utilized machine learning and
computer vision to advance entomological research (Borlinghaus et al.,
2022b, 2023a; 2023b). We have shown that results from tedious manual
chromatic assessment can be reproduced equally well in a fraction of
time using the Pollenyzer app, a photograph of a pollen sample and
everyday objects for color calibration (Borlinghaus et al., 2023a).
Although accurate color-based botanical classification remains prob-
lematic (Kirk, 2006), existing pollen color books provide valuable
guidelines for classification that are supplemented by spatial and sea-
sonal considerations (Hodges, 1952; Kirk, 2006). However, the inherent
variability of pollen colors poses a significant challenge for standardized
classification systems, especially the natural dispersion of pollen colors
and its impact on classification accuracy have not yet been sufficiently
investigated. In particular, the quantification of natural color dispersion
requires the compilation of a data set containing large amounts of pollen
of the same origin, as the limited data from hand-picked corbicular
pollen collections prove to be insufficient (Hodges, 1952; Kirk, 2006).

To overcome this challenge, we combined images of pollen trap
contents with standard palynological laboratory analyses. Our approach
requires that the pooled results from the laboratory can be linked to the
individual pollen colors derived from the image data, i.e. that the gap
between the type information at the sample level and the color infor-
mation at the pollen basket level is bridged. Therefore, we used Gaussian
mixture models (GMMs) to assign the most likely pollen type from the
laboratory results to the individual pollen baskets. After cleaning the
data, we were able to assign 62,343 calibrated pollen colors from 86
samples to one of 30 pollen types, including 14 of the 31 major European
types (Keller et al., 2005). Subsequently, 253 chromatic means and
covariance matrices describing the color dispersion of the occurrence of
each pollen type were determined from the data. Finally, the mean
distance to the center of the distribution was calculated, averaged for
each pollen type and interpreted to quantify the type-specific dispersion.
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2. Material and methods

Fig. 1 illustrates the methodological approach of this study in 6 steps.
In step (1), pollen pellets were collected using pollen traps, the contents
of which we refer to as pollen samples. Each sample was digitized (2)
before the pollen colors were calibrated and extracted from the image in
step (4) using the Pollenyzer app (Borlinghaus et al., 2023a). In addition,
the composition of the sample was palynologically analyzed in the
laboratory (3). Both pieces of information were combined in a Gaussian
mixture model (5) to determine the species for each pollen basket.
Finally, in step (6), the type-specific color dispersion was determined by
interpreting the covariance matrices estimated by the GMMs.

2.1. Data collection

In this study, four different data sets were provided with a total of
107 pollen samples, 86 of which were suitable for further analysis and
are listed in Table 1. Each sample originated from a single full-sized
honey bee colony (A. mellifera) and was collected over a 24-h period
with an entrance pollen trap (Campos et al., 2021). For logistical rea-
sons, the pollen collection for data set D was extended to a duration of
48 h.

For datasets A, B, and C, the pollen pellets were imaged in a specially
designed dome light setup (Tausch et al., 2023). This setup was tailored
for this particular application. To ensure accurate color measurements,
the camera used was calibrated with a Calibr8 color chart, resulting in
L*a*b* color values for the subsequent analyses. The L*a*b* color space
expresses color in three values: L* for perceived brightness and a* and b*
for the unique colors of human vision: red, green, blue, and yellow.

Dataset D was scanned with a commercial flatbed scanner and cali-
brated with the same Calibr8 color calibration card. Because scanning
was done after palynological analysis, some pollen were missing from
the images compared to their microscopic equivalents. Subsequently,
the Pollenyzer software was used to detect the pollen on all images,
extract the pollen colors and to obtain calibrated pollen colors in L*a*b*
color space (Borlinghaus et al., 2023a).

Table 1
Dataset Overview. Samples were collected in Germany in 2021 and 2022.
name N Collection Location N Image
samples colonies acquisition
A 27 24h, Apr-Sep  Wolfsburg, DE 4 Light dome
2021
B 9 24h, Mayen, DE 4 Light dome
May-Aug
2021
C 40 48h, 3 federal 10 Light dome
unknown states, DE
D 31 24h, Apr-Sep ~ Wolfsburg, DE 2 Flatbed
2022 scanner

A
Lol A

Fig. 1. Over periods of 24-48h, pollen samples were collected in pollen traps (1). The pollen samples were then digitized (2) and the pollen types identified (3).
Using the Pollenyzer software, the calibrated pollen colors were extracted from the photos (4). Based on prior information (3) and pollen colors (4) a GMM was fitted

(5) and the distributions’ parameters reported (6).



P. Borlinghaus et al.

2.2. Palynological analyses

All samples were palynologically analyzed by light microscopy and
expert judgment at the Expert Center for Bees and Beekeeping, Mayen,
Germany (for detailed methodological protocol, see data repository in
Borlinghaus et al. (2024)).

In brief, each sample was subjected to morphological analysis, which
included routine homogenization of the corbicular pollen. Approxi-
mately 100 individual pollen grains were then extracted from the
mixture and subjected to expert classification to determine the relative
pollen type abundance. It is important to point out that although experts
can occasionally identify taxa to species level, this is generally not
feasible. In such cases, only the pollen type representing a group of often
closely related plant taxa is determined. In cases where pollen types are
named after a species (e.g., Phacelia), current knowledge indicates that
the pollen type (identified by its morphology) is produced exclusively by
a single plant. A less precise identification is highlighted by an abbre-
viated type suffix (e.g. Taraxacum T.), indicating that some, but not all,
taxa of the given rank share the same morphology. When pollen grains
from a whole family cannot be distinguished morphologically, the type
is designated by the family name (De Klerk and Joosten, 2007).

In total, the pollen colors from the Pollenyzer app and the proportion
per pollen type determined in the laboratory were available for each of
the 86 samples. Henceforth, the individual samples were labeled with
data set and sample designation, e.g. sample D03.

2.3. Color dispersion model

A Gaussian Mixture Model was applied to find the missing link be-
tween pollen colors of individual pollen baskets and pollen type prob-
abilities from laboratory analyses (step 5, Fig. 1).

2.3.1. Gaussian Mixture Model

When data consists of normally distributed components, a Gaussian
Mixture Model (GMM) can be constructed by combining several
(multivariate) Gaussian distributions, each of which has a certain weight
related to the component’s proportion of the overall data. The param-
eters of a GMM, the weights, mean vectors and covariance matrices, can
be fitted by the Expectation-Maximization (EM) algorithm (Dempster
et al., 1977). The EM algorithm ensures incremental improvements but
no global optimum. The iterative procedure is stopped when conver-
gence is reached. Similar to the well-known k-means algorithm (Lloyd,
1982), the EM algorithm requires an initial parametrization for the
weights, means and covariances. When fitting a GMM, it is assumed that
the underlying data is a mixture of well-separated Gaussian distributions
and that the number of components is known (Reynolds, 2009).

2D pollen colors (PCA)

light microscopic results
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2.3.2. Visualization of pollen colors in two dimensions

Pollen colors were handled as trichromatic L*a*b* color values. Only
for visualization, the color dimensions were reduced to two using
principal component analysis (PCA). The PCA was fitted once on all
available 85,531 pollen colors. To make the visualizations easy to
compare, the same transformations (and axis limits) were used for all
dimensionally reduced L*a*b* pollen colors, both here and in the data
repository (Borlinghaus et al., 2024).

2.3.3. Cluster annotation

To make the fitting of the GMM more robust, the initial chromatic
mean values were provided by annotation. Fig. 2 exemplifies how the
cluster mean values were annotated with the corresponding pollen type.
On the left, all colors extracted from sample D17 are shown as a two-
dimensional scatter plot. Contour lines provide information about the
distribution’s density and reveal three distinct clusters. In the middle,
the result of the laboratory analysis is shown, which lists three pollen
types that account for more than 5% of the total. Through prior
knowledge, literature and logical combination, the individual clusters
were assigned to the three major pollen types: (1) Phacelia is known for
its distinct dark purple color (Kirk, 2006). (2) According the laboratory
analysis, pollen type Rosaceae is much more common than Centaurea
cyanus and must therefore produce gray pollen. (3) The remaining pol-
len type, C. cyanus, was identified to species level under the microscope
and could therefore be verified as light brown pollen using a pollen atlas.
Alternatively, it could simply be assumed to match the remaining clus-
ter. The annotation was simplified by the fact that often only a few, large
clusters were found. The laboratory results showed that on average 2.15
pollen types made up an abundance of more than 10% per sample,
which is corroborated by literature (Ares et al., 2022; Bilisk Tosunoglu
et al., 2008).

2.3.4. Model assumptions

It is plausible to assume that the pollen colors of the same botanical
origin follow a normal distribution around a chromatic mean. Since
different pollen types may be present, it is reasonable to assume that the
data within a sample is distributed like a mixture of three-dimensional
Gaussian distributions.

The number of components were known as they were taken from the
palynological analysis. Pollen types with a share of less than 5 % were
not considered and added to the share of outliers. Further adjustments to
the number of components were made based on visual inspection
considering the ease of cluster separation. Samples had to be excluded if
the modes of the color distribution could not be easily assigned to pollen
types, i.e. the underlying mixtures were not well-separated. For the
remaining samples, the GMM assumption of separability was deemed
satisfied.

GMM reconstruction

100

10 4
80 4

20 4

60 4

percent

10 4

—20 A

10 4

ntaurea cyanus (n=53)

T T T
50 0 50 100 150

Phacelia (n=699)

—20 4

T T T
50 0 50 100 150

Fig. 2. Exemplary pollen color scatter plot of sample D17 (left), corresponding palynological assessment (middle) and fitted GMM model (right). Outliers are plotted

as x.
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Considering that a single sample contains only very few abundant
species, it is unlikely that two of them have the same pollen type. It is
therefore plausible to assume that in a single sample each pollen type
comes from a single floral origin. If this assumption is violated, two cases
can occur. Either both species produce the same colors or different ones.
The first case can be ignored as it does not change the interpretation of
the results and in the second case the annotation of the pollen types is
ambiguous and the sample can be discarded.

2.3.5. Steps to determine the natural pollen color distribution
Annotation step: The samples were annotated as described above.
Samples that could not be accurately annotated were discarded.
EM-initialization: The EM algorithm was used to determine the
chromatic mean and the color dispersion for each annotated pollen type
of each sample. Gaussian distributions were initialized with the

Table 2

ISPRS Open Journal of Photogrammetry and Remote Sensing 12 (2024) 100063

corresponding annotated cluster centroid. As a starting point for the
(full) 3x3 covariance matrix, all pollen in a sample were temporarily
assigned to the nearest (annotated) cluster centroid and the covariance
matrix was calculated for each such cluster. The weights of the Gaussian
distributions corresponded to the known proportion of each pollen type.

EM-algorithm: In each iteration, the mean vectors and covariances
were updated. Only the weight vector was treated as known prior in-
formation and was kept constant.

Outlier removal: Since GMMs are considered sensitive to outliers,
the EM algorithm was run repeatedly and 20% of the outliers were
removed in each of five runs. The number of outliers was calculated
beforehand by multiplying the proportion of unidentified pollen types
and non-annotated pollen types by the number of pollen in the sample.
In each outlier-removal step, those pollen colors were removed that had
the lowest probability of originating from any of the fitted Gaussian

Chromatic mean values and the expected deviation therefrom based on the fitted GMM parameters. The latter is
measured as the CIE76 AE color difference. IQR values are omitted for pollen types with a single observation. Humans
perceive color dissimilarties greater than 5 as different colors.

Pollen type Color dispersion Chromatic means

(median (IQR))
Acer 633 (538859) ©O® YY)
Achillea T. 727 (683758 00000 ®
Aesculus 13.95 (13.60-15.08) O 00O ®
Anemone T. 8.95 (8.57-9.34) o0
Artemisia T. 8.69 (7.16-10.21)
Asparagus 8.44 [
Balsaminaceae 8.87 (8.25-8.92) ( X X )
Brassica T. 5.07 (4.40-8.39) 000000000002
Buddleja 7.76 L
Castanea sativa 8.91 o
Centaruea cyanus 10.14 (8.58-11.22) @OO0O0OOOOOOO
Chenopodium 9.21 (8.24-9.85) 0000
Cornus T. 7.17 (6.32-9.81) 000
Filipendula 1130 (11.11-12.09) ©®® ®
Hedera 12.24 (12.06-1267) 000000000 OGO
Hydrangeaceae 10.92 (10.61-11.08)
Parthenocissus 10.57 (9.50-10.99) 00000
Phacelia 13.60 (6.20-16.46) 0000000000012
Plantaginaceae 9.95(8.39-1413) OO0 O0GOOGODOOO+5
Poaceae 13.53
Potentilla 12.38 (11.00-13.75) @ @
Prunus T., Pyrus T., Rubus T. 10.66 (9.65-13.03) @000 00000 OO+I3
Ranunculaceae 12.48 (11.78-13.18) @ @
Rosaceae 15.02 (10.82-1693) ©® 0000000000
Salix 15.76 (12.37-18.19) 00000000000 7
Sinapis T. 7.41 (6.25-8.00) 00000
Taraxacum T. 8.57 (6.87-9.67) 00000000000
Trifolium pratense 14.42 (13.82-1545) @@ ©®
Trifolium repens 14.13 (12.82-1430) ©©® ©®
Vicia faba 10.38 (9.84-10.70) @®O©® @
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distributions.

Fitting: After removing the outliers, a final fitting was performed for
each sample. The estimated mean vectors and covariance matrices of
each pollen type’s distribution were filed. Fig. 2 shows the fitted
Gaussian distributions on the right. The number of plotted elements per
component corresponds to the proportion of the pollen type in the
palynological assessment multiplied by the number of pollen pellets in
the sample.

Preparation of results: For most pollen types, several Gaussian
distributions have been fitted, i.e. several mean vectors and covariance
matrices were available as they occurred in multiple samples. Each of
these distributions belongs to the same pollen type, but not necessarily
to the same floral origin. To make the covariance accessible to inter-
pretation, the mean Euclidean distance to the mode of the distribution
was calculated. The result, a scalar, is henceforth referred to as the
standard deviation of the distribution. Such a Euclidean distance in
L*a*b* color space is usually denoted as CIE76 AE and is a measure for
color differences (Robertson, 1977). Unlike the RGB color space, the
L*a*b* color space seeks to reflect perceived color differences thereby
making AE values comparable and expressive throughout the color
space. For each pollen type, the median and inter-quartile range of the
standard deviation of the color distributions were reported.

We used Mokrzycki and Tatol’s (2011) ranking to classify and
interpret our own results: Human observers do not perceive color dif-
ferences with CIE76 AE values from 0 to 1; differences with values from
1 to 2 are detectable only by experienced observers; values from 2 to 3.5
are also perceptible by inexperienced observers; differences between 3.5
and 5 are perceived as significant color differences; values above 5 are
interpreted as completely different colors.

3. Results

On 86 images of pollen samples, a total of 253 pollen types were
annotated, 30 of which were different. For each sample, a GMM was
fitted and the covariance was converted into standard deviations that
quantify the expected color dispersion from the chromatic mean. Table 2
shows the median and inter-quartile range of the standard deviation of
the colors for each pollen type, as well as the color means for each
occurrence. Brassica T. had the lowest color dispersion (5.07) whereas
Salix had the highest (15.76).

The data repository contains comprehensive results for individual
samples, which would go beyond the scope of the presentation in this
article (Borlinghaus et al., 2024). The fitted GMM parameters in JSON
format alongside visualizations similar to Fig. 2 are available in the
’pollen samples’ folder. Also scatter plots of the fitted Gaussian distri-
butions for each pollen type are provided in the ’pollen types’ folder
(Fig. 3).

Phacdia (n=330), dataset D, sammple 09

Phacdia (n=630), dataset D, sample 10
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Taking the assigned pollen type predictions of the GMM models as
ground truth, a pollen classification can be performed that simulates a
real-world use case ignoring the known class probabilities from the
laboratory analysis. Therefore, for all 62,343 available pollen colors that
were not previously labeled as outliers, all 30 pollen types were assumed
to be equally likely. Classification was performed by selecting the most
likely color distribution (out of 253) and assigning their corresponding
pollen type as the resulting class.

The aim of achieving few false positives (precision) while simulta-
neously minimizing false negatives (recall) is typically mutually exclu-
sive, as demonstrated by the precision/recall curve in Fig. 4. The curve
aggregates 30 one-versus-rest classifiers through non-weighted
averaging.

The axes of the confusion matrix in Fig. 5 were arranged by color,
which results in a more compact representation of confusion. As shown
on the vertical axis, class sizes range from 22 (Asparagus) to 8,328
(Prunus T., Pyrus T., Rubus T.). The diagonal values represent the one-
versus-rest classification accuracy which ranges from 0 % (Anemone

1.0 -

ision
=
(®)]
1

Prec

O'O - 1 1 1 1
0.00 0.25 0.50 0.75
Recall

Fig. 4. Precision/recall curve of a color-based pollen classifier. The curve was
calculated by averaging over 30 class-wise one-versus-rest precision/
recall curves.

1.00

Phacdia (n=579), dataset D, sanple 14

401 401 40
.‘
...
S o
20 () 20 20+ -

0 0 0
-20 20 120
—40 40+ 40

—50 0 50 100 150 —50 0 50 100 150 —50 0 50 100 150

Fig. 3. Colour dispersion for 3 of 23 exemplary Phacelia observations (D09, D10 and D14). The supplementary contains all 253 available scatter plots for all

pollen types.
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Artemisia T. (n = 1018) q
Sinapis T. (n = 1896) @
Poaceae (n=43) @ A
Hydrangeaceae (n = 1331) @ -
Brassica T. (n = 7240) @ 1
Acer (n = 3562) @ -

Buddleja (n = 210) @ A

Vicia faba (n = 1362) @ 1
Filipendula (n = 351) @ 1
Anemone T. (n= 213) @ -
Prunus T., P (...) (n =8328) @ A
Plantaginaceae (n = 3796) @ -
Balsaminaceae (n = 186) @ A
Centaurea cyanus (n = 2380) @ 1
Rosaceae (n = 6515) @ -
Castanea sativa (n = 24) @ 1
Hedera (n = 2787) @

Parthenocissus (n = 393) @ -
Salix (n = 4493) @ -
Chenopodium (n = 647) @ A
Cornus T. (n= 231) @ A
Ranunculaceae (n = 506) @ -
Achillea T. (n = 3107) @ 1
Asparagus (n=22) @ A
Taraxacum T. (n = 2122) @ -
Potentilla (n=28) @ -
Trifolium repens (n = 1668) @ -
Aesculus (n = 61) @
Phacelia (n = 5932) @ A
Trifolium pratense (n = 1891) @ -
.;,@25'\
S
v =
&

Fig. 5. Confusion matrix for pollen type classification. Similar colors are likely to be confused. Types are ordered by color, class sizes are given in brackets on the y-
axis. Values greater than 0.1 are annotated and rounded to one decimal place. The true classes are shown on the vertical axis, the predicted classes are plotted
horizontally. The values are row-wise normalized. Note how small class sizes led to unstable GMM that made larger, similarly colored classes more likely than true

classes (e.g. castanea sativa).

T., Castanea sativa) to 99 % (Phacelia). Considering all data points, the
correct classification rate is 67 % (n = 62,343, classes = 30).

4. Discussion

The availability of food resources in a landscape is discussed as an
important factor in the health of honey bees and other pollinators.
Quantifying this availability, and thus biodiversity, may be useful for
designing specific insect pollinator support programs. Currently, there is
a lack of methods that can automatically detect available food resources
in relevant landscapes. Identifying plant species by pollen color could
facilitate the evaluation of such support programs and may improve
food resources for important insect pollinators. However, it is not known
if (automatic) chromatic assessment of pollen is sufficient for more than
an estimate of species diversity, as identification has proven to be even
more difficult than previously known.

In our study, we collected and analyzed 86 pollen samples from
beehives in four German states. Using light microscopy, we identified
the pollen types and cataloged the results in a database, which was
supplemented by calibrated pollen colors. The subsequent adaptation of
Gaussian mixture models enabled us to interpret the distribution pa-
rameters. We were able to show that the expected color deviation from
the chromatic mean was greater than five for each species and pollen
type in the data set. Thereby, a value of five marks the limit above which
humans perceive colors as completely different (Mokrzycki and Tatol,
2011)). It highlights the complex nature of pollen colors, which exhibit a
multitude of nuances even within a single species. Consequently, the
effort to categorize pollen colors under a single color proves insufficient,
as the natural dispersion already spans several colors on average.

The measured colors of the pollen species that was both highly
abundant and had the lowest dispersion was Brassica T. However, the

mean standard deviation was still 5.07, which leads us to conclude that
the classification of individual pollen pellets cannot be successful
without additional resources, e.g. in the form of extensive expertise. The
finding that plant species produce (or obtain through typical collection
practices and storage) pollen colors of an unexpectedly high color
spectrum limits the use of color books for species identification when
using pollen traps as collection method. The reason for this is not pri-
marily that pollen of different origins looks the same, but that pollen of
the same origin does not look the same. This result is based on 85,531
corbicular pollen in 86 samples containing 14 of the 31 major European
pollen types (Keller et al., 2005), distributed over several sites and a
two-year sampling period in Germany.

While we are aware of the potential limitations of our GMM model,
confirmation using samples that allow clear color assignment supports
our conclusions (e.g., A09, A11, A12, A20, A21, A23, C14, C15, C16,
C20, C21, €30, C35, C36, C37, D08, D18, D30). By additionally
reporting the median and IQR of all color deviations of a pollen type,
outliers were largely excluded from the interpretation, which corrobo-
rates our conclusion. As mentioned above, pollen is known to change
color, for example due to drying (Campos et al., 2021). We therefore
argue that color dispersion would be lower if the colors were determined
immediately, ideally already in the field (Kirk, 1994). While this is true
in principle, the collection period of 24-48 h and storage in the freezer
make the results of this work more applicable from a practical point of
view since this is common practice (Campos et al., 2008, 2021).

The confusion matrix showed instabilities when estimating a GMM
with small class sizes. Against intuition, two types had a correct classi-
fication rate of zero. Given the identity of training and test data, one
would expect that these two normal distributions would over fit to their
corresponding pollen colors. Due to the few data points, the data did not
allow a robust mean estimation leading to slightly higher matching
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probabilities with wrong, similar looking types. On the contrary, the
confusion matrix also showed that some pollen types can be easily
distinguished. For example, Brassica T, Vicia faba and Phacelia produce
distinct yellow, gray and dark blue colors respectively. In general, the
accuracy of classification always depends on the number of classes and
similarity. In another data set with many dark pollen colors, Phacelia
could be much more difficult to recognize. However, for Central Europe,
especially Germany, we consider the explanatory power of the confusion
matrix to be acceptable due to the diversity of collection sites and
duration. The same caution applies to the generalization of the overall
correct classification rate of 67 %, which is also closely related to our
data set. It would be desirable to validate the classifier on a test split at
the sample level. However, this would have required that both sets
contained the same species, as the species determine the pollen color.
Since we only had pollen type class labels, this approach deemed un-
feasible. Convinced that within-sample splitting does not test the gen-
erality of the results, we did not perform a test split. We claim that this is
permissible, as the classifier is not used in an inferential but a purely
descriptive way and is therefore inverted in its typical application.

In contrast to Brassica T., which we described as a relatively homo-
geneous pollen type with little dispersion, the dispersion in Hydrangea-
ceae, for example, was strikingly large. This raises the suspicion that the
pollen type in samples D09, D10, and D12 was produced by several
species, contrary to what we assumed. A similar observation was made
for the pollen type Plantaginaceae in samples D19, D20, D23, and D24.

When comparing the photographed pollen with the results of our
melissopalynological laboratory analysis, it became clear that a labo-
ratory analysis is far from an ideal method. On the one hand, only a
limited number of pollen grains are examined under the microscope,
which inevitably leads to different proportions per pollen type
depending on the subsample size. On the other hand, humans them-
selves also appear to be a source of error. For example, in the selection of
pollen grains examined and the level of rigor. Obvious discrepancies
between laboratory findings and actual pollen type occurrence even led
to the exclusion of samples in our study.

Recent technological advances in pollen research could provide a
more reliable identification. Dunker et al. (2021) combined multispec-
tral imaging flow cytometry and deep learning to rapidly and accurately
identify species, quantify pollen grains, and extract features of recent
pollen. In addition, metabarcoding methods could also be considered to
improve the reliability, cost-effectiveness, and processing speed of pol-
len analyses (Campos et al., 2021).

The integration of visible/near infrared (Vis/NIR) and hyperspectral
imaging (HSI) technologies would be a promising way to improve
automated pollen classification. These modalities provide detailed
spectral signatures that could enable robust classification models
through advanced machine learning algorithms (Reddy et al., 2022).
This approach would promote the use of accessible tools to increase the
reach of pollen analysis and avoid complex laboratory setups. These
advances could significantly improve the standardization of pollen data
to reduce discrepancies, as shown by the observed variations in our
samples.

For example, we found a notable discrepancy in sample CO7. The
laboratory tests showed that 22.67 % Phacelia pollen was present in this
sample. In fact, only 8.18% corbicular Phacelia pollen was visible in the
photo, which could be reliably identified due to its distinct color (see
Table 1). Laboratory tests carried out according to the common standard
(Louveaux et al., 1978; Von Der Ohe et al., 2004) can therefore some-
times deviate considerably from reality. With an estimated 10,700 pol-
len grains analyzed manually based on their morphology, errors are to
be expected and the question is raised whether sampling of pollen grains
is sufficiently standardized to obtain comparable data.

In our previous studies (Borlinghaus et al., 2023a), we achieved an
overall precision of 98.77% for automatic pollen detection, indicating
low error rates. However, it is important to point out a limitation we
identified: The algorithm occasionally failed to detect dark-colored
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pollen, mistaking it for shadows in the image (Borlinghaus et al.,
2023a). This systematic overlooking of darker shades could lead to a
bias in our analyses. Further limitations result from the use of GMMs.
The method assumes that pollen colors of the same botanical origin
follow a normal distribution around a chromatic mean and that the
dataset as a whole is distributed like a mixture of three-dimensional
Gaussian distributions. Such assumptions may not hold true in all
cases and could lead to inaccuracies in color determination. Further-
more, the annotation step relies on prior knowledge, literature, and
logical combination to assign pollen clusters to specific types. This
process introduces subjectivity and potential errors, particularly in cases
where clusters are not clearly separable or when multiple species pro-
duce similar colors. This must be considered when interpreting the
results.

While we argue that today individual pollen cannot be reliably
classified by color because of color dispersion within species, this might
be possible with a sample of many pollen of the same origin. A larger
number of pollen would allow estimation of both a robust chromatic
mean and the covariance matrix. Because the structure of the covariance
matrix varies, it could be used to identify pollen type, which has not yet
been addressed. We therefore propose to test this hypothesis in future
work. Clearly, the knowledge of the flowering periods and the location
allows great restrictions of the possible candidates and can simplify the
classification. Even without a database on flowering periods, similar
results could be achieved by taking into account the probability of co-
occurrence of individual types.

5. Conclusion

Our study, using real-life pollen samples collected from pollen traps,
revealed a strikingly wide variation in the color dispersion among pollen
pellets presumed to originate from the same botanical source. This
variance is of such magnitude that to the human eye, the average color
dispersion appears equivalent to the range between distinctly dissimilar
colors within each of the analyzed cases. Given this substantial vari-
ability, our findings strongly caution against relying solely on color as a
reliable criterion for the classification of individual pollen pellets. In
light of our findings, it is evident that there is a critical need for further
research and exploration in the field of pollen classification. Techno-
logically more complex, but also more accurate methods than color
determination, exist. For example combined multispectral imaging flow
cytometry and deep learning, as well as molecular techniques, may
enable more robust replication and higher sample throughput needed to
compensate for the observed shortcomings. Ultimately, this would
finally allow to assess pollen diversity in order to create a European
pollen map, as suggested in previous research.
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