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We are in the midst of the Fourth Industrial Revolution, and so are the
bees. The advent of new and more affordable sensors, along with ad-
vanced data processing methods, has introduced versatile applications
in apidology. Ironically, these technologies are now being employed
to better understand the impacts of previous industrial revolutions, in-
cluding the consequences of changes in land use, climatic factors, and
the spread of invasive species facilitated by global trade routes. The
shift towards digitized apidology has become crucial in response to the
dramatic decline in insect populations worldwide. This dissertation em-
braces this shift by leveraging and advancing the capabilities of machine
learning in computer vision to enhance our understanding and protec-
tion of pollinators.

The first set of contributions focus on improving video data acquisition
around honey bee hives (Apis mellifera) and evaluating devices for quanti-
fying bee mortality for regulatory purposes, thus making plant protection
products safer for non-target organisms. A study on the re-identification
of bumblebees (Bombus terrestris) demonstrates how future behavioural
studies can be conducted without markers, non-invasively and purely
visual. Additionally, techniques for the automatic calibration of pollen
colours on smartphone images and biodiversity assessment are pre-
sented, enabling landscape monitoring through citizen scientists. Fi-
nally, we present a groundbreaking honey bee brood monitoring system
that can monitor Varroa destructor reproduction in cells, and supports
breeding for varroa-resistant traits.

Machine Learning, Computer Vision, Apidology, Honey Bees, Pollen Anal-
ysis, Brood Analysis

Macro shots of pollinators in and around Karlsruhe were generously
provided by Lilith Schumann.
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1 Introduction

In the garden of technology, bees either pollinate
dreams or harvest nightmares.’

HiveHelp.ai language model on oppor-
tunities yet to be shaped, 2024.

For longer than the headlines about Al innovations, we have been confronted
with news about insect decline. These headlines appear not only in newspa-
pers but also on federal and even European election posters. Since the pivotal
study by Hallmann et al. [100] in 2017, insect decline has become a widely
discussed issue. The authors of the study reveal that the biomass of flying
insects in German nature reserves has decreased by more than three-quarters
over a period of 27 years. The causes of this decline are diverse, ranging from
pesticide use and habitat loss to climate change and disease [21].

Among the more than one million described insect species, the honey bee
(Apis mellifera) stands out. This is not only due to the many opportunities
to encounter one of the million colonies or one of the 130 000 beekeepers in
Germany [109], but also because the honey bee plays a key role in researching
insect decline. Thanks to its widespread presence and availability, it serves
as a model organism for understanding insect populations and the threats
they face.

Besides shared challenges, A. mellifera also faces species-specific threats. In
this context, the Varroa mite — a parasitic invader — must be mentioned, as it
remains the bees’ greatest foe [208, 241]. However, the next invasive enemy
of honey bees is already at our doorstep. Specifically, the Asian hornet (Vespa
velutina) has crossed the border from France and was first spotted in Germany
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2014, only few kilometres away from KIT. Ten years later, I observe Asian
hornets weekly preying at my bee colonies in Karlsruhe.

Thanks to the growing awareness of insects’ importance to our ecosystem,
research interest is high. Karl von Frisch was awarded the Nobel Prize in
Physiology or Medicine in 1973 for his groundbreaking work observing and
explaining animal behaviour, particularly that of bees. Citing from his laudatio
he did not attempt to ‘understand it from his own experiences, from his own
way of thinking, feeling and acting’ [142], but instead through ‘means of
scientific methods, by systematic observation and by experimentation’ [142].
Today, 51 years after the laudatio was hold, there are still many questions
awaiting the engagement of curious minds. However, the tools to conduct
systematic observation and experimentation have drastically evolved. While
von Frisch had to mark individual bees with coloured dots in his experiments
to decode the ‘language of bees’, today, hundreds of bees can be distinguished
automatically using QR codes and machine learning [53].

The pioneers of the first convolutional neural networks, which have shaped
modern computer vision more than anything else, could hardly have imagined
that their innovations would attract significant interest in fields as distant
as apidology. Yet this is exactly where this work makes its mark — and it
is far from an isolated case. Today, computer vision and machine learning
are not only being used to study bee behaviour with QR codes, but also to
study Varroa infestations with cameras placed inside [251] and outside [18]
the hive, monitor intruders [156], identify individual fruit flies [170] and use
wing patterns to classify species [197]. Thousands of bees can now be tracked
simultaneously on honeycombs, and individual bees can even be followed in
the field [195]. Remarkably, even bee language, once painstakingly observed
by von Frisch, can now be decoded and projected onto a map using modern
technology [253].

And still, the potential of machine learning in apidology is far from exhausted.
Only recently, 750 beekeepers from 24 countries manually analysed the colour
diversity in 18 000 corbicular pollen samples of honey bees, dedicating an
estimated 6 000 hours of voluntary labour [41] — time that could have been
saved through automation. In a notable study from last year, honey bee
brood cells were deliberately infested with both live and dead parasites to
better understand which cues trigger worker bees to inspect brood cells [229].
An automated, non-invasive brood monitoring device could have allowed
for continuos observation, thereby offering a time dimension to the study.
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Although computer vision has gained popularity in tackling the challenge
of accurate bee counting, its precision remains insufficient for real-world
applications [181].

In this work, we bridge these gaps by exploring various ways machine learn-
ing and computer vision can be used to improve existing methods, both
in terms of time efficiency and quality, while opening up new possibilities
around the hive: for counting, re-identification, biodiversity assessment and
brood monitoring. The thesis is divided into two parts. The first part consists
of chapters on computer vision (Chapter 2) and apidology (Chapter 3) and
introduces the reader to the key principles of both fields. The second part
presents the research contributions that are described in detail below.

Part two opens with the observation that the successful application of com-
puter vision depends on high-quality image data; however, the literature
demonstrates that obtaining such data is often a considerable challenge.
Based on own experiments and results of others, Chapter 4 shows how a de-
vice can be constructed to capture high quality images of bees in front of the
hive. The resulting data set is unprecedented in quantity and quality. More
than 150 000 centre-cropped images of drones, nectar and pollen foragers
have been made freely available to the community.

As highlighted in the introduction, insect mortality is a critical issue — but
how many insects did not return from their foraging flight... exactly? For
more than a century, accurately counting bees at the hive entrance to assess
colony losses due to natural or anthropogenic factors has been a persistent
challenge [181]. In the absence of precise data, mortality rates have to be
estimated, with severe consequences for ecotoxicology and risk assessment
of plant protection products [78]. In Chapter 5, we propose a protocol for
validating bee counting systems, as the lack of reliable data on the accuracy
of these systems currently hinders progress in this area.

While the aforementioned QR codes provide an elegant solution for distin-
guishing larger numbers of bees, their application remains labour intensive.
In Chapter 6, we investigate whether individual recognition can be achieved
on the basis of visual features alone by studying larger, more variable and less
numerous bumblebees (Bombus terrestris). We find that the best performing
model can identify two thirds of individuals on the first attempt, thereby
providing future studies with an automated alternative to manual marking,
allowing for larger studies and longer study periods.
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In Chapter 7, we investigate whether bees, owing to their flower constancy,
can serve not only in their invaluable role as pollinators but also as biodi-
versity sensors. By collecting pollen, they carry data that imaging sensors
can use to visually assess the biodiversity of their foraging landscape. This
concept was developed into an app that enables beekeepers to use their smart-
phone camera to estimate the biodiversity around their apiaries, and thereby
assessing the site’s nutritional value [40]. This was achieved through the
successful use of everyday objects for colour calibration, addressing the chal-
lenge of making colours from smartphone images comparable across different
devices, locations, and times. The app provides an automated, objective, and
reproducible method for determining corbicular pollen colours, benefiting
both scientific research and beekeeping practices.

Building on this app for pollen detection and colour extraction, we conducted
the first major investigation into the natural colour variation within pollen
types (Chapter 8). Using automated colour extraction and Gaussian Mix-
ture Models for data fusion, we successfully clustered pollen loads based on
pollen type probabilities from laboratory analysis and colours extracted from
85531 individual pellets. This enabled us to quantify the type-specific colour
dispersion in the form of covariance matrices for half of the major European
pollen types.

In Chapter 9, we introduce a device that represents a significant advance
in honey bee brood monitoring, and in Varroa research in particular. This
low-cost system uses, for the first time, a contact image sensor to regularly
capture non-invasive images of all activity within the brood cells. Among
other pathogens, the system detects Varroa infestation and allows assess-
ment of reproductive success, offering exceptional potential for breeding
Varroa-resistant bees, evaluating acaricide treatments and conducting eco-
toxicological studies in general.

Chapters 5 to 9 are based on Borlinghaus et al. [35], Borlinghaus, Tausch, and
Rettenberger [36], Borlinghaus, Jung, and Odemer [31], Borlinghaus, Odemer,
and Tausch [34], and Borlinghaus, Giilzow, and Odemer [30]. A summary is
provided in Table 1.1 on the next page.

Returning to the initial metaphor, this research aims to plant seeds of innova-
tion in the ‘garden of technology’, nurturing new devices and methods that
will, we hope, yield further valuable insights in the future.
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2024 Chapter 9 and Chapter 8

An Insightful View: In-Hive Flatbed Scanners for Non-invasive Long-Term

Behaviour and Disease Monitoring of Honey Bee Brood Combs [30]

— Authored by P. Borlinghaus, J. M. Giillzow and R. Odemer.

— Submitted to Smart Agricultural Technology (Q1, CS 4.2, IF 6.3).

- Presented by P. Borlinghaus at Southern Ontario Bee Researchers’ Sym-
posium (BeeCon) in York, CA (2024).

Natural colour dispersion of corbicular pollen limits colour-based classification [34]

— Authored by P. Borlinghaus, F. Tausch and R. Odemer.

— Publ. in ISPRS Open Journal of Photogrammetry and Remote Sensing (CS 5.1).

2023 Chapter 7 and Chapter 6 Citations

2022

Introducing Pollenyzer: An App for Automatic Determination of Colour 4
Diversity for Corbicular Pollen Loads [31]

- Authored by P. Borlinghaus, J. Jung and R. Odemer.
- Published in Smart Agricultural Technology (Q1, CS 4.2, IF 6.3).

- Presented by R. Odemer at Hazards of Pesticides to Bees: Bee Protection
Group 15th International Symposium. International Commission for
Plant-Pollinator Relationships (ICPPR) in York, UK (2022).

- Presented by P. Borlinghaus at 9th European Congress of Apidology
(EurBee) in Belgrade, SRB (2022).

- Presented by P. Borlinghaus at 19th COLOSS Conf. in Bled, SI (2023).

A Purely Visual Re-ID Approach for Bumblebees (Bombus Terrestris) [36] 10
— Authored by P. Borlinghaus, F. Tausch and L. Rettenberger.
— Published in Smart Agricultural Technology (Q1, CS 4.2, IF 6.3).
- Presented by F. Tausch at the IEEE / CVF Conference on Computer
Vision and Pattern Recognition (CVPR) in New Orleans, US (2022).

- Presented in extended form by P. Borlinghaus at the 16th German
Probability and Statistic Days (GPSD) in Essen, DE (2023).

Chapter 5 Citations

Honey Bee Counter Evaluation — Introducing a Novel Protocol for Measuring 15
Daily Loss Accuracy [35]

— Authored by P. Borlinghaus, R. Odemer, F. Tausch and O. Grothe.
— Publ. in Computers and Electronics in Agriculture (Q1, CS 15.3, IF 7.7).

Table 1.1: Overview of the incorporated publications. Where available, citation counts are sourced
from Google Scholar, CiteScores (CS) and Impact Factors (IF) from journal websites (Elsevier),
and Journal Quartiles (Q) from Scimago. Data accurate as of September 19, 2024.












2 Computer Vision

Computer vision (CV) is a well-established discipline within computer science
that has recently experienced significant advancements thanks to machine
learning (ML) techniques. Its goal is to make the visual world accessible to
computers [262]. The field focuses on developing algorithms and methods
that enable computers to extract meaningful information from images and
videos [223]. Computer vision has been successfully applied across various
domains, including medical image analysis [144] and agriculture [115].

In this chapter, we will provide an overview of the key concepts relevant
to this work, beginning with colours and colour spaces, followed by an
introduction to Convolutional Neural Networks (CNNs) and their application
in ResNet and U-Net architectures for image classification and segmentation.
To conclude the chapter, we will explore how representation and metric
learning can be used to generate descriptions of individuals that allow for
their re-identification.

2.1 Colours and Colour Spaces

Colour is a sensory perception triggered by radiation from light sources that
reaches our eyes. This radiation stimulates the photoreceptor cells in the
eye, known as cones, which create a colour sensation that is processed by
our brain [154]. It is important to note that colour is not merely a physical
property but, above all, a subjective sensory experience [200]. The human
eye contains three types of cones, each sensitive to different wavelengths
of light: short, medium, and long wavelengths. The perception of colour
arises from the combination of stimuli from these three cones [134]. These
combinations can be mathematically represented in what is known as a colour
space.

11
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The most well-known colour space is the RGB colour space, which repre-
sents colours as combinations of the three primary colours: red, green, and
blue. However, RGB values represent colours relative to a specific device
or display, and without standardization [130]. The same RGB values can
appear differently on various devices, meaning they may be perceived as
different colours. To represent absolute colours, colour spaces such as the CIE
XYZ colour space have been developed by the Commission internationale
de Iéclairage (CIE), based on a standard illuminant and a standard observer,
which simulate average human vision under specific lighting conditions. The
CIE XYZ colour space is designed to be device-independent and represents
colours based on human colour perception in three dimensions, each defined
by the visual response to the stimulus under laboratory conditions [130].

For this work, the CIELAB colour space holds special importance. It is de-
signed to be perceptually uniform, meaning that the distances between colours
can be meaningfully compared and correspond to the differences perceived
by the human eye [154]. In this space, a colour is described by L*, a*, and
b* coordinates. The luminance component, L*, ranges from 0 (black) to 100
(white), while the colour axes a* range from —128 (green) to +127 (red) and
b* from —128 (blue) to +127 (yellow) [164]. Its special design makes the
CIELAB colour space an essential tool for quantifying differences in colour
perception.

To give RGB data a colorimetric interpretation, a calibration is needed [130].
For this, colour calibration cards are used. These cards contain colour patches
with known values under a standard illuminant and observer. A digital image
of the card is taken and used to establish a correspondence between the RGB
values of the camera and the known colours of the patches. This correspon-
dence is used to fit a transformation to the target colour space, which can be
used to calibrate all images that were taken under equal conditions [140]. If
the data are within the same linear colour space, or converted accordingly,
the transformation from the camera to the target colour space can be repre-
sented by a 3 X 3 matrix, essentially a rotation and scaling of the camera’s
colour space [140]. When needed, a larger 3 X 4 transformation matrix can be
employed to enable translation, allowing for the adjustment of the camera’s

black level.

Due to the perceptual uniformity of the CIELAB colour space and the orthog-
onality of its axes, differences between two colours can be described by the

12



2.2 Convolutional Neural Networks and Their BuildingBlocks

CIEDE76 Colour difference  Interpretation

0 <AE <1 Observer does not notice the difference.

1 <AE <2 Only experienced observer can notice the difference.

2 <AE <35 Inexperienced observer also notices the difference.
35 <AE <5 Clear difference in colour is noticed.

5 <AE Observer notices two different colours.

Table 2.1: Colour differences as seen by a standard observer [164].

Euclidean distance. This distance is referred to as AE [189] and is defined
as:

NE (L @}, 05, L3, apb) = \ (L5 — 1) + (a3 — @) + (B3 - B)° (2)

In experiments by Mokrzycki and Tatol [164], the distances were quanti-
fied and made accessible for interpretation. The results are summarised in
Table 2.1.

Figure 2.1 illustrates AE colour differences for six common European pollen
colours. Please note that due to the limitations of display and printing, the
absolute colour values may not be accurately represented. However, it is
evident that as the AE value increases, the colour differences from the original
colour become more pronounced.

2.2 Convolutional Neural Networks and
Their Building Blocks

Convolutional Neural Networks (CNNs) have a long history in the field of
machine learning, with their origins dating back to the late 1980s. One of the
early milestones was the work by LeCun et al. [138], who applied backpropa-
gation to handwritten zip code recognition, creating one of the first practical
CNNs. However, these early networks were relatively small and limited in
depth. The real breakthrough came in 2012 when Krizhevsky, Sutskever, and
Hinton [128] introduced a much larger and deeper CNN with five CNN layers,
three Fully Connected Layers (FC) and a total of 60 million parameters that
was trained on a massive dataset of over a million images. This model, known

13
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Figure 2.1: For six common European pollen colours [32] (centre), exemplary real pollen loads are
displayed with colour differences ranging from AE = 2 to AE ~ 32. As the AE value increases,
the colour differences from the original shade become more pronounced.

as AlexNet, revolutionised the field by significantly improving the state-of-
the-art in image recognition. Following this, the trend continued with even
deeper architectures, such as the 19-layer VGG network [225], which further
pushed the boundaries of CNNs in terms of depth and performance.

In addition to convolutional layers, the basic building blocks of a CNN include
pooling layers, activation functions, and fully connected (FC) layers.

A convolutional layer applies a set of filters to the input feature map. Figure 2.2
illustrates such isolated convolution operation with RGB input (left), a single
kernel (centre) and a resulting single-channel feature map (right). A kernel
of shape 3 x 3 X C is applied to a close-up image of two pollen loads. At
each position, the resulting value in the output feature map is a weighted
sum of the input values within the kernels receptive field and the kernel’s
trainable parameters. In practice, multiple independent kernels learn different
aspects of low-level features that serve as the foundation for subsequent layers.
However, before a feature map is passed to the next layer, activation functions,
such as the Rectified Linear Unit ReLU (x) = max (0, x) [171] or the Sigmoid
function o (x) = 1/(1+ e ) are applied to the layer’s output. Activation
functions can introduce non-linearity into the network, enabling it to learn
more complex functions [139].

14
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RGB input (HxWx3) Trainable kernel weights (3x3x3) Output feature map (HxWx1)

Figure 2.2: An isolated convolution operation with RGB input and a single output channel
is illustrated. The operation involves an element-wise multiplication between corresponding
elements of both K X K x C tensors, followed by a summation of the resulting values. H and W
denote the spatial dimensions, C = 3 the number of input channels, and K = 3 the kernel size.

Fully connected layers can be understood as a special case of CNNs, as they
are equivalent to convolutional layers with kernel size H X W X C, where H
and W are the spatial dimensions of the layer’s input. As the name implies,
FC layers connect every neuron in one layer to every neuron in the next layer,
allowing the network to learn patterns without restrictions on their spatial
location. It is evident that convolutional layers with typical kernel sizes of
3 X 3 to 7 X 7 reduce the number of parameters dramatically, compared to
their H X W sized fully connected counterpart. However, this comes at the
expense of the receptive field, i.e. the amount of pixels in the input image
that can influence a layer’s output. This is nevertheless a favourable trade-off,
as lightweight convolutional layers can be cheaply stacked and combined
with pooling layers.

Pooling layers downsample the feature maps generated by the convolutional
layers, thus reducing the spatial dimensions of the data and therefore increas-
ing the receptive field of the following convolution.

During training, the network’s output § must be compared with the ground
truth labels y to update the network’s weights. Depending on the problem at
hand, different loss functions L(y, §) are commonly used. For classification
problems (and segmentation can be considered pixel-wise classification), the
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(multi-class) cross-entropy loss is the method of choice [207]. It is defined
as:

C
L(fe ye) == ) yelog (dc) (2.2)
c=1

where . is the predicted probability that the input y belongs to class ¢ €
{1,2,...,C}. Similarly, y. indicates the true class affiliation. Based on the
calculated loss, optimizers such as Stochastic Gradient Descent (SGD) [203] or
Adam [120] push the network’s weights in the direction of a better solution.
The SGD algorithm is applied by feeding a minibatch of training data through
the network, comparing the results to the desired output, calculating the
gradients of the loss function with respect to each weight in the network
and updating the weights accordingly [139]. SGD is considered stochastic
because each iteration over a minibatch provides only a noisy estimate of the
gradient calculated over the entire dataset [139].

One of the primary strengths of CNNss lies in their ability to automatically
learn hierarchical features from data. In the early layers, CNNs capture low-
level features such as edges and textures, while the deeper layers progressively
extract more abstract, high-level features such as motifs and arrangements
thereof [139]. This hierarchical feature learning enables CNNs to recognize
complex patterns and relationships within the data, making them highly
effective as feature extractors or backbones for various downstream tasks. In
the following sections, we will introduce ResNet-18, a commonly used feature
extractor for classification tasks, and U-Net, a widely adopted architecture
for image segmentation tasks.

2.2.1 Residual Network Architecture

The previously described deepening of CNNs cannot be extended indefinitely,
as the training becomes unstable, a problem known as the exploding and
vanishing gradient. If the gradients become too small, the training stagnates;
if they become too large, they become imprecise and can harm the training
process [101, 102]. This leads to the counter intuitive observation that a
deeper network is not necessarily as good as or better than its shallower
counterpart. This is surprising because the additional layers could, in theory,
learn to adopt a result-neutral state. From the fact that deeper networks
perform worse in their experiments, even though the additional layers could
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Skip Connection

oo v+

Figure 2.3: A skip connection surrounds both layers of the residual block. Adapted from He
et al. [102].

theoretically learn at least an identity mapping, He et al. [102] conclude that
‘the solvers might have difficulties in approximating identity mappings by
multiple nonlinear layers’

The authors propose a structure called a residual block, in which pairs of
layers are surrounded by a skip connection, as illustrated in Figure 2.3. This
design ensures that adding depth to the network does not impair learning.
Instead, it simplifies the process of learning the identity mapping, which, as
the authors demonstrate, is not only easier but also highly beneficial. The
skip connection bypasses two convolutional layers, directly adding the input
to the output without introducing any additional parameters. This shortcut
allows the layers to focus solely on learning the residuals relative to the
input [102]. By adopting this approach, very deep networks can be trained
without encountering the instability that typically arises in such cases. The
ResNet architectures studied by the authors range from 18 to 152 layers, with
experiments even conducted on networks as deep as 1202 layers. All ResNets
follow a similar architecture, as depicted in Figure 2.4 for ResNet-18.

The relatively compact ResNet-18 [102] consists of an initial convolutional
layer, followed by four groups of two residual blocks each. Each group shares
the same spatial dimension. The spatial dimensions are reduced by max
pooling after the initial layer and through striding in the first convolutional
layers of groups 2, 3, and 4. A final average pooling layer is followed by a
fully connected layer, making the network suitable for classification tasks. As
identity connections cannot work for different spatial and channel dimensions,
1% 1 convolutions are used to match the dimensions where necessary. When
used as a backbone for other tasks, the final FC layer is removed, and the
output of the last convolutional layer serves as a learned representation of
the input image.

Despite the relatively shallow depth of 18 layers, which theoretically allows
training without skip connections, their use accelerates the training process
and justifies their inclusion [102].
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Figure 2.4: The ResNet-18 architecture [102] consists of 18 trainable layers, organised into 4
groups (G1 to G4), each containing 2 ResNet blocks that incorporate identity mappings. To
match the input and output dimensions between these groups, 1 X 1 convolutions with a stride
of 2 are employed. Throughout the network, pooling layers and strided convolutions gradually
reduce the spatial dimensions from 224 X 224 at the input to 1 X 1 at the output.

2.2.2 U-Net Architecture

The U-Net can be understood as an advanced form of the autoencoder archi-
tecture. Autoencoders are networks designed to reconstruct their input as
accurately as possible. They consist of an encoder, which transforms the input
into a compact representation, and a decoder, which maps this representation
back to the input. Hinton and Salakhutdinov [104] describe the encoder
part of the architecture as a ‘nonlinear generalization of PCA’ [104], with
its output often referred to as the bottleneck. Autoencoders can effectively
reconstruct the input but are not designed to classify it. This highlights a
significant conceptual difference, as the labels and inputs are identical during
autoencoder training.

The U-Net, introduced by Ronneberger, Fischer, and Brox [207], is a spe-
cialised type of autoencoder network developed for image segmentation.
In this context, the label is the corresponding segmentation mask for the
input image. While skip connections in an autoencoder would interfere with
compression, in U-Nets they significantly contribute to its success.

As shown in Figure 2.5, a U-Net consists of a contracting path (left) and an
expanding path (right) that exchange information through so-called skip
connections (dashed lines) [207].

The contracting path in the U-Net architecture follows a standard convolu-
tional network structure, applying two 3 X 3 convolutions (without padding),
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Figure 2.5: Original U-Net architecture, adapted from Ronneberger, Fischer, and Brox [207]. The
architecture consists of a contracting path (on the left) and an expanding path (on the right),
which are interconnected by skip connections (dashed lines).

each followed by a ReLU activation function, and a 2X2 max pooling operation
with a stride of 2 for downsampling.

The expanding path involves an up-convolution layer [260] that doubles
the spatial dimension and halves the number of channels. The cropped
concatenation, highlighted in red in Figure 2.5, performs a centre crop on the
larger feature map before concatenating along the channel dimension. The
final layer, one of a total of 23 convolutional layers, uses a 1 X 1 kernel to map
each 64-component feature vector to the target classes [207].

In the expanding path, the network has access to both the encoded represen-
tation of the entire image from the bottleneck and the features of the input
image at the corresponding resolution. The combination of these two sources
of information enables the network to perform image-to-image translation
tasks, such as segmentation, with high resolution [207]. Since segmentation
involves pixel-wise classification, a pixel-wise distribution over the classes
can be obtained using softmax activation on the output feature maps. During
training, cross-entropy loss is applied [207].

A notable feature of the U-Net is its complete absence of fully connected (FC)
layers, which qualifies it as a Fully Convolutional Network [147]. This allows
it to process images of variable size, as the input image size is not constrained
by the fixed dimensions of an FC layer [207].
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2.3 Object Re-Identification

The computer vision task of re-identification (re-ID) involves associating
objects across different images based on visual attributes. Naturally, interest
in re-ID of humans is particularly high, driving many developments in the
field [94]. However, its utility has also been recognised in wildlife observation,
for example, to analyse camera trap footage [216].

Re-identification can be divided into two cases: when all individuals are
known (closed-set re-ID), and when this is not the case (open-set re-ID). Both
scenarios involve a probe image and a gallery set. For closed-set re-ID, the
goal is to determine which identity in the gallery matches the probe. In open-
set re-ID, it must also be determined if the individual is known to the gallery,
which typically requires applying a threshold to the similarity metric [54].

In the following, we will introduce the key concepts of re-ID. First, we will
discuss representation learning, focusing on the triplet loss, a widely-used
method for training embedding networks. These networks extract descriptive
features that can be compared using standard metrics to identify similar
individuals. If the features are considered fixed, an alternative approach is to
learn a suitable metric to achieve the desired outcome; this is termed metric
learning and will be the second concept we explore. Finally, two approaches
are presented to assess the quality of re-ID systems.

2.3.1 Representation Learning

To identify an object, a description is needed to compute similarities between
the probe image of interest and the gallery set. This description is referred to
as the representation or embedding of image X and needs to be learned [139].
The dimensionality of embedding vector w € R depends on the complexity of
the application. Once objects are embedded, (dis)similarity can be determined,
for example, by general-purpose metrics like the Euclidean distance

di, (Wi, w2) = ||lwy — w2l (2.3)

When the dimensionality is considerable, the embedding space becomes ex-
ceedingly large and thus sparsely populated. In such instances, the Euclidean
distance is not always a reliable measure. This phenomenon, known as the
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‘Curse of Dimensionality’ [13, 1], can be mitigated by utilising metrics less
vulnerable to sparsity, such as cosine distance [12, 11]:

Wi - W2

deos (Wla WZ) = (24)

willllwall
Given such metric, the goal is to train an embedding network that infers
embeddings that yield high similarities for identical individuals. A naive
approach is to train and modify an auxiliary classification network. As
demonstrated by Taigman et al. [235], a CNN backbone can be used as a
feature extractor and complemented by a FC for classification. During this
auxiliary training, the FC layer learns to predict classes (identities) from the
feature maps generated by the feature extractor. However, this method can
only determine identities known during training and for which sufficient
training data was available. Since the feature extractor has learned to generate
feature maps that allow easy determination of class affiliation, the trick is to
discard the FC layer during inference and interpret the output of the feature
extractor as the desired image embedding. These embeddings can be used
to determine similarities between probe and gallery images, regardless of
whether they were in the training dataset or not. The disadvantages of this
approach include the lack of assurance that the obtained representations
generalize well and that the embeddings of the same identity typically scatter
more than necessary [218].

One way to avoid the inefficiencies and indirect features associated with the
auxiliary classification task is to adopt the contrastive learning para-digm,
specifically utilizing the triplet loss. The precise mechanism of this approach
is detailed in the following section.

2.3.2 Triplet-Loss

The triplet loss was first adapted for re-ID by Schroff, Kalenichenko, and
Philbin [218] and aims to assign semantic locations in the embedding space
to unseen identities. By enforcing a distance margin a between embeddings
of different identities, the triplet-loss allows to train the re-ID model without
detour through a cut-off auxiliary classification network.

The starting point is again a feature extractor network that computes an em-
bedding from an input image. In each training step, three images are selected:
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an anchor image, a corresponding image of the same identity (positive image),
and an image of a different identity (negative image). These triplets give the
name to the presented loss [218].

The (squared) distance between the embedding of X* (anchor image) and X?
(positive image) should be small, but large for X? and X" (negative image).
The exact distance d is of secondary importance, as long as the conditions
d(w* wP) < a and d(w? w") > « are satisfied for the triplet’s embeddings
w’ wP and w”. By further enforcing ||wl|; = 1, all embeddings are con-
strained to lie on a hypersphere [218].

Note that margin « provides the network with the flexibility not to project
all images of the same identity to a single point in the embedding space,
thereby allowing them to ‘live on a manifold’ [218]. This is less complex to
learn and sufficient for re-ID systems [254]. Mathematically speaking, the
feature extractor is optimized to find embeddings such that the following
triplet constraint holds for all possible triplets 7 [218]:

2 2
lw§ — w1f||2 +a < ||lwi-wl5 Y(w], wf, wi)eT. (2.5)
The loss to be minimised is then given by

N
Liipter = ), [Iw§ = w3 = [ w - w?|} +a], , (26)

where N is the cardinality of 7~ [218].

In practice, it is neither possible nor desirable to use all triplets for training.
Triplets that already satisfy the condition in eq. 2.5 provide no learning signal
for the feature extractor and slow down the training process. Conversely, for
a given anchor X%, images X? and X" have the greatest learning potential if
they most significantly violate the constraints:

argr;lax lw? — wf||§ (hard positive) (2.7)
Xi
and
argmin ||w? — w”||% (hard negative) (2.8)

i
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respectively [218]. The downside of training with hard triplets is twofold.
First, identifying the hard triplets is computationally expensive. Second, there
is a risk that the training process may be dominated by mislabelled or poorly
imaged samples, which can adversely affect the model’s performance [218]. To
address these issues, the authors chose to sample triplets not from the entire
dataset but from within a minibatch. To ensure sufficient diversity in the
minibatch, the batch size is in the order of thousands. Enforcing a minimum
number of images per class ensures that both positive and negative samples
are included. While training on all available positive samples, only hard
negative samples were considered, which was found to be sufficient [218].

2.3.3 Metric Learning

Previously, we explored how representation learning can be used to find
embeddings that align with a given metric. In this section, we consider the
reverse scenario: how to fit a metric that aligns well with a given set of
features.

Let w € R? be a hand-crafted numerical representation for an image, where
each entry describes a specific characteristic of the depicted object. Let d(+)
denote a distance metric, which is a pairwise function that measures the
(dis)similarity between objects [12]. The goal of metric learning is to fit a
metric that makes optimal use of the given embeddings and is tailored to the
specific problem at hand, such as re-identification. The downside of choos-
ing dcos or dy, is that all features encoded in the components of w equally
impact the similarity d.(w, w2). Not accounting for the varying importance
of different features may lead to suboptimal performance in tasks where
some features are more relevant than others [11]. For example, if the goal is
to compare bees based on their pollen-carrying trait, the feature describing
pollen should be heavily weighted in the similarity metric. Conversely, when
determining if two images depict the same bee, the pollen feature should be
disregarded, as a single bee can be observed with or without pollen. Note the
difference from the previous examples in sections 2.3.1 and 2.3.2, where w
consisted of learned features rather than hand-crafted features. In represen-
tation learning, the learning algorithm implicitly weights features through
adjustments to the feature extractor, making explicit weighting on the part
of the metric unnecessary. In metric learning, however, the metric is fit to
the features rather than the features to the metric.
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Here, we focus on linear metrics that are learned using a weakly supervised
learning paradigm. This approach relies on equivalence constraints, meaning
it only knows whether pairs or triplets are similar or dissimilar, without
any class label information [11]. A significant advantage is that equivalence
constraints can sometimes be automatically gathered, for instance, through
object tracking [126].

We start with the Mahalanobis distance [153], which measures the distance
between a point and a distribution in units of standard deviations:

ds-1(w,w') = V(w - w)TZ(w—w), (2.9)

where w and w’ are embedding vectors from the same distribution with
covariance matrix X [11]. We then replace the inverse of the distribution’s
covariance matrix with learnable parameters M, and yield the generalised
distance defined as

du(w, w’) = V(w—w)TM(w - W), (2.10)

where the positive semidefinite matrix M € R%*¢ weights the features [11].
If M is equal to the identity matrix, one obtains the Euclidean distance. By
expressing M through LTL, where L € R¥*9 and k is the rank of M, Bellet,
Habrard, and Sebban [11] show that the Mahalanobis distance corresponds to
the Euclidean distance after the data has been linearly transformed by L:

dm(w, w') = V(w - w)TM(w - w’)
=/(w-— w)TLTL(w — w’)
= /(Lw — Lw’)T (Lw — Lw’)

There are various ways to learn dy [126, 11]. However, they generally involve
learning the quadratic form d3, rather than dy given in eq. 2.10. In the
following, we will present the method proposed by Kostinger et al. [126]. The
authors model the dissimilarity between two embeddings as the likelihood of
them being dissimilar. Statistically, the decision on whether a pair is dissimilar
can be determined using a likelihood ratio test. In this test, the probability of
a pair being dissimilar is compared to the probability of it being similar.
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A pair (w;, w;) is considered similar if the null hypothesis H, (dissimilar) is
rejected. This occurs when ¢ (wi, Wj) becomes small:

p (i, w;|Ho) Wj|H°)) . (2.11)

5 (wi,wj) = log(

»%i) p (Wi, w;|Hy)
By setting w;; = w; — w}, the authors make the metric independent of the
locality in feature space and obtain:

P (WileO)) 1 (M) , (2.12)

og
p (wij|Hi) f (wij16:)
where f(w;;]6.) is a probability density function indicating whether a pair
(w;, w;j) is dissimilar, given the respective hypothesis. Since w;; = —w;
(symmetry), the authors then assume a zero-centred Gaussian structure of
the difference space with 0; = (0, Zeq(ij)=1) and 0y = (0, Zeq(ij)=o):

8 (wij) =log (

_1 _
(27 det (Seqqimo) ¥ exp (<3wlZod, ) owis)

& (wij) = log . (2.13)

1 i}
(27 det (Seq(i,j)=1)) * exp (_%Wz}zeql(i,j):lwij)

where eq (i, j) = 1 indicates the existence of a equivalence constraint for pair
(i, j) and eq (i, j) = 0 indicates the absence of such a constraint. The unscaled
covariance matrices for the cases where the pairs are similar or dissimilar are
calculated as follows:

Zeq(i,j):l = Z Wile?;» (214)
eq(i,j)=1
and
2eq(i,j)=0 = Z W,’le?; . (2.15)
eq(i,j)=0
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When applying logarithm rules to eq. 2.13, dropping constant terms, and
rearranging, one obtains:

Ts-1 Tsy-1
5 (Wij) = Wijzeq“,j):lwij - wijzeq(i,j)zow,-j (2.16)
R -1 -1
= Wij (Zeq(i,j):l - Zeq(i,j):O) Wij , (217)

which is the quadratic form of eq. 2.10.

If we estimate M = (2_1 > and ensure M is positive semidef-

_y-1
eq(i,j)=1 eq(i,j):O) N
inite through spectrum clipping, we finally obtain M and thus the learned
metric that determines the similarity between pairs of embeddings [126]:

A

dl%/l (Wi —Wj) = (Wi —Wj)TM (Wl‘ —Wj) . (2.18)

In this section, we have seen how equivalence constraints can be used to fit a
metric that appropriately weights a set of fixed features.

2.3.4 Evaluation of Re-ldentification Algorithms

It is not clear how to evaluate the performance of re-ID algorithms, as different
approaches may focus on different aspects of the task. For example, a system
designed to find the top-k most similar images may perform poorly in a
scenario where the user is only interested in the top-ranked image. To
address this, the re-ID community has developed several evaluation metrics,
including the Cumulative Matching Characteristics curve (CMC) [263] and
mean average precision (mAP) [263]. Both are briefly introduced below.

The Cumulative Matching Characteristics curve is an easy-to-interpret method
for evaluating re-ID algorithms. In the context of computer vision, the term
CMC-k represents the probability that a query identity (probe) will appear
within the top-k of the ranked candidate list [263, 256]. The candidate list
is generated by the re-ID algorithm and contains images from the gallery
set, ranked in accordance with the matching probability assigned by the
algorithm.

The CMC calculations take into account only the first match in the gallery,
regardless of the number of true matches. This makes it impossible to assess
the recall ability of the algorithm. While this is an acceptable approach if the
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user’s main concern is to find a match at the top of the ranking, it is otherwise
undesirable [263].

The mean Average Precision metric (mAP) is capable of differentiating be-
tween algorithms that have the initial correct match in the same position,
by additionally considering subsequent matches and their respective posi-
tions [256]. The mAP is calculated by averaging the area under the Precision-
Recall curve for each query, as detailed in reference [263].
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3 Apidology and Precision
Beekeeping

This chapter centres on the honey bee (Apis mellifera), which is the main sub-
ject of this work. Bumblebees (Bombus terrestris), in contrast, are of secondary
importance and are only addressed within the context of re-identification in
Chapter 6.

Consequently, Section 3.1 highlights the importance of research on pollinators
with an emphasis on honey bees. Section 3.2 discusses the biology of honey
bees, focusing on aspects relevant to the applications and technologies exam-
ined, including behavioural traits and pathogens. Finally, Section 3.3 covers
technological interventions designed to monitor and support bee populations,
referred to as ‘Precision Beekeeping’ in the literature [98, 258].

3.1 Relevance of Pollinators and Their Decline

Pollinators, particularly bees, are crucial to both ecological health and agri-
cultural productivity. They facilitate the reproduction of many plant species
by transferring pollen, which significantly contributes to biodiversity and
ecosystem stability. It is estimated that 87.5 % of all flowering plant are animal
pollinated [184].

According to the Intergovernmental Science-Policy Platform on Biodiversity
and Ecosystem Services [21], the volume of crops dependent on pollinators
has tripled over the past fifty years, with between 5% and 8 % of global
crop production now reliant on them. This contribution is crucial, as it
directly influences the availability and diversity of food products such as
fruits, vegetables, and nuts. Estimates suggest that the total loss of pollinators
could lead to a short-term reduction of 1 -2 % in global GDP due to potential
decreases in crop yields [143].
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Despite their importance, pollinators are experiencing significant declines
worldwide [17, 172, 179]. Regional assessments reveal alarming threats to
insect pollinators. The European Red List indicates that 9 % of European bee
species are threatened with extinction, and 37 % are in decline [179]. A widely
cited study by Hallmann et al. [100] reports a 76 % decrease in the biomass of
flying insects in German nature reserves between 1989 and 2016.

Several factors contribute to the decline of pollinators. Habitat loss due to
intensive agriculture and urbanisation is a primary driver, alongside pollution
from synthetic pesticides and fertilisers [214]. Biological threats, such as
pathogens and introduced species, also play a critical role. For instance,
Varroa mites have severely impacted honey bee populations [208]. Similarly,
bumblebees face threats from parasites and fungal diseases [21].

Climate change further exacerbates these problems by altering habitats and
affecting the availability of food sources for pollinators. The interaction of
these factors results in a decline in pollinator populations, which has direct
consequences for agricultural productivity and global food supply.

The honey bee plays a special role in the study of the causes of pollinator
decline. Although it is not itself affected by the decline — in fact, FAO data
shows that global honey bee populations have nearly doubled since 1960 due
to the large number of managed hives - it serves as a well-studied and widely
available model organism for researchers [172]. For example, regulatory
measures for pollinator protection are often defined based on their impact on
honey bees. Such read-across is justified with additional safety margins and
provide a pragmatic solution to effectively protect more vulnerable pollinators
as well [78].

To better understand this model organism in the context of this work, the
following section provides a short introduction to the biology of honey bees.

3.2 Honey Bee Biology and Threats

Karl von Frisch once remarked, ‘A farmer can keep a single cow, a dog, or
even a chicken if he wants, but he cannot keep a single bee’ [87], highlighting
the complex social structure of honey bee colonies that fascinates many. This
section introduces the biology of the honey bee (Apis mellifera), drawing on
von Frisch’s foundational work ‘Aus dem Leben der Bienen’ [87].
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In the wild, honey bees naturally inhabit cavities, but managed honey bee
colonies are typically kept in hives. One type of hive being used in this
work is the Dadant magazine hive, which measures 509 X 509 mm externally.
Inside, there are up to 12 frames fitted with wax foundation sheets, which
the bees build into combs. In Chapter 9, we will show how such a frame can
be replaced by a commercial flatbed scanner, allowing precise observation of
brood cells. The hives are usually made of wood with a metal roof. The brood
chamber is at the bottom and is stacked with one or more honey supers during
the nectar flow. These hives are designed to provide optimal conditions for
the bees while allowing for easy inspection and management.

Honey bees produce the wax they need to build brood and honeycombs
through wax glands. The hexagonal shape of the comb cells provides stability
and, compared to other shapes that also avoid gaps, it has the advantage of
requiring the least perimeter for the same area, thus minimising the amount
of building material needed. Wax usage is further reduced by building cell
walls with a thickness of just 0.1 mm. In Chapter 9, we will explore how bees
can also accept plastic foundations as a basis for their combs.

Once a brood comb is fully constructed, the queen begins laying eggs. During
the peak of colony growth in the spring, she can lay up to 1500 eggs per day,
which is roughly equivalent to her own body weight. Naturally, the number
of bees that perish daily must be of similar order. In Chapter 5, we will
theoretically explore how to accurately determine the mortality rate within a
bee colony. The worker bees prepare the cells for egg-laying, with worker
brood cells measuring 5.25 + 0.5 mm, slightly smaller than the 6.4 + 0.5 mm
drone cells [151]. Based on the size and need, the queen decides whether to
lay unfertilised eggs, which develop into the larger male drones, or fertilised
eggs, which produce new worker bees. In Chapter 9, we utilize this behaviour
to attract and observe drone brood on the aforementioned flatbed scanner.

Three days after an egg is laid, it develops into a white larva, which is then
fed by the worker bees. After six days, the larval stage is complete, and the
cell is sealed. The larva pupates, and after 12 more days, a young worker
bee emerges. The development of a queen is slightly shorter, taking 16 days,
while drone development (see Figure 3.1) takes a bit longer at 24 days and is
detailed in connection with pathogens. A newly emerged queen must first
embark on a mating flight, during which she mates with a few dozen drones.
The sperm she collects during this flight will be used for the rest of her life to
fertilize eggs.
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Figure 3.1: Starting from day 2, the cell scans show 24 days of drone brood development at
48-hour intervals, as seen from below. Capping is expected to begin around day ten.

Honey bees rely on sugar-rich nectar for energy and protein-rich pollen for
growth, both of which are collected on foraging flights, to which a separate
section is devoted. In late summer, when the honey flow ceases, bees may
begin robbing weaker colonies of their honey stores. This behaviour can
significantly weaken already vulnerable colonies. It is often triggered by the
scent of honey, which can become particularly enticing if beekeepers leave
feeding frames exposed. In Chapter 5, we will artificially induce robbing in
an uninhabited hive. This method introduces a controlled scenario which
allows us to evaluate the accuracy of bee counters.

The lifespan of worker bees depends on their level of activity. Spring bees,
which are heavily involved in construction and care, live for only about three
weeks. Summer bees have a lifespan of about 40 days, while winter bees
survive the entire winter period, which lasts 6-7 months. A queen, on the
other hand, can live for 4-5 years. At its peak, the population of a honey bee
colony exceeds 40 000 individuals, including a single queen and, in the early
summer months, a few hundred drones. As winter approaches, colony size
shrinks to about a quarter.

3.2.1 Corbicular Pollen and Foraging Behaviour
Corbicular pollen loads (or pollen baskets) measure approximately 3.5 mm in

length and 2 mm in width [124]. Pollen foragers gather pollen from flowers,
forming it into packets that adhere to their hind legs with the help of spe-
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cialised hairs. Upon returning to the hive, these pollen packets are deposited
in separate cells from the nectar.

Pollen is a vital protein source for the developing brood, making it indispens-
able for the colony’s growth [40]. A diverse pollen diet is crucial for bees,
as the nutritional composition of pollen can vary significantly. For example,
the protein content of cypress (Cupressus arizonica) is 2.4 %, whereas that of
primrose (Dodecatheon clevelandii) is as high as 61.7 % [211].

While foraging, bees inadvertently transfer pollen between flowers, thus
playing a crucial role in plant pollination. Though many insects contribute to
pollination, honey bees are particularly effective due to their large population
size, wide foraging range, and the fact that they continue to collect beyond
their immediate needs, preparing for future scarcity [87, 124].

The median foraging distance for a honey bee is around 1.7 km, and multiple
flights are performed per day [249]. In spring and summer bees collect
nectar, which is then processed, dehydrated, and stored as honey. This honey,
enriched with enzymes by the bees’ processing, serves as a long-lasting
food reserve, essential for surviving the winter months when resources are
scarce.

Analysing 114 publications, Keller, Fluri, and Imdorf [117] found for Europe
that the majority of pollen collected came from just a few plant species.
The five most common pollen sources, namely maize, clover, dandelion,
plantain and rape, accounted on average for more than 60 % of the total
pollen collection. Interestingly, the authors observed that hives in the same
apiary often collect similar pollen but in different proportions [117]. Honey
bees exhibit a remarkable behaviour known as floral constancy, where they
consistently collect pollen from the same flower species until the source is
depleted. This behaviour, which optimizes foraging efficiency, was thoroughly
described by Knoll [124]. Research by Newstrom-Lloyd, Raine, and Li [174]
further highlights this phenomenon, showing that honey bees, when observed
foraging, carry pollen from a different species only 5 % of the time (see also
Percival [186]).

A unique aspect of honey bee foraging is their ability to communicate re-
source locations to nest mates through the waggle dance [89]. This social
communication allows the colony to coordinate and optimize foraging ef-
forts, unlike other pollinators such as bumblebees, which must individually
explore and evaluate new foraging sites. As Visscher and Seeley [249] explain,

33



3 Apidology and Precision Beekeeping

‘through recruitment communication, a honey bee colony operates as an
information center in which the reconnaissance of foragers is pooled and
processed to focus the colony’s efforts on the best forage sites found about the
nest. [249] This collective intelligence allows honey bees to make informed
decisions, further enhancing the efficiency of their foraging strategy.

The strong association between bees and specific flowers is driven by colour
and scent, leading to the formation of pure pollen packets [124]. In Chapter 7,
we leverage this behaviour to assess biodiversity within the foraging area by
analysing the colour of pollen loads.

The following two sections will discuss the main pathogens affecting honey
bees: chalkbrood and Varroa.

3.2.2 Chalkbrood

Chalkbrood is a widespread infection caused by the fungus Ascosphaera apis,
which only affects honey bee brood [4]. The disease is easily identified by the
larvae, which are surrounded by a white fungus. After some time, the larvae
dry out, leaving a hard, chalky mass, hence the name chalkbrood [103].

Although fatal to individual larvae, the disease is usually not lethal to the
colony as a whole [4]. Adult bees are not susceptible, but they and beekeepers
can spread the fungus within and between colonies. According to Aronstein
and Murray [4], Ascosphaera apis can infect worker, drone and queen brood.
In case of moderate infection, the infected brood will be detected and removed
from the hive by the workers, where it can be found during colony inspections.
This hygienic behaviour is the most important factor in keeping the disease
under control [4].

3.2.3 Varroa

The 1-2 millimetre parasitic mite, Varroa destructor, has dictated the actions
of 600 000 European beekeepers since the 1970s. Without their intervention,
most of the 21 million managed honey bee colonies would inevitably face
collapse [208, 86].

The delicate balance between the Varroa mite and its host was disrupted
when colonies of the Western honey bee, Apis mellifera, were introduced to
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East Asia in the mid-20th century. Originally, the parasite thrived on the
Eastern honey bee, Apis cerana, reproducing solely in the seasonally limited
drone brood. However, after switching hosts, the mite acquired the ability to
also reproduce within the worker brood of the Western honey bee. This shift
destabilised the equilibrium, and the parasite began decimating its new host
in large numbers [86, 62, 208, 259].

Similar to a tick feeding on human blood, the mite feeds on the fat body of
honey bees [194]. Its bite transmits various diseases and weakens the brood
by reproducing within sealed cells [241]. The result has been significant
colony losses and extensive damage. This issue is now global, affecting all
continents except Antarctica and minor isolated places [167, 97, 175, 25].
According to the New South Wales government’s situation report!, the first
varroa mites in Australia were detected by Bee Biosecurity Officers at the Port
of Newcastle in 2022, despite strict biosecurity measures aimed at preventing
their incursion. In August 2024, the first mite was found outside the initial
containment district, highlighting its rapid spread. There are several reasons
why the ectoparasitic mite is (one of) the most damaging enemies of the
Western honey bee. This includes the imbalance between host and parasite,
the rapid and worldwide spread and the fact that most bee colonies would
collapse without intervention of the beekeeper [208, 110].

3.2.3.1 Life Cycle

The life cycle of the Varroa mite is closely linked to both adult bees and the
developing larvae in brood cells. A mite spends part of its life on adult bees,
which it uses to move within and between hives (phoretic phase, or more
accurately, the dispersal phase [241]), and another part of its life on brood
(reproductive phase) [208].

During the dispersal phase, the female Varroa mite attaches itself to an adult
bee, usually clinging to the bee’s thorax or abdomen. During this phase, the
mite feeds on the bee’s fat body tissue [194] and also uses the bee as a means
of transport. The mite relies primarily on chemical cues to locate a host,
although it can also detect differences in brightness and vibration [208].

I NSW Government Australia, https://www.dpi.nsw.gov.au/emergencies/biosecurity/
current-situation/varroa-mite-emergency- response. Accessed September 13, 2024.
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The reproductive phase begins when the mite enters a brood cell containing a
larva in its final stage of development. This occurs approximately 15-20 hours
before the cell is capped in worker brood and 40-50 hours before capping in
drone brood [27]. The mite hides at the bottom of the cell in the larval food,
possibly as a strategy to avoid detection by hygienic bees [108].

Once the cell is capped, the mite becomes active again. About five hours after
the larva has consumed enough food to release the mite, the reproductive cycle
begins. 60-70 hours after capping, the foundress lays her first unfertilised
egg that is placed under the cell cap to avoid injury or entrapment by the
pupating larva [73]. Subsequent fertilised eggs are laid at intervals of about
30 hours, progressively lower down the cell wall [264]. In total, a mother
mite can produce up to five daughters in worker cells and up to six in the
longer-capped drone cells [91].

Female offspring takes about 5.8 days to develop, while male offspring takes on
day longer. Each offspring goes through two nymphal stages: the protonymph
and the deutonymph. Both stages include an immobile phase, during which
the mite moults, and a mobile phase, where it actively feeds and moves within
the cell [73].

The newly hatched mites feed at a feeding site created by the mother mite,
typically located in the lower quarter of the cell. This feeding site is established
by a bite into the larva, which serves as the primary feeding point for both
the mother and her offspring. Interestingly, the feeding site is often located
near the faecal accumulation site, where the mites frequently gather and
mate [74, 73]. This otherwise hidden behaviour was captured in detail using
the scanner method described in Chapter 9.

Under natural conditions, a mother mite usually undergoes about two re-
productive cycles within capped brood cells [86, 157]. However, in artificial
conditions, up to seven reproductive cycles have been observed [212]. This
reproductive capability, coupled with the mite’s ability to exploit both worker
and drone brood, makes Varroa destructor a ‘formidable foe’ [241] of the
Western honey bees.

3.2.3.2 Monitoring

The following section introduces both manual and automated methods for
monitoring and measuring Varroa mite infestation in honey bee colonies.
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Figure 3.2: Systematically opened drone brood in search for Varroa mites.

Generally, the more invasive a method, the more accurate the measurements.
However, invasive methods cannot be repeated frequently, or at all in some
extreme cases. The monitoring methods described are sorted by invasiveness
and grouped in phoretic, reproductive and combined mite assessment.

One of the simplest and most popular methods among beekeepers for esti-
mating natural mite infestation involves placing a diagnostic board beneath
the hive. Over several days, the number of dead mites collected on the board
is counted, providing an indirect estimate of the colony’s mite load. It is
crucial to ensure the board is secure from both bees and ants, as ants may
remove the mites, leading to inaccurate results [65, 38]. Using an oil-soaked
cloth can prevent this and yield more reliable data [71]. The results must be
interpreted in relation to the colony size, as the damaging threshold depends
on the number of bees in the colony. Although this method does not provide
an exact count of mites, it offers valuable insight into the infestation level.

A more direct method for assessing the infestation level of adult bees requires
a sample of nursing bees to be dusted with a few teaspoons of powdered
sugar. This causes the mites to detach and enables them to be counted without
causing significant harm to the bees [150]. Alternatively, live bees can be
submerged in alcohol, which kills the bees and dislodges the mites, allowing
them to be sieved and counted [71].

Manually opening capped brood cells, as shown in Figure 3.2, enables the
assessment of Varroa infestation within the brood. In addition to detecting
mites and their offspring, the presence of faeces in the cells serves as a reliable
indicator of mite infestation [71].

The accuracy of these methods is influenced by the overall mite abundance
since practical sample sizes may not accurately capture rare events. To obtain
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reliable results, over two percent of the brood (or bees) should be infested [71].
Given that only a small fraction is typically infested, the literature recom-
mends a combined inspection of more than 200 brood cells and 200 adult bees
for robust population size estimates [38].

By determining both the relative infestation levels of adult bees and brood,
as well as the total number of adult bees and brood cells, it is possible to
estimate the absolute number of mites in the colony.

Without the need for extrapolation, the absolute infestation level of a colony
can be determined by combining an effective acaricide treatment with the
previously described diagnostic plate method. This approach, while accurate,
disrupts the continuity of the experiment [71]. For an even more definitive,
albeit highly destructive, method, the entire colony can be frozen, thereby
killing all the bees. The mites can then be washed off with alcohol and
counted [71].

In addition to these traditional methods, computer vision techniques have
been applied to count phoretic mites on adult honey bees [18, 23, 221, 180].
However, these methods only detect visible mites on the exterior of the bees.
Their practical relevance is limited because they do not account for mites
hidden beneath the bee’s sclerites [194]. Relying solely on visual inspection
for Varroa infestation on adult bees is cautioned against, as this approach
may not accurately reflect the true mite load [110]. While computer vision
can identify a significant proportion of phoretic mites, its application in real-
world scenarios overlooks concealed mites, which are crucial for effective
management strategies.

In contrast, in Chapter 9, we propose using contact image sensors placed
beneath the brood cells to detect mites during the larval and pupal stages.
This approach offers two key advantages. First, Varroa mites are confined
to the brood cell for several weeks, increasing the likelihood of detection.
Second, Varroa mites exhibit sexual dimorphism [107], meaning that male
and female offspring differ significantly in form and colour, allowing for the
estimation of both sex and age. This method holds promise for a more detailed
understanding of infestation levels and the reproductive process, particularly
in longitudinal studies that were previously difficult to achieve.
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3.2.3.3 Control

Due to drifting between colonies, robbing behaviour, and collapsing colonies,
hives that are not isolated are constantly exposed to reinfestation. For this
reason, the primary goal of Varroa control is not the complete elimination
of the parasite, but rather to keep the infestation level below the damage
threshold [110]. There is no ‘single best method’ [246] for achieving this
goal; instead, a situationally dependent combination of strategies is recom-
mended [246].

In a survey of 2 238 UK beekeepers, 21 % reported that they were not treating
their colonies for Varroa. Among the majority that treated their colonies,
approximately 84 % used chemical methods [245]. Among non-chemical treat-
ments drone brood removal [55] was the most widely practised, accounting
for 5.4 % of beekeeping practices. This method involves inserting empty
frames into the hive, which the colony readily uses in spring to rear larger
drone brood. Since Varroa mites have a preference for drone brood, the
infestation in these cells is particularly high. By waiting until the brood is
capped, the frame can be removed along with both the brood and the mites.
The colony continues to maintain enough drones to avoid long-term harm,
while effectively delaying the development of the Varroa population [55].

Previous chemical treatments have shown to cause resistance in Varroa
mites [113, 206, 202, 242], and those still in use can also pose risks to the
bees [246]. If the fear of the mites were not greater than the concern about
side effects [246], treatments would have been discontinued long ago. The
widespread use of oxalic acid [245] does not penetrate sealed brood cells,
which limits the timing of its application. Formic acid, while effective, can
damage the colony if not dosed correctly [246]. Thermal treatments, such as
temporarily heating brood frames, are difficult to implement. The tempera-
ture range that is harmful to mites but tolerable for bee brood is very narrow,
and the energy requirements make field application challenging [246].

In conclusion, beekeepers have managed to reduce Varroa pressure through
various measures, but a definitive solution or ideal treatment remains elusive.
One promising approach could be the development of self-help strategies,
such as breeding bees with enhanced grooming, hygienic behaviour, and
Varroa-sensitive hygiene traits. These behaviours could enable bees to protect
themselves against the parasite through social immune defence [241].
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3.2.3.4 Hygienic Behaviour and Varroa Sensitive Hygiene

The behaviour of worker bees in locating and addressing problematic capped
cells is known as hygienic behaviour [166]. Specifically, when worker bees
selectively remove larvae from cells infested with Varroa mites, this is referred
to as Varroa-sensitive hygiene (VSH) [166, 241]. To assess general hygienic
behaviour traits, two common techniques are employed: the pin-killing test
and the freeze-kill brood assay [137]. These methods involve deliberately
killing capped brood, either by piercing or freezing, and then measuring the
percentage of cells cleaned out by worker bees on the following day [166].

Testing for the more specific VSH behaviour in the field involves prohibitively
complex procedures, including manual infestation and observation of individ-
ual cells [241, 166]. Alternatively, genetic analysis has been used to evaluate
colonies for this trait [22]. Although genetic analyses are increasingly com-
mon, they remain accessible primarily to specialists.

While breeding is a promising approach and beneficial traits can be identified
in the genetic makeup of bees, measuring the success of breeding programmes
remains challenging.

3.3 Hive Monitoring

The trend towards digitalisation in beekeeping, known as precision beekeep-
ing, has already led to the development and application of various monitoring
tools. These include systems for tracking swarming behaviour [193], humid-
ity [93], temperature [127], flight activity [61, 159], pollen intake [176, 6],
and phoretic mites at the hive entrance [23, 220] or within the hive [162].
Additionally, patterns of in-hive social behaviour have been studied using
observation hives [92, 119].

These advancements utilise a range of sensor technologies, including acoustic
sensors [42], visual sensors [19], weight sensors [161], chemical sensors, RFID
tags [61], light barriers [118, 190, 187], and vibrational sensors [14].

In a review by Bilik et al. [19], 50 automated beehive monitoring applications
focusing on computer vision were presented. The advantage of camera-based
approaches lies in their minimal invasiveness and the potential to perform
multiple detections simultaneously, such as identifying castes, monitoring
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activity, measuring pollen influx, and detecting Varroa infestations [156].
Danieli et al. [66] evaluate precision beekeeping practices, highlighting both
their strengths and weaknesses. Challenges such as real-time data analysis
and the availability of communication and power supply still need to be
addressed. While basic information like temperature, humidity, and weight
is important, these metrics require data processing and fusion to effectively
support beekeepers and become truly valuable [66]. Such integrated insights
could potentially surpass the knowledge gained from routine on-site inspec-
tions in the future [66].

3.4 Honey Bees as Biosensors

Some studies monitor bee colonies not for the sake of the colony itself, but to
use the bees directly or indirectly as biosensors.

Since honey bees can be conditioned to respond to chemical cues, Bromen-
shenk et al. [44] suggest their use as biosensors for detecting chemicals and
have demonstrated their effectiveness in landmine detection [43].

Milla et al. [163] highlight the importance of ground vegetation surveys,
noting that climate change and other factors are causing species extinctions
and changes in plant phenology and distribution. However, biomonitoring is
both time-consuming and expensive. Therefore, the authors tested whether
ground vegetation surveys could be ‘conducted’ or ‘assisted’ by bees. Bees
were considered as biosensors that were ‘read out’ by DNA metabarcod-
ing of the collected pollen. It was shown that more taxa were found by
DNA metabarcoding than by human surveys in the field. This approach,
substituting metabarcoding with computer vision, has also been adopted by
others [240, 31] and was automated in Chapter 8.
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The application of computer vision to beehives is not entirely new; however,
a significant obstacle remains the lack of well-designed, high-resolution
datasets [19]. In the following, we present insights gained from working with
publicly available datasets over the last few years and, as a preface to the
practical part of this work, we introduce a new system specifically designed
to produce high quality datasets for computer vision research in apidology.

Examining image data captured at the entrance of beehives reveals several
limitations in current acquisition methods, including inconsistent illumina-
tion, blurriness, shadows, resolution, and colour fidelity (see Figure 4.1). We
will evaluate the factors that contribute to better image quality and propose
improvements for a more sophisticated camera setup.

When comparing the different images, it becomes apparent that a key distin-
guishing factor in the setup is the use of a transparent barrier that prevents
the bees from flying. The authors of Figure 4.1b and 4.1e opted not to imple-
ment this measure, which can lead to variations along the z-axis, resulting in
defocused images. Additionally, bees in flight are more prone to motion blur
and can easily be mistaken for their shadows.

Another advantageous design choice is the implementation of active light-
ing. Active lighting helps to minimize shadows (Figure 4.1d) and reduces
brightness gradients caused by incident light (Figure 4.1a). Adequate illumi-
nation is crucial for achieving a high frame rate, or more specifically, a short
shutter speed. A short shutter speed reduces motion blur from rapid move-
ments and bees in flight. If the objective is to analyse image colours, such
as identifying pollen colours, consumer-grade cameras are inadequate due
to automatic colour corrections, white balancing, and other uncontrollable
image enhancements. Therefore, maintaining consistent lighting conditions
and image acquisition is vital, as well as ensuring that the image sensor is
properly calibrated to the existing lighting environment.
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(c) (d) (e)

(a)

Figure 4.1: Image material from five hive observation cameras. From (a) to (e) as published in
[205], [131], [53], [35], and [136].

The higher the initial quality of a dataset, the less severe the impact of
degradation during data adaptation and augmentation. In the following
sections, we outline the hardware and software considerations that lead
to a setup specifically tailored to the needs of computer vision research in
beehives.

4.1 Hardware Considerations

Figure 4.2 presents the setup of the proposed camera system. For Camera (1),
a Basler acA3088-57uc industrial camera was selected, featuring an IMX178
sensor with 6MP resolution and a maximum frame rate of 59 fps. The image
was cropped directly on the camera to 2736 X 1024 pixels to minimise unnec-
essary data transfer and reduce the need for software-based post-processing.
The lens is an 8 mm RICOH lens with manual aperture and focus control.
A lens-specific vignetting correction was applied internally by the camera.
Short shutter speeds of 1.3 ms ensure sharp images, even when bees (2) are
in motion.

By restricting the height of the passage in the hive, not only can the camera
focus be precisely adjusted, but the bees also move more slowly, which can
simplify downstream tasks. To limit the height of the passage into the hive,
we selected museum glass (3), which offers excellent properties in terms of
reflection and light transmission.
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Figure 4.2: Left: Hardware setup from the bee’s perspective. Right: Hardware setup from the
camera’s perspective. (1) Camera lens, (2) Object of study, (3) Sketched glass, (4) Diffuser, (5)
LED and LED cover, (6) LED power supply.

For even lighting, a diffuser (4) made of matte white corrugated cardboard
spans the LED strips (5, right) in a parabolic shape. The LED cover (5, left)
ensures that only indirect, diffused light illuminates the scene. The light itself
comes from LEDs with a colour rendering index of over 95 %, powered by a
12V power supply (6).

The camera housing shown in Figure 4.3 is made of 1 cm thick plywood
protected with waterproof clear varnish. The modular design of the exterior
(left) and interior (right) allows easy access and maintenance. A fan cools the
camera, which can become hot when exposed to intense sunlight. The passage
from the flight board to the observation area is lined with black Molton fabric
and angled to prevent direct stray light. As bees come into contact with the
glass, daily cleaning is recommended to prevent the transparent surface from
becoming cloudy.
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Figure 4.3: (Left) Camera (1) is placed inside the housing and connected to a controller that is
placed in an empty super (not shown). The flight board (2) is angled to prevent direct light from
reaching the scene. (Right) The interior of the housing (a) includes a glass height restrictor (4)
and the power supply for the LEDs and fan (5). When used, the entire structure (b) is placed
inside of (a).

4.2 Software Considerations

The camera generates vast amounts of data that must be efficiently encoded
in real-time, making the use of a GPU essential. To ensure maximum im-
age quality, the compression level was set so that virtually no compression
artefacts are noticeable. The data is stored in the YCbCr422 pixel format as
H.264 encoded videos, each 30 seconds long. Splitting the videos into short
sequences facilitates handling and makes the system less prone to errors.
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i

Figure 4.4: A full 2736 X 1024 pixel frame acquired by the camera, demonstrating uniform
illumination and no vignetting.

4.3 Results

This section outlines how the device was used to assemble a new dataset,
intended to supersede or complement previous ones.

To obtain images of individual bees, single specimens were confined within
the camera’s field of view for 5 minutes. Figure 4.4 shows the entire field of
view, demonstrating uniform illumination across the area with no interference
from daylight. Simple background subtraction was used to identify and crop
the bee from the image, as illustrated in Figure 4.5. To ensure consistent
quality, bees at the edges were excluded. The dataset, including trajectory
information, caste details, and pollen presence, has been made available to
the community in full resolution [28]. A total of 76 worker and 11 drone
specimens were filmed, yielding 157 529 cropped and centred 512 X 512 pixel
images organised into 3 430 trajectories.
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(a) (b)

Figure 4.5: Exemplary cropped and centred images from the dataset, measuring 512 x 512 pixel:
(a) Image of a drone. (b) Image of a forager bee walking upside down along the glass.
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5.1 Introduction

5.1 Introduction

Bee pollinators are not only of great importance for ecosystems [184] but
also make a major economic contribution to us through their ecosystem
services [21]. This pollinator group, however, has been suffering from a
decline for quite some time, affecting already 37 % of European bee species [17,
172, 179] and, posing a threat to global food security and nutrition. Honey
bees have not been affected by this decline, and the number of bee colonies
worldwide has almost doubled since they were recorded in the 1960s [81].
Regardless, they represent an essential part of pollination ecology and, in
part, have become an important model organism for investigating the drivers
of bee decline [172].

Because pesticides are suspected of being one of these drivers, the European
Food Safety Authority (EFSA) was tasked with developing more stringent
guidelines for the risk assessment of pesticides [76, 78]. Since ‘[t]he viability of
each colony, the pollination services it provides, and its yield of hive products
all depend on the colony’s strength and, in particular, on the number of
individuals it contains’ [78], EFSA has formulated specific protection goals
aligned to colony size and mortality. Thus, characteristics worth protecting
can be collectively assessed by evaluating daily bee losses. However, high-
quality data on background mortality, i.e. the natural daily loss of (forager)
bees are scarce.

To monitor even small changes in bee mortality, tools are needed that can
accurately count bees entering and leaving the hive. For the vast majority
of electronic bee counters, determining daily losses is, thus, of primary in-
terest [181]. Since foragers usually fly only during the day and return to the
hive at dawn, observation intervals of 24 hours are well suited and suggested
by EFSA as a reference [78].

The ability to accurately count bees is not only important from a regulatory
perspective, but also relevant to scientists, beekeepers and other ecotoxicolog-
ical issues. Beekeepers are provided, for example, with the means to evaluate
the quality of sites, to observe swarm behaviour and colony development. If
abnormalities occur, counting data helps to find the underlying causes. Pham-
Delégue et al. [188] call for sublethal effects, such as sensory impairment and
associated effects on foraging behaviour, to be routinely recorded in addition
to lethal effects of pesticides and considered in risk assessment, e.g., through
the use of newly developed bee counting systems (see Chmiel et al. [60] on
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sublethal effects). Schuhmann et al. [219] point out that ecotoxicological
studies of individual plant protection products in the laboratory can be rather
artificial, as field studies often involve mixtures of pesticides and their in-
teractions are not well understood. However, field studies take place under
more realistic conditions and lethal effects can be accurately determined with
bee counters. Bermig et al. [15] consider the determination of activity and
background mortality in a control population a good way to quantify both
sublethal and long-term effects.

The EFSA guidance document contains more than a hundred, rather un-
reliable, publications on background mortality, many of which could have
been greatly simplified by the use of automated bee counters [78]. Accurate
determination of bee losses thus goes hand in hand with accurate determina-
tion of bee activity, which also has wide-ranging applications. For example,
Danka and Beaman [67] used electric bee counters to compare the pollina-
tion performance of different bee species based on the number of flights
recorded.

In the following, we will review current approaches to bee counting (Section
5.2) and bee counter evaluation (Section 5.3), highlighting the difficulties of
meaningful assessment. From these insights we will derive a novel protocol
for determining the accuracy of daily losses (Section 5.4). Subsequently, a
case study is carried out to assess the practicality of this protocol (Section
5.5).

5.2 Review of Bee Counters

Over the last hundred years, several technical devices have been tested on
beehives, which today form the basis of precision beekeeping [257]. Scales,
thermometers, hygrometers, anemometers, microphones, radar, photoelec-
tric sensors, capacitive sensors, and RFID transmitters have been used to
monitor bee health (for a description of some methods, see Zacepins et al.
[258], Marchal et al. [155], and Odemer [181]). Within precision beekeeping,
these technologies are divided into three categories: (1) Sensors that collect
data at the apiary level, (2) at the colony level and (3) at the level of single
individuals [258]. Bumanis et al. [46] describe how, even with sensors of
different categories, multi-modal data from bee-related sources can be merged
through data fusion.
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As our focus is on daily loss measurements, sensors belonging to the third
category are of particular interest. Two of the first devices registered counts
based on the weight of the bees, however, technical development allowed the
implementation of novel methods. From (infrared) photoelectric sensors [201,
233, 145, 56, 111, 209, 77, 190, 228, 118] to capacitive sensors [49, 209, 15]
and camera-based methods [48, 58, 59, 236, 244, 152, 132, 177, 114, 169, 238,
133], many ideas have emerged. A rather unique approach to tracking bee
movements is presented by Souza Cunha et al. [227], who leverage the Doppler
effect through radar measurements.

In recent years, the trend has been towards camera-based methods [181].
The reasons are lower maintenance, greater potential, and the possibility of
less invasive data collection. Camera-based methods do not require special
tunnels that could get dirty or blocked. Further potential lies in the additional
classification of tracked objects (e.g., workers, drones, and intruders) [156],
classification of tracked behaviour (e.g., thermoregulation and guarding) [127],
and detection of parasites [222] and corbicular pollen loads [226, 156, 6, 178].
A comprehensive historical overview of the development of automatic bee
counters was presented by Odemer [181].

5.3 Review of Bee Counter Evaluation Methods

Despite a large number of counting systems, Odemer [181] criticizes the
lack of standardised methods for determining the accuracy of bee counters.
His review of 38 different bee counters shows that 63 % of them were not
validated at all, while of those that included information on precision, 17 %
did not include information on the methodology used for validation. Without
proper evaluation of counting systems, comparison of different counters
is not possible and interpretation of counting results is limited. Therefore,
Odemer calls for a validation standard for bee counters [181].

As an example of why validation is important, Figure 5.1 illustrates three
hypothetical measurement results concerning the evaluation of bee counters.
Figure 5.1A shows two measurement curves of faulty bee counters (blue
lines). One gives only zero values (dashed line), the other measures noise
(solid line). Figure 5.1B shows the trace of a systematically biased bee counter
(blue line). In this case, the counter misses a portion of the returning bees.
The systematic bias results in an unrealistically high daily loss indicated by
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Figure 5.1: Example illustrations of measurement time series’ of malfunctioning bee counters.
The true but unknown measurement series is illustrated by green dotted lines. The grey area
marks the period when flight activity is expected between dusk and dawn. (a) Measurement
series of two faulty counting devices, one measuring zero-values (dashed), one measuring noise.
(b) Measurement series of a systematically biased counting device showing accumulating errors.
(c) Measurement series of stochastically biased counting device.

the high number of bees that are supposedly still outside the hive at the end
of the day. Figure 5.1C shows the trace of a stochastically biased counting
system (blue line). The counting system provides values that are sometimes
too large and sometimes too small, with no preferred direction.

The evaluation of a bee counter aims at excluding malfunctioning counters
(Figure 5.1A), quantifying possible biases (Figure 5.1B, 5.1C), and determining
the accuracy of daily loss measurements. The procedure in cases (B) and (C)
is not straightforward because the true 24-h bee count is neither known nor
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determinable: it is impossible to obtain the true bee count by manually count-
ing the number of incoming and outgoing bees in real-time [181]. Bermig
et al. [15] noted that manual counting of bees in short video sequences was
only possible at 0.3 times the speed and had to be done separately for each of
the 24 entrance and exit tubes of the system. This indication is also consistent
with the author’s experience that it requires about four hours to correctly
capture all the bees in a one-minute video at a very high bee density and 40
frames per second. Meikle and Holst’s assessment that ‘the use of human
observation, while probably accurate, clearly limits the time in which the hive
can be observed due to fatigue’ [160] is shared by many other researchers
[209, 238, 15].

Despite these difficulties, there are approaches to partial evaluation of bee
counters.

5.3.1 Evaluation by Observation

Evaluation by manual observation is the most widely used evaluation tech-
nique [181] and has been used in numerous studies [48, 58, 111, 177, 227, 15,
133, 198, 152, 244]. Experimenters note short periods, rarely longer than 3
minutes, and compare their observations with their measurements. Odemer
[181] describes various ways to make such comparisons. The annotation
is time-consuming and the benefit is small. A brief example illustrates the
problem. For 60-second samples, the smallest detectable error is one bee per
minute. Therefore, a counting system is either error-free (to the best of our
knowledge, no such system exists today) or has a sampling error of at least
one bee per minute.

At this point, there is no reason to consider this error as stochastic, but we
must assume that the errors add up and do not level off. It follows that the
error in a 24-hour time interval could be (up to) 1440 bees. The EFSA [79]
states the general natural background mortality rate at 3.75 % after reviewing
the literature. To determine a 10 % increase in mortality, it is necessary to
distinguish the loss of 375 bees from 413 bees in a colony of 10000 bees.
Therefore, the resolution of such an evaluation method cannot meet the
requirements.

This problem does not arise with the robbers test described below because
the need to annotate the data is conveniently avoided. However, the sample
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evaluation has a key advantage. Unlike the robbers test, a bad bee counter
will always give bad results, while a good counter will always give good
results.

5.3.2 Evaluation by Robbers Test

BeeSCAN stands out among such counting systems whose publication con-
tains precise information on evaluation. Ten years back, BeeSCAN was the
most widely used bee counter, which, with regular maintenance, was con-
sidered useful [258, 215]. It was first introduced and further developed by
Struye [232, 231]. In 32 parallel entrance and exit tubes, infrared light bar-
riers register the direction of movement of the bees and are thus able to
determine the activity in both directions. The construction is considered to
be maintenance-intensive, as the tunnels can quickly become dirty [215, 15,
145].

To evaluate the BeeSCAN bee counter reliably and realistically, Struye [232]
described a novel experimental setup, which the author calls the robbers test.
In this test, the counting device replaces the bottom of an empty hive contain-
ing only a food source (robber hive). This food attracts robbers from nearby
colonies that can only reach the food by passing through the counter and vice
versa. At the end of the day, the difference of outgoing and incoming bees
must be zero as bees will abandon the food source before sunset (corrected
for the number of dead bees remaining in the hive) [232, 15, 181]. Although
the underlying count events can be in the order of hundreds of thousands,
the robbers test provides only one data point per day, which is the deviation
from zero.

While it is true that a good bee counter should achieve a difference close to
zero, the opposite conclusion is false. A poor counter may produce a good
result (see Figure 5.1A). An extreme example is a counter that gives only
zero counts and thus achieves the best possible result in the robbers test.
Beyond this edge case, however, the robbers test also fails in more realistic
situations. For example, a perfect counter is indistinguishable from a counter
with arbitrarily strong symmetric error (Figure 5.1C).

Another problem not named by Struye [232] is the observation that the
movement patterns of the bees change due to the setup of the robbers test.
The bees move through the sensor passages more goal-oriented, and long
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dwell times in the passages are rather the exception [209]. This behavioural
variation tends to underestimate the error rate, as long dwell times generally
complicate the counting problem [145, 58]. In addition, no activity is expected
at the feeder in the darkness that would occur under normal conditions [15,
181]. Because recording in darkness is particularly difficult for camera-based
bee counters, the robbers test for such systems may further underestimate
the error.

5.3.3 Evaluation by Literature Comparison

Evaluation methods based on comparison with literature or expertise work
differently. For example, Ngo et al. [177] and Gonsior et al. [95] evaluated
their counters through ecotoxicological studies. For this purpose, a group of
bee colonies was exposed to insecticides known to have negative effects on
the flight behaviour and homing ability of bees. The authors demonstrated
that their counter was able to detect a significant group difference compared
to untreated colonies and concluded that the bee counter was functional.

Other methods include the correlation of bee counts with temperature, hu-
midity, and solar radiation [201, 145, 56, 111, 177]. These factors are known
to affect flight activity, and therefore the observation of strong correlations
demonstrates the principle operability of bee counters. Liu, Leonard, and
Feddes [145], Chen et al. [56], and Jiang et al. [111] also compared the mea-
sured data with extreme weather events and found, for example, a decrease in
flight activity associated with rain. Rickli et al. [201] correlated the measured
activity with different colony sizes. A positive correlation at this point is
consistent with expectation and can again be interpreted as an indication of
a functioning bee counter.

All methods that attempt to confirm correlations known from the literature
help to identify faulty bee counters. However, they are not suitable for
quantifying the accuracy of daily loss measurements.

5.3.4 Rationale for a New Evaluation Protocol
At the current state of understanding, two things are noteworthy. First, the

challenge of determining daily loss in an automated manner with accuracy
suitable for regulatory risk assessment has not yet been solved. Second, there
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Key features Evaluation by ~Robbers  Literature
observation test comparison

Find malfunctioning bee yes no to some

counters by ensuring a min- extent

imum correlation between
measurements and actual
flight counts.

Distinguish between no yes to some
stochastic and systemic extent
€errors.

Quantify daily loss uncer- no to some no
tainties. extent

Table 5.1: Key features of different evaluation approaches. None of the methods is suitable for
determining the uncertainties of daily loss measurements.

is a lack of sufficient evaluation of existing systems [201, 181]. Marchal et al.
[155] attribute the difficulty of bee counting to the large number of similar
insects that must be observed noninvasively under turbulent conditions.

A large number of counting systems, the variety of sensors used, and the
need for an accurate bee counting system require a robust evaluation pro-
tocol to determine daily losses. None of the evaluation procedures found
in the literature can rule out malfunctioning bee counters and quantify the
remaining errors as daily loss uncertainties.

As exemplified in Figure 5.1a, Table 5.1 shows that the robbers test alone is
not capable of detecting malfunctioning counters. However, the advantage
of the test is that it reveals errors that build up over long periods (Figure
5.1B). In particular, the conclusion that a good robbers test result indicates a
well-working bee counter is incorrect. In contrast, evaluation by observation
is a more accurate and reliable version of literature comparison. Both methods
indicate the degree of correlation between measurements and actual flight
counts. However, their results are not directly transferable to the accuracy of
daily losses.

The following protocol outlines a method for estimating the Mean Absolute
Error of daily bee loss measurements for various types of bee counters.
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5.4 A Novel Evaluation Protocol for Bee Counters

Various studies have shown that the accuracy of a bee counter depends to
some extent on external factors. One important factor affecting the perfor-
mance of all bee counters is the activity of the bees themselves. Counters
that use tunnels for separation, for example, are unable to distinguish bees
that are moving closely together [145, 15]. Crowding of bees causes Spangler
[228] to recommend his bee counter only for very small colonies, and Struye
[232] to guarantee correct measurements only when bees are no closer than
one millimetre. Such factors may vary from system to system. Campbell,
Mummert, and Sukthankar [48] report that shade, debris, and intense bee
movement negatively affect the performance of their system. Jiang et al. [111]
reported reflections and strong nervousness of the bees as additional sources
of error.

To ensure that a counting system works well in all relevant situations (in the
following termed scenario), it is useful to determine such performance factors.
For each scenario, an evaluation by observation is proposed (see Section 5.3.1).
If it has been determined that only small deviations occur for all scenarios, the
next step is to test whether these small deviations add up over one day. For
this purpose, several robbers tests are performed (see Section 5.3.2). A large
deviation from the target value of zero indicates either a very large stochastic
error or a (small) systematic bias of the counting system. However, larger
errors could already be excluded due to the sufficiently good performance
in the evaluation by observation. Any systematic biases need to be further
investigated and corrected.

Without loss of generality, a camera-based bee counter, denoted as f, can
be modelled as a function that maps 24-hour video data v from application
in the field to an estimated daily loss of bees, ﬁv. While v denotes data from
regular bee counting scenarios, r denotes data obtained from a robbers test.
We define the daily loss as the difference of outgoing bees and incoming bees.
With L, being the true and unknown loss and e, the bee counter’s error, we
can write: R

f)=L,=L,+e,. (5.1)

Note, the value of interest, the bee counter’s error e,, cannot be determined
without knowing the true loss L,. Naturally, in field mortality measurements,
L, is also unknown. However, when analysing video data r within the frame-
work of a robbers test, the situation is different, as the true loss is known to

61



5 PAPER 1: Honey Bee Counter Evaluation

be L, = 0 (see Section 5.3.2). Therefore, for robbers test data, the following
holds:
e,=L,—L., =L, —0. (5.2)

This enables us to calculate the mean absolute error ég using the results L,
ofalli e {1,..., N} robbers tests:

N

&g = %Z} abs (ﬁrm) . (5.3)

However, ég is not applicable outside of robbers test trials [209], which clearly
limits this approach. Furthermore, it overlooks the performance factors
discussed earlier in this section, such as the observation that bee counters
perform better on rainy days than on days with active bee flight.

Instead, we propose a function é(d,) that estimates the deviation from the true
loss L, while accounting for the difficulty d, of the video data v. This difficulty
metric d, is based on performance factors, making it equally applicable to
both robbers test data and regular field data. A key advantage of using d, in
é(d,) is that it allows us to use robbers test data to fit the function.

This concept is implemented through a nine-step procedure detailed below.
Following this, a case study offers additional guidance for practical imple-
mentation.

Step 1: Performance factors

An operator expert for the bee counter being evaluated determines the set of
relevant factors ¥ that affect the performance of the counter. For practicality,
it must be ensured that each performance factor can be determined robustly
and automatically. This means that for non-camera-based bee counters,
without further ado, there is only one performance factor at hand, the activity
determined with the counter itself. Caution is required as in this case the
counter itself is involved in the evaluation. Apart from this particularity,
there are no differences for other bee counting approaches.
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Example: Based on experience with the counter at hand, an expert knows that
a large number of bees and infrared lighting during the nighttime negatively
impact counting accuracy and identifies

¥ = {bee activity, illumination} (5.4)

as performance factors.

Step 2: Deriving scenarios
All (reasonable) combinations of performance factors are compiled and a set
of scenarios § is derived.

Example: ‘Few bees move slowly under infrared lighting’ is considered one
of the scenarios.

Step 3: Scenario annotation

For each scenario, corresponding video samples must be collected and man-
ually labelled. The annotations are considered as ground truth in the next
step.

Example: For each scenario, 10, 20, or 30-second videos are annotated.

Step 4: Scenario evaluation-by-observation

In this step, the performance of the counter in each scenario is assessed using
a suitable quality measure m. To do this, all annotated videos are processed
with the counting system f and compared against the ground truth. However,
the performance metric m is open and depends on the type of device.

The most intuitive performance measure is the deviation of the registered
difference between outgoing and incoming bees Ls and their true values L,

m(s) = I:s - Ly, (5.5)

where s is the scenario in question.
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However, due to the short duration, some scenarios contain bees but no
counting events. A metric based solely on counting events is bound to be
poorly resolved, especially for short duration, and does not take advantage
of the hundreds of annotations underlying the count data. It is advisable to
use metrics that can handle all types of scenarios. For example, the Multiple
Object Tracking Accuracy myota [16] is determined by the number of false-
positive detections, false-negative detections, and id switches. Since much
more information is included, more accurate performance estimations are
obtained. It is suitable for any video-based counting device and any scenario
that contains at least one annotated object.

Counters for which no information is available other than the number of
counting events (e.g. counters that solely use photoelectric or capacitive
sensors) must fall back on the deviation of outgoing and incoming bees given
in Equation 5.5.

Step 5: Scenario difficulty rating

All scenarios are rated by a difficulty function d : 8 — [0, 1] on a scale from
zero (easiest) to one (most difficult). The scenario that achieved the best result
in the previous step is assigned difficulty level zero, and the scenario with
the worst result is assigned difficulty level one. Therefore, the difficulty for a
scenario s € § is defined by:

m(sbest) - m(s)

m(sbest) - m(sworst) ’

d(s) = (5.6)

which rates each scenario on a scale from the easiest to the most difficult,
preserving their relative differences. This transformation serves to make the
results easier to interpret and independent from the metric chosen in the
previous step.

Step 6: Robbers tests

Robbers tests are carried out during several days and, if possible, with different
colonies [181]. Since flight activity in a robbers test scenario is usually lower
than in full-sized colonies, a further reduction in bee traffic should be avoided
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where possible. This means that the food source in the robber hive should
be highly attractive (e.g., honeycombs) and should last for at least several
days to generate as much flight activity as possible. In addition, weather
conditions must stimulate bees to forage, and bee density should ideally be
high within 2 km of the robber hive. If the trials are conducted in a tunnel
tent to prevent the spread of robbing to neighbouring colonies or to prevent
disease, the experiments should be conducted with strong colonies with more
than 20 000 bees.

Step 7: Difficulty of robbers tests’ measurement conditions

To predict a bee counter’s error é;, based on the difficulty of the (video) data r
obtained from a robbers test, the data r is split into small time intervals. Each
interval is then matched to the most similar scenario, using the performance
factors identified in step 1. Assuming the scenarios are of equal length, the
difficulty of a robbers test is computed as the average difficulty of the scenarios

it includes (S;):

b= o= > d(s), (5.7)

1S/ &5

where | S, | is the number of scenarios in the robbers test. By replacing robbers
test video data r with arbitrary bee counting video data v, the difficulty d,, is
defined similarly to Equation 5.7.

Step 8: Modelling accuracy based on difficulty
The bee counters estimated deviation from the true loss measurement, é(d,),
is modelled using an appropriate model class (e.g. linear or polynomial

models) and data r obtained from robbers tests. There should be a positive
correlation between the difficulty d, and the models error prediction, é(d,).

Step 9 (optional): Plausibility check

It might be useful to additionally compare the measured mortality with the
mortality expected from the literature or to show correlations with light
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intensity or temperature. Rosenquist [209] wrote: ‘Long-term observations
over several weeks under regular conditions do not provide accurate refer-
ence values. Nevertheless, they were very important for functional verifica-
tion’. [209]

5.5 Case Study

The following case study illustrates the application of the evaluation protocol
to a commercially available camera-based bee counter. It serves as a starting
point for implementing the protocol in practice.

5.5.1 Materials and Methods

The range of commercial bee monitoring solutions capable of detecting daily
losses is limited. US-based Keltronix Inc. offers Eyesonhivesl, a camera-
based monitoring solution. However, as the system determines the level of
flight activity in front of the hive without direction, it is unable to determine

numbers for incoming and outgoing bees.

Similarly, BeeScanningz, BeeAndme? and Arnia? offer different tools and sen-
sors, that also do not allow direct conclusions to be drawn about daily losses.
BeeCheck®, which was developed for the specific purpose of counting bees by
the Federal Research Centre for Cultivated Plants (JKI), has not yet reached
product status. Hiverize® provides building instructions for monitoring bees,
but these are limited to weather data and weight measurements. Of particular
note is the BeeSCAN’ system, but development stopped more than 20 years
ago [232]. In addition, Beehivemonitoring® offers a non-camera-based module
for counting bees.

Eyesonhives, https://www.eyesonhives.com/. Accessed April 1, 2022.

BeeScanning, https://beescanning.com/. Accessed April 1, 2022.

BeeAndme, http://beeandme.com/. Accessed April 1, 2022.

Arnia, https://www.arnia.co. Accessed April 1, 2022.

BeeCheck, https://www.dbu.de/projekt_57031643/01_db_2409.htm. Accessed April 1, 2022.
Hiverize, https://hiverize.org. Accessed April 1, 2022.

BeeSCAN, http://users.telenet.be/lowland/. Accessed April 1, 2022.

Beehivemonitoring, https://beehivemonitoring.com/. Accessed April 1, 2022.
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5.5 Case Study

Finally, the monitoring technology of the company apic.ai in Karlsruhe, Ger-
many, was chosen because it is a self-designed, state-of-the-art, and com-
mercially available bee counter. It is not a simple counting device, since
among other things the corbicular pollen loads can also be quantified visually.
Regardless, the system will be referred to as a bee counter. It consists of a
camera unit attached to the entrance of the hives and the software BRAT
(Bee Recognition and Tracking), which analyses the collected image data.
The camera is the Raspberry Pi Camera (2.1) with an IMX219 sensor and a
resolution of 0.168 millimetres per pixel. An Nvidia Jetson Nano acts as the
controller, which is battery-buffered and powered by a solar cell. True-colour
LEDs with a high CRI value serve as the light source.

All bees pass through the camera’s field of view as they enter and leave the
hive. In the camera unit, a plastic glass prevents the bees from crawling
over each other, but grouping is still possible. The camera unit is shown in
Figure 5.2. The hardware is designed for autonomous use in the field. The
locally stored data is transferred to the cloud at the end of the study, where
bee localization, tracking, and counting are conducted. The exact evaluation
procedure is described below and follows exactly the protocol proposed in
Section 5.4.

In addition, the ‘Hohenheimer Einfachbeute’ with Zander frames and queen-
right colonies of different and local A. mellifera subspecies were used. Bees
had shown no visual signs of diseases and were maintained by a professional
beekeeper. To attract enough robber bees, we used honeycombs with stored
honey (approx. 2 kg per comb).

5.5.2 Procedure and Results
Step 1: Performance factors

Three performance factors based on experience and literature were considered.
These were (1) the number of bees in the field of view of the camera, (2) the
type of lighting (infrared/white light), and (3) the degree of crowding [228,
145, 15]. Looking more closely at video samples, the total number of bees
was less relevant and is already included in their degree of crowding. Since it
is assumed that infrared light has no effect on bee behaviour [7], the use of
infrared light is generally recommended between dusk and dawn. However,
in this case study, the counting device was not attached to the beehive itself,
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Figure 5.2: The camera unit of the apic.ai bee counter in use. The system (1) is mounted at the
entrance of the hive (2). The hive is unoccupied and contains filled honeycombs (3) as bait for
the robbing test. Image credits: R. Odemer.

but an ‘empty’ robber hive (Figure 5.2). Therefore, for convenience, it was
decided not to switch from white light to infrared light since the bees were
not in the robber hive during the night hours. This also means that lighting
did not have to be considered as a factor in the evaluation.

The remaining crowdedness factor ¥ = {crowdedness} was determined as
presented in Figure 5.3. The crowdedness score ranges from zero to one
and expresses the proportion of the image area covered by densely crowded
bees. The choice of performance factors was then confirmed, as a strong
and significant negative correlation was found between the quality measure
chosen in step (4) and the crowdedness factor described here. It can therefore
be assumed that no relevant performance factors were overlooked in this
case study.

Step 2: Deriving scenarios

Since only one relevant performance factor was found, the compilation of
the scenarios was not very complex. A total of |S| = 59 video clips with very
different occupancy were selected. Each clip was ten seconds long and had a
frame rate of 40 fps. Figure 5.4 shows example frames from three scenarios
that differ greatly in their crowdedness score. Note that the crowdedness
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Figure 5.3: Determination of the crowdedness factor in input images. From left to right: (A) A
Section of the raw camera image. (B) Foreground-background separation with simple thresholds.
(C) A (Gaussian) blur version from image (B), revealing areas of densely crowded bees. (D) Result
of thresholding for image (C). The contours show the portion of the input image where densely
crowded bees were located. The crowdedness value indicates the proportion of the highlighted
contour to the total area. In the present case, the crowdedness is approximately 34 %.

I

Figure 5.4: Sample images from three 10-second scenarios with varying degrees of crowding (A:
0%, B: 4%, C: 34 %, D: 91 %).

score is only indirectly related to the number of bees. For the performance of
the bee counter, it is more important how close the bees are. While counting
the bees in (A) and (B) does not cause any problems for man and machine,
the same is much more error-prone in (C) and (D).

Step 3: Scenario annotation

All 59 scenarios were annotated. The centre of each bee was carefully marked
on each clip in each frame to obtain the bees’ trajectories. With a large
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number of bees, annotation is extremely time-consuming, taking up to 40
minutes per ten-second video clip.

The labels must be double-checked, as errors due to operator fatigue cannot be
ruled out. It was found that even small annotation mistakes have strong effects
on further analyses (e.g., a video with hardly any bees was wrongly classified
as the most difficult because a single bee was forgotten to be annotated). This
must be avoided at all events.

Step 4: Scenario evaluation-by-observation

The general functionality of the bee counter was demonstrated using the
previously annotated scenarios. The Multiple Object Tracking Accuracy
(MOTA) metric [16] was employed to assess the quality of the detection and
tracking algorithms. It takes into account not only the interrupted paths
of the tracker (#id-switches) but also errors of the detector (#false-positive,
#false-negative). For scenario s € S it is defined as:

#false-positives + #false-negatives + #id-switches
#labelled objects '

myota(s) =1 - (5.8)

Since some scenarios (N = 9) contained empty video clips (#labelled objects
is zero), no MOTA score could be calculated in these cases. However, since
there were no false-positive detections in all these cases, the quality measure
was manually set to 100 %.

Empirical MOTA scores ranged from 94.01 % to 100 % (Median = 1.0, IQR =
0.0003), indicating a well-performing system. The vast majority of scenarios
did not pose a challenge to the system studied, and only cases of extreme
overcrowding resulted in errors (see Figure 5.4 right). In the most extreme
scenario, 102 individuals and a total of 29 846 positions were annotated in
a 10-second video sequence. In this case, the number of errors was 17.52
per trajectory. A correlation analysis showed that the MOTA scores of the
scenarios and the crowdedness factors were highly correlated (Pearson’s
r =—0.8953, p < 0.0001).

Despite the good result, it cannot yet be ruled out whether the remaining
errors accumulate over the day (i.e. are systematic) or not. At this point,
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information from the robbers test is missing to be able to make statements
about longer periods.

Step 5: Scenario difficulty rating

The performance score MOTA of each scenario is transformed according to
the protocol to represent the difficulty. That is, the scenario with the best
score (100 %) in the previous step is assigned difficulty zero, and the scenario
with the worst score (94.01 %) is assigned difficulty one. Thus, following
Equation 5.6, the difficulty d(s) for scenario s € § is calculated using

MMOTA (Sbest) — MMOTA(S)
MMOTA (Sbest) — MMOTA (Sworst)

d(s) =

(5.9)

Step 6: Robbers tests

The robbers tests were carried out in Braunschweig, Germany in the period
from September 23, 2021 to October 14, 2021. Due to bad weather, the opening
of boxes to restock honeycombs, maintenance of the system, and missing
data, most days had to be discarded, as even the shortest periods without data
can have fatal implications for the evaluation. The remaining four complete
measuring days October 1, 2021 (D1) to October 4, 2021 (D4) are shown in
Figure 5.5, starting one day after the robber hive was refilled with three full
honeycombs. Count data for this period was made publicly available in an
online repository [35]. A typical activity pattern of entries and exits can
be observed, which is strongly related to the diurnal pattern [64]. While in
occupied hives activity can usually be measured at night, too [64], in robber
hives there is neither thermoregulation nor guard bees or regular activity
after dark as the box is empty.

From previous experiences, we knew that the general flight activity in robbers
tests is lower than in a full-sized colony. For this reason, the experimental
design of [15] was modified and tunnels were omitted. At the site, about
60 colonies were situated in the flight radius, which could potentially visit
the robber hive. As a result, the bees sometimes fought violently at the
hive entrance. These behavioural changes, however, had a positive effect
on crowding and complicated the measurement conditions, contradicting
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Figure 5.5: Bidirectional bee activity aggregated in ten-minute intervals as determined by the
bee counter. For example, 6 573 bees left the robber hive between 5:00 p.m. and 5:10 p.m. on
October 1, 2021. The first day was preceded by the renewal of the food source. The amount of
forage (and the bees’ interest) steadily decreased over the next four days. The shaded intervals
mark the periods between dusk and dawn.

r=D1 r=D2 r=D3 r=D4

e, —1871 —828 -113 +56
d,+£SD 0.13+0.31 0.08+0.10 0.04+0.08 0.02 +0.05

Table 5.2: For each robbers test, denoted D1 through D4, the difference between outgoing and
incoming bees, e, is presented. Negative values indicate that more incoming bees were counted,
while positive values indicate that more outgoing bees were counted. An ideal bee counter would
yield e, = +0. As anticipated, e, shows strong correlation with the difficulty of the robbers
tests, dy.

Rosenquist’s [209] observation that bees move in and out of the hive quickly
rather than dwell at the entrance in the robbers test.

Subtracting incoming bees from outgoing bees yields robbers test errors from
—1871 to +58 bees (see Table 5.2). These errors are net errors, as the deviations
tend to balance out in both directions throughout the trial.

Step 7: Difficulty of robbers tests’ measurement conditions

To determine the difficulty of the measurement conditions of an entire robbers
test, d,, the video data were divided into 30-second time intervals. For each
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Figure 5.6: To find out the difficulty of the robbers test’s measurement condition, the robbers
test video data was divided into 30-second intervals. For each such interval, the most similar
scenario was determined based on the measurable performance factors, and its difficulty was
assigned. The average difficulty across all 30-second intervals of a robbers test trial resulted in
the daily difficulty.

video sequence the ‘crowding’ performance factor was calculated using the
image segmentation procedure shown in Figure 5.3. These factors were used
to assign each video sequence the most similar scenario, and the scenarios’
difficulties d(s) were used to calculate d, as shown in Equation 5.7.

Figure 5.6 shows the mean difficulty in 10-minute time frames for the duration
of the trial. Note the parallels to the activity in Figure 5.5. A day consisting
of only the most difficult scenario would have a daily difficulty of one. The
difficulties for each robbers test, d,, are shown in Table 5.2.

Step 8: Modelling accuracy based on difficulty

Selecting an appropriate model for é(d,) is difficult due to the small number of
robbers tests (N = 4). Since the data points offer little guidance, the conclusion
from the previous steps is used. In step (4), a strong linear correlation was
observed between the difficulty of the scenarios and the MOTA performance.
A correlation coefficient of r = —0.8953 suggests that é(d,) ~ d, also follows
a linear relationship that can be modelled as:

é(dy) = prdy+1 . (5.10)
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This model is fitted using the robbers test data given in Table 5.2. For the
values of the exogenous variable d,, d, can be plugged in directly. How-
ever, the values for the endogenous variable, the standard deviation of the
measurement, must first be calculated. The standard deviation of a single
measurement with a known expected value of zero can be determined for
each r € D1,D2,D3, D4 as follows:

(5.11)

= abs (eq,) - (5.12)

Note, standard deviation, rather than variance, is modelled because it has
the unit ‘bees’, as do the errors underlying the MOTA score. An intercept is
omitted, as we assume no errors in the easiest scenario.

Linear regression using python package statsmodels at version 0.12.2 yields
By =12673 (N =4, r? = 0.95). The fitted model é(d,) with its estimated
coefficient ﬁl can now be used to determine the standard deviation to the
daily loss measurements of difficulty d,,.

Step 9: Plausibility check

In this context, reference should be made to the study by Gonsior et al.
[95]. There, a previous model of the bee counter was assessed as part of an
ecotoxicological trial. In an experiment, four bee colonies were fed over ten
days with a neonicotinoid-spiked sugar solution, known to have sublethal
effects on the flight behaviour of bees. When comparing the number of
foraging flights with those of four untreated control colonies, significant
group differences were found. The result demonstrates that the system was
able to show the expected effect and represents a general plausibility test.

5.5.3 Discussion of Case Study

Using scenarios is a logical consequence of the observation that the perfor-
mance of bee counters fluctuates based on environmental factors. One main
factor was found to have a strong effect on bee counter performance. A total
of 59 scenarios with varying degrees of ‘crowding’ were drawn and carefully
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labelled. Since all scenarios achieved MOTA scores greater than 94.01 %, eval-
uation by observation confirmed the basic functionality of the bee counter.
The strong correlation between scenarios” MOTA scores and difficulties indi-
cates that the crowdedness performance factor is highly suitable for inferring
the accuracy of the bee counter. Although the MOTA score requires special
treatment of scenarios for which the number of labelled objects equals zero,
the advantage outweighs the disadvantage. Instead of relying on sparse count
events, the metric incorporates thousands of true positives, false positives,
false negatives, and ID switches from detection and tracking.

This promising pre-evaluation justified the implementation of several robbers
tests. Despite the long experimental period of 21 days, most of the robbers
tests had to be rejected. Reasons for this included the late season and the
resulting increase in rainy and cold days, but also the maintenance and
restocking of the feed. The robbers test also shows the importance of the
operating time of the bee counter. If the system had been down for ten minutes
during the most active period on D1, which would correspond to an operating
time of 99.31 %, 6 573 outgoing bees and a similar number of incoming bees
could not have been recorded. The impact on daily loss measurements, which
is expected to be a fraction of this number, is significant. Thus, not including
days with missing data is important, but reduces the number of valid trials.

The utilization of the original robbers test described by Struye [232], in which
bees from multiple colonies rob the same robber hive, could solve the problem
of consistent and goal-oriented bee behaviour described by Rosenquist [209].
The robber experiments contain moments of extreme crowding and thus
simulate a more realistic flight behaviour at the robber hive.

A total of four robbers tests were available for further analysis and showed
that despite the high MOTA values of the scenarios, the measurement of
the 24-hour intervals is prone to error. This is reflected in a mean absolute
deviation of 717 (+846) bees compared to a target value of zero. Due to limited
data availability, it was not possible to make a reliable statement whether
the bee counter unilaterally counts more bees or not. The observation of
a bias has been reported by several researchers for other bee counters and
would lead to skewed counts, distorting the loss measurements [177, 15].
Consequently, the reason for a preferential direction should be investigated
and eliminated. The data further corroborate findings from other authors that
on days with higher flight traffic, the error of the counter increases [181].
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Since bees react to visible light, it is reasonable to use infrared light that is
invisible to bees at night [7]. Nevertheless, the robbers tests were performed
here exclusively with white light and consequently, the performance factor
‘lighting’ was omitted. This had no consequences for the robbers test since
no bees are expected at the feeder during the infrared hours anyway. This
also means that the influence of the factor could not have been determined
at all. However, for conducting experiments in the realistic scenario, the
lighting factor is potentially important, since under certain circumstances
bees may stay near the entrance after dark [181]. One way out would be to
conduct additional robbers testing experiments with all-day infrared lighting.
However, this would have required modifications to the system that were
beyond the scope of this case study. Therefore, the regression model only
applies to the trials that do not require infrared light.

Due to the small number of valid robbers tests, the model had to be derived
from considerations and could not be checked directly on the data. The results
are plausible and consistent with expectations.

To determine whether the tested bee counter is suitable for regulatory risk
assessment and the implementation under Good Laboratory Practice, the
error of the counter must be comprehensible and considered. Assuming that
the robbers tests have a similar level of difficulty to that of full-sized bee
colonies, the expected error in difficult cases may exceed 1500 bees. Thus, at
the stage of development (September 2021), it is not possible to determine
accurate daily losses or bee mortality as defined by regulatory requirements.
The estimated absolute error of the system under field conditions is too large
to detect small differences in colony population dynamics. In addition to
improving the bee counter, it would be possible to simplify the measurement
conditions. For example, limiting the number of colonies to smaller sizes
(see Spangler [228]) or by making structural changes to the flight board that
forms the camera’s field of view to reduce crowding.

5.6 Discussion of Protocol

To date, there is no method to determine daily honey bee loss or background
mortality with the accuracy required by the 2013 EFSA bee guidance docu-
ment [78]. Existing bee counters are not sufficiently suitable for this purpose,
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especially because a standardised evaluation protocol has not been avail-
able [181].

Although there were approaches to evaluate bee counters, the results did not
allow conclusions on the accuracy in daily loss measurements. It was argued
that (1) evaluation procedures based only on sample evaluation do not reveal
bias or provide an indication of the accuracy of daily loss measurements and
that (2) evaluation procedures based only on robbers tests cannot distinguish
with confidence between inoperative and operative counters and do not
provide accuracy measurements under realistic conditions.

A combination of the two approaches could, however, solve these prob-
lems. Hence, the presented evaluation protocol was tested on a commercial
counting device. Here it became obvious that requirements for accurate loss
measurement are high. Even minimal deviations accumulate quickly because
the observed quantity (activity) is two orders of magnitude larger than the
quantity of interest (loss).

Apart from that, small inaccuracies in the determination of individual bee
movements can have serious consequences. In Struye’s BeeSCAN, the activity
was about a hundred times the measured daily loss [232]. Given this factor
and the relatively small reference size, effects such as those in Rickli et al.
[201] and Bermig et al. [15] can quickly occur. There, promising bee counters
led to unrealistic results in the determination of daily losses. The first study
reported losses that exceeded expected results by a factor of five, while the
second reported a gain of over 14 000 bees in just one day. In both cases, small
deviations, not measurable in short periods, added up over the day due to the
sheer volume of entries and exits.

To detect field-relevant changes in daily losses, bee counters must have
no more than 1 error per 1000 entries or exits, depending on colony size
and requirements. These numbers assume 105 000 flights, a colony size of
30 000 bees, and a natural mortality rate of 3.75 % [79].

No generalised threshold has been established to indicate whether or not the
pre-evaluation has failed and a redesign is necessary. Instead, it is recom-
mended to report the entire evaluation process. Whether a bee counter is
useful or not depends on the intended application. The result of the evaluation
shows which errors are to be expected under which measuring conditions.
Whether these errors are acceptable or not is ultimately decided by the poten-
tial user: If there is a bee counter which has shown daily loss a error of +100
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bees, the inaccuracy corresponds to about 10 % of the expected background
mortality in the previous example.

Future designs of counters must be technically sound and capable of operating
efficiently and autonomously under field conditions [181]. In addition, it is
necessary to generate validated data with a standardised protocol that meets
scientific requirements and allows accurate conclusions to be drawn about
the daily loss of foragers. Without this standardization, no progress in this
field will be possible. However, with the technological advancements that
exist today and will exist in the future, such standardization should be readily
implementable.

5.7 Conclusion

High-quality data on honey bee background mortality are currently unavail-
able due to a lack of methodology to generate them. With the here presented
evaluation for daily loss measurements, a protocol was introduced that should
be suitable for determining the accuracy of electronic bee counters under field
conditions in a standardised way. The protocol combines existing approaches
into a new, harmonised method that can be performed regardless of how
the bee counter operates. The thorough evaluation is time-consuming but
only needs to be done once for a bee counter system. The work thus makes
innovations in practice measurable and creates the basis for comparability
of bee counting systems, enabling faster progression of the sector. Hence, it
should be possible to advance the field by developing counters that meet or
even exceed scientific and regulatory requirements.
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6.1 Introduction

6.1 Introduction

In computer vision, animal re-identification (re-ID) refers to the task of identi-
fying individuals from a a group of the same species. Machine-assisted re-ID
from image data, such as that obtained via camera traps, enables the study of
behavioural patterns with minimal effort [216].

Automated animal re-ID has been successfully demonstrated for mammals in
many cases [85, 45, 125, 252], including apes, whales, and elephants. However,
identification is not limited to mammals; promising examples for the related
task of insect classification [196, 217, 69] and re-ID already exist. Arbuckle
et al. [2] developed the Automatic Bee Identification System (ABIS), which
can reliably identify bee species based on wing patterns. From this, Francoy
et al. [83] showed that these patterns also allow the identification of indi-
vidual Africanized honey bees. By utilizing self-organised maps and CNNs
respectively. Kastberger, Radloff, and Kranner [116] and Murali et al. [170]
added giant honey bees (Apis laboriosa) and fruit flies (Drosophila) to the list of
successfully re-identified insects. All aforementioned insect classification and
identification approaches analysed the wing patterns that are formed from
vein junctions. As special image acquisition is required, such approaches are
not suitable for application on living animals in the wild. Therefore, a recently
published approach to re-identify honey bees by their abdomen stands out.

Using the abdomen as a re-ID feature, Chan et al. [53] made honey bee
re-ID applicable in camera traps. In their work, the authors emphasize the
importance of time-invariant features, that is, features that do not change over
the time bees spend foraging. As honey bees store a significant amount of
nectar in their honey stomach and carry pollen on their hind legs, changes in
their appearance between leaving and returning are to be expected. Therefore,
to compile the training data, it was not sufficient to film and track individual
bees entering the hive for a short moment (short-term dataset). For this
reason, Chan et al. [53] extended the training data with a long-term dataset.
By gluing tags on the thorax of 181 bees, they were able to distinguish the
bees over time. Since the authors solely used the bee’s abdomen as a re-ID
feature, the glued-on tag did not leak information to the re-ID system. As
expected, re-identification based on the unmarked abdomen was significantly
worse in all evaluation setups over long periods. The evaluation showed that,
at best, the correct bee could be identified among ten other bees (so-called
distractors) in 62 percent of the cases [53]. When replicating the study, Roth
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[210] found that increasing the number of distractors to 50 approximately
halved the reported CMC-1 score. To test the accuracy of the approach in
the real world, the number of distractors would need to be increased by a
factor of a thousand. It is easy to imagine that honey bee re-ID cannot yield
useful results in practice. Since neural networks trained with a triplet loss
function well for the re-ID of other animals, the issue rather lies in the fact
that the abdomen does not provide sufficient discrimination among bees. The
similarity between the worker bees studied is intensified by the fact that
they share the same mother. Additionally, different curled abdomens do also
greatly influence the likelihood of correct re-identification [210].

Surprisingly, to our knowledge, there are no attempts to transfer visual animal
re-ID to the bumblebee domain, especially since it is known that bumblebees
differ much more in body shape and live in much smaller colonies than honey
bees [96]. This is despite the fact that bumblebees, as important pollinators,
have been the subject of repeated research. Mola and Williams [165] review
methods for studying the movements of bumblebees, including QR codes,
paint stains or RFID chips, all of which being particular important for eco-
toxicological studies as required for pesticide testing [78]. However, tagging
individuals is extremely laborious and only possible for a small number of
individuals [237]. Furthermore, it cannot be ruled out that tagging individuals
may affect the observed behaviour. For these reasons, it is desirable to replace
the existing procedures with a purely visual re-identification.

This paper comprises two contributions. (1) We investigate to what extent
99 bumblebees from two colonies are re-identifiable on visual material and
(2) which features are of decisive importance. To address these research
questions, a Convolution Neuronal Network (CNN) based model, a simple
body shape model and a random baseline model were benchmarked using
the publicly available Bumblebee Re-ID Dataset [239].

6.2 Materials and Methods

For the purpose of determining behavioural patterns, entomologists are in-
terested in identifying bumblebees as they re-enter the hive [96, 9]. In terms
of computer vision, the underlying problem can thus be characterised as a
bumblebee retrieval problem across the same camera. In practice, a bum-
blebee would be captured by the camera when leaving the hive and some
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images of this individual would be stored together with an ID in the so-called
gallery for later retrieval. Images of returning bumblebees (probe images) are
then compared against the gallery. There may be several images of different
bumblebees in the gallery at this time. Since bumblebees are registered when
they fly out, it can be assumed that in a real application all incoming bumble-
bees are already known to the system, which classifies this work as closed
re-ID [54].

The re-ID task is commonly divided into object detection, tracking and ID
retrieval [263]. While the computer vision community already provides
solutions for the first two tasks [247, 156, 238], this work focuses on the ID re-
trieval, i.e. algorithms that output a ranked candidate list of potential matches
for any probe image. In the following, it is explained how the corresponding
bumblebee dataset is composed. For an explanation of the evaluation of re-ID
models, namely the concept of Cumulative Matching Characteristics (CMC)
and Mean Average Precision (mAP), refer to section 2.3.4 on page 26.

6.2.1 Dataset

The dataset was previously published by Tausch et al. [239]. The images
were filtered and finally show 99 individuals from two commercial bumblebee
hives with more than 22 images available per individual. The dataset was
split randomly into a test and training dataset, keeping the ratio of male and
female individuals constant.

In both the test and training datasets, g = 17 images were selected per
individual as gallery images and p = 5 images were selected as probe images.
To minimise temporal features in the image sequence of a bumblebee, gallery
images were randomly selected from the first (n — g — p)/2 + g images and
probe images from the remaining ones, where n denotes the number of
available images. Training was performed on the first (n —g—p)/2+g images
of the training dataset. There are a minimum of 22 images per individual
(M = 69 % 65.3). Using the naming convention of Chan et al. [53], the given
dataset can be characterised as a short-term dataset.
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6.2.2 Re-ID Models

Three bumblebee re-ID models were developed and compared. The Bum-
bleNet model extracts discriminative features from raw pixel data of cropped
and centred bumblebees. It was hypothesised that such a model could find
unwanted but useful information on background pixels. In such scenario,
the model would overfit to the highly correlated images in the dataset. Such
external cues could be dirt, reflections, stains or other illumination patterns,
all being intensified by the poor image quality (see Figure 6.1). This is prob-
lematic for all kinds of short-term re-ID datasets and hinders generalization
to field data. To shed light on this hypothesis, two BumbleNet variants and
the non-pixel-based BodyShape model were fit. While the former receive
masked input images from a segmentation network, the latter receives a pre-
processed list of shape descriptors. Both approaches aim to strip potentially
misleading information. Finally, a random baseline model was added to serve
as a benchmark.

6.2.2.1 BumbleNet Model

FaceNet is a face recognition system that employs convolutional neural net-
works (CNNs) to map images of human faces to a dense feature space that
is descriptive of the person depicted [218]. The feature vector of an image
is referred to as its embedding. The authors succeeded to derive a function
that maps the faces of the same individual to embedding vectors that are as
similar as possible while being dissimilar to other individuals (see Section
2.3.1 on representation learning). Consequently, the embedding can be em-
ployed to re-identify a particular individual. By substituting human faces
with bumblebees, we obtain BumbleNet.

BumbleNet is trained with triplet equivalence constraints, which are enforced
by the triplet loss, as detailed in Section 2.3.2.

Three variants of the BumbleNet were trained in total, differing solely in
terms of the pre-processing of the training data. This approach makes the
network more robust for real-world applications and provides insights into
the discriminative power of different features.

The network is able to discern that the position of wings and legs is not a
reliable indicator for re-identification due to the availability of a large num-
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(a) (b) (c)

Figure 6.1: Foreground segmentation using a U-Net. (a) Input image, (b) labelled body contour
covering an area of 138.5 mm?, (c) predicted body contour covering 120.2 mm?. Note the intended
absence of legs and wings.

ber of images of each individual. However, short-term training data cannot
account for the possibility that bumblebees may leave the hive without pollen
and subsequently return carrying pollen, thereby significantly altering their
appearance in the field. By segmenting the body, this potential pitfall can be
eliminated, albeit at the cost of lost detail. To quantify the extent of infor-
mation loss associated with the segmentation, the performance is presented
with (BumbleNetSeg) and without (BumbleNetRaw) segmentation.

Given that not only the background but also extremities such as wings and legs
must be removed, it is not sufficient to calculate a binary mask by thresholding
or background subtraction. Instead, a U-Net architecture similar to that
presented by Ronneberger, Fischer, and Brox [207] was trained to segment
the bumblebee’s body by removing legs and wings (refer to Section 2.2.2 for
architectural details). Although this entailed the annotation of hundreds of
bumble bees, it was crucial to remove potentially time-variant features that
would assist the network in re-identifying individuals in the given short-
term dataset but would be ineffective in real-world applications. Figure 6.1
illustrates the input, label, and output of the segmentation network. Given the
average body size of bumblebees, which is approximately 95 mm? [96], the
image depicts a particularly large specimen. The average discrepancy between
the computed and labelled bumblebee size is approximately 18 mm?.

Furthermore, in order to ascertain which features are decisive, a third variant
of the BumbleNet model was trained. When training the BumbleNetSegScaled
model, scaling was added to the list of possible input augmentations. The
application of random scaling between 80 % and 130 % of the initial dimen-
sions prevents the model from utilising the individual’s size as a feature.
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BumbleNet Model characteristics

variants

Raw The training data is neither scaled nor segmented. This
model has the greatest amount of pixel information avail-
able. However, the model also has the greatest potential to
extract features that are unrelated to the task at hand.

Seg The training data underwent preprocessing, whereby the

bumblebee’s body was segmented. This removed noise (and
potentially pertinent information) from the input image,
thereby enhancing the network’s robustness for real-world
applications.

SegScaled  In addition to the aforementioned segmentation, the input
data was randomly scaled. This prevents the model from
utilising body size as a feature, thereby forcing it to learn
other characteristics.

Table 6.1: Comparison of the three BumbleNet variants.

A comparison of the models with and without the scaled inputs allows for
the determination of the relevance of this feature. Augmentations that do
not affect the bumblebee shape are employed in all three cases, including
slight colour jittering, Gaussian noise, contrast variations and rotation. A
comparison of the models can be found in Table 6.1.

To obtain the desired embedding, the triplet loss is employed [218]. The triplet
loss minimizes the distance between the embeddings of an anchor image
and a positive image, while maximizing the distance to a negative image.
The positive image shows the same bumblebee as the anchor image while
the negative image is guaranteed to show a different individual. Figure 6.2
illustrates the triplet loss in practice. To obtain the embeddings we use the
ResNet-18 [102] architecture as backbone and an embedding size of 128, which
both have proven to be a sensible choice in a conducted hyperparameters
search (refer to Section 2.2.1 for details on ResNet-18).
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Figure 6.2: Illustration of triplet loss. (Left) Anchor, positive, and negative images are embedded
using the ResNet-18 feature extractor. (Right) In the embedding space, the anchor and positive
images should be closer to each other than a specified margin (indicated by the dashed circle),
while the negative image should be positioned far away from both. During training, the model
learns to optimise embeddings by minimising the anchor-positive distance and maximising the
anchor-negative distance.

6.2.2.2 Random Baseline Model

To show that a model has learned important appearance descriptors, it must
show better results than a random baseline model. This role is accomplished
by a model that generates randomly ordered lists of candidates. The model’s
performance is then calculated as the average mAP and CMC score of all
possible candidate lists.

6.2.2.3 BodyShape Model

The BodyShape model consists of a feature extractor and a learned metric.
After applying the same bumblebee segmentation as for models BumbleNet-
Seg and BumbleNetSegScaled, a rotated bounding box and a rotated ellipse
was fitted to the segmented body. This allowed the extraction of several
features that form the input for the BodyShape model (segmentation area,
segmentation perimeter, enclosing rotated bounding box width, enclosing
rotated bounding box height, enclosing rotated ellipse width and enclosing
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Figure 6.3: For k = 1,.. ., 833 (gallery size) the graph shows the probability that a probe image is
among the top-k elements of the ranked retrieved results (CMC-k).

rotated ellipse height). In order to perform a re-identification based on these
7 properties, a distance metric was learned that outputs small distances for
equal IDs and large distances for different IDs. For a detailed explanation of
metric learning, refer to Section 2.3.3.

6.3 Results

Figure 6.3 shows the CMC-k accuracy for all models, while Table 6.2 sum-
marises key performance metrics. With a CMC-1 score of 0.6792 BumbleNe-
tRaw is the model that gives the best results on the test data. Segmenting the
training data lowers the CMC-1 score by 42 %. As expected, the CMC score
improves for higher values of k. For CMC-10, the accuracy already exceeds
88 % (BumbleNetRaw).

If visual features are not used at all (BodyShape model), the performance
drops by almost 64 % compared to the best model. If the body size feature
is omitted, which was implemented by randomly scaling the training data
for the BumbleNetSegScaled model, the CMC-1 score drops by almost 66 %.
A comparison with the random baseline, however, shows that all models
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Models CMC-1 CMC-5 CMC-10 mAP

B.N.Raw 0.6792 0.8125 0.8875 0.3509
B.N.Seg 0.3916 0.7 0.7958 0.2446
B.N.SegScaled 0.2458 0.5125 0.6083 0.1295
BodyShape 0.2291 0.4958 0.6958 0.1876
RandomBaseline 0.0208 0.0999 0.1898 0.0292

Table 6.2: Comparison of models performance with respect to CMC-1, CMC-5, CMC-10 and
mAP score, ordered by CMC-1.

succeeded in re-identifying bumblebees based on distinct characteristics and
outperformed random guesses by far (10 to 32 times).

A look at the mAP scores in Table 6.2 does not reveal any new information:
The mAP scores of the models are broadly consistent with the CMC scores, so
there is nothing to suggest that considerations of the model’s recall capability
should influence model choice.

6.4 Discussion and Conclusion

In relation to research question (1), to what extent bumblebees are re-identifiable
on visual material, we have been able to show promising results. The best
model is able to correctly assign two thirds of the individuals at first go (Bum-
bleNetRaw). Since the model may have used some undesired information,
the performance could be worse in reality. A safe lower bound for the model
performance is the BumbleNetSeg with a CMC-1 score of 39 %. However,
the retrieval accuracy can be further improved by statistically modelling the
probability of presence of single individuals. This would allow the gallery
size to be adjusted dynamically to those individuals that are assumed to be
outside the hive.

It was already known that bumblebees show a remarkable diversity in their
body size. This finding was confirmed by comparing the BumbleNetSeg
and BumbleNetSegScaled models, as omitting the size information led to
a sharp drop in the CMC-1 score. However, it was also found that other
features play a role, still allowing a fifth of the bees to be correctly identified
on the first attempt (see BumbleNetSegScaled, Table 6.2). The BodyShape
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model outperforms the non-BodyShape model (BumbleNetSegScaled) by a
small margin, showing that an individual’s size is indeed the most important
feature.

Due to the low contrast and resolution of the images, other features could
become more important as image quality increases. Therefore, a dataset with
more detailed and higher-quality images, including bumblebees carrying
pollen, would be desirable. Enhanced data could be obtained using a camera
device such as the one proposed in Chapter 4. Furthermore, a new dataset
should integrate long-term and short-term re-ID data as demonstrated by
Chan et al. [53]. Long-term data would enable the transfer of models, such as
BumbleNetRaw, into applications with greater confidence, as these models
become more robust against short-term features.

Finally, a bumblebee re-ID is possible on the given dataset. A real-world
application would benefit from clever boosting through dynamic galleries
and statistical modelling of presence probabilities. Also, relying solely on
variations in body shape misses the potential of other visual features.
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7.1 Introduction

71 Introduction

Pollen plays a crucial role in the nutrition of honey bees as it is the sole source
of proteins and fats [40]. It is also an essential component for brood care and
serves as a reliable indicator of the quality of a foraging location. Furthermore,
a varied diet of pollen helps to increase the strength of colonies, which is
particularly important for their survival during the winter months [40].

7.1.1 Chromatic Pollen Assessment

Given the importance of a diverse pollen supply, the question arises how
pollen diversity can be determined. Methods of laboratory analysis include
the analysis of pollen grains in honey, bee bread or pollen from pollen
traps [41].

An alternative, which is less costly and requires neither expert knowledge
nor laboratories, is an approximation of local and temporal pollen diversity
using the colour diversity of pollen from pollen traps. Pollen traps force bees
to pass through a grid when entering the hive. The grid is designed in a
way that the bees lose their pollen load when passing the pollen trap, which
accumulates in a container underneath. The pollen can then be manually
sorted by colour to determine colour diversity, a process known as (manual)
chromatic assessment.

Colour diversity, in turn, can be used to indirectly estimate species diversity in
flowering plants, an approach carried out by Conti et al. [63] for a particularly
species-rich area in Italy. At intervals of 3 weeks, a total of 19 pollen samples
were collected from three hives using pollen traps from April to September
for 3 days each. In order to exclude different colour perceptions, a 10 g aliquot
was subjected to a manual chromatic assessment by the very same expert. A
self-made colour chart with 30 typical pollen colours served as a reference
for sorting. The actual pollen diversity was then examined in the laboratory.
Under these conditions, the researchers figured that each new colour found
corresponded to 1.52 new species in the sample.

Conti et al. [63] also investigated whether a diversity index (Shannon) ob-
tained by chromatic assessment was significantly different from that based
on laboratory analyses. Contradictory results were obtained, as there were
significant differences in a direct comparison of two differently determined
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diversity indices, but not when looking across all samples. Kirk [123] sum-
marises his long-term observations as follows: ‘Does colour diversity reflect
phylogenetic diversity (...)? The broad phylogenetic association with pollen
colour found here indicates that colour diversity will also broadly reflect
phylogenetic diversity. [123]

Besides the different colour perception of humans [5] and the influence of
the light situation on the observed colours [123], the limitations are due to
the properties of the pollen: It is known that pollen can change its colour
depending on the degree of dryness [122], that different species can produce
the same pollen colours [105] and, conversely, different pollen colours can be
assigned to the same plant species in rare cases [122]. These effects result in
fewer colours being found in chromatic assessment than species in laboratory
analysis [63, 41].

7.1.2 Citizen Science Investigation on Pollen

Assuming the connection of pollen diversity and chromatic diversity, the
spatial and temporal pollen (colour) diversity for many European countries
was surveyed in 2014 and 2015 in a large-scale citizen science study named
‘Citizen Science Investigation on Pollen’ (CSI Pollen) [230]. Here, with the
help of 750 beekeepers (citizen scientists), almost 18 000 pollen samples were
collected and undergone manual chromatic assessment [41].

It is evident that a study that relies on hundreds of volunteers has to accept
some limitations. For example, the citizen scientists could not be expected to
determine the exact size of the colour clusters. Instead, beekeepers were asked
to categorise pollen colours according to their frequency as very rare, rare or
abundant. A simplification that was necessary to facilitate participation.

The study design also made it inevitable that different people were used in the
visual evaluation. In the context of differences in human colour perception [5],
this poses risks that seemed unavoidable at the time. The evaluation of
the CSI Pollen study showed that the most significant random effect was
attributed to the beekeeper, meaning that different beekeepers would likely
find different numbers of pollen colours in the same pollen sample. This
is not surprising, since each of the 18 000 samples contained up to 20 g or
2000 pollen, which made the manual chromatic assessment very tedious.
Dimou and Thrasyvoulou [72] report that sorting a 20 g sample takes an
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average of 84 min, resulting in a theoretical total workload of up to 33.4 hours
per participant.

Depending on patience and concentration, it was up to the participants to
sort the pollen carefully (i.e. to form many and therefore homogeneous
clusters) or to work fast (i.e. to form fewer and more heterogeneous clusters).
The authors, unlike Conti et al. [63] and Kirk [123], decided not to provide
the participating beekeepers with fixed reference colour charts. Without a
reference, the decision on whether to classify colours as different (or not) was
left exclusively to the beekeeper.

Practical reasons against reference colours are the difficulties in providing
suitable high-quality prints (c. f. Kirk [123, 121]) and possible problems when
pollen cannot be clearly assigned to one of two reference colours. Hence, no
colour name could be assigned to the manually sorted pollen in the CSI study.
This information and an exact cluster size could not be obtained for practical
reasons and could not be included in the study’s scope.

Nevertheless, the CSI pollen study is of great impact. Through the involve-
ment of citizen scientists, the project managed to expand across Europe,
making it ‘much larger than individual researchers could ever achieve’ [41].
While this holds true, further automation is the logical consequence of this
proven idea.

7.1.3 Contributions

In this work, we seek to objectify, accelerate and extend the manual chromatic
assessment carried out before. By presenting an app that allows quantify-
ing pollen load from pollen traps and determining their colour diversity
objectively and automatically, the aforementioned shortcomings of the chro-
matic assessment can be solved. Compared to the human based chromatic
assessment approach [63, 41], the proposed solution allows calibrated cluster
colours to be determined, making the colours comparable across time and
place. Calibrated pollen colours allow the determination of conversion factors
from colour diversity to species diversity at the level of individual colours,
as previously suggested as future work by Conti et al. [63]. This means that
samples that show rare colours are also likely to contain fewer species in a
laboratory analysis and vice versa.
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The automated chromatic assessment offers the possibility to use the general
abundance of pollen colours in the field for the prediction of local species
diversity, which is expected to strengthen the correlation and to improve the
prediction accuracy. In addition, the coarse colour frequency categories from
Brodschneider et al. [41] can be replaced by real count values, allowing the
calculation of popular biodiversity indices that require knowledge of cluster
sizes.

By making less of an imposition on citizen scientists, it is likely that even
more participants can be reached for even longer periods of time with fewer
dropouts. Digital support for the beekeeper is also called precision beekeeping
and has already been used successfully elsewhere [35, 36].

In this way, the app provides beekeepers with important information about the
nutritional status of their colonies, while scientists benefit from aggregated
information about local and temporal biodiversity. The web app is freely
available on all devices.

7.2 Materials and Methods

The app named ‘Pollenyzer’ allows users, i.e., beekeepers, to analyse the
colour diversity of pollen samples. At the same time, it invites to enrich each
pollen analysis with scientifically relevant metadata. The software underlying
Pollenyzer is open source and publicly available.! The automatic chromatic
assessment includes five steps. (1) A pollen trap is mounted and pollen is
collected for a typical period of one to three days. (2) The collected pollen
is placed on an A5 paper (210 mm X 297 mm) and photographed. (3) The
resulting image is uploaded and processed via the app. Optionally, users
can provide metadata such as time and location. (4) The user is presented
with visualisations of the results. (5) Optionally, users can post-process the
automatic clustering of pollen colours according to their own perception.

The app is implemented as a progressive web app that can be accessed and,
if desired, installed on all devices via the browser using standard web tech-
nologies.? In addition to the frontend, the app consists of three backend

1 App Repository, https://github.com/pollenyzer/beesypollen. Accessed March 13, 2023.
2 Pollenyzer Web Interface, https://pollenyzer.github.io. Accessed March 13, 2023.
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components, the implementation of which is explained below. Subsequently,
we present a study that investigated whether image processing of pollen sam-
ples can achieve the same study results as manual chromatic assessment.

7.2.1 Pollen Load Detection

The literature already contains examples of image processing of photos show-
ing pollen loads. For example, Chica and Campoy [57] and Salazar-Gonzalez
etal. [213] used conventional image processing methods to separate the pollen
from background pixels. However, with both methods it was not possible
(and necessary) to separate individual pollen loads. In other words, instead of
the positions of individual pollen loads, only the area occupied by foreground
pixels could be discerned, a disadvantage that can be remedied with today’s
Al-supported methods.

Convolutional Neural Networks (CNNs) have been successfully used for
the last decade and are considered state of the art in the field of image
processing [129]. In this work, a CNN, more specifically a U-Net [207], was
trained to detect pollen on A5 paper.

Instead of the original U-Net architecture described in Section 2.2.2, a smaller
variant was used here. We chose all convolutional layers to have the same ker-
nel size of (3x3), followed by a batch normalisation layer and a rectified linear
activation. Two such layers form a convolutional block followed by a max-
pooling layer with stride size of (2, 2). The contracting path consists of four
such convolutional blocks with 16, 32, 64, and 128 features per convolutional
layer. The contracting path is similar in structure, but uses deconvolution
layers instead of max-pooling. As is typical for U-Nets, the convolutional
blocks in the contracting path are connected to their corresponding counter-
parts in the expanding path through so-called skip connections. Since the
task of detecting pollen is not overly complicated, the size of the network is
comparably small containing less than two million trainable parameters.

U-Nets were originally designed for image segmentation, but have already
been successfully used for object detection [37]. In the present case, the
network’s output is a single layer segmentation map showing the networks
confidence that a pixel is a pollen’s midpoint. Therefore, to obtain a list of

97



7 PAPER 3: Pollenyzer App

pollen coordinates, U-Nets require additional blob detection on the segmen-
tation map at inference time. Here, blob detection is implemented as a search
for local maxima on the thresholded segmentation map.

To simplify the pollen detection, the net was trained to detect pollen on white
A5 paper. The paper with known dimensions served as a size reference and
allows to automatically scale input images according to the expected pollen
dimensions. The network was trained on images of shape 96 X 96 X 3 and
binary masks as labels. Figure 7.1 shows five training input images (top),
labels (middle) and output segmentation maps (bottom). Since detections at
the image borders were especially hard and error-prone, a workaround was
implemented. During training, cross-entropy loss was applied only to the
48 x 48 pixel centre of the image, ignoring potential errors that arise in border
regions. In Figure 7.1c one special characteristic of the masks can be noticed.
Looking closely, one can see that overlapping neighbouring pollen (white
circles) were separated by additional black borders. This was to encourage the
network to draw clear boundaries between detected pollen on the segmenta-
tion map, thereby facilitating subsequent blob detection. The advantage of
this method is evident in the same figure (bottom). Instead of manipulating
the label mask, Ronneberger, Fischer, and Brox [207] achieved the same goal
by introducing an additional weighting label for edge separation.

7.2.2 Dataset and Annotation Scheme

The pollen came partly from a commercial pollen mix, partly from collected
pollen over the course of an entire season and represented a high colour
diversity. In total there were 19 996 corbicular pollen loads in the training
data set and 2 629 pollen in the test data set. The pollen were taken from a
total of 75 images with a resolution of up to 70 MP.

The annotation was done under certain guidelines. (1) If stacked, only pollen
mainly located in the uppermost layer and (2) only intact pollen parts large
enough to extract robust pollen colours were annotated, excluding pollen
fragments. Figure 7.1a illustrates the problem annotators faced when the
transition from pollen to pollen fragments was seamless. Thus, it was hardly
possible to maintain a very strict annotation style across the entire dataset,
as in some cases the correct annotation was ambiguous. This inconsistency
is reflected in the fact that borderline cases (see Figure 7.1a) are assigned a
mediocre confidence on the segmentation map and are included or excluded
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(a)

Figure 7.1: Five training samples showing the input image data (top), the annotations (middle)
and the neural networks output layer (bottom). Pure white pixels reflect a one hundred percent
confidence of the neural network that there is a pollen centre at the pixel’s location.

from the results by the choice of confidence threshold. The annotation could
be sped up significantly as no real pollen segmentations were done. The
much faster annotation of the pollen midpoints was sufficient to generate
mask labels afterwards.

A total of 550 000 image parts from the annotated dataset were randomly
cropped to the shape 96 X 96 and augmented. A non-overlapping 50 000 of
which have been used for validation purposes. Augmentation included slight
scaling, shearing, random rotation, slight alteration of contrast, brightness
and colour, and various blurring algorithms. This data set of over half a
million images, masks and pollen coordinates was published as part of this
work [29].
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7.2.3 Training and Validation

Training was performed on a single Nvidia RTX 3090 GPU with a batch size
of 64. The RMSProp optimiser was used in combination with a binary cross-
entropy loss. The model has 1.9 X 10® parameters and training was stopped
after 2 hours as increasing overfitting was observed.

Due to the seamless transition from pollen to pollen parts, not only labelling
but also the determination of performance metrics has become more difficult.
As the labels were sometimes ambiguous or inaccurate, the calculation of
intersection over union (IoU), a typical metric for recognition and localisation
problems, is not well suited. In this case, the IoU would mainly quantify
the inconsistency of the annotators rather than the quality of the detections.
Therefore, pollen detection was performed on separate test images. An anno-
tator then assessed whether a detection fulfilled the previously mentioned
criteria. In this way, false-positive, false-negative, and true-positive detec-
tions were determined, and more appropriate metrics such as precision, recall,
and their harmonic mean were calculated and reported.

7.2.4 Colour Extraction

After the pollens’ midpoints have been located, their colours were determined.
To obtain a robust colour value, the colour values of multiple pixels needed to
be taken into account. However, the naive approach of averaging the pixels
in a certain radius around the pollen centre led to poor results. This was
due to the observation that pollen was usually composed of two colours, a
primary colour and a secondary colour. The secondary colour (or shade) is
inherent to the three-dimensionality of the pollen and occurred in any typical
lighting situation. For this reason, two alternative approaches were tested
to separate the primary and secondary colour: the Gaussian Mixture Model
(GMM) and the k-means algorithm. While the GMM assumes that the colours
in the sample are normally distributed around two mean values, k-means
makes no assumptions about the distribution.

The k-means algorithm is not robust to outliers, but it is much faster, often
produces similar results and is therefore preferable in all cases where users
are waiting for a timely response. Separating the secondary colour provides
additional reliability in cases where the detected midpoints are not perfectly
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centred. In such cases the largest cluster’s centroid was considered the
primary colour.

7.2.5 Colour Calibration

Due to the distributed nature of citizen science studies, we can not expect
beekeepers to adhere to specific experimental constraints like matching imag-
ing devices or accurately reproducible illumination. Hence, we expected
images to be taken under vastly different lighting conditions and with vary-
ing spectral sensor sensitivities of the capturing devices. As a result, different,
so-called device-dependent RGB values are assigned to the same pollen colour
on different images. This not only impairs the comparability of clustering
results between images of distinct participants but also between photographs
of a single beekeeper, as there exists no known relation between the respec-
tive device-dependent colour spaces caused by differences in illumination
and sensor sensitivities. In order to overcome this issue, our goal was to find
translations of these colour values from device-dependent colour spaces to
a standardised device-independent colour space. This process is commonly
referred to as colour calibration [140]. Refer to Section 2.1 for a detailed
introduction to colours, calibration and colour spaces.

A widely used method for colour calibration is the use of colour calibration
cards. Such cards are of well-monitored production quality, correspondingly
expensive and consist of a certain number of colour patches for which ref-
erence colour values are known in an absolute colour space based on the
CIE Standard Observer. If placed within an image, they allow for a compari-
son between the observed colour of each patch and the respective reference
colour. Thereby, a relation between the device-dependent colour space and
the reference colour space can be inferred. Using this relationship, image
colours can be transformed from device-dependent RGB values to an absolute
colour space, i.e. CIEXYZ, CIELAB or sRGB. In case of a citizen science study,
however, each participant would have to obtain their individual colour card,
which would be a significant expense. This places an additional burden on
the motivation of voluntary participation in such studies. Hence, a suitable
and severely less expensive alternative needed to be found.

Examples are provided in the literature, where established colour checkers
were substituted with custom devices that fulfil the requirements of a specific
domain. Bautista, Hashimoto, and Yagi [8] constructed custom colour patches
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small enough to be used in whole slide scanning, while Zhang, Nie, and
Zhao [261] designed a colour card with reference colours that are particularly
prevalent in diagnostic imaging of tongues. Salazar-Gonzalez et al. [213]
chose to use designated photo equipment under laboratory conditions to
ensure pollen colour fastness in a food context. Chica and Campoy [57]
circumvented the calibration by using a special computer vision device to
detect non-local pollen loads by colour. Our primary constraints, however,
were acquisition cost and unrestricted availability of the device to participants.
We also wanted to avoid the expensive production and distribution of self-
made colour cards. Hence, the object we were searching for should already
be a commonplace item. Moreover, the replacement needed to comprise a
collection of standardised colours suited for colour calibration.

An item that met these requirements can be found on the packaging of
Kellogg’s (TM) products: the PrintSpec colour strip by Mellow Colour (TM),
placed on the bottom of most Kellogg’s cereal products. It is designed to
monitor colour consistency of printers in packaging plants and consists of
24 individual colour patches and is presented in Figure 7.2. Participants may
easily obtain their copies from a wide array of grocery stores at a significantly
lower price than conventional colour checkers. There are a number of factors
that can influence the appearance of colours during the printing process
of such packaging. These include the type and colour of the substrate and
the specifics of the printing method used. For this reason, we obtained the
reference colour values for the PrintSpec colour strip from the corresponding
MediaStandard Print - a guideline for standardised printing processes - on
which the Kellogg’s printing process is based.

To allow colour calibration, the user can roughly cut out the PrintSpec colour
strip and place it anywhere in the image. Similarly to the pollen detection
procedure in section 7.2.1, we employed a U-Net for the automatic detection
of PrintSpec colour strips in images. Once the the PrintSpec was identi-
fied by the network, we performed a perspective correction, extracted the
colour patches and used these colours in conjunction with the known CIELAB
(L*a*b™) reference colours for the given packaging material to perform colour
calibration. For this task, we employed the respective algorithms implemented
in the colour correction module of the opencv-contrib (v4.6.0.66) python
package. These allowed us to find a linear transformation from the linearised
device-dependent colour space to some absolute colour space - in our case
linear sRGB - that minimised the CIEDE2000 colour distance between refer-
ence colours and transformed image colours. Finally, the colour correction,
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represented by a colour correction matrix, was performed by simple matrix
multiplication.

The CIEDE2000 colour difference equation is the latest evolution of the CIE76
colour distance that was first proposed in 1976 and essentially describes the
Euclidean distance in CIELAB colour space (see Luo, Cui, and Rigg [149] on
the development of the CIEDE2000 formula and Robertson [204] on the CIE76
colour distance). Both formulae calculate distances between colours in the
CIELAB colour space and as such aim to represent the human perception
of colour. In experiments by Mokrzycki and Tatol [164] the following was
found: CIE76 differences of 0 < AE < 1 are not noticed by a human observer,
1 < AE < 2 are noticed only by experienced observers, 2 < AE < 3.5 are
also noticed by inexperienced observers, 3.5 < AE < 5 are noticed as a clear
differences in colour while values above 5 are perceived as distinct colours.
More details can be found in Section 2.1.

To answer the question to what extent an almost free colour correction with
everyday objects can replace a professional colour correction, we tested our
method on 10 pictures taken at intervals of one hour over the course of a
day. This test setup was intended to cover the natural light changes in our
recommended photo setup using indirect daylight. As shown in Figure 7.2,
these images contained a professional Calibr8 ColorChart SG XS, a PrintSpec
colour strip taken from a common packaging and a print of 16 circular patches
of representative pollen colours that were taken from a well-printed book
cover. We performed colour calibration with both the ColorChart and the
PrintSpec colour strip (our method) and compared the results, which are
shown in Section 2.1.

7.2.6 Pollen Clustering

The clustering of the extracted pollen colours is an essential part of the auto-
matic chromatic assessment and can be performed with [63] and without [41]
reference colours (cluster centroids). Due to a lack of suitable reference
colours, a hierarchical clustering of the pollen colours was performed and flat-
tened at a inter-centroid distance of 20. With the calibration being optional,
the interpretation of this threshold cannot be more precise than that it has
been chosen to roughly mimic the clustering of people in a typical daylight
situation.
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Figure 7.2: Test image containing (from top to bottom): the Calibr8 ColorChart SG XS, a cutout of
the PrintSpec colour strip (our method), and a print of 16 representative pollen colours arranged
in a semicircle.

It is known that people perceive colours differently and take different care
when sorting pollen, suggesting that humans do not serve well as a universal
benchmarks. Therefore, in order to meet the expectations of individual users,
the possibility is offered to manually adjust the predicted number of clusters.
Although the threshold may seem arbitrary, it produces consistent results if
a colour calibration strip is provided.
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Figure 7.3: [llustration of the app’s user interface. Left: Red circles on the input image highlight
detected pollen. Middle: All extracted pollen colours are displayed sorted by cluster. A slider
allows to change the number of clusters and thus their homogeneity. Right: Pollen diversity
indices are calculated according to the number of clusters.

7.2.7 User Interface

The user interface allows interaction with the app on all devices. There are
two simple user flows for data submission and data analysis. The first flow
consists of an explainer, a page with the purpose of collecting metadata and
the possibility to take or upload a photo. The type of metadata inquired is
based on the CSI pollen survey mentioned earlier and includes information
on location, landscape and collection duration. Namely, the user is asked to
provide the coordinates of the apiary, the day of opening the trap, the number
of days that the trap was closed and to choose the most appropriate habitat
type [39]. After receiving the server’s response, results are processed and
displayed to the user as shown in Figure 7.3. All detected pollen loads are
first highlighted on the input image so that users can convince themselves of
the detection accuracy (left image). The next display illustrates all extracted
pollen colours for each cluster found. A slider allows to increase or decrease
the number of clusters if the colours seem too heterogeneous or homogeneous.
Depending on the number of clusters, the calculated biodiversity indices are
displayed. In future versions it will be possible to export the results and
display chronological data.
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7.2.8 Reproduction Study

To make sure that the app serves its purpose, the study of Conti et al. [63]
already presented at the beginning was reproduced. There, a model was
set up to investigate the linear relationship between the number of pollen
colours observed and the number of palynological types determined using
light microscopy. For both the dependent variable (palynological types count)
and the independent variable (colour count), we only considered types or
colours that accounted for more than one percent of the sample.

Pollen was collected from two full-sized honey bee colonies using commercial
pollen traps (Heinrich Holtermann KG, Brockel, Germany). The traps were
placed at the entrance of the hives and activated once a week for 24 hours.
Sampling took place from April to September 2022 in Almke near Wolfsburg,
Germany. A total of 54 samples were collected, of which 35 samples were pa-
lynologically analysed at the Expert Centre for Bees and Beekeeping, Mayen,
Germany. The results of the analysis and a sample preparation protocol can
be found in the supplementary of Borlinghaus, Jung, and Odemer [31], the
image material was uploaded to a data repository [32]. Mix-ups occurred
in two samples and another two samples had to be discarded due to the
low quantity, so that a total of 31 pollen samples were available for further
evaluation with the Pollenyzer app.

Each pollen sample was placed on a white A5 paper together with a printer
test strip and photographed with a smartphone camera (Samsung Galaxy S8)
in indirect sunlight at a north-facing window. For a high quality reference,
the pollen was also scanned at a resolution of 1200 dpi. Both, photographs
and scans are made available [32]. The Pollenyzer app was used to detect
the pollen pellets, extract calibrated colours and form clusters. Analogous
to Conti et al. [63], the number of palynological types s, was modelled based
on the number of colours ¢ identified in the sample:

S=ﬂ0+ﬂ1()+€. (71)

The linear model was estimated from the 31 samples and the strength of the
linear relationship was compared with the original study.
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true positives false-positives false-negatives precision recall F

1924 24 88 98.77 % 95.63% 97.17 %

Table 7.1: Six metrics demonstrate the app’s capabilities in pollen detection.

7.3 Results

The following section summarises the evaluation results of three app func-
tions, namely detection, colour extraction and colour calibration. The results
of the reproduction study are listed at the end of this section.

7.3.1 Pollen Detection

On test images that were not used for training or validation, 1924 pollen were
correctly detected. A correct detection is characterised by both annotation
guidelines being met. Therefore, the detected pollen loads must be placed
mainly in the foreground and its size must allow robust colour extraction.
The latter is not the case, for example, if a detection deviates from the pollen
centre or pollen fragments of small size have been detected as pollen and
consequently no colours can be extracted. Table 7.1 shows that in 24 cases
false positive and in 88 further cases false negative detections were reported.
Overall, the precision was 98.77 %, the recall (or sensitivity) was 95.63 % and
the harmonic mean of both values (F;) was 97.17 %. It was observed that both
false negative and false positive errors are more likely to occur with dark
pollen, as there is a risk of confusion with shadows.

7.3.2 Colour Extraction

Figure 7.4 shows exemplary the extracted pollen colours from various pollen
detections. The area between grey circles is filled with the extracted primary
colour, leaving the inner circle untouched for reference. The extracted pollen
colour reproduces the pollen colour so well that it is hardly possible to distin-
guish it from the pixels in the inner circle. Note the slight shading within the
inner circles, that could be isolated by extracting the primary colour, making
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the colour ring appear slightly brighter and purer. This visual examination
shows that the chosen method serves its purpose well.

Figure 7.4: The illustration shows detected pollen loads and their extracted colours. The area
between the grey circles is filled with the primary colour that was determined with k-means in
the vicinity of the detected pollen centres.

7.3.3 Colour Calibration

The aim of colour calibration was to ensure that a subject always had the same
colours after calibration, regardless of the lighting conditions and hardware
used to capture an image. In our particular case, there was the additional
objective of achieving the same quality during the calibration process as when
using professional equipment.

To test the extent to which both objectives can be fulfilled by our method, a
series of images were taken covering typical lighting scenarios. Following the
procedure of Kirk [123], we recommend taking the pollen images in indirect
daylight, ideally at a north-facing window. This will prevent unnecessary
colour variation and give more consistent results. Adhering to this guideline,
ten images were taken with the same mobile phone camera at one-hour inter-
vals over the course of a day. The colours recorded in these images changed
according to the position of the sun. Each image included a professional
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CIE76 CIEDE2000
Mean SD Max Mean SD Max
5.97 6.44  25.20 3.63 3.85 14.42

Table 7.2: CIE76 and CIEDE2000 colour distances between corresponding colours before colour
calibration.

colour chart, a PrintSpec colour strip and a high quality print of 16 different
typical pollen colours (see Figure 7.2).

To determine the colour differences caused by light and camera before any
calibration, we calculated the average pairwise distance of all 16 pollen colours
to their nine corresponding pollen colours in each of the other nine images.
The results are shown in Table 7.2 and distances are reported for both distance
metrics CIE76 and CIEDE2000. With average distances of 5.97 (+6.44) for
CIE76 and 3.63 (+3.85) for CIEDE2000, equivalent colour patches can be clearly
perceived as two distinct colours by a human observer [164]. If photographs
are taken in unfavourable conditions, such as with a flash or candlelight,
even greater variations in colour can be expected and the need for calibration
becomes even more urgent.

As expected, the colour distances between different images decreased after
colour calibration (see Table 7.3). For the Calibr8 colour checker, the average
pairwise colour distances decreased to 3.56 (+3.08) for CIE76 and 2.31 (+2.08)
for CIEDE2000. Using our method, the average pairwise colour distances
decreased to 3.37 (+2.76) and 2.03 (+1.52) respectively.

However, these figures alone do not show whether our method can replace a
professional colour checker, as they only indicate that colours become more
consistent across images after calibration, but do not reveal anything about

CIE76 CIEDE2000
Calibration Method Mean  SD Max Mean SD Max
Calibr8 3.56 3.08 19.15 231 2.08 12.58
PrintSpec 3.37 2.76  18.83 2.03 1.52 8.02

Table 7.3: CIE76 and CIEDE2000 colour distances between corresponding colours after colour
calibration for both methods.

109



7 PAPER 3: Pollenyzer App

CIE76 CIEDE2000

Mean SD Max Mean SD Max
4.95 1.68 9.63 3.96 1.37 9.50

Table 7.4: CIE76 and CIEDE2000 colour distances between calibration results of the Calibr8
ColorChart and the PrintSpec colour strip.

the absolute nature of these colours. Therefore, we also calculated the average
colour distance between the calibration results of the PrintSpec and Calibr8
colour checker for each image. The smaller the distance, the more similar the
results of the test strip will be to common practice. The results are reported
in Table 7.4. We could observe an average distance of 4.95 (+1.68) for CIE76
and 3.96 (+1.37) for CIEDE2000.

7.3.4 Reproduction Study

Figure 7.5 shows the calibrated colours of a total of 40 918 pollen loads detected
on 31 samples. A dimensional reduction was carried out to represent the three-
dimensional colour space. The contour lines provide information about the
frequency of the individual pollen colours. The dark areas around the purple
hue most likely indicate the presence of Phacelia (Phacelia tanacetifolia), for
which this colour is typical. As expected, many different shades of yellow
are represented in high abundance. Shades of red are also prominent and, in
contrast to light grey, much more common.

Following Conti et al. [63], a linear regression was conducted to explain the
dependent variable of palynological types s, by the independent variable,
pollen colours c. For the samples analysed, the fitted regression model is
given by s = 1.65+0.39c, with F 59 = 24.10, p < .000 and R? = 0.45. Figure 7.6
shows the distribution of the data alongside the regression line.

7.4 Discussion

At the beginning of this work, it was argued that automating the chromatic
assessment of pollen from pollen traps has the potential to be more objective,
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Figure 7.5: The pollen colour spectrum collected from two bee colonies at a site in Almke near
Wolfsburg, Germany over the period of one bee year. The colours were calibrated using print
test strips and were taken from a mobile phone camera. The contour lines mark the frequency
of the total of 40 918 pollen colours shown.
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Figure 7.6: The regression line shows the correlation of pollen colours and species in a pollen
sample (N = 31). The coefficient of determination R? = 0.45 is almost identical to the original
study (R? = 0.44) and shows that manual and automatic chromatic assessment are equally
suitable to estimate the number of species from the observed pollen colours of a pollen sample.

reproducible, faster and more comprehensive than the status quo. For exam-
ple, determining the size of pollen clusters allows more accurate prediction
of colour diversity, the faster procedure reduces the labour input of study
participants and can thus increase willingness to participate, and the uniform
application of an algorithm eliminates the subjectivity of the human factor
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in assessing colour similarity. All this motivates the implementation of the
automatic chromatic assessment in the form of the Pollenyzer app.

The evaluation of the app has shown that pollen loads, if photographed
on a white A5 paper, can be detected and counted almost without errors.
The data set used to train the pollen detector was published along with this
work, allowing others to further improve its accuracy [29]. In addition, the
subsequent colour extraction allows the pollen colour to be reproduced in a
particularly ‘pure’ way through the pixel-by-pixel classification of the colours
into primary and secondary colours. This procedure also makes the app more
robust against imprecise detection of pollen midpoints, as outliers up to half
of the pixels can be effectively eliminated.

Until now, one of the obstacles to automating chromatic assessment has
been the colour inconsistency of pollen images from mobile phones. We
have succeeded in solving this problem with simple means. The use of an
everyday object, namely a print test strip, makes both a photograph under
studio conditions or the purchase of an expensive, professional colour chart
redundant.

Surprisingly, compared to a professional colour chart our method achieves
slightly better colour consistency, though imperceptible, between images of
the same pollen colours in varying lighting conditions. It produces smaller
average distances, shows slightly less variation and has a smaller maximum
deviation than the professional counterpart. The unlikely fact that a print test
strip leads to better results than a professional colour chart might be due to
the slightly more central position of the print test strip in the photo. For both
models, the average colour differences after calibration was less pronounced,
but still noticeable for inexperienced observers [164].

In addition to the individually achieved colour consistency, the models’ in-
terchangeability was also studied. As this requires the comparison of two
calibrated colorimetric values which, as noted above, are not 100 % consis-
tent themselves, this comparison is limited. All the more surprising is the
small CIE76 difference of 4.95 between the two methods and the compara-
tively small scatter. The calibration results of both methods are, on average,
perceived as clearly different but not as a different colours [164].

The low variation of 1.68 indicates a tendency towards systematic error,
which could be explained by unwanted differences in the target colour spaces.
Although the PrintSpec test strip is used to monitor printing processes and
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therefore warrants for consistent colours by design, industry tolerances exist
and must be taken into account. A deviation from the target colours of the
print test strip within the respective tolerances could explain the observed
shift between the PrintSpec target colour space and the Calibr8 target colour
space.

We have therefore shown that, in a typical test setup for this application, a
PrintSpec colour strip can provide comparable colour calibration results to
the common practice. It should be emphasised that perfect colour consistency
could not be achieved in either case and that the differences between the
two methods are of the order of the general inaccuracy of colour calibration.
In terms of human perception, an inexperienced observer would still see
differences between the calibrated colours on average, but would no longer
perceive them as different colours. Given the biological variability of pollen
colours and the inherent tolerances of cluster algorithms, it can be claimed
that the method serves its purpose.

When clustering pollen colours, using reference colours (i.e., fixed cluster
centroids) instead of hierarchical clustering would enable a simpler and more
informative representation in time series data. However, this procedure would
not only require the curation of a suitable number of calibrated reference
colours, but also make calibration for any input image mandatory. When
curating, it is important to note that the selected colours should not only have
similar distances to each other, but that the distances should also incorporate
tolerances that reflect the expected colour degradation due to ambient light,
sensor capabilities and calibration. The number of reference colours and their
similarity should adapt to the precision available today. If better and better
cameras become available in the future, the number of reference colours can
be higher and their colours more similar. Whereas until now species diversity
has been estimated by colour diversity, the introduction of distinct reference
colours would allow species diversity to be estimated more accurately by
the occurrence of specific pollen colours, as proposed by Conti et al. [63].
This notion is based on the following argument: At a hypothetical apiary,
ten plant species are available. Few of them produce rare pollen colours (e.g.
purple in Germany), many of them produce common colours (e.g. yellow in
Germany). Given a pollen sample from this site that shows only one rare
colour (e.g. purple), one can already assume that even a laboratory analysis
will reveal only a few or even a single palynological types, because it would
be very unlikely to find two species at the same location that produce a rare
pollen colour. Exactly the opposite is true for a sample that shows a single
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common colour (e.g. yellow). Now, one can expect that many palynological
types will be found under the microscope. Thus, observing a rare colour
should have a small impact on the prediction of species diversity, whereas
observing a common colour should have a large impact. However, up to now,
only the number and proportion of colours have been taken into account but
not which ones.

Yet there are also disadvantages to the reference-colour approach and reasons
that ultimately lead to the choice of implementing a hierarchical clustering.
Firstly, it should be noted that reference colours can only show their full
strength in the context of colour calibration, which is currently offered op-
tionally and is not required by users. Secondly, when bees bring in pollen of
a species that falls exactly on a colour boundary, each pollen of this species
will be randomly assigned to one cluster or the other according to its natural
colour dispersion. If such a case occurs, biodiversity indices based on it will
be unrealistically high. Thirdly, the compilation of pollen colours requires
a large database of calibrated pollen colours, preferably acquired through
the Pollenyzer app itself. However, the compilation of such a database will
only begin with the release of the Pollenyzer app and will not be available in
the short term. For these reasons, the implementation of a pollen clustering
based on reference colours is considered future work. By then, a hierarchi-
cal clustering of the pollen was performed and flattened at a threshold that
approximately mimics the clustering of humans.

The ultimate goal of estimating biodiversity based on observed colour diver-
sity is subject to known limitations, regardless of the method used. These
include the fact that different plant species can produce very similar pollen
colours and, in rare cases, the same plant species can produce different pollen
colours [123]. Moreover, pollen colours can change with fluctuating humidity
and composition [105]. Despite these general limitations, a linear relation-
ship between colours and species with an R? of 0.44 has been established
by Conti et al. [63]. On the one hand, replacing manual colour assessment
with automatic assessment introduces two additional sources of error: the
need for pollen detection and colour calibration. We have shown that pollen
detection is extremely accurate, even with overlapping and damaged pollen.
However, colour calibration is more difficult to evaluate as PrintSpec colour
strips are subject to limited but unknown colour variations due to printing.
In our test case, calibration with the PrintSpec colour strip yielded slightly
different but more consistent colours than the professional alternative at a
fraction of the cost.
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On the other hand, automating colour assessment also eliminates an impor-
tant source of error: the human factor. Differences in colour perception,
patience and thoroughness lead to a high degree of subjectivity in pollen
sorting. As shown in the CSI pollen study, the random factor ‘beekeeper’ is
the most important factor influencing the number of pollen colours found.

The application of the app on real samples was conducted to show whether
it also yields plausible results in practice. For this purpose, the study on the
possibilities of (manual) chromatic assessment by Conti et al. [63] was repro-
duced. When comparing the results, it is noticeable that both the intercept
(1.65 vs. 3.49) and the coefficient (0.39 vs. 1.52) are lower for Pollenyzer. The
reason for this is partly due to general differences in the environment of
the apiaries and partly due to the fact that Conti et al. [63] used about 72
hour collection intervals and the samples used here were collected in only 24
hours. Shorter collection intervals lead to a generally lower number of species
and correspondingly lower intercept. As the regression’s slope depends on
factors we could not reproduce, i.e, location and season, their comparison is
of little use. However, the coefficients of determination (R?) show that the
manual and the chromatic evaluation are equally suitable for determining
the species diversity in a pollen sample (0.45 vs. 0.44) and only differ in the
time required.

Therefore, the increased objectivity and the enormous time savings make
automatic assessment an attractive alternative, despite the potential intro-
duction of new sources of error. Nevertheless, the accuracy of the method
should not be overestimated. This also means that the temptation to choose
cluster thresholds lower than justified by the natural variability of pollen
colour, lighting and colour extraction should be resisted.

7.5 Conclusion

Biodiversity monitoring is a task that attracts the attention of researchers,
policy makers and other stakeholders worldwide. With the Pollenyzer app,
beekeepers get access to an automated tool that can determine pollen colour,
and thus plant diversity, in the landscapes where their bees forage. In other
words: We can see the landscape through the eyes of bees and identify what
is beneficial to them. The app is able to calibrate images and make them
comparable across time and place. Databases can be created with metadata
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and georeferences to map plant diversity in a standardised way. Since we have
shown that automatic pollen colour identification can facilitate and replace
all aspects of manual colour identification, future citizen science projects to
create pollen databases are easily possible. Nationwide projects and eventually
PAN European Networks could provide an important monitoring tool for the
development of bee-relevant plant diversity in the EU.
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8.1 Introduction

8.1 Introduction

Pollen collection by honey bees (Apis mellifera L.) is of multiple ecological
and agricultural importance [184]. At its core, pollination is a vital ecosystem
service with immense economic value that supports agricultural productivity
and biodiversity conservation efforts worldwide. The importance of this ser-
vice is particularly pronounced given agriculture’s increasing dependence on
pollinators, a trend underscored by the Biodiversity and Ecosystem Services
(IPBES) [21]. Recent findings by Casas Restrepo et al. [52] 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 [163], facilitating informed decision-making in land
conservation and management.

In the field of pollen analysis, a variety of methods have been developed to
recognize plant taxa within samples, each offering unique advantages and
insights [51, 135]. DNA metabarcoding, for example, has revolutionised our
understanding of floral diversity by revealing a broader range of plant taxa
in the vicinity of beehives compared to traditional manual surveys [163].
Similarly, studies utilizing amino acid composition analysis have successfully
delineated pollen samples based on temporal and spatial variation, providing
valuable temporal insights into ecosystem dynamics [3]. In addition, the
integration of spectroscopic techniques, including Fourier transform near-,
mid- and Raman spectroscopy (ATR-FTIR), together with colour analysis and
microscopy has enabled precise discrimination of pollen origins [24, 234],
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 [51, 148, 250]. This technique relies on the mor-
phological examination of individual pollen grains, which are subsequently
classified into pollen types utilizing established pollen atlases [80]. 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. Nonetheless, the designation of pollen types provides valuable
insights into taxonomic diversity, with naming conventions reflecting vary-
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ing degrees of taxonomic resolution [68]. 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 [124, 174, 186], has facilitated chromatic assessments of pollen pellets,
offering a less labour-intensive yet economically viable means of assessing
floral diversity [41, 63].

In previous studies we have shown that results from tedious manual chro-
matic 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
colour calibration [31]. Although accurate colour-based botanical classifica-
tion remains problematic [122], existing pollen colour books provide valuable
guidelines for classification that are supplemented by spatial and seasonal
considerations [105, 122]. However, the inherent variability of pollen colours
poses a significant challenge for standardised classification systems, espe-
cially the natural dispersion of pollen colours and its impact on classification
accuracy have not yet been sufficiently investigated. In particular, the quan-
tification of natural colour dispersion requires the compilation of a dataset
containing large amounts of pollen of the same origin, as the limited data
from hand-picked corbicular pollen collections prove to be insufficient [105,
122].

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
colours derived from the image data, i.e. that the gap between the pollen type
information at the sample level and the colour information at the pollen load
level is bridged. Therefore, we used Gaussian Mixture Models (GMMs) to
assign the most likely pollen type from the laboratory results to individual
pollen loads. After cleaning the data, we were able to assign 62 354 calibrated
pollen colours from 86 samples to one of 30 pollen types, including 14 of
the 31 major European types [117]. Subsequently, 253 chromatic means and
covariance matrices describing the colour dispersion of the occurrence of
each pollen type were determined from the data. Finally, the mean distance
to the centre of the distribution was calculated, averaged for each pollen type
and interpreted to quantify the type-specific dispersion.
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Figure 8.1: Over periods of 24-48h, pollen samples were collected in pollen traps (1). The pollen
samples were then digitised (2) and the pollen types identified (3). Using the Pollenyzer software,
the calibrated pollen colours were extracted from the photos (4). Based on prior information (3)
and pollen colours (4) a GMM was fitted (5) and the distributions’ parameters reported (6).

8.2 Materials and Methods

Figure 8.1 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 digitised (2) before
the pollen colours were calibrated and extracted from the image in step (4)
using the Pollenyzer app introduced in the previous chapter. In addition, the
composition of the sample was palynologically analysed in the laboratory (3).
Both pieces of information were combined in a Gaussian Mixture Model (5) to
determine the type for each pollen load. Finally, in step (6), the type-specific
colour dispersion was determined by interpreting the covariance matrices
estimated by the GMMs.

8.2.1 Data Collection

In this study, four datasets provided a total of 107 pollen samples, 86 of
which were suitable for further analysis and are listed in Table 8.1. Each
sample originated from a single full-sized honey bee colony (A. mellifera)
and was collected over a 24-hour period with an entrance pollen trap [51].
For logistical reasons, the pollen collection for dataset D was extended to a
duration of 48 hours.

For datasets A, B, and C, the pollen pellets were imaged in a specially designed
light dome setup [240]. This setup was tailored for this particular application.
To ensure accurate colour measurements, the camera used was calibrated with
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Site  Samples Collection Location Colonies  Image

acquisition
A 27  24h, Apr-Sep 21  Wolfsburg 4 Light dome
B 9 24h, May-Aug 21 Mayen 4 Light dome
C 40  24h, unknown 3 Federal states 10  Light dome
D 31 48h, Apr-Sep 22 Wolfsburg 2 Scanner

Table 8.1: Dataset Overview: Samples were collected at various locations across Germany between
2021 and 2022.

a Calibr8 colour chart, resulting in CIELAB colour values for the subsequent
analyses (refer to Section 2.1 for details on the CIELAB colour space).

Dataset D was scanned with a commercial flatbed scanner and calibrated with
the same Calibr8 colour 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 colours and to
obtain calibrated pollen colours in CIELAB colour space [31].

8.2.2 Palynological Analyses

All samples were palynologically analysed 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,
Odemer, and Tausch [33]). In brief, each sample was subjected to morpho-
logical analysis, which included routine homogenization of the corbicular
pollen. Approximately 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., Centaurea cyanus), current knowledge indicates that the pollen type
(identified by its morphology) is produced exclusively by a single botanical
origin. A less precise identification is highlighted by an abbreviated type
suffix (e.g. Taraxacum T.), indicating that some, but not all, taxa of the given
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rank share the same morphology. When pollen grains from a whole family
cannot be distinguished morphologically, the type is designated by the family
name [68].

In total, the pollen colours 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 labelled with dataset and
sample designation, e.g. sample D03.

8.2.3 Colour Dispersion Model

A Gaussian Mixture Model was adapted to find the missing link between
pollen colours of individual pollen loads and pollen type probabilities from
laboratory analyses (step 5, Figure 8.1). The exact procedure is explained
below.

8.2.3.1 Gaussian Mixture Model

When data consists of normally distributed components, a Gaussian Mix-
ture 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 parameters of a GMM,
the weights, mean vectors and covariance matrices, can be fitted by the
Expectation-Maximization (EM) algorithm [70]. The EM algorithm ensures
incremental improvements but no global optimum. The iterative procedure
is stopped when convergence is reached. Similar to the well-known k-means
algorithm [146], 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 [199].

8.2.3.2 Visualization of Pollen Colours in Two Dimensions

Pollen colours were handled as trichromatic L*a*b* colour values. Only
for visualization, the colour dimensions were reduced to two using Princi-
pal Component Analysis (PCA). The PCA was fitted once on all available
85531 pollen colours. To make the visualizations easy to compare, the same
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Figure 8.2: (Left) Corresponding palynological assessment. (Middle) Exemplary pollen colour
scatter plot of sample D17. Outliers are plotted as X. (Right) Fitted GMM model.

transformations (and axis limits) were used for all dimensionally reduced
L*a*b* pollen colours, both here and in the data repository [33].

8.2.3.3 Cluster Annotation

To make the fitting of the GMM more robust, the initial chromatic mean
values were provided by annotation. Figure 8.2 exemplifies how the cluster
mean values were annotated with the corresponding pollen type. On the left,
the result of the laboratory analysis is shown, which lists three pollen types
that account for more than 5 % of the total. In the middle, all colours 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. 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 colour [122]. (2) According
the laboratory analysis, pollen type Rosaceae is much more common than
Centaurea cyanus and must therefore produce grey pollen. (3) The remaining
pollen 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 cluster. 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 [3, 20].
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8.2.3.4 Model Assumptions

It is plausible to assume that pollen colours from the same botanical origin
follow a normal distribution around a chromatic mean. Given the presence of
different pollen types, it is reasonable to expect that the data within a sample
is distributed as a mixture of three-dimensional Gaussian distributions.

The number of components were known as they were taken from the pa-
lynological 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 colour 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.

Considering that a single sample contains only very few abundant species, it
is unlikely that two of them have the same pollen type (recall that two species
can be so morphologically similar that they may be assigned 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 colours 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, the sample stands out and can be discarded.

8.2.3.5 Steps to determine the natural pollen colour 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 colour dispersion for each annotated pollen type of each sample.
Gaussian distributions were initialised with the corresponding annotated
cluster centroid. As a starting point for the (full) 3 X 3 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.
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EM-algorithm: In each iteration, the mean vectors and covariances were
updated. Only the weight vector was treated as known prior information 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 colours were removed that had the lowest probability of originating
from any of the fitted Gaussian 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. Figure 8.2 shows the fitted Gaussian distribu-
tions on the right. The number of plotted elements per component corre-
sponds 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 interpretation, 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 CIELAB colour space is usually denoted as CIE76 and is
a measure for colour differences [204]. For each pollen type, the median and
inter-quartile range of the standard deviation of the colour distributions were
reported. We used results from Mokrzycki and Tatol [164] for interpretation
(refer to Table 2.1 in Section 2.1 for a summary).

8.3 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
colour dispersion from the chromatic mean. Table 8.2 shows the median
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Figure 8.3: Colour dispersion for six exemplary pollen types.

and inter-quartile range of the standard deviation of the colours for each
pollen type, as well as the colour means for each occurrence. Figure 8.3
shows selected colour distributions for Phacelia, Brassica T., Castanea sativa,
Vicia faba, Taraxacum T. and Filipendula. Brassica T. had the lowest colour
dispersion (2.94) whereas Filipendula had the highest (10.25).
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Pollen type Colour dispersion Chromatic means
median (IQR)

Acer 472 (3.84-6.21) ee® eo00

Achillea T. 452 (4.24-4.89) eeee00®

Aesculus 9.39 (8.71-10.39) eeeee®

Anemone T. 6.19 (5.58-6.79) ee®

Artemisia T. 5.99 (4.74-7.25)

Asparagus 467 ®

Balsaminaceae 4.85(4.38-5.22) ee®

Brassica T. 2.94 (2.46-5.08) ©®000000000+20

Buddleja 409 o

Castanea sativa 531 e

Centaurea cyanus 5.47 (4.57-6.16)) ee®eo00®0OO®

Chenopodium 5.19 (4.41-5.69) eeee

Cornus T. 3.75(3.32-4.80) eee

Filipendula 10.25 (7.84-12.96) eeee®

Hedera 7.80 (7.49-891) eeeeee0000

Hydrangeaceae 5.91 (5.87-5.96)

Parthenocissus 5.53(5.08-8.03) eeeee

Phacelia 6.67 (4.66-7.43) ©0000000000+12

Plantaginaceae 5.29 (4.68-7.836) ©®000000000+5

Poaceae 7.27

Potentilla 7.51 (6.47-8.55) @@

Prunus T., Pyrus T., Rubus T. 6.39 (5.32-7.30) eeee0000000+13

Ranunculaceae 6.60 (6.20-7.00) ee®

Rosaceae 7.03 (6.61-8.50) ee®e00c00000+9

Salix 10.22 (7.62-10.37) eeeee000000+7

Sinapis T. 442 (3.73-7.25) eeeo0o

Taraxacum T. 4.80 (3.58-5.75) oeeee000000-+9

Trifolium pratense 8.50 (8.38-9.09) eee

Trifolium repens 6.93 (6.56-7.98) eee®

Vicia faba 482 (4.62-4.98) eeesce

Table 8.2: Chromatic mean values and the estimated deviation therefrom based on the fitted
GMM parameters. The latter is measured as the CIE76 colour difference. IQR values are omitted
for pollen types with a single observation. Humans perceive colour dissimilarities greater than 5
as different colours.
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The data repository contains comprehensive results for individual samples,
which would go beyond the scope of the presentation in this work [33]. There,
the fitted GMM parameters in JSON format alongside visualizations similar
to Figure 8.2 are available in the ‘pollen samples’ folder. Also scatter plots
of the fitted Gaussian distributions for each pollen type are provided in the
‘pollen types’ folder (Figure 8.3).

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 class probabilities from the laboratory analysis. Therefore,
for all 62354 available pollen colours that were not previously labelled as
outliers, all 30 pollen types were assumed to be equally likely. Classification
was performed by selecting the most likely colour distribution (out of 253)
and assigning their corresponding pollen type as the resulting class.

The axes of the confusion matrix in Figure 8.4 were arranged by colour, which
results in a more compact representation of confusion. As shown on the ver-
tical axis, class sizes range from 22 (Asparagus) to 8 309 (Prunus T., Pyrus T.,
Rubus T.). The diagonal values represent the one-versus-rest classification ac-
curacy which ranges from 0 % (Anemone T., Castanea sativa) to 99 % (Phacelia).
Considering all data points, the correct classification rate is 67 % (n = 62 354,
classes = 30).

8.4 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. Identi-
fying plant species by pollen colour could facilitate the evaluation of such
support programs. However, it is not known if (automatic) chromatic assess-
ment 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 analysed 86 pollen samples from beehives
in four German states. Using light microscopy, we identified the pollen
types and catalogued the results in a database, which was supplemented by
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Figure 8.4: Confusion matrix for pollen type classification. Similar colours are likely to be
confused. Types are ordered by colour, 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
normalised. Note how small class sizes led to unstable GMMs that made larger, similarly coloured
classes more likely than true classes (e.g. Castanea sativa).

calibrated pollen colours. The subsequent adaptation of Gaussian Mixture
Models enabled us to interpret the distribution parameters. We were able
to show that the expected colour deviation from the chromatic mean was
greater than five for two thirds of the species and pollen types in the dataset
(6.10 + 1.82). Thereby, a value of five marks the limit above which humans
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perceive colours as completely different [164]. It highlights the complex
nature of pollen colours, which exhibit a multitude of nuances even within a
single species. Consequently, the effort to categorize pollen colours under
a single colour proves insufficient, as the natural dispersion already spans
several colours on average.

The measured colours of the pollen type that was both highly abundant and
had the lowest dispersion was Brassica T. However, the median standard
deviation was still 2.94 (an ‘inexperienced observer [...] notices the differ-
ence’ [164]), 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 ob-
tain through typical collection practices and storage) pollen colours of an
unexpectedly high colour spectrum limits the use of colour books for species
identification when using pollen traps as collection method. The reason for
this is not primarily 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 [117], distributed over several sites and a two-year sampling
period in Germany.

While we are aware of the potential limitations of our GMM model, con-
firmation using samples that allow clear colour assignment supports our
conclusions (e.g., A09, Al11, A12, A20, A21, A23, C14, C15, C16, C20, C21, C30,
C35, C36, C37, D08, D18, D30). By additionally reporting the median and
IQR of all colour deviations of a pollen type, outliers were largely excluded
from the interpretation, which corroborates our conclusion. As mentioned
above, pollen is known to change colour, for example due to drying [51]. We
therefore argue that colour dispersion would be lower if the colours were
determined immediately, ideally already in the field [121]. While this is true
in principle, the collection period of 24-48 hours and storage in the freezer
make the results of this work more applicable from a practical point of view
since this is common practice [51, 50].

The confusion matrix in Figure 8.4 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 overfit to their correspond-
ing pollen colours. Due to the few data points, the data did not always allow
a robust mean estimation leading to slightly higher matching probabilities
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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, grey and dark
purple colours respectively. In general, the accuracy of classification always
depends on the number of classes and similarity. In another dataset with
many dark pollen colours, Phacelia could be much more difficult to recognize.
However, for Central Europe, especially Germany, we consider the explana-
tory 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 linked to
our dataset. 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 colour. Since we only had
pollen type class labels, this approach deemed unfeasible. Convinced that
within-sample splitting does not test the generality 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 homogeneous
pollen type with little dispersion, the dispersion in Filipendula, for example,
was strikingly large (see Figure 8.3 for examples). We attribute this to the fact
that in the samples containing Filipendula (D13, D14, D15, D16), the propor-
tion of Filipendula pollen, each below 5 %, was too low to allow for a robust
GMM estimation. Additionally, each sample also contained Sinapis pollen,
which is very similar and present in larger proportions, which may have
violated the assumption of well-separated Gaussian distributions. Another
source of overestimated colour dispersion could be samples where different
species produce the same pollen type with a similar colour, which may have
been mistakenly approximated by the same Gaussian distribution..

When comparing the photographed pollen with the results of our melissopa-
lynological laboratory analysis, it became clear that a laboratory 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 themselves also appear to be a source of error. For example,
in the selection of pollen grains examined and the level of rigour. Obvious
discrepancies between laboratory findings and actual pollen type occurrence
even led to the exclusion of samples in our study.
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Recent technological advances in pollen research could provide a more re-
liable identification. Dunker et al. [75] combined multispectral 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 pollen analyses [51].

For example, we found a notable discrepancy in sample C07. 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 colour (see Table 8.2). Laboratory
tests carried out according to the common standard [148, 250] can therefore
sometimes deviate considerably from reality. With an estimated 10 700 pollen
grains morphologically analysed for this study, errors are to be expected
and the question is raised whether sampling of pollen grains is sufficiently
standardised to obtain comparable data.

In our previous studies [31], we achieved an overall precision of 98.77 % for
automatic pollen detection, indicating low error rates. However, it is impor-
tant to point out a limitation we identified: The algorithm occasionally failed
to detect dark-coloured pollen, mistaking it for shadows in the image [31].
This systematic overlooking of darker shades could lead to a bias in our anal-
yses. Further limitations result from the use of GMMs. The method assumes
that pollen colours 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 colour de-
termination. Furthermore, 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 produce
similar colours. This must be considered when interpreting the results.

While we argue that today individual pollen cannot be reliably classified by
colour because of colour 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
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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.

8.5 Conclusion

Our study, using real-life pollen samples collected from pollen traps, revealed
a strikingly wide variation in the colour 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 colour dispersion
appears equivalent to the range between distinctly dissimilar colours within
each of the analysed cases. Given this substantial variability, our findings
strongly caution against relying solely on colour 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. Technologically more complex, but also more
accurate methods than colour 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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9.1 Introduction

9.1 Introduction

The health and functioning of a honey bee colony are intricately tied to the
condition of its combs. Each comb comprises thousands of cells, utilized for
storing nectar and pollen or for rearing brood. However, these cells also
provide habitats for various pathogens and pests, including the chalkbrood
fungus (Ascosphaera apis) and Varroa destructor mites, which complicate
colony management and health.

Chalkbrood disease, caused by A. apis, infects larvae through ingested spores,
leading to fungal mycelia growth and the eventual death of the larvae. In-
fected larvae transform into hard, chalk-like ‘mummies’, posing a significant
challenge to colony health [112]. The disease manifests when larvae are
chilled around the capping time of the cells, a condition difficult to replicate
accurately in research environments [192, 82]. Despite attempts to control
chalkbrood by selecting colonies with efficient hygienic behaviour, current
methodologies often fall short. They either fail to simulate natural conditions
accurately or involve invasive techniques that disrupt colony health.

Similarly, Varroa mites represent a major threat to honey bee colonies. The
mites’ life cycle is closely tied to the brood, with their reproduction rates
often varying significantly between laboratory and field conditions [191,
173, 71]. Effective monitoring of Varroa infestations has traditionally relied
on labour-intensive and destructive methods, such as manually examining
hundreds of cells and pupae [27, 141]. These methods can weaken the colony
and provide skewed results due to the disturbance caused by cell removal.

Hygienic behaviour in Apis mellifera bees, including detecting, uncapping,
and removing diseased or dead brood, is a crucial component of colony health
management. Varroa-sensitive hygiene (VSH) specifically targets Varroa
mites by interrupting their reproductive cycle, which can significantly reduce
mite populations and improve colony resilience [229]. Despite the benefits of
VSH behaviour, the ability to study and monitor these behaviours effectively
remains limited [166, 241]. Existing methods either do not accurately replicate
natural conditions or are invasive, undermining their utility for continuous
and non-destructive observation [27, 248, 71].

To address these limitations, we propose an innovative method that integrates
a thin flatbed scanner into a brood frame, allowing it to be placed inside a
hive. This setup features a 3D-printed, wax-coated mesh foundation on the
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scanner glass to support brood care. Connected to a Raspberry Pi computer,
the scanner captures images of cells at regular intervals, enabling continuous
observation of the bee brood lifecycle (eggs, larvae, pupae) and the presence
of pathogens, nectar, and pollen.

This study aims to develop and explore a non-invasive method for monitoring
Varroa mites and chalkbrood in honey bee colonies. We hypothesize that the
integrated scanner method will:

1. Facilitate continuous, non-destructive monitoring of Varroa infesta-
tions and chalkbrood infections.

2. Provide more accurate and detailed data on Varroa and chalkbrood
dynamics compared to traditional invasive techniques.

3. Enable observation of hygienic behaviours, such as VSH and general
brood removal, without disrupting the colony.

This approach preserves the colony’s integrity while offering detailed, con-
tinuous monitoring. By integrating technology with traditional beekeeping
practices, our research addresses significant gaps in the field and provides a
valuable tool for enhancing hive health management. This method represents
a new perspective on monitoring bee health and pathogen dynamics, poten-
tially leading to more effective strategies for managing honey bee colonies.

9.2 Materials and Methods

In the following, the hardware setup, foundation design, pilot study, image
acquisition, and data management are described.

9.2.1 Hardware Setup

Scanners designed for A4 paper (210 X 297 mm) fit well into the standard
frames of many beehives, requiring no additional protective measures and
making installation straightforward. For this study, a CanoScan LiDE 210
consumer scanner was selected due to its wide availability, cost-effectiveness,
and thin profile (39 mm, including the lid). It produces high-resolution images
up to 2400 dpi, although higher resolutions slow scanning speed. For opera-
tion in the hive, the lid was removed, and the scanner was integrated into
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a Dadant frame (see Figure 9.1a and 9.1b). A small cut-out in the brood-box
facilitated cable management. The scanner is powered via USB, requiring
only a single cable for power and data transmission.

The control unit, a Raspberry Pi 4 Model B, was housed in an empty honey
super on top of the hive to protect it from moisture and from the bees. Since
a mains connection was available, energy considerations did not influence
the choice of the control unit. The Linux-based operating system enabled
scheduled tasks to be executed automatically at specific times or intervals.
These cron jobs effectively reduce the required software to a single scan
image command provided by the sane-utils software package.

(a) (b)

Figure 9.1: (a) The scanner (1) is inspected. Note the white plastic foundation, which was coated
with a thin layer of wax before its initial insertion. (b) The control unit (3) is connected to a
mains power supply (4) and placed in an empty honey super on top of the hive. A single USB
cable (2) transfers both power and data between the controller and the scanning device.

9.2.2 Foundation Design

To facilitate the construction of transparent-floor cells on a scanning surface,
we used a 3D-printed scaffold honeycomb structure that securely clipped
onto the scanner. This scaffold provided a stable base and support for the
bees, allowing them to build their cells in a controlled and observable envi-
ronment. Figure 9.1(a) shows the brood frame with the built-in scanner and
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the white plastic foundation. The choice of cell diameter influences whether
worker or drone brood is laid. The mesh, designed with OpenSCAD software
(https://openscad.org), had an inner cell diameter of 6.9 mm (drone brood)
and was made of polylactic acid (PLA). The mesh height was 1.4 mm, which
the bees continued to extend. Following standard practice [255], we coated
the plastic mesh with a thin layer of liquid wax to enhance its acceptance by
the bees.

9.2.3 Pilot Study

The study aimed to demonstrate the feasibility of using a flatbed scanner
within a bee colony. Image data was collected at 30-minute intervals over
three months, starting from March 13, 2024 to July 10, 2024. The study used
a queen-right honey bee colony located in Karlsruhe, Germany, housed in a
Dadant brood box.

Given the significant role of drone brood in the reproduction of V. destructor
and the high probability of finding infested cells (97 %, see Odemer et al. [183]),
we targeted this brood type using drone cell foundations on the scanner. In
western honey bees, drone brood infestation is approximately ten times
higher than that of worker brood [90, 26, 10]. This preference is attributed to
several factors: drone development extends by two additional days, providing
mites with more time to reproduce [26]; the pre-capping period during which
drone brood attracts mites is two to three times longer than that for worker
brood [27]; drone brood is more frequently visited by nurse bees, increasing
the likelihood of mite transfer [47]; and drone larvae produce higher levels
of kairomones, which attract mites [243].

Following common practice, the drone frame was first placed on the outer
edge of the hive. After one week, the frame was repositioned closer to the
centre of the brood nest to improve acceptance. However, the choice of
brood type can vary depending on the study; in some experimental setups, a
foundation with worker or mixed brood might be more suitable.

9.2.4 Image Acquisition and Annotation

Initially, images were manually triggered until automation began three days
after the first egg was laid (May 8, 2024). A custom annotation tool was
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developed to (1) extract individual cells (768 X 768 pixels) from the large
source images (20 464 x 28 110 pixels) and (2) facilitate rapid iteration and
labelling of these clipped images. Labels included egg laying, bee bread,
adult Varroa (including position), Varroa offspring (including position), brood
removal, hatched bee, and chalkbrood onset.

9.2.5 Data Management

At 2400 dpi, image acquisition takes around 10 minutes per scan, producing
images of 30-40 MB each, amounting to approximately 1.6 GB of data per day.
A WiFi connection was used to transfer data from the Raspberry Pi’s SD card,
preventing storage issues on the device. Given that images of this size are
time-consuming to load, centre-cropped cells were automatically extracted
and organized into folders, allowing for quick navigation and inspection.
Efficient data management strategies are essential to handle the large volume
of information generated during the continuous monitoring period, especially
when multiple devices are used in parallel.

9.3 Results

The study’s outcome is presented with a focus on the device’s general applica-
bility, possibilities for brood development, pathogen and parasite observation,
and the monitoring of bee bread and stored pollen.

9.3.1 Hive Environment and Behavioural Observations

Unfavourable weather at the study’s start hindered comb building. After
moving the scanner closer to the brood nest, bees began drawing out the
foundation, with the first eggs observed on May 5, 2024. The wax layer was
observed to be repurposed for comb building, expanding over time but cover-
ing only about one-third of the scanner surface. Figure 9.2a shows the state
of the drawn out portion of the comb at the end of the trial while Figure 9.2b
shows the occupation and infestation of each cell spatially aligned.
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Figure 9.2: (a) The drawn out portion of the scanner at the end of the 3-month period. (b) The
total number of brood (hatched and removed) per cell, with the size indicating the brood count
ranging from 1 to 4. Cells where Varroa mites were detected at any point are highlighted in red.
No cell experienced more than one invasion.

9.3.2 Image Data Collection and Annotation

During the study period, a total of 2 819 images were recorded and manually
labelled for each of the 419 maintained cells. Larvae and pupae generally
show minimal movement during most stages of their development, resulting
in minimal changes between images. Consequently, significant events, such
as the appearance of Varroa mites, the development of chalkbrood, or the
removal of brood, are well detectable even in rapid iteration through all the
1181161 relevant cell images. Animations of particularly notable cells are
available in the supplementary material of the published study.

Due to its size of over 100 GB, the raw image data will be made public only
upon reasonable request. The annotations, however, can be found in JSON
format in the supplementary material.
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9.3.3 Brood Development

A total of 511 eggs were laid, with approximately 58.32 % of these being re-
moved before hatching. Figure 9.3 illustrates the amount of brood maintained
on the scanner surface and the factors contributing to its decline. Initially, a
large number of cells became available simultaneously, indicating the queen’s
visits to the comb and resulting in a significant peak in egg-laying (Figure
9.3, top). Subsequently, only individually vacated cells were filled, leading
to smaller peaks. As the season progressed, the queen reduced her laying
activity and new brood was rarely observed.

Approximately 24 days after major egg-laying events, significant hatching
events followed (Figure 9.3, middle), which later became more scattered.
Figure 9.3 (bottom) shows both, strategic brood removals, with over 30 drones
removed per day, and individual removals targeting specific cells.

When synchronizing brood development, as shown in Figure 9.4 (bottom),
two periods of high brood removal become evident: one before and one after
cell capping at day ten. Most of the brood was removed between day 5 and 7
(39 %) and between day 10 and 12 (35 %).

9.3.4 Pathogen and Parasite Observation

A total of 2 larva were infected by chalkbrood and 30 cells were invaded
by Varroa mites. Figure 9.6a shows a cell bottom covered with the white
mycelium of the fungus A. apis, which causes chalkbrood. The first signs of
mycelium appeared on June 2, 2024 at midnight, roughly five hours before
the image in Figure 9.6a was captured. Thirty minutes later, the bees began
removing the infected brood.

Varroa mites were regularly first spotted swimming (and being trapped)
in larval food. Figure 9.6b,c showcase such an incident, which is further
discussed in Ifantidis [108], lasting until the larvae consumed enough food to
release the parasite. Since mites can move within the cells, they (including
their offspring) are not always present at the cell bottom. Figure 9.6d shows
the foundress mite (red circle) and her offspring (white circle) passing by the
image sensor.

Figure 9.5 shows the visibility patterns of adult Varroa mites and their off-
spring across all 30 infested brood cycles. Most adult mites were initially
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Figure 9.3: (Top) The number of (Varroa infested) brood that was maintained at the given point
in time. The number increases when new eggs were detected and decreases due to hatched or
removed brood. (Middle) The daily number of (Varroa infested) hatched brood. (Bottom) The
daily number of (Varroa infested) brood removals.

observed before cell capping, often trapped in larval food (around day 10).
Offspring were consistently first detected by day 16 at the latest.

In contrast to the trapped mites in Figure 9.6b,c, Figure 9.6d show adult and
hatched mites that can move freely. Note the white dots beneath the mother
mite, which are excrements.

9.3.5 Beebread and Stored Pollen

Throughout the entire trial, empty cells were used to store nectar, a well-
known and desired practice to ensure that the food supply is kept close to
the brood nest. However, it was surprising that nectar was rarely stored for
more than a few hours before being emptied or refilled. Towards the end
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Figure 9.4: (Top) The number of Varroa-infested drones that hatched at a given age. (Bottom)
The number of Varroa-infested brood that was removed at a given age. The dashed line marks
the expected day of cell capping. Text annotations indicate the (rounded) fraction of infested
brood.

of the drone season, drone cells became increasingly superfluous and were
repurposed for minor storage of beebread. Figure 9.6f,g illustrates the storage
of nectar and beebread.

9.4 Discussion

Current methodologies for brood cell observations in honey bee research are
invasive and unsuitable for continuous monitoring, which disturbs the study
subjects and limits the practicality of long-term research [173, 71]. This study
aimed to address these limitations by developing a non-invasive, continuous
monitoring technique using a modified flatbed scanner. Filling this gap is
crucial for advancing our understanding of honey bee health, particularly in
studying larvae, pupae, and Varroa mite infestations. By providing a method
for real-time, detailed observations, this study aims to enhance field research
accuracy and potentially transform beekeeping practices through better pest
and pathogen management.
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Figure 9.5: For all infested cells (y-axis), black lines depict the brood’s lifespan, while grey and
red bars indicate the periods when parasites were visible to the annotator. Multiple detections
at the same time are stacked; for instance, in cell 160, up to three offspring were observed
simultaneously, and in cell 025, two adult mites were visible at the same time. Brood removals

are marked with X-symbols.

A key result of this study was the successful detection and monitoring of

Varroa mites and A. apis in

vivo, which enabled the achievement of un-

precedented sample intervals of minutes without additional costs. These
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Figure 9.6: (a) Chalk brood fungus evolves in a drone brood cell. Image was taken hours before
the brood was removed and the cell was cleaned. (b, ¢) Adult mites (red circle) trapped in larval
food. For an in-depth explanation of this pattern refer to [108]. (d) Foundress with offspring
(white circle). White dots indicate the defecation of the mother mite, which is typically piled. (e)
A recently hatched larva. (f) Nectar and (g) pollen stored in drone cells.

observations align with literature indicating that mites often hide at the cell
bottom and exhibit movement patterns related to their developmental stages
and the host larva [73].

To assess whether Varroa mites remain hidden from the sensor for extended
periods, it is essential to analyse their visibility patterns. We observed fre-
quent Varroa detections in most infested cells, enabling a robust analysis,
particularly in cells where foundresses successfully reproduced. Rare detec-
tions of Varroa mites were mainly observed in cells that were cleaned out
early, leaving little opportunity for detection.

The first observation of offspring frequently coincided with the host larva’s
moult on days 14/15, which may have prevented earlier visits to the cell
bottom. Continuous visibility of the offspring aligned with their immobile
developmental stages, during which some mites remained at the cell bottom.
Extended periods of adult mite visibility were associated with atypical be-
haviour. For example, the foundress in cell 60 fell into a state of agony and
ceased activity; the mite in cell 100 died in the larval food, never being freed
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or removed; and the mite in cell 102 entered unusually early, remaining in
the food for an extended period before being removed along with the brood.
The mite in cell 269 was alive but inactive for no apparent reason.

We conclude that it is highly unlikely for our method to miss infested cells
with successful mite reproduction. While the likelihood of missing infesta-
tions increases when the observation period is shortened due to early brood
removal, we estimate this risk to be minimal, as adult mites are often trapped
in the larval food early on, making them clearly visible to the scanner.

Our method allowed for the simultaneous observation of up to 2 500 brood
cells, thereby significantly increasing the sample size in comparison to tradi-
tional methods [27, 84, 182]. The high-resolution images captured were of
exceptional clarity, displaying even the smallest mite offspring and early-stage
fungal infections. This aligns well with existing literature which emphasises
the necessity for detailed, real-time data in order to gain an accurate under-
standing of pest and pathogen dynamics within honey bee hives [141].

This continuous monitoring approach is in accordance with previous research
that has advocated for innovative techniques to improve infestation measure-
ments and pathogen detection accuracy [99]. The advancement is particularly
significant in light of the challenges highlighted by Lefebre et al. [141], where
achieving sufficient single infested cells for reliable mite-non reproduction,
reduced mite reproduction, and decreased mite reproduction calculations
proved difficult. This underscores the need for more efficient monitoring
methods. Furthermore, our method corroborates the findings of McGruddy
et al. [158], who demonstrated the efficacy of RNA interference (RNAi) in
reducing mite reproductive success. Our approach provides a complementary
method for observing and validating these biological effects in real time.

Furthermore, Siefert et al. [224] applied video recording techniques to examine
honey bee brood care behaviour in the context of chronic neonicotinoid
exposure, thereby identifying notable discrepancies in nursing behaviour and
larval development. Our scanner-based technique refines this approach by
offering non-invasive, high-frequency monitoring, thereby expanding the
scope of our ability to study these critical behaviours and their environmental
stressors in greater detail in full sized colonies.

The findings of our study offer valuable insights into the natural behaviour
of honey bees and their interactions with pests and pathogens. For example,
the humid season facilitated the development of A. apis, which resulted in
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the formation of chalkbrood. Our continuous monitoring system was able to
detect this early, providing an advantage over traditional weekly inspections.
This finding is consistent with the literature, which indicates that less severe
chalkbrood infections are often overlooked by beekeepers due to the rapid
removal of mummified brood by worker bees [103].

Our scanner-based technique offers advantages over previous methods, such
as macro video recording setups that required special lighting and limited the
number of observable cells [224]. Unlike visual inspection techniques that
focus on mites visible on the exterior of bees [18, 23, 221, 180], our method
detects mites within the brood cells. Therefore, it is not affected by mites
hidden beneath the bee’s sclerites [194], thus providing a more comprehensive
assessment. [110].

Moreover, the device’s capacity to monitor brood cell removal events revealed
a notable occurrence of mass brood removal, which was likely attributable to
external factors such as disease, food scarcity, or space constraints affecting
all drone brood in a similar manner. This observation is of great importance
for breeding programs that aim to promote VSH traits, as it allows for the
differentiation between mass removal events and selective hygienic behaviour
directed towards infested cells [185]. For example, a brood removal on June
14, 2024 stands out as it was the only removal on that day, targeting a single
Varroa-infested cell among an average of 69 brood cells. This makes it highly
unlikely to have occurred by chance (1.44 %; see Figure 9.3 bottom).

Within a cell, two spots are crucial for the mite’s reproduction: the feeding
spot where the foundress bites the larvae and her offspring nourish them-
selves, and the defecation spot where the male and female offspring mate. The
bite can be made visible using chemicals but cannot be seen with the naked
eye, making it undetectable in the acquired image data. The mother mite
defecates at the same spot, forming a pile of white excrement. Infestation
can be quickly verified by searching for such excrement on the walls when
infested cells are opened. Unexpectedly, one foundress preferred the floor
over the cell’s walls for defecation (see Figure 9.6). Since all members of the
mite family visit this spot frequently, this observation is particularly interest-
ing, and the corresponding time-lapse video is included in the supplementary
material.

Our data showed that worker bees selectively removed Varroa-infested cells,
thereby corroborating previous findings on VSH behaviour. This result is
consistent with the observations of Sprau, Traynor, and Rosenkranz [229],
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who demonstrated the complexity of the cues utilized by honey bees to detect
and remove mites from brood cells, including movement and odour. Their
findings highlight the importance of comprehensive and ongoing observation
to elucidate the subtle mechanisms underlying VSH behaviours, supporting
the value of our non-invasive imaging methodology. Furthermore, these
insights align with the recent work of Morin and Giovenazzo [168], who
identified a range of traits, including mite-non reproduction, recapping ac-
tivity, and hygienic behaviour, as key predictors of mite infestation levels.
The intricate and dynamic nature of these behaviours underscores the need
for non-invasive, comprehensive, and continuous monitoring approaches to
accurately assess and enhance these traits in breeding programs.

Despite its promising findings, this study has limitations. The sample size
and scope were constrained by the available resources, which may affect the
generalizability of the results. We observed that bees took approximately
three weeks to draw out cells and lay eggs, a delay influenced by factors such
as weather conditions and materials used. Visual inspection at the opened
hive during scanning showed no signs of disturbance whatsoever. Also, no
signs of agitation were heard outside the hive at night when the sensor was
triggered and the apiary was in complete silence. This suggests that the
light and sound emitted by scanning in the hive environment does not cause
disruptions. While the scanner did not cause immediate disturbance, potential
long-term effects on colony and pathogens require further investigation to
ensure the method’s suitability for diverse environments and larger-scale
applications. The narrow depth of field and the temporal resolution of the
scanner, although suitable for our purposes, might limit its applicability in
other research contexts. Moreover, the substantial data size generated by
high-resolution images necessitates efficient data management strategies,
which could be challenging in larger-scale implementations.

Cleaning of the glass during the experiment was neither possible nor re-
quired. However, we did observe the accumulation of dirt, especially in
unused cells. Cells that are regularly used for brood or nectar storage are
effectively cleaned by worker bees and by the larva’s food consumption, both
enhancing the transparency. Almost no cell degraded in a way that made
observation impossible over a period of three months. In the supplementary
material, we included a time-lapse video of the cell that contained the highest
number of eggs, illustrating the accumulation of debris and the bees’ cleaning
behaviour.
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Future studies should aim to scale this monitoring technique to larger bee
populations and diverse environmental conditions, to validate its effectiveness
across various beekeeping scenarios. A critical aspect of this research involves
examining the long-term impacts of continuous scanning on colony health
and behaviour, including factors such as scanner light, electronics, and noise.
Moreover, exploring how this technology can be applied in breeding programs
to select for VSH traits could lead to notable advancements in managing
Varroa mite infestations.

Moreover, exploring how this technology can be applied in breeding programs
to select for VSH traits could lead to notable advancements in managing
Varroa mite infestations. As successfully done elsewhere in apidology [35,
31, 34, 36], we plan to use the massive amount of collected and annotated
data to automate the image data analysis utilizing artificial neural networks.
Developing a suitable computer vision model would make brood cell scanning
more accessible and practical for widespread application. Large-scale studies
building on this proof of concept could potentially lead to the replacement
of all brood combs and open new avenues for addressing exciting research
questions in the future.

9.5 Conclusion

In conclusion, this study presents a novel, non-invasive method for continuous
monitoring of honey bee brood cells, addressing a significant gap in current
research methodologies. By enabling detailed, real-time observations of
Varroa mites and A. apis, this scanner-based technique has the potential
to revolutionize the study of honey bee health and pest management. The
major contribution of this study lies in its ability to enhance the accuracy
and practicality of field research, paving the way for improved beekeeping
practices and more resilient honey bee populations. This advancement aligns
with the overarching goal of mitigating the impacts of pests and pathogens
on honey bee colonies, ultimately supporting the sustainability of apiculture
and agricultural ecosystems.
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‘But let younger investigators be warned (...), as they
strive impatiently to publish their results after long
years of frustration. Let them test their findings
doubly and trebly before they regard any
interpretation as certain. For often nature reaches
her goal by another path (...)’

Karl von Frisch [88], 1971.

This thesis has demonstrated various ways in which machine learning in
computer vision can be utilised to explore a wide array of topics in apidology.
The groundwork for this was established in Chapter 4, where a device was
developed to capture high-quality footage of bees within their natural envi-
ronment. The resulting dataset is substantial and offers significant potential
for future research endeavours.

Innovation continues to flourish in addressing a century-old challenge: the
accurate determination of bee mortality in the field, which is crucial for
ecotoxicological studies and species conservation. Despite the ongoing ex-
ploration of new technologies — most recently, camera-based systems — the
quality of bee counters has stagnated. This work identified the primary issue
as the difficulty in evaluating these counters, leading to the development of
a standardised assessment protocol, detailed in Chapter 5, and tested using
a commercial camera-based system. Now that further progress has become
measurable, there is renewed hope for genuine innovation and advance-
ment

In Chapter 6, representation learning was applied to the visual features
of bumblebees, processed through a ResNet-18 backbone, enabling the re-
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identification of individual bumblebees. This deep learning approach demon-
strated clear advantages over hand-crafted features that were combined with
metric learning.

In Chapter 7, an app was developed that, for the first time, can calibrate the
colour of photographed pollen samples using everyday objects with known
colours. This user-friendly approach allows beekeepers to easily assess the
quality of their apiaries based on colour-derived biodiversity indices. On the
other hand, scientists can use the app to conduct large-scale citizen science
studies, combining biodiversity data with metadata to create a comprehensive
monitoring system.

In a further step, the thesis investigated the extent to which the floral origin of
pollen could be inferred from the calibrated pollen colours determined by the
aforementioned app. It was revealed that, in addition to the known challenges
— such as pollen colour similarity between different plant species — there is
also significant dissimilarity within the same species. This novel insight was
made possible through the first large-scale combination of morphological
laboratory analysis with calibrated pollen colours, facilitated by adapted
Gaussian Mixture Models.

In the final contribution, we tested the use of contact image sensors inside the
hive to monitor bee brood. During the three-month pilot study, it became ev-
ident that both chalkbrood and Varroa infestations could be reliably detected.
The innovative use of this imaging technique opens up groundbreaking pos-
sibilities in apidology. For example, breeders of Varroa-resistant honey bee
traits could benefit from simple, cost-effective, and regular monitoring of
infestation levels, allowing them to quantify breeding success. This offers
hope that future bee populations may become self-sufficient in defending
against their greatest threat.

In conclusion, this thesis has confirmed what other authors have already pre-
dicted: ‘deep learning and computer vision will transform entomology’ [106].
For my part, I am firmly convinced that in the future we will see more
and more digital innovations around the beehive. Building on this work, a
forthcoming research project is already in the planning to further develop
the brood monitoring device into an off-grid capable and fully automated
computer vision system.
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