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Neural networks and deep learning, being among the technologies experiencing
daily growing interest, have found practical application, particularly in bee
monitoring. The use of neural networks for identifying bees in images can provide
non-invasive monitoring of the condition of individual bees and, consequently,
reduce stress on the colony. However, the accuracy of object detection algorithms
can be significantly affected by variations in monitoring conditions, such as weather
conditions, lighting, or the use of different cameras. Thus, image enhancement can
be an important pre-processing step for optimizing object detection algorithms.
This study utilizes various image enhancement and color normalization methods
to improve the performance of the SSD MobileNet model in detecting the
full bodies of bees in images. The data source consists of photos taken with a
smartphone, which were subsequently divided into sections to fit within the
model's acceptable identification limits. The study examines the effectiveness
of three image enhancement methods: Contrast Limited Adaptive Histogram
Equalization (CLAHE), a regular histogram equalization algorithm, and Protobuf
pipeline functions. Each approach is evaluated on different image sets, including
photos of normal beehive sections taken with a smartphone, photos with randomly
altered brightness and contrast, and photos with slight blurring. The findings show
that image normalization alone does not improve object detection performance
on standard bee photos, whereas the CLAHE algorithm proved most effective in
other cases, maintaining good results when image brightness and contrast were not
optimized. Additionally, it was found that applying blur did not result in an overall
increase in the efficiency of identifying bees in photos.
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Heiiponni mepexi Ta muOOKe HaBYaHHS K TEXHOJOTi, IHTEpeC A0 SKHUX 3
KOKHUM JIHEM 3pOCTa€, 3HAMIUIM MpaKkTHYHE 3aCTOCYBAHHS, 30KpeMa, Y
MOHITOpUHTY OKiN. BuxopucraHHs HEHPOHHUX Mepex Ui iIeHTUdikamii
O/pkin Ha 300paKeHHI MOXYTh 3a0€3MEUUTH HEIHBA3UBHUM MOHITOPUHT
CTaHy OKpEMMX OJUKIN 1, sIK HACJiJ0K, 3MEHIIHUTU CTpec Ha KoJloHio. IIpoTe
Ha TOYHICTh AJTOPUTMIB BUSBICHHS O00’€KTiB MOXYTb 3HAUHO BIUIMHYTH
Bapialii yMOB MOHITOPUHTY, SK-OT TIOTOJHI YMOBH, OCBITICHHS a0o
BUKOPUCTAHHS Pi3HUX KaMep. TakuM 4MHOM, TOKPAIICHHS 300pa’keHHS MOXe
OyTu Ba)XJIMBUM €TaroM IMONEPEAHbOI 0OPOOKH AJIsl ONTUMI3alil anrOpUTMiB
BUSIBIICHHS 00 €KTiB. Y 1IbOMY JOCIIIXKEHHI BUKOPUCTOBYIOTHCS PI3HOMAHITHI
METOM OKPAIICHHS 300pa)KeHHS Ta HOpMaJi3alii KoJIbopy, 00 MOKPAIIUTH
npoAyKTHBHICTH Mozpeni SSD MobileNet y BHUABICHHI MOBHUX Til OKiN
Ha 300pakeHHAX. SIK JpKepena JaHuX BUCTYMAIoTh (ororpadii 3pobneHi Ha
cMmapTdoH, sKi Jami OyIu po3isieH]l Ha CeKIIil 3 METO0 BKJIAJIaHHA B IOy CTHMI
mimite ineHTrdikamii Moxeni. Y JOCTiIKeHHI po3MisgacThesi e(heKTUBHICTD
TPHOX METOIB MOKpamieHHs 300paxenHs: CLAHE, perymspHoro anropurmy
BUPIBHIOBaHHSA TicTorpamMu Ta (yHKIH koHBeepa Protobuf. Koxken minxin
OLIIHIOETBCSI HA PI3HUX Habopax 300paxxeHb, BKIIOYHO 3 (oTorpadismu
3BUYAMHUX CEKI[ill O/PKONMHOTO BYIIHKa, 3HATUX HA cMapT(oH, poTorpadismu
3 JIOBUIBHO 3MIHEHOIO SICKPABICTIO Ta KOHTPACTHICTIO Ta (ororpadisMu 3
JIETKUM PO3MHUTTSIM. BHUCHOBKM MOKa3ylOTh, II0 HOpMai3alis 300paKeHHs
camMa mo cobi He TMOKpallye MPOAYKTHBHICTh BHSBICHHS OO €KTiB Ha
3BU4aiHuX Qortorpadisx Omxin, Tomi sk amroputM CLAHE BusBuscs
Halie(DeKTUBHIMMM B IHIINX BHIAJAKaX, 30epiraloud XOpomlll pe3yibTaTH Y
BUIIAJIKaX, KOJIH SICKPABICTh 1 KOHTPACT 300paxkeHHsI HE OyJIM ONTHUMIi30BaHi.
Takox Oyro BHUSIBICHO, IO 3aCTOCYBAaHHS PO3MHUTTA HE Jajl0 3arajJbHOro
IpUpPOCTy B e(heKTUBHOCTI iIeHTH(iKamii 6/pKin Ha (oTo.

Introduction. Bee monitoring has emerged as
a significant area of interest due to the paramount
importance of bees in the ecosystems they inhabit and
their integral role in global food production. As quin-
tessential pollinators, bees play a pivotal role in the
sustenance of biodiversity and the stability of agricul-
tural systems upon which we depend for a substantial
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portion of our food production [1; 2]. Alarmingly, the
phenomena of Colony Collapse Disorder (CCD) and
various health afflictions such as varroa mites have
placed bee populations at substantial risk [3; 4].
Given the impracticality of continuous manual
hive inspection, which may also introduce stress to
the bees, automated, non-intrusive monitoring meth-
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ods are important. One of the ways to monitor a bee
hive is the usage of photo-video feed from the hive
and using neural networks to process it and identify
bees. Successful detection of bees in images can lead
to further identification of the hive’s state, providing
valuable insights about bee quantity and traffic, var-
roa mite detection, and information about pollen that
bees carry. However, the precision of object detection
algorithms can be significantly impacted by variations
in monitoring conditions, such as different cameras
or lighting conditions [5]. Thus, image enhancement
could be an important pre-processing step to opti-
mize object detection algorithms. This paper aims to
address this concern by exploring methodologies to
enhance bee images, therefore increasing the quality
of the end result of the object detection task for dif-
ferent bee images.

Literature Review. The application of neural
networks for beehive monitoring has recently gained
traction in the domain of bee studies. For instance,
this paper [6] showcased how Object Recognition
and real-time feed from webcams can be used for
tracking bee traffic. Other research showed that the
usage of neural networks can detect varroa mite on
bees with an accuracy of 70% [7]. On the other hand,
this research [8] shows the effectiveness of applying
image filters to increase the Image Classification per-
formance on the task of detecting pollen on a bee.

Optimization Adaptive Histogram Equalization
(AHE) stands out as a noteworthy image enhance-
ment technique for object detection. Studies like
this paper [9] show that using Adaptive Histogram
Equalization with an image sharpening algorithm can
improve the performance of the Object Detection task
in low-light images.

A variant of AHE, Contrast Limited Adaptive His-
togram Equalization (CLAHE) has gained popularity
due to its controlled approach to histogram equaliza-
tion. This study [10] successfully utilized CLAHE to
improve object detection results on various images,
especially ones with shadows or low-contrast areas.

Several other studies managed to successfully use
CLAHE in their neural networks pipeline. In a study
which set to determine the effects of data augmen-
tation on the CNN-based identification of bee infec-
tion, authors managed to successfully use CLAHE
to enhance the contrast on foggy bee images, which
made them more understandable and led to the better
CNN classification results [11]. This other study on
honeycomb detection and classification using deep
learning has also showed positive results when using
CLAHE, as it allowed honeycomb edges to be more
distinctive [12].

Materials and Methods. As a data source for
the Dataset, photos taken on a Samsung A20 were
used. Since model-of-choice by default supports up
to 100 detections and some of the photos of the size
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of 4128 x 3096 pixels contained up to 200 individual
bees, it was decided to split images into 4 separate
parts for their further use. These parts were annotated
manually using the Remo software [13]. During the
annotation process, only individual bee bodies were
selected, and zones containing only a head or a spine
were ignored. After that, 20% of the pictures went to
the test set, and the others were used in training and
evaluation sets. Figure 1 offers examples of cropped
zones from the original dataset images that have been
used for training.

@ ® © @

Fig. 1. Cropped annotated bee images
that were used for training

Based on the initial evaluation set, three other
ones were created: one was created with “corrupted”
images, where brightness and contrast were randomly
changed in a range of +-20% and +-0.5 accordingly,
one with a slight Gaussian blur, and one with the blur
applied to the corrupted set.

Blurred datasets were taken into account since it
is a common way to reduce camera noise on images,
which may appear in low-light photos and impact the
overall performance of the model. Since the addition
of too much blur to the image could make bee detec-
tion harder even with a bare eye, the blur was applied
using OpenCV’s instruments with (3.3) parameters.

For the training, two image enhancement tech-
niques were used: the regular histogram equalization
algorithm and CLAHE. Histogram Equalization (HE)
is a method to increase the contrast by making the
histogram of the image uniform. HE operates on the
entire image, thereby globally enhancing contrast
which can be advantageous for images with back-
grounds and foregrounds that are both dark or both
light. Although this method is simple and effective,
it can cause color distortion or noise due to changes
in the average brightness of the image or excessive
contrast increase [14; 15].

Diverging from the global nature of traditional
histogram equalization, Contrast Limited Adaptive
Histogram Equalization (CLAHE) operates by divid-
ing the image into smaller tiles and then individually
equalizing each tile's histogram [16]. By focusing on
smaller regions, CLAHE can better address variations
in brightness and enhance local contrast, making it
particularly suitable for images with varying back-
grounds [17]. The performance of CLAHE heavily
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Applied image enhancement algorithms

Table 1 The SSD MobileNet V2 model was

chosen from the TensorFlow 2 Model

Zoo repository. Among the other mod-

Levels of red
color

Levels of
green color

Levels of blue
color

els in the repository, this model stood
out for its fast time per detection of
19 milliseconds and its expected input
resolution of 320 x 320 pixels, which
is good for detecting small objects
such as bees in an image. In addition to
that, all labeled bounding boxes from
the original dataset are in the range
of 320 x 320 pixels resolution. Also,
usage of SSD model architecture has
been proven to yield positive results
in terms of identifying bees on image
[18].

This model accommodates two
architectures — SSD and MobileNet.

The main idea behind SSD archi-
tecture is that the network uses only
one pass through an image to identify
the objects and classify them. Figure 2
shows the structure of the Single-Shot
Detector architecture.

depends on its parameters, including the block size
and the contrast limit, necessitating fine-tuning for
optimal results. In this work, CLAHE was applied
using OpenCV’s instruments, with (8,8) parameters
since based on visual inspection, it gave the optimal
results between improved contrast and distortion.

An example of image enhancement application
is shown in Table 1. On sample image, both algo-
rithms had spread color levels more evenly, while
both CLAHE and Histogram Equalization algorithm
made the image brighter, CLAHE did a better job in
preserving details.

The key feature of this architecture
is employing multiscale of convolu-
tional frame exits which are connected to a set of fea-
ture arrays at the upper part of the neural network.
Such a way allows to model potential frame spots
efficiently [19].

MobileNet V2 is a deep learning network designed
to function on mobile devices and to provide high
accuracy of image classification with the least pos-
sible model size and number of operations. The main
idea of MobileNet V2 lies in designing a light and
fast neural network architecture with the help of two
key technologies, which are residual connections and
inverted residuals. Residual connections are a type

Extra Feature Layers
VGG-16 A ,
- -m-rqu-gh-@—m"@-é @&r Classifier : Conv: 3x3x(4x(Classes+4)) - ]
I'\ < c
! \\ \\ Classifier : Conv: 3x3x(6x(Classes+4)) E g
: \ \ 0 0
NN N |
) [ : | a o
| 2
I : » : 19 19 § E> 0 (74.3mAP
il I | 5|~ |E| soFps
T I = | | Cont Cond? N Conv: 303x(4x(Classes+)) | @ E
| | | (FC8) (FCT) g ';
- | I I Com 2 g 0
\ | » I 0 2
N\ | | \go 19 " s &
3 \ : I [a) ¢}
N sa] 5 Nm N B
~ "Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256  Conv: 1x1x128  Conv: 1x1x128  Conv: 1x1x128

Fig. 2. Single-Shot Detection model architecture
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of technology that allows transmitting information
immediately from previous layers to the next ones
which helps avoid the problem of studying shallow
functions and provides a more efficient training of
the neural network. Inverted residuals are a technol-
ogy that allows decreasing the numbers of network
parameters by reducing the size of layers and using
their increase by applying 1x1 convolutions and lin-
ear layers [20].

To evaluate the performance of the applied object
detection model, this paper used images that were
not included in the original training and test datasets.
In object detection approaches, the detection result
and the classifier performance are two main indexes
to evaluate the performance of the models. For each
evaluation, following metrics were measured: Inter-
section over Union (IOU), recall, precision, and F1
score.

Precision measures what percentage of correctly
classified labels is truly positive and uses True Positive
(TP) and False Negative (FN) values to calculate it.

Precision= TP ; Q8
TP+FP
High precision indicates that the model is reliable in
its positive predictions, making few false positive errors.
However, precision alone does not account for all rele-
vant aspects of a model's performance, particularly its
ability to identify all positive cases in the dataset.
Recall, also known as sensitivity, is a metric that
measures what proportion of True Positives out of all
objects of the positive class the neural algorithm found

Recall = ——: 2
e = TpEN’ 2)

A high recall indicates that the model is effective
in capturing a large proportion of positive cases, but
it does not indicate how many negative cases were
incorrectly classified as positive.

Intersection over Union (IoU) metric is used to
evaluate the performance of object detection by com-
paring the ground truth bounding box to the predicted
bounding box. The general mean IoU metric was cal-
culated for each evaluation set by calculating it for
each individual image, and divided by the evaluation

images count.
Area of Overlap J

Area of Union

loU =

Fig. 3. Graphical representation of Intersection
Over Union (IOU) (Source: Adrian Rose- brock/
Creative Commons)
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The F1 score represents the harmonic mean of
precision and recall, thereby integrating both metrics
into a single figure. A higher F1 score illustrates that
the model is more robust.

Precisionx Recall 3)
Precision + Recall’

The training and evaluation process unfolds a
sequence of structured steps. Initially, input images
are pre-processed, which includes applying image
enhancement techniques as required to prepare the
input data. Similarly, evaluation data undergo a
pre-processing phase that may also encompass image
enhancement to ensure consistency with the training
data conditions. Following these preparatory steps,
the dataset is transformed into two TFRecord files,
which serve as the foundation for the training and val-
idation processes. After it, the model is trained using
Tensorflow Object Detection API instruments with
the prepared training and testing input data.

Each model was trained for 22000 epochs with
112 batch size parameter. In addition to the HE-based
and CLAHE-based models, a model which utilized
Protobuf’s pipeline features was added. For this pipe-
line, following data augmentation methods were used:

* Hue adjustment, which randomly alters hue by
a value of up to 0.02.

 Saturation adjustment, which randomly changes
saturation by a value between 0.8 and 1.25.

* Contrast adjustment, which randomly scales
contrast by a value between 0.8 and 1.25.

 Brightness adjustment, which randomly changes
image brightness by a value between 0.8 and 1.2.

These were applied to a random images during
the model training to the input data, and no image
enhancement algorithm was applied to them before-
hand.

When training was finished, each model was eval-
uated on the according set of images and the mean
IoU metric was calculated for them. Additionally, a
manual assessment is conducted to verify the True
Positives and False Negatives and to gather other
relevant metrics. Only detections with a confidence
score over 50% were taken into account during the
evaluation process.

All models were trained using a Google Colab Pro
high-RAM instance with a GPU accelerator, follow-
ing the recommended training procedures. Table 2
shows the loss value and the progression of it during
training of the models.

For model training, the cosine decay learning rate
strategy was used, providing an adaptive adjustment
of the learning rate over time. This approach follows
a cosine curve to decrease the learning rate from an
initial high value to near zero, facilitating both rapid
exploration of the solution space and fine-tuning of
model parameters. Since cosine decay learning rate
depends on the initial learning rate value and the

F1=2x
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Dataset

Final Loss
Value

Loss value graph

Table 2
Loss values and their progression during training

Original

Norm

CLAHE

PROTOC

0.023

0.025

0.025

0.031
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number of steps, which was identical
for all models, the learning rate value
progression is exactly the same for
all 4 trained models, as shown on the
Figure 4.

Results and Discussion. Based
on the results from Table 3, add-
ing Image Enhancement techniques
didn’t increase the end recall and
precision results. On the other hand,
even though dataset with CLAHE
algorithm applied didn’t show the
best result, its precision and recall are
similar to the original dataset.

Upon further investigation, loU
metric didn’t show meaningful results
in this particular task because there
were a lot of detected zones that over-
lapped with each other, and, addition-
ally, it was affected by the false pos-
itive results which were also heavily
overlapping with the expected bound-
ing boxes in zones with lots of bees
present. Adding blur to the images
also didn’t show an increase in results.

Based on the data presented in
Table 3, in the case of the corrupt
dataset scenario, CLAHE showed the
best results in successfully detecting
bees.

Table 5 shows the object detection
result in one of the evaluation images
with CLAHE algorithm applied.

Table 3

Regular dataset performance results

Regular

Regular + Blur

Rec.

Prec.

IoU

F1

Rec

Prec IoU F1

Original 81.8%

90%

0.562

0.857

74.4%

90.0% 0.581 0.815

Norm 71%

85%

0.600

0.774

61.2%

89.0% 0.583 0.725

CLAHE 79.9%

87.0%

0.577

0.833

76.1%

90.0% 0.606 0.825

PROTOC 62.3%

86.0%

0.603

0.723

56.6%

87.0% 0.616 0.686

Table 4

“Corrupt” dataset performance results

Corrupt

Corrupt + Blur

Rec.

Prec.

ToU

F1

Rec

Prec IoU F1

Original 70.6%

92.0%

0.537

0.799

63.6%

91.0% 0.591 0.749

Norm 60.2%

90.0%

0.535

0.721

54.0%

89.0% 0.522 0.672

CLAHE 80.5%

89.0%

0.557

0.845

70.8%

89.0% 0.590 0.789

PROTOC 62.9%

87.0%

0.576

0.730

55.7%

84.0% 0.621 0.670
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Dataset Resulting Image

0.07

Original

a 5,000 10k 15k 20k

Fig. 4. Learning rate progression over training
steps graph

Original +
Blur

Conclusions. The main goal of the current study
was to determine whether using image enhancement
algorithms can lead to better object detection results.
The results of this investigation show that using HE
and CLAHE algorithms have not increased the preci-
sion of the object detection model in general. Another
major finding is that usage of CLAHE algorithm may
lead to more stable results in various lighting condi-
tions and small defects in image coloring. However,
using HE, blur, and data augmentation features of
Protobuf pipeline did not show significant results in
either test.

Further research might explore the possibilities of
using not only the image normalization techniques,
but also applying color filters. An issue that was not Corrupt +
explored in this study is the appearance of camera Blur
noise in low light environment, so reviewing the
models’ performance and ways to counter the noise
can be a subject for further investigation.

Corrupt
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