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Abstract

Artificial Intelligence (AI) solutions have been extensively explored and implemented in
the apiculture industry. Designing an efficient system for continuous observation of bees
for their health and activities has been a challenge and of great interest among researchers.
Several studies manifest that AI-based solutions can accommodate the purpose of bee-
hive monitoring. However, the systems constructed based on computer vision techniques
are found to be incompetent with noisy and insufficient data. This research proposes
a computer vision-based approach to classify bee images for infected or healthy bees,
dealing with indistinct and inadequate image data. As a solution, image contrast en-
hancement and data augmentation methods are used to improve the quality and size
of data, respectively. The foggy bee images are managed using the Contrast Limited
Adaptive Histogram Equalization (CLAHE), enhancing the image contrast to make it
more understandable. The small dataset is augmented using an advanced method, Deep
Convolutional Generative Adversarial Networks (DCGAN), which is capable of generat-
ing new images resembling the real ones. We investigate the capability of DCGAN as
an alternative to the conventional augmentation technique that uses the varied geomet-
ric transformation of the image. An optimized Convolutional Neural Network (CNN)
model is used to classify the augmented bee image data. Further, one of the transfer
learning techniques, VGG16, is applied to compare the classifiers’ performance on the
same data sets. The effectiveness of the preprocessing method CLAHE and augmenta-
tion method DCGAN is assessed against original images and conventional augmentation
methods. The classifiers CNN and VGG16 are compared alongside for their performance
on non-augmented and augmented data sets. The investigations conducted on the given
bee data sets delivered promising results. The CLAHE pre-processing method not only
improved the image sharpness by 10% but also enhanced the CNN classifier’s performance
as compared to the original images. The optimized CNN’s performance enhanced with
conventional geometrically transformed augmented data. However, the classifier outper-
formed with added DCGAN generated synthetic images in the original data set providing
up to 99.9% accuracy. Further, fine-tuned transfer learning classification model provided
comparable accuracy alongside CNN with added efficiency building and executing the
model. The success of this preliminary investigation paves the way to explore different
variations of Generative Adversarial Network (GAN) to augment the image data together
with enhancing its quality.
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Chapter 1

Introduction,Background and
Motivation

Apiculture, beekeeping in standard terms, is incredibly vital for the environment and
economic growth. It is an activity of maintaining honeybee colonies to collect honey and
other products such as beeswax, royal jelly, propolis, medicines, fiber, and food. The
industry also helps to yield more honeybees to sell or to pollinate crops. However, there
are numerous challenges in maintaining the beehives, including extreme temperatures,
pesticides, parasites, and many others. Investigators perceive various solutions to moni-
tor and save the beehives from harmful situations. However, in recent years, the use of
AI is profoundly being admired by researchers for designing beehive monitoring systems.
Many researchers use AI or Machine Learning (ML) methods to provide highly efficient
algorithms for the purpose. Systems are built around various technologies based on au-
dio signal processing, wireless sensor networks, multiple sensor-based approaches, and
computer vision. Many efficient computer vision solutions are investigated in the past,
observing video or image data. However, there is a gap in dealing with noisy and small
image datasets. This research suggests a vision-based approach that deals with noisy and
insufficient image data.

This chapter strives to introduce the beekeeping industry along with its importance,
challenges, and beehive monitoring systems in brief. It also covers the motivation of
the proposed research design. The organization of the chapter is as follows: Section
1.0.1 Importance of Pollinators and Bees, describes an overview of the prominence of
pollinators and honeybees. Section 1.0.2 The Economic Value of Honeybees, explains
the economic value of honeybees and the apiculture industry, presenting some facts and
figures. Section 1.0.3 Beekeeping Challenges, discusses major threats involved with api-
culture. Section 1.0.4 Precision Beekeeping, illustrates precision beekeeping, including
the importance of the research. Section 1.0.5 Contribution, specifies the contribution of
the proposed research design and Section 1.0.6 Thesis Structure, instructs the rest of the
thesis structure.

1.0.1 Importance of Pollinators and Bees

Pollinators strongly affect environmental relationships, ecosystem preservation and sta-
bility, inherited variation of crops and flowers, and reproduction. More than 90% of the
plants rely on pollinators to reproduce and approximately, 30% of the major food crops
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grown throughout the world are based on pollinators [1]. Our livelihoods, ecosystem bal-
ance, wild plant diversity, healthy soils, and clean air depend on pollination. Honeybees
are essential and valuable pollinators for the environment, food chain and economy. They
play a significant role in producing vital commodities for human beings, such as healthy
crops for food, edible oils, seeds, nuts, fruits, berries, fibres, medicines, bee wax, honey,
royal jelly, and many other goods. They produce one-third of the world’s food, i.e., every
third spoonful of food is catered by honeybees [2]. Effective pollination not only accom-
modates increased agricultural production but also enhances their quality and ability to
resist pests. According to [2], the worldwide annual production of food crops that depends
entirely on pollination was valued at up to $577 billion in 2016. So, it becomes crucial to
save honeybees for our own survival on earth.

1.0.2 The Economic Value of Honeybees

The European honeybee called Apis Mellifera plays a significant role in food production
in the United States (US) [2]. Apiculture generates substantial income for the producers
and benefits the agricultural community. In the US, pollination adds $217 billion to the
global economy, out of which up to $5.4 billion are contributed by only the apiculture
industry [2]. US GDP attributable to the US honey industry was $2.087 billion in 2017.
According to the National Honey Board report [3] , the revenue generated by honey sales
and pollination services in the US was $435 million in 2017. The total of 43% revenue
was generated by pollination, while honey sales accounted for 38% of income for the US
beekeepers [3]. Many crops, such as almonds, apples, and blueberries, add about 5 billion
to the US agriculture industry each year, highly dependent on honeybees for more than
90% of their pollination [3].

New Zealand (NZ) built a convincing revenue by producing and exporting different
types of honey, especially Manuka honey and various bee-related products. According to
the Apiculture Monitoring Report 2019 of the NZ Ministry of Primary Industries [4], the
country has been showing an upward trend in producing honey crops since 2011. The
country produced 23000 tons of honey crop in 2019, a record-breaking increase of 15%
of the previous year [4]. This production level was driven by the 4% increase in hives
(881,185 in the 2018 to 918,026 in 2019) and up to 10% increase in average hive yield
compared to the former year [4]. NZ also exports a significant amount of honey and live
bees across many countries. The country made $355 million of revenue by exporting 8065
tons of pure honey in 2019 [4]. NZ mainly produces three types of honey, i.e., monofloral
manuka, multi-floral manuka and non-manuka honey. Out of all kinds, monofloral manuka
honey is the most demanded and expensive (NZD54.76/kg) compared to multi floral and
non-manuka honey, which are NZD29.57 and NZD20.46 per kilogram [4]. The US was the
biggest export market for monofloral manuka honey, followed by China and Japan [4].

1.0.3 Beekeeping Challenges

In recent years, the number of bee colonies has been diminishing across the world. In
2016, 44% of the bee colonies in the US collapsed [5]. The number of beehives has been
decreasing gradually over the past sixty years. In 1947, there were 6 million colonies that
decreased to 4 million in 1970, then 3 million in 1990 reduced further down to 2.5 million
till today [6]. Over 10 million beehives are lost due to overwintering, approximately 30%
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of all beehives [6].

Beehives around the world are continuously under growing numbers of threats to bio-
diversity and the climate. The primary danger is pesticide poisoning bees and parasites
infecting deadly viruses [7], [8]. As per the researches [6], [8], [9], the parasitic mite Varroa
destructor is the most damaging threat to European honey bees, and they lead to other
diseases such as Deformed Wings Virus (DWV), acute paralysis, sacbrood and black queen
cell viruses. They believe that young varroa mites feed on larvae’s haemolymph and ma-
ture mites suck in adult bees’ haemolymph, weakening their immune system and exposing
larvae and adult bees to DWV another fatal disease. Disagreeing with this thought, [10]
believe that this pest consumes the fat body of the host bee instead of haemolymph. Var-
roa destructor can destroy the whole colony within one year if not treated appropriately
[11].

Moreover, the various NZ survey statistics [12] show that Varroa destructor is the
second most reason for diminishing bee colonies in NZ in recent years. In 2018, NZ lost
more than 23% of bee colonies due to varroa mite after the queen problem, 38%. In 2019,
more than 30% of beehives were lost because of the queen problem following over 28%
because of the varroa mite.

Colony Collapse Disorder (CCD) is another cause to fade the bee colonies for unknown
reasons [13]. It is a situation when most of the worker bees suddenly disappear from the
beehive leaving behind the queen, few nurse bees, and plenty of food for them. The rea-
son, however, remains unidentified, but it could be any virus, air pollution, mite or fungal
infection, climate change or starvation due to environmental deprivation [14]. In the US,
for instance, 30% of the beehives were deceased by CCD each year from 2006 to 2011 [15].

American foulbrood (AFB) is the disease triggered by the bacterium Paenibacillus
larvae in spores and vegetative forms. The spores contaminate the brood food then ger-
minates inside the gut of the larvae. They turn into a rod-shaped vegetative state and
start multiplying inside the larvae’s stomach, eating its tissues. After consuming all the
larval tissues, they turn into spores again. More than 2.5 billion spores can be enclosed
in one single larva. Spores outlive for more than 35 years. They endure boiling water and
many strong disinfectants. Once infected, beekeepers must burn the whole beehive as it
spreads fast and can harm the neighbouring colonies [16].

There are many other diseases, such as Sacbrood, Black Queen Cell Virus (BQCV),
Nosema Apis, Chronic Bee Paralysis Virus (CBPV), Acute Bee Paralysis Virus, Kashmir
Bee Virus, that could harm the bee colonies. Apart from these diseases, ever-rising
temperature and extreme weather conditions are also a big reason for colony losses. Bees
are vulnerable and hypersensitive to different temperatures, humidity, solar radiation, and
illumination [15].

1.0.4 Precision Beekeeping

Beehive colonies have been dying for decades, and about 40% of the pollinators are at
threat of elimination worldwide. The continued decline of bee colonies health endangers
global food and economic stability. According to the annual surveys of managed honey
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bee colony losses done in the US[17]–[19] Europe [20] , Asia [21], [22] and Africa [23]
, it is discovered that these regions have large mortality rates of honey bees. The bee
mortality rates depend on different factors in different regions [20], [24]. These surveys
show that the reasons for the degradation of colonies could be the queen issues, parasites
and diseases, environmental conditions or poor beekeeping practices [18], [25], [26].

There are pieces of evidence [27] that reinforce that bee diseases or pests are a sig-
nificant reason for colonies to die. Varroa destructor is considered most harmful and
catastrophic for the bee colonies [27], [28]. Once infected with the mite, the whole ter-
ritory can die within one year, leaving the effect on neighbouring colonies too [29]. As
the number of bee colonies decreases, it causes revenue loss to the apiculturists and even-
tually impacts the country’s economic prominence. Identifying the disease beforehand
will help beekeepers take immediate actions to save the rest of the bees or beehives. Hu-
man observation and manual annotation techniques are the traditional ways to observe
bee behaviour and their health. Apart from being time-consuming and expensive, these
conventional techniques also require specific expertise to obtain meaningful information.
Considering the hassle of continuous manual checking and severe effects of the infections
in the beehive, it is essential to detect the problem promptly [29] so that the beekeepers
can take precautionary measures to save their beehives and prevent any financial loss.

1.0.5 Contribution

Researchers have been offering different solutions to monitor beehive activities and their
health. The approaches include Wireless Sensor Networks (WSN), sensors, visual and
acoustic-based methods. Based on the literature review, few visual-based analyses have
been done to detect varroa mite with high-resolution images, added complexity and av-
erage performance [30], [31]. Most of them used some kind of feature extraction method
before applying a classification algorithm that counts the complexity in the channel. More-
over, researchers attempted to obtain quality images with the correct size and orientation
to feed into the model to achieve higher accuracy. Nevertheless, it is not always possible
to get high-quality images with particular lighting and contrast in real-world situations.
A gap identified in the literature [30], [32] is that a model does not perform well if trained
with standard images and a small dataset. So, there is a need to discover a feasible so-
lution for the purpose, which can be developed on standard honeybee images and with a
limited dataset without compromising accuracy.

Conducting this research will lead to the possible answers to the questions such as:
Can varroa destructor mite be identified correctly from a small number of low-quality
honeybee images? Moreover, if standard images are classified accurately using Convo-
lutional Neural Network (CNN) or transfer learning method? This research contributes
towards answering these questions by proposing a solution to a limited dataset and stan-
dard images. The low-quality images are improved with the use of an image contrast
enhancement method Contrast Limited Adaptive Histogram Equalization (CLAHE). As
a solution to the limited dataset, Generative Adversarial network (GAN) based data aug-
mentation method is investigated against the conventional method. To the best of my
knowledge, no other researchers investigated the classification model to identify honeybee
infection with GAN based augmented images. This research presents a comparative study
of honeybee image classification using CNN and the transfer learning method applied on
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enhanced and augmented image data.

1.0.6 Thesis Structure

The contents of this thesis document start with Chapter 1 Background, Motivation, and
Introduction, that informs bees as pollinators, discussing their importance in both agri-
cultural and economic context, problem domain, issues causing beehive losses, brief of
available solutions, and concern to develop a solution. In Chapter 2 Intelligent Beehive
Monitoring, the solutions provided by researchers are explored thus far. The discussion
and comparison of the existing methods are also presented, along with the reason to choose
the specific research path. Chapter 3 Infected Honeybee Image Processing and Classifi-
cation, explicates the chosen approach and methodology, along with some comparison
based on existing knowledge and experiments. Chapter 4 Model Design, illustrates the
research design including details the proposed model and evaluation method. Chapter 5
Implementation, elucidates how all the tasks are configured, experimented and evaluated.
Chapter 6 Numerical Analysis and Results, interprets the comparative results based on the
experiments. Chapter 7 Conclusion, concludes the thesis with some discussion, including
the future potential in this research area.
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Chapter 2

Intelligent Beehive Monitoring

Researchers have been showing immense interest in beehive monitoring for decades to
design an efficient system for beekeepers and reduce the stress of inspecting beehives.
Manual inspections are time-consuming, labour-intensive, and disruptive to the beehive
that takes considerable time to settle back. It highly affects the commercial beekeepers
having hundreds of beehives. This chapter presents the various attempts rendered by
researchers to monitor the bees and the beehives to scrutinize their health or activities.

This chapter is organized by the type of approaches taken by various pieces of research.
Section 2.0.1 Wireless Sensor Network covers the Wireless Sensor Network (WSN) ap-
proaches. Section 2.0.2 Multiple Sensor-Based Approaches, discusses the approaches that
use various sensor-based technologies. In section 2.0.3 Acoustic Signal Processing, re-
search done in audio signal processing is described. In section 2.0.4 Computer Vision,
computer vision-based investigations are discussed that includes video or image process-
ing approaches. Section 2.0.5 Other Approaches, covers some other traditional methods
investigated by researchers. Further in Section 2.0.6 Comparison and Discussion, the
comparison and critical evaluation of existing methods are illustrated to help determining
the right approach for the purpose. It also describes the reason to select the computer
vision-based approach to detect bee infection.

2.0.1 Wireless Sensor Network

Wireless Sensor Network (WSN) technology is prominent and suitable in systems as re-
mote beehive monitoring and can be combined with many other techniques. These systems
are less invasive to the beehives and operative even from a remote location. A heteroge-
neous WSN was experimented using two different analysis systems[33]. The analysis was
based on biological, environmental, and engineering points of view. The conclusions were
made based on the local weather report. The initial design comprised a threshold-based
method using a decision tree algorithm, which achieved an accuracy level of 95.38%. The
author expected to add more data to achieve more accuracy, up to 95.4% in future ex-
periments. The algorithm executed with the end node and 3G/GSM technology was able
to find the relationship between knowledge and data stream using machine learning. The
beehive states are checked on site, evaluating the attempts by the classifier to identify the
states using the sensor inputs. Various researchers also take advantage of cloud computing
for beehive monitoring purposes. A low-cost beehive web monitoring system is recom-
mended in [14], [34], which harnessed the benefits of Internet of Things (IoT) and cloud
computing. The convenience of Low Power Wide Area (LPWA) or 3GPP protocols and
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easy availability of programable nodes make it easier to build low-cost sensors and effec-
tors for IoT. They proposed a lambda architecture capable of processing and normalizing
a huge variety of data at the immoderate frequency shared among researchers.

2.0.2 Multiple Sensor-Based Approaches

An integrated system offered in [35] is inspired by machine vision and learning, automa-
tion, electronics system integration, ICM, IoT, and IndusBee 4.0 domains. This advanced
system caters for bee colony instrumentation and health monitoring and is designed to
assist beekeepers through the system. Another system to monitor the foraging activities
of the honeybees was proposed in [15]. It is fitted with infrared transmitting and receiv-
ing components. It can also detect the environmental factors such as climate, relative
temperature, and humidity of the beehive. The LEDs are used to observe the foraging
activity, whereas SHTII sensors test the environmental conditions. An IoT based system
[36] combines all the advances of existing IoT based beehive monitoring systems and adds
more functionalities on top of it. The system comprises intelligent sensors installed inside
and outside the hive and driven by a solar energy panel, which gathers real-time data.
The data is transmitted to the cloud environment to be processed and analyzed. The
real-time information is projected on the dashboard of a user-friendly software system.
Beekeepers are notified if data extends any peak levels. A semiconductor gas sensor sys-
tem was suggested in [37] to detect varroa infestation in honeybee colonies. According to
their analysis, the sensors’ responses alongside infestation levels performed better when
the infestation rates were more than 9.1%. A very similar approach was proposed in [38]
that detects low, medium and high categories of bee infestation from the data collected
during 24hr. The results varied based on the time of the day. Moreover, different times
were suitable for detecting a specific type of infestation.

2.0.3 Acoustic Signal Processing

Several pieces of research have been done to identify bee activities using sound signals
in the beehive. A study conducted in 2018 [39], suggested a general classifier to classify
swarm and normal activities using audio data recorded from a beehive. The system used
Mel-frequency Cepstral Coefficients (MFCC) feature extraction method then fed into one
state hidden Markov acoustic model. The maximum classification accuracy achieved was
80.89%. The model was tailored using the basic principles of human speech recognition.
Support Vector Machine (SVM) and CNN algorithms are experimented with to classify
bee or no bee states of the beehive in 2018 [40][40]. The audio data was segmented and
normalized before assigning labels to segments with and without external or overlapping
sound. In this case, SVM outperforms the CNN method, indicating essential aspects to
be considered in specific cases while advancing with technologies like neural networks.
In 2019, [41] proposed a two-step system to identify the queen less state of the beehive.
First, it used MFCCs Mel spectrograms and Hilbert Huang Transform (HHT) algorithm
to determine the audio frequencies. Second, it applied SVM and CNN methods, exper-
imenting with different combinations of features and parameters. The study shows that
combining MFCC and HTT provide better results. CNN did not appear to generalize
well to unseen hives; however, it achieves good results in hive dependent settings, proving
that it is feasible for the specific problem only. An audio-based system to classify infected
and non-infected bees was suggested in [1]. The data was collected from healthy hives
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and varroa infected hives to train and test the model. Principle Component Analysis
(PCA) feature extraction method was used to feed the audio data into Linear Discrim-
inant Analysis (LDA) and SVM algorithms. Both classifiers proved their capability to
generate projections accuracy percentages; however, it comes with the computational
time. A strong classifiers can be built with cleaner and added training data.

2.0.4 Computer Vision

This sub-section articulates computer vision-based solutions proposed by various re-
searchers to observe different activities of bees and their health. It covers various methods
used to identify pollen-bearing bees, the foraging behaviour of honeybees, and their health
status.

Identification of pollen-bearing bees

Several researchers have investigated a non-invasive method to identify pollen-bearing
bees at the beehive entrance using surveillance video or images. A system [42], that used
a Raspberry Pi camera to record video; then, image frames are acquired to process them
further. The approach used background subtraction, colour segmentation, and morphol-
ogy methods to segment bees from the images then implemented the nearest centroid
classifier to classify pollen-bearing bees and non-pollen bearing bees. The classifier is
used with a simple descriptor based on colour variance and eccentricity features. A sim-
ilar approach [28] to classify pollen-bearing bee images used segmentation of bees from
images using colour descriptors. Then classification methods SVM was trained on VLAD
encoded SIFT descriptors. Another group of researchers [43] offered an approach in which
first, the colour and motion of bees was detected from the video and tracked the count
of pollen-bearing bees using Kalman filter and the Hough transform. Second, bees main
body parts (head, trunk, and tail) are obtained, creating a blob for each image, and re-
moving the elliptical shape from the blob. The pollen pods are identified in the rest of the
blob using a colour threshold and pollen sac features. A colour based image augmentation
and CNN method were applied in [44] for the same purpose. They applied shallow and
deep CNN architectures and baseline methods SVM, KNN and Näıve Bayes (NB). Shal-
low CNN architecture sequenced to have 2d-convolution, ReLu-activation, max-pooling
whereas, in deep CNN method, VGG16, VGG19 and ResNet50 were pre-trained using
the publicly available weights from their respective sources. The use of PCA improved
the results of baseline methods SVM, KNN and NB by 30%. A simple CNN method
worked better than deep CNN in this case as it avoided longer computations. They also
mentioned the importance of alignment of the images before processing them.

Monitoring foraging behaviour of honeybees

Another system [45] is designed to count and monitor the foraging behaviour of the hon-
eybees based on their images taken at the entrance. All bees were labelled with a circular
numbered tag and provided a passageway to go in and out of the beehive so that they can
be pictured precisely. The circular Hough transform algorithm was used to identify the
tag, and an SVM classifier was implemented to recognise the tag’s character. It showed
more than 98% accuracy but sticking the tag on each of the bees seems impractical. A
system named Beemon [46] uses Raspberry Pi and A Tmega328Ps framework to record
and investigate the bee activities at the beehive entrance. According to researchers, the
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system is cost-effective to acquire data and monitor bees’ actions and health status. A
real-time imaging system was designed for the monitoring of beehive activities [47]. The
image segmentation and background subtraction method, Integrated Filter and Hungar-
ian algorithm are used to track the count of each honeybee with an approximate accuracy
of 93%. Further, the 4GLTE router was used to send the bee activity records and envi-
ronmental information from sensors to a remote server for evaluation.

Monitoring bee-health

A computer vision technique offered in [30] is based on deep learning evaluation of video
data to measure the infestation level in the beehive. The system counts the honeybees
and finds the position of varroa mites. The researchers combined various existing meth-
ods to offer an automatic, robust, and portable system comprising CNN, illumination
wavelength analysis, and extensive image processing channel. The proposed system Infes-
tation Level Estimator (ILE), provides 97% F1-score for counting bees and a mere 91%
for perceiving infected bees. The system seems complicated in terms of the mechanical
setup and procedures used. A complex Video Monitoring Unit was installed with a mul-
tispectral camera and illumination with blue, red, and infrared LED light in recordings
to separate mite and bee pixels. The researchers [31] proposed a solution to classify mite
or no mite bees from video data. They created frames of the video recordings obtained
from the beehive. In the data pre-processing stage, foreground detection was done using
background subtraction and colour threshold techniques. Then individual bee patches
were extracted to have individual bee images. The images were then pre-processed using
Adaptive Histogram Equalization and Color Model Transformation techniques. Various
feature extraction methods such as Color histograms, Color histogram moments, Local
binary patterns and Dense SURF were experimented before feeding the data into three
different ML algorithms; Naive Bayes, SVM, and Random Forest (RF). This study proves
that background subtraction with GMMs and colour thresholding (using CIELab or HSV)
improves performance. SVM and RF algorithms provide an F1 score of just over 80%. A
group of researchers suggested [48] an optimal camera setting system to acquire a high-
quality video or images to better identify varroa destructor mite on the body of honeybees
entering or leaving the beehive. They explored different camera, colour, and brightness
settings to make the parasite visible on the bee images. A complete system was proposed
in [8] that uses image recognition technology along with other beehive parameters such
as temperature, sound, weight to detect the varroa infection in a beehive. The infestation
level will then be shown to beekeepers via a web interface. The mites’ position will be
localized to treat them with a laser beam. The work is not integrated and tested as a
whole; however, partial experiments show that high-resolution images and larger images
work to ideal. The optimal results were obtained with the image of 320×240 pixels having
0.477s of processing time and around 0% of error rate. The researchers suggested placing
the camera above the beehive entrance so that the mites could be identified and targeted
to kill using the laser beam.

2.0.5 Other Approaches

There are other methods to detect pests on honeybees. The sugar shake method, water,
and alcohol method [11] are a few of them. The researchers advised the sugar shake
method to identify varroa contaminated bees in the hive. In this method, powdered sugar
is sprinkled on bees. As sugar sticks to the bee body, it blocks the mites’ tarsal pads,
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Figure 2.1: Varroa Infected Honeybee [49]

making them shake off from host bees. It removes 77% to 91% of the mites depending on
factors such as temperature and humidity. The varroa mite population in the colony can
be estimated from the count of the mites detached from adult honeybees from one brood
frame. Water and alcohol washing kits are used to wash and collect fluid. These methods
can be performed in brood-less colonies for research and business purposes. However,
alcohol wash kills a few bees and varroa mites without affecting overall beehive health,
strength, and productivity.

2.0.6 Comparison and Discussion

As discussed above, various researchers presented miscellaneous solutions to monitor bee-
hives for different states or their health. The solutions are based on multiple parameters,
such as audio, video, gas, humidity, and temperature. Each one of these approaches is
suitable for a specific purpose possessing its own cost and benefits. Temperature and
humidity-based methods are only useful for detecting absconding situations. Gas sensors
can identify varroa mite toxicity, but only if the infection levels extend more than 9.1%
[37]. These sensors work differently at different times of the day and are only suitable for
detecting a particular type of disease at a precise time [38]. Audio-based systems require
several microphones to be fitted inside the hive that can be expensive and damaged by
the beeswax if not installed securely. Moreover, Audio signals from beehives are likely to
include environmental and unknown noise as beehives setups are mostly in open spaces.
It is vital to extract relevant features and implement a digital filter to eliminate or reduce
noise [1]. As per the above-cited study [41], the implemented method CNN used with
acoustic signals did not generalize well to unseen hives. On the other hand, CNN out-
performs in the case of image classification. Most of the existing computer vision-based
approaches [30], [31], [48] to detect varroa mite in literature used video recordings to
capture the bee images that take ample amount of memory and computing power as com-
pared to the image processing. According to [1], audio-based LDA and SVM models yield
computational time. Although all the existing solutions are feasible to detect pests, var-
roa destructor, classification performed using visual data give the impression to be more
accurate and practical for the purpose. The varroa destructor mite is more detectable
when seen, having distinct colour and shape, than producing varied sound, temperature,
or gas. Moreover, these symptoms appear at the later stage of the infection [37], [38]. On
the other hand, mite patches, as seen in Figure 2.1, can be noticed immediately after bees
get infected and can be tested at the entrance of the hive. Table 2.1 shows the various
approaches adapted from the literature used to monitor beehives conditions using differ-
ent parameters to acquire the data from a beehive. A particular method is suitable for a
specific purpose, such as weight, can be used to identify foraging and swarm activity, and

11



Chapter 2

Bee Status
Data Collec-
tion Method

Death Foraging Queen
Status

Swarm
Activ-
ity

Pollen
Bear-
ing

Health
Status

Weight 7 3 7 3 7 3

Temperature 3 3 7 3 7 3

Gases 7 3 7 3 7 7

Humidity 7 3 7 3 7 7

Acoustic 3 7 3 3 7 3

Video 3 3 3 3 3 3

Image 3 3 3 3 3 3

Manual 3 3 3 3 3 3

Table 2.1: Relationship between Beehive Data Collection Methods and Bee Status

Analysis Criteria
Data Collec-
tion Method

Non-
invasive

Cost Ef-
fective

Data Col-
lection

Analysis Application

Sensor-Based 3 3 3 3 3

Acoustic 3 3 3 3 3

Video 3 7 3 3 333

Image 3 333 33 333 333

Manual 7 7 7 7 7

Table 2.2: System Efficiency Analysis based on Beehive Data Collection Methods

beehive fatality can easily be detected by its temperature, sound, or vision system. Com-
puter vision-based systems are suitable for identifying all sorts of activities and states.
Further analyzing the convenience of the available systems, shown in Table 2.2, manual
monitoring systems are found to be invasive and more expensive than other systems. It
also demands excessive time and effort, which can be saved using automated methods.
Moreover, compared to the other systems working with images gives the impression to be
more convenient and cost-effective. These comparisons shown in Table 2.1 and Table 2.2
are drawn based on the knowledge and investigation adapted from the studied literature.

Based on the extracted knowledge from the literature, it is asserted that vision-based
image classification is more accurate and suitable for varroa mite detection. Furthermore,
processing images are more perspicuous than processing video data. Hence, we see that
image-based data acquisition and processing is comprehensively suitable for identifying
varroa mite on the bee’s body. The acquired images need to be prepared and refined
before channelling them to a classifier. The following section covers diverse pre-processing
practices and feature extraction and classification techniques reviewed by researchers for
detecting mite on images.

2.0.7 Summary

The use of WSN technology is majorly popular amongst remote beehive monitoring sys-
tems. It provides the convenience of connecting to the beehives located in remote loca-
tions. Mobile communications such as GSM or 3G are widely used to broadcast data
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between nodes. The use of cloud computing and IoT technologies also prevail in this area
of study. Multiple sensor-based methods make use of temperature, humidity or gas to
examine the beehive’s condition. Many of these systems are used to identify the foraging
behaviour of the beehives and their environmental conditions. Researchers apply IoT
based systems consisting of intelligent sensors driven by solar energy panels to collect
and project real-time information. Sensor-based systems can also detect bees’ health,
but they work only if the infestation level reaches higher levels and is more effective at
certain times of the day. Audio-based systems mostly use the basic principles of human
speech recognition and classify swarm activities, such as bee or no bee state or queen less
state of the beehive. The acoustic method to classify bee’s health seems successful with
particular feature extraction and huge training data. However, to identify bee’s health,
the vison-based approach is more suitable and popular among all systems. The vision-
based approaches address the cases, including identifying pollen-bearing bees, monitoring
the foraging behaviour of the beehive, and observing bee health. The specific camera
setup in and around the beehive is advised to obtain the videos. To work with videos
requires more processing and extra memory than image processing or other technologies.
There are other methods such as sugar shake water or alcohol method. These methods
somewhat depend on the temperature and humidity of the beehive or risk losing even
healthy bees. Compared to the other technologies, image processing seems more suitable
for detecting varroa mite of a bee’s body as having a divergent colour can be spotted
visibly on the bee’s body. Researchers use several classification methods but, the CNN
method overweighs any other methods dealing with images.
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Infected Honeybee Image Processing
and Classification Methods

Computer vision is a broader term that includes object recognition, activity detection,
image reconstruction, audio-visual tracking and techniques of gathering, processing, and
analyzing data. As part of computer vision, image recognition is a process to detect an
attribute or object in a digital image. Classification of the image is required to perform
a series of preprocessing, feature extraction, and augmentation tasks before applying the
classification method. This chapter explains various methods experimented by researchers
for infected bee image processing and classification routine. The focus is on the techniques
that better fit to identify varroa infection on a bee image and if these methods can be
utilized for this research.

This chapter is organised as follows: Section 3.0.1 Image Preprocessing and Feature
Extraction Techniques, covers techniques used to preprocess and extract features of the
images. Section 3.0.2 Image Data Augmentation, explains available image data augmenta-
tion techniques. Section 3.0.3 Image Classification Methods, describes the popular image
classification techniques used by researchers.

3.0.1 Image Preprocessing and Feature Extraction Techniques

Image preprocessing or feature extraction is helpful to identify the object on the image
better. In bee infection identification, the methods Histogram Analysis, Hough Trans-
formation, and Region Labeling(Color Identification) can be used on bee images before
feeding into the ML algorithms for classification [8]. Histogram Analysis can be successful
in detecting varroa mite by observing the colour peaks in the histogram. Hough Transfor-
mation is a suitable method to see lines and circles, but mites might appear in different
shapes considering their relative positioning to the camera. Moreover, it is also challeng-
ing to parameterize the form of mite as images need to be converted in Edge Maps. The
region Labeling method is capable of identifying areas inside a colour interval. These
areas can then be analyzed for size and colour to identify the mite.

CLAHE is helpful to enhance the contrast of obscure images. This method is investi-
gated in [31] on bee images to detect varroa mite by improving image contrast. Due to
the distinct colour of the mite, researchers analyzed the CIELab and HSV colour spaces
apart from the RGB colour. The best results for accuracy and F1 score were obtained
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using CLAHE on HSV colour space in their case.

3.0.2 Image Data Augmentation

Image data augmentation is a method that can be used to enlarge the training dataset
by producing modified versions of images in the dataset. The problem of small datasets
or imbalanced data columns can be handled using data augmentation. It helps reduce
overfitting and model to generalize well. Many pieces of research [30], [50], [51] affirm
that increasing the volume of data can improve the performance of the classifier. Despite
that, there is limited use of this technique in the varroa detection case scenario. Image
data augmentation was used in [30] as part of their whole proposed system that achieved
F1 score of 91% to identify mite on bee images. However, the reason for the score is
uncertain as classifiers performance is not compared based on data augmentation and
could be drawn on other factors such as image quality or classifier’s hyperparameters.
This is the motivation to test the classifiers accuracy with and without an augmented
dataset for this project. Further other data augmentation techniques are explored to
discover the more coherent one. These techniques are explained in this section below,
along with a brief description of the available methods. Figure 3.1 of the image data aug-

Figure 3.1: Image Data Augmentation Hierarchy [52]

mentation hierarchy shows two ways of augmenting datasets; basic image manipulations
and deep learning approaches. The basic image manipulation methods include kernel fil-
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ters, color space transformations, random erasing, geometric transformation and mixing
images. On the other hand, adversarial training, neural style transfer and GAN data
augmentation methods fall under deep learning approaches. The Meta Learning meth-
ods, Neural Augmentation, AutoAugment, and Smart Augmentation, use Neural Style
Transfer, Geometric Transformation, and Mixing Images augmentation methods respec-
tively. The data augmentation method used by the corresponding meta-learning method
is depicted, showing coloured lines. Following is a brief description of basic image manip-
ulation and deep learning techniques shown in the hierarchy above. Since the geometric
transformation technique and GAN based data augmentation techniques are used in the
study, thus both methods are explained more precisely.

Basic Image Manipulation Techniques

Kernel filters are used to sharpen or blur the images. A high contrast horizontal or verti-
cal edge filter produces sharper images along edges, whereas a Gaussian blur filter results
in a blurred image. In the color space transformation technique, the color distribution of
images is altered to produce new images. To deal with overly bright or dark images, pixel
values are changed to a constant value. Other fixes could include splicing out each RGB
colour matrices or limiting pixel value to a specific min or max value. It is an excellent
solution to illumination challenges to deal with testing data [52], but it comes with the
price of increased memory, training time and transformation cost. In the mixing tech-
nique, images are mixed together by averaging their pixel values. Although the produced
images seem insensible to a human observer, it returns excellent results with classifiers.
Studies [53]–[55] show that the sample pairing technique reduced the error rates of the
classification. Sample Pairing can be piled on other augmentation techniques. Mixing
images with non-linear methods resulted in higher performance [54]. Random erasing
in a data augmentation technique is inspired by the processes of dropout regularization
dealing with the challenge of occlusion. The random patches are selected and masked
with either 0s, 255s, random values, or mean pixel values. By removing the patches, it
alters the input space for the model to discover other descriptive features. The idea of
stacking GAN with the random erasing method was suggested for image inpainting, filling
the missing part of the image, which resulted in impressive outcomes [52].

Geometric transformation is a basic image manipulation technique in which the indi-
vidual images are transformed by cropping, flipping, rotating, zoom in and out, or even
varying the images’ colour. This technique was applied in [30] to detect varroa infection
on bee images. The basic image augmentation was employed to all images with horizon-
tal and vertical flip and rotation, providing a four times larger dataset to train the CNN
classifier, ultimately improving performance. Images can be flipped either horizontally or
vertically. Horizontal flipping is useful in datasets such as ImageNet or CIFAR-10 but not
in MNIST as the transformation will not be label-preserving transformation. Images can
be rotated to certain degrees between 1° and 359° to the left or right. The rotation axis
parameter affects the augmentation and might not preserve the post-transformation label.
For example, minor rotation such as 1-15 or -1 to-15 will not affect the image recognition
task. Still, if it is rotated significantly, the data label is no longer preserved after trans-
formation. Cropping method crops the central part of the image with mixed width and
height. It reduces the size of the image. Random cropping can also be implemented that
sustains the spatial dimensions of the image. The reduction threshold for cropping de-
cides if the transformation is label-preserving. Colour space transformation is performed
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by isolating one of the RGB colour channels and adding two zero matrices from the other
colour channels. Besides, the RGB values are altered to change the brightness of the
image by changing the pixel intensity in the colour histograms. In the translation tech-
nique, the images are shifted to left, right, up or down to reduce the positional bias in the
images. Data augmented using this method caters more robust classification system. The
remaining pixels values of the translated image can be filled with random noise, preserv-
ing the spatial features of the image post-augmentation. In the noise injection method,
random noise of the Gaussian distribution matrix is injected into images to make the sys-
tem more robust. Geometric transformations are robust solutions to deal with positional
biases. They are easy to implement, supported by image processing libraries. However,
they entail computing cost, added memory and training time.

Deep Learning Approaches

Adversarial training is a platform where two or more networks work with contrasting
ideas encoded in their loss functions to augment image. Adversarial attacking rival net-
work constrained noise injection, learn image augmentation to fool the rival classification
network to misclassify it. The technique has been highly successful, but misclassifications
with adversarial attacks are restricted to the border of images [52]. This method works
better on high-resolution images. Neural style transfer is used explicitly for artistic ap-
plication but can also be used for data augmentation. This method alters the sequential
representations across CNN to transfer the image to another while conserving the original
content. Data augmentation can be achieved using this method by extending lighting
variations and encoding different textures and artistic styles. This method improves the
generalization power of simulated datasets; however, manual annotation demands time
and cost. Selecting styles to transmit images into is an exhausting task and considered
the main disadvantage of the Neural Style Transfer data augmentation. There are chances
of added biases in the case of the small style set. Studies show that it requires additional
memory and computing power to transform and generate multiple images from each image
[56]. This method is not ideal for data augmentation because of slow running time [52].
Meta-learning is an idea of optimizing neural networks assisted with neural networks. The
research [57] suggested recurrent network trained with reinforcement learning to design
meta-learning architectures that returned an error rate of only 3.65 on the CIFAR-10
dataset. Neural Augmentation was proposed in which two random images from the same
class are fed into CNN to generate a new image [58]. The generated image is then trans-
formed through Neural Style Transfer. These images are then fed into a classifier, and
its error is used to update the neural augmentation network. The result of this network
is compared with different datasets and found to be promising. The authors suggested
integrating the ideal mixing of images. Smart augmentation consists of two networks, the
first network generating a new image with two or more images and feed into the second
network. The changing error rate in the second network is used to update the first net-
work. The first network can be expanded to use multiple networks trained in parallel,
favouring class-specific data augmentation. This method uses adaptive CNN to extract
new images instead of hand-engineered image combinations or averaging pixels as done in
mixed examples. The smart augmentation technique shows improved performance when
compared with conventional augmentation methods [52]. Auto-augment is a Reinforce-
ment Learning mechanism that finds the optimal scheme to augment data from a limited
set of geometric transformations with various levels of distortions. The approach entails
many sub-policies, which in turn comprised an image transformation and a scale of trans-
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Figure 3.2: GAN Architecture

formation. Models evaluated based on auto augmented data performed much better than
other methods. For instance, on the CIFAR-10 dataset, the accuracy increased by 20%
when the model was evaluated on augmented test data [52]. Being a comparatively new
concept, meta-learning has not been heavily investigated. Moreover, it takes a prolonged
time to apply.

GANs are a deep learning-based generative model that is used for unsupervised learn-
ing. It is a system where two competing neural networks compete to generate variations
in data. The idea of GANs is first described in 2014 by Ian Goodfellow, and Alec Radford
presented a standardized and much more stable model in 2016 [59], known as Deep Con-
volutional Generative Adversarial Network (DCGAN). As seen in the Figure 3.2, GAN
consists of two neural networks; generator and discriminator, which are Deconvolutional
Neural Networks (DNN) and CNN, respectively. Given the training data, the generator
network generates random, artificial outputs, which can be easily misinterpreted as real
data, and passes on to the discriminator. Discriminator network then classifies its input
as real or fake with the help of a sigmoid function that gives the output in the range 0 and
1. The generative model analyses the distribution of the data so that after the training
phase, probability of the discriminator making a mistake maximizes. On the other hand,
Discriminator is based on a model that will estimate the probability of the sample coming
from the real data or not the generator. Training of GANs occurs in two phases. In the
first phase, the discriminator is trained, keeping the generator frozen, which means that
the training set for the generator is turned false. The network will only do the forward
pass, and no back propagation will be applied. The discriminator is trained with both
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real and fake data to make correct predictions. In the second phase, the generator is
trained freezing the discriminator. So, the result from the first phase is used to improve
from the previous state to fool the discriminator better.

GAN Generated Image Quality Assessment

Researchers initiate various methods to assess the quality of the GAN generated images.
However, the assessment technique to be used is completely dependent on the purpose.
One of the most common methods is to manually visualize images that are used by many
investigators [60]–[62] along with other methods. Manual inspection is used to compare
the synthetic images with reference images or without any reference image by visualizing
them. A visual Turing test is applied in [63] to assess the GAN-generated image quality.
The researchers used an online platform to ask human annotators to judge between real
and fake images. It then calculated the overall error rate for incorrectly identified images.
The study [61] offers two image quality assessment measures based on image classification
GAN train and GAN test that estimate the recall and precision of the GANs, respectively.
The recall approximates the diversity, whereas precision assesses the image for its quality.
The GAN IQA model, a naturalness-based image quality predictor for synthetic images,
was proposed in [62]. This system is developed using a multistage parallel boosting system
based on similarities of structural features and depth of statistical features. The GAN
IQA model successfully predicted and discerned the quality of the generated and real
images. A very common way to evaluate GAN is the Inception Score(IS), and Fréchet
Inception Distance (FID) advised in [63] and [64], respectively. The IS method computes
the KL divergence between the response produced by the image and the average response
of all the fake images applying the inception network trained on the ImageNet dataset.
This method is competent to measure the diversity of the generated images but not
efficient to assess the generator’s approximation to the original image distribution. Also,
it is highly susceptible to small modifications in the inception network weights and large
variance of scores. The FID compares the inception activations of real and fake samples.
The approximation is computed by calculating the means and co-variances of real and
generated images, which is insufficient to capture the fine details. These methods are
based on ImageNet pre-trained Inception network, making it unreliable for other types of
images such as faces or biomedical images. Another smart and favoured way to arbitrate
the GAN-generated images’ quality is t-distributed stochastic neighbour visualization (t-
SNE) used in [60]. The method is employed to scale down the high dimensional data into
two-dimensional data points for visualization. It represents the similarities between each
feature point by iteratively comparing the probability distribution of data points in high
and low dimensional spaces. This algorithm can be applied in real and fake samples of
images to analyze their resemblances.

3.0.3 Image Classification Methods

Various classification algorithms are designed to predict a class label for a given input
data. The research [31] experimented and compared the results with three classifiers,
Näıve Bayes, SVM and RF, to detect varroa infected bees. Näıve Bayes is a probabilis-
tic classifier that operates with a conditional probability distribution, i.e., probability of
assigning a label provided a set of features. It treats every feature as independent of
one another, which hardly stand right in real scenarios and may give flawed estimations.
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Support Vector Machine (SVM) can be used for both classification and regression prob-
lems. The method generates a hyperplane in multidimensional space to split distinct
classes. The hyperplane gets optimized iteratively, reducing the error. It finds a max-
imum marginal hyperplane that best separates the data into classes. It works well for
continuous and categorical variables. Random Forest (RF) being an extensive collection
of decorrelated decision trees, classifies the data based on the votes produced by each
decision tree in the forest. The label that obtains the most votes is identified as the class
of the instance. RF works on random and reduced features and decreases the correlation
between trees, eventually increasing the learning ability of the algorithm significantly [65].
Among these three, the RF method performed slightly better compared to Näıve Bayes
and SVM in [31].

The researchers [7] used CNN to classify pollen-bearing bees experimenting to find
the more suitable architecture of the model. A robust CNN model was offered by [66]
that automatically classifies a particular cell, to be infected or not, in thin blood smears
on standard microscopic images. The CNN method was also explored in [30] to detect
varroa mite on bee images that achieved very high accuracy. Based on the literature, it
manifests that CNN outperforms in image classification cases compared to other methods.
It performs better, given the correct architecture and sufficient data. Inspired by [30],
the CNN method is planned to be used in this project to classify infected honeybees.
Following is a brief description of its architecture and operation.

CNN

CNN has received massive attention from researchers since it won the image classification
competition 202 (ILSVRC12) and proposed in [67]. CNN’s are highly capable of recog-
nizing high-level image representations with a sufficient amount of annotated data. CNN
is a kind of neural network used explicitly for computer vision applications and image
recognition. Unlike conventional multilayer perceptron architecture, CNN operates on
convolution and pooling mechanisms to reduce an image into essential features. These
features are then used to classify the image. CNN architecture consists of layers; Convo-
lution layer, Activation layer, Pooling layer, and Fully Connected layer. The convolution
layer is also referred to as kernel or filter that traverses over the image, screening a few
pixels at a time in the form of a matrix. This layer calculates a dot product of the original
pixel value and weights defined in the filter. The summed-up number represents the pixels
observed in that matrix. The convolution layer is followed by the activation layer. The
activation layer is a matrix generated by the convolution layer that runs through the acti-
vation layer and establishes non-linearity allowing the network to train itself through back
propagation. ReLu is most commonly used as the activation function. In the subsequent
sub sampling or pooling layer, the matrix size is further reduced. In this process, the filter
passes over the results of the previous layer and selects one value, usually the maximum,
out of each matrix of values. This process makes CNN learn much faster as it concentrates
on the most crucial element in each feature of the image. A fully connected layer is added
after a number of convolution and pooling layers. This layer takes a flattened form of
input features of one-dimensional vector conceiving the output from the previous layers.
It outputs a list of probabilities for defined labels. The label with the highest probability
is considered a classifiers decision.

As seen in Figure 3.3, there may be several convolutional and pooling layers depend-
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Figure 3.3: Example of CNN architecture

ing on its architecture. The mechanism of convolution and pooling empowers CNNs to
shrink the image into its important characteristics making it unique among other image
classifications. The comparative study of image classification techniques [68] also claims
that CNN works better than other conventional image classification techniques, especially
with large datasets.

3.0.4 Summary

This chapter encompasses the systems explored by various researchers in varroa mite iden-
tification using image data. The methods used in each stage of the process are discussed
to find the best methods. Histogram Analysis, Hough Transformation, and Region Label-
ing are appealing in preprocessing stage but might not be reasonably suitable to detect
varroa mite. The CLAHE preprocessing method is applicable in cases where images are
of low quality. It enhances the contrast of the image, and in turn, the objects become
more identifiable to the ML algorithms. A popular image augmentation technique, the
geometric transformation is applied by a large group of researchers, which has success-
fully enhanced the classifier’s results to some extent. There are various deep learning
approaches to generate synthetic data, each of which fits the specific purpose. A deep
learning approach GAN has been very popular in recent years to generate synthetic data,
but very few researchers experimented with data augmentation compared to conventional
methods. Moreover, the DCGAN variation of GAN has never experimented on bee im-
ages for identifying varroa infection. In varroa detection, the classification technique RF
performed better than other classifiers such as Näıve Bayes and SVM, but CNN surpassed
all ML methods when analyzing images. CNN comprises one or multiple sets of Convo-
lution layer, Activation layer, Pooling layer, and Fully Connected layer. The convolution
and pooling mechanism of CNN enables it to reduce an image into key features, making
it different from other ML methods. Based on the knowledge derived from these studies,
the proposed model is designed. Following chapter informs about the proposed model
design, including the architectures of the methods applied in each phase.
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Model Design

This chapter articulates the proposed research design and model. It explains the methods
to be implemented in each stage, incorporating their configurations and reason to imple-
ment them. This chapter includes, Section 4.1 Proposed Model, details the proposed model
design, including processes used in each stage. Subsection 4.0.1 Data Pre-Processing, ex-
plains the preprocessing method to be used on bee images. Subsection 3.0.2 Image Data
Augmentation, details how the data augmentation tasks, Geometric Transformation and
Synthetic Transformation, are planned to be implemented. It also includes the method
used to assess the synthetic images. Subsection 4.0.3 Classification, elaborates the meth-
ods used to classify bee images and how those methods are configured to apply. The
methods include the proposed CNN and transfer learning method VGG16.

Based on the knowledge acquired from the literature, the proposed model is designed
to combine a contrast enhancement method to contend with low contrast images and a
novel data augmentation scheme for improved bee image binary classification that will
be compared with the conventional data augmentation method. The proposed augmen-
tation method generates new synthetic images resembling the training images, unlike the
conventional method, that transforms the original image in various ways. An optimized
classifier and transfer learning technique are used for the classification task. Figure. 4.1
portrays the block diagram of the proposed model. Subsequently, the methods used in
each stage is explained in detail.

Figure 4.1: A Block Diagram of Proposed Model
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4.0.1 Data Pre-Processing

Manifesting the literature review confirms that varroa infected beehive is easier to iden-
tify when spotted on the bee’s body. Stable images serve the purpose instead of utilizing
other means such as sound, gas, humidity. Various solutions suggested video recording of
bees to process it further to extract individual bee images by multiple methods such as
extracting frames, segmentation, and background subtraction that included complexity
in the system. Some researchers used a unique camera setup, passageway, and lighting to
better record bees that require additional hardware and maintenance [30], [42]. However,
in this study, a publicly available image dataset [69] is used that consists of standard
images with various anomalies. Images in the dataset are of different sizes and inconsis-
tent quality, with blur, shadow, darkness, and slightly camouflaged background. These
inconsistencies and any class imbalances are handled in the data pre-processing stage.
The average image size is calculated to have the least distorted images for the classifica-
tion task. Nevertheless, images are resized as per the requirement of the state-of-the-art
VGG16 classification model. Another study [32] is also evident that low-quality images,
shadow or external objects present on the images contribute to the reasons for CNN to
perform poorly. So, the data enhancement of a specific type is required depending on
the case study and the quality of the input images. CLAHE method is implemented to
enhance the contrast of the images, which is also advised in [31].

CLAHE

The bee images are of low contrast and standard quality. We propose to use an image
enhancement method CLAHE on all bee images to improve their contrast and make the
object more understandable to the classifier. The method is extensively used to enhance
still images which is first proposed in [70] and summarized in [71]. Besides its use in varroa
detection [31], the CLAHE method is also proposed in [72] to reduce the noise effect of
the retinal colour image. They implemented the method on G channel instead of all RGB
channels, which improved the quality of the retinal colour image. The CLAHE technique
was embedded in the model proposed in [73] to improve the quality of the extremely dark
images. They suggested converting the RGB to HSV colour space and then extracting
the image intensity component and applying normalization. The pixel noise is introduced
when the intensity value is enhanced on the intensity component that contains the dark
pixels. So, the inverse of the intensity component is taken before removing the noise to
apply CLAHE on it. The method successfully improved the quality of the dark images
preserving the edges and details. This method can be efficient in real-time dark image
enhancement. However, motivated by [31], CLAHE method is applied on bee images for
this study.

Histogram Equalization (HE) is a method that computes global equalization on the
image. In contrast, Adaptive Histogram Equalization (AHE) implements several his-
tograms corresponding to different blocks of the image and use them to redistribute the
precision value of the image. It improves the local contrast and definition of edges in
each block of the image. The problem with AHE is that it tends to overamplify the
noise in homogeneous regions of the images as the contrast is not limited. As a result,
the dark areas look darker, and light areas look lighter, making the image features more
invisible. In CLAHE, an improved version of AHE, the distribution parameter defines the
histogram shape, producing better results than AHE. The noise is excluded in the equal-
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(a) (b) (c)

(d) (e) (f)

Figure 4.2: CLAHE Effect: (a) Original image, (b) Equalized image, (c) CLAHE image,
Histogram of (d) Original image, (e) Equalized image, (f) CLAHE image

ization function by setting a limit to the contrast level for each tile. It performs Linear
Interpolation at the tile edges to eliminate artificially converted edges. Unlike AHE, the
CLAHE method works on both homogenous and heterogenous fog and deals with colour
images, too [74]. Figure 4.2 depicts the effects of Equalization and CLAHE on a foggy im-
age. In Figure 4.2, the original image (a) converted to equalized image (b) included high
contrast but, it overamplifies the noise, making the image features imperceivable. Image
(c), where the CLAHE method is applied by limiting the contrast, makes it clearer to
distinguish the edges and detect the object on the image. The corresponding histograms
show how the pixel intensities are stretched in each method, where the horizontal axis
shows greyscale values, and the number of pixels is shown on the vertical axis. In the
equalized method, pixel intensities are stretched through 0 to 255 to include all the values
in the histogram range. Stretching the pixel values to the extreme ends makes the image
too light or too dark. On the other hand, the CLAHE method clips the limit on the
image’s contrast, resulting in clearer visibility of the edges and features. This method
will be useful to enhance the standard and foggy bee images. To evaluate the quality of
the CLAHE implemented bee images, a sharpness estimation method proposed by [75] is
used. The method measures the sharp details, such as edges, in an image. This method is
used to assess the improvement in CLAHE implemented images compared to the original
images. Following is a brief description of the Sharpness Estimation method.

Sharpness Estimation Method

The Sharpness Estimation method is a measure of a well-focused image or how the sharp
details, such as horizontal or vertical edges, are preserved. The sharpness estimation
method suggests using difference of differences in greyscale values of median filtered image
(∆DoM) that imply its sharpness. Median filtering is used to smooth out deviations
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caused by noise conserving the edges. Both horizontal and vertical edges are considered.
The ∆DoM in the horizontal direction shown in equation 4.1 is:

∆DoMx(i, j) = [Im(i+ 2, j)− Im(i, j)]− [Im(i, j)− Im(i− 2, j)] (4.1)

Where x is the horizontal direction, Im is the median filter, Im(i, j) is the grayscale value
of a pixel located at (i, j) in the median-filtered image. 2 is the offset value of difference.
∆DoM measures the change in slope that will be higher in sharp edges. As the edge width
is conversely proportional to slope in relation to difference of differences and ∆DoM being
distinct version of the second derivative, it is summed up over a window of size 2w + 1
and have a measure that is conversely proportionate to edge width w(ei).∑

i−w≤k≤i+w

|∆DoMx(k, j)|α 1

w(ei)
(4.2)

As the contrast improves, the width of the blur drops, hence the normalization is applied
on the quantities by the contrast at the edges.

C =
∑

i−w≤k≤i+w

|I(k, j)− I(k − 1, j)| (4.3)

Where I(k, j) is the pixel value at (k, j) location in the image. To calculate the overall
sharpness, the smoothened image is used with 1-D filter in both x and y directions.
The possible edge pixels were calculated using the location of the absolute values greater
than the threshold of 0.0001. The maximum values were normalized before applying the
threshold. The normalized valuation at each edge pixel(ei) was calculated to be sharp
if it is greater than the threshold T . The sharpness Sx(i, j) in the x-direction at a pixel
located at (i, j) on the image is determined as the ratio of the equations 4.2 and 4.3.

Sx(i, j) =
Σi−w≤k≤i+w|∆DoMx(k, j)|

Σi−w≤k≤i+w|I(k, j)− I(k − 1, j)|
(4.4)

A similar calculation was done to assess Sy(i, j) in the y-direction.

Rx =
#SharpP ixelsx
#edgeP ixelsx

, Ry =
#SharpP ixelsy
#edgeP ixelsy

(4.5)

SI =
√
R2

x +R2
y (4.6)

The sharpness computed at each edge pixel was then combined to assess the image
sharpness using Frobenius-norm. This sharpness estimation method is used to calculate
the sharpness of the CLAHE implemented images as compared to original images of the
bees.

4.0.2 Augmentation

The basic idea of implementing augmentation methods is to have enough data to train
the classification model that produce better accuracy. Many kinds of research [30], [31],
[48] emphasized the importance of the dataset size to train the CNN model to improve its
performance. The available dataset has just over 5K instances of all classes and only 1K
instances of the required class (varroa infected bees) needed for the classification. To deal
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(a) (b)

Figure 4.3: Example of (a) Horizontal Flip, and (b) Vertical Flip of an Image

with shortage of data, the available data is augmented to produce a better model and
assess its effect on the classification task. This research proposes a novel deep learning
based data augmentation technique DCGAN. A typical augmentation method, Geometric
Transformation is also experimented to compare the results. Following are brief descrip-
tions of data augmentation methods, Geometric Transformation, and proposed DCGAN
method.

Geometric Transformation of Data

The data augmentation applying geometric transformation is a common technique and
has been extensively used to add variation in existing image data. The bee images are
augmented in the same way as suggested in [30]. The images will be flipped vertically
and horizontally and rotated to 180o to start with. Flipping an image horizontally or
vertically gives another image variation without changing its spatial or colour information.
The Figures 4.3a and 4.3b demonstrates an example of horizontal and vertical flip of an
image. This type of transformation can be applied to bee images as it will preserve the
label of the images. Images can be rotated to specific degrees between 1o and 359o to the
left or right for augmentation purposes as long as it does not affect its post-transformation
label. Rotating bee images to any degree will still be the bee image and will not affect
the recognition task.

Synthetic Transformation of Data

One of the GAN variations, DCGAN, is proposed to use for image data augmentation for
this research. The idea of using deep learning GAN based augmentation method is to com-
pare and determine if it contributes positively to the model’s performance compared to
the conventional method. However, the mode collapse and non-convergence issues might
occur with original GANs. So, a better variation of GAN, DCGAN, is implemented to
mitigate the training process and produce better quality images. As mentioned in sub-
section 3.0.2 the concept of GAN was invented in 2014 by Ian Goodfellow [76], and Alec
Radford presented a standardized and much more stable model in 2016 [59], known as
DCGAN. Generating impeccable images and stabilizing the training procedure, DCGAN
claims to produce better results than the original GAN. The following presents a concise
concept of GAN and DCGAN.

GANs are a framework for training a model that can capture the training data dis-
tribution and generate new data from the same distribution. The GAN model consists
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of two models, generator and discriminator. The generator produces real-like fake images
out of the random noise then passes on to the discriminator, which identifies if the image
is real or fake. The training stage generator gradually becomes better at generating fake
images that look similar to real images while the discriminator constantly improves to
detect real and fake images. The model gets stable when the generator spawns very pre-
cise and real-like images, and the discriminator guesses at 0.5% confidence that its input
image is real or fake. Following is the representation of the GAN loss function:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ex∼pz(z)[log(1−D(G(z)))] (4.7)

Where,
G = Generator network
D = Discriminator network
Pdata(x) =distribution of the real data
x =Sample from Pdata(x)
P (z) = distribution of Generator
z = sample from P (z)
G(z) = Fake data or the generator function which maps the latent vector z to dataspace
D(x) = Discriminator with real data
V (G) =Generator loss
V (D) =Discriminator loss
Given the Discriminator D and Generator G, both play an iterative minimax game with
the value function V (G,D). It minimizes the loss when D(x) equals 1 and D(G(z)) equals
0, which means the discriminator discriminates the real data as real, producing the prob-
ability of 1 and fake data as fake, producing the probability of 0. Thus, the discriminator
maximizes the outputs from D(x) and D(G(z)). Contrastingly, the generator minimizes
its loss when the probability of the discriminator identifying real data as fake D(G(z)) is
1. Therefore, the generator minimizes the outputs from D(G(z)). The first part of the
equation Ex∼pdata(x)[logD(x)] represents the discriminator’s prediction on the real data. It
is the expectation of the probability of the discriminator when provided with real samples.
The second part of the equation Ex∼pz(z)[log(1−D(G(z)))] represents the discriminator’s
prediction of the fake data. That is the expectation of the probability of the discriminator
when provided with fake samples. Discriminator wants D(x) close to 1, representing high
confidence that the real sample is real, and D(G(z)) is close to 0 to represent confidence
that the fake sample is fake. On the other hand, the generator aims D(G(z)) to be high
as possible to fool the discriminator. So, D(G(z)) is the probability that the output of
the generator G is a real image. This sets up the adversarial game in which D tries to
maximize the probability it correctly classifies reals and fakes (logD(x)), and G tries to
minimize the probability that D will predict its outputs are fake (log(1−D(G(z)))).

DCGAN

DCGAN is the first popularized and improved variation of GAN offered by [59] based
on the same theory as GAN but used CNN architecture to train GANs and reliable
convergence. It uses certain architectural constraints to GAN that replaces pooling layers
with strided convolution layers in discriminator and transposed convolution layers in the
generator. It suggests using batch normalization in both generator and discriminator
networks removing the fully connected layer. The generator should include the ReLU
activation function for all layers and tanh for the output layer, whereas the discriminator
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should use Leakey ReLU activation for all layers. So, the generator comprises convolution
transpose layers, batch norm layers and ReLU activation, and the discriminator consists
of a strided convolution layer, batch norm layers and leaky ReLU activation function.
Figure 4.4 shows the DCGAN generator architecture. According to the original paper, its
input is the random noise z, and the output is the 64×64×3 size RGB image. In contrast,
the input for the discriminator is an RGB image of size 64× 64× 3, and the output is the
scalar probability that the input is from the real data distribution. The DCGAN model is

Figure 4.4: DCGAN Generator Architecture

planned to be implemented using the same configuration as the original paper, adjusting
the image size to 32× 32 as most of the images are small.

Assessment of Synthetic Images

The generated images by the DCGAN generator model are required to be assessed for
the proximity with the training images. The t-SNE method that is suggested by [77] is
planned to be implemented for this purpose. The method is appropriate for representing
the similarities between the real and fake generated images. This method is used by [60]
for comparing the real and generated images of five classes of pests. The plotted data
points represented the vicinity of the real and fake images of all pest classes.

The t-SNE is an unsupervised and nonlinear method predominantly used to explore
and visualize high dimensional data. The algorithm acquires high dimensional data and
reduces it down to low dimensional graphs retaining the original information. The method
calculates the similarity measure between the sets of instances in both high and low di-
mensional spaces. Then it optimizes these two similarity measures using an error function.
The t-SNE is an improved version of the SNE technique developed by [78] in 2002 with
crowding and optimization problems. The t-SNE focuses on maintaining the nearest
neighbours in a lower-dimensional map, preserving both the local and global structure
of the data. The improved cost function of t-SNE is symmetric and used with simpler
gradients. It also uses Student-t distribution instead of Gaussian to calculate the cor-
relation between low dimensional data points. Before explaining the t-SNE method, it
is mandatory to describe the SNE algorithm as SNE is the basis of the t-SNE method.
The Stochastic Neighbor Embedding (SNE) method is designed to match distributions of
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data points in low and high dimensions through conditional probabilities assuming the
distances as Gaussian distribution.
Let xi be the ith object in high dimensional space Let yi be the ith object in low dimen-
sional space Construct:

Pj|i =
exp(−||xi − xj||2/2σ2

i

Σk 6=iexp(−||xi − xk||2/2σ2
i

(4.8)

qj|i =
exp(−||yi − yj||2/2σ2

i

Σk 6=iexp(−||yi − yk||2/2σ2
i

(4.9)

Where, Pj|i is the probability of being point xj the neighbor of point xi. The parameter
Sigma i represents the perplexity that can be interpreted as the number of close neighbors
for each data point and can be found by binary search function. The exponent of the dis-
tance(numerator) is divided by the sum of all pairwise distance from xi point. Similarly,
the lower dimensional space, qj|i is the probability representation of the distance between
points. Where yi projects xi and yj projects xj in the lower dimensional space. The
Euclidean distance (numerator) is divided by the sum of all Euclidean distances. This
formulation of calculating the probabilities in the lower dimensional space is based on the
normal distribution assumption made in the paper [78].

If the yi and yj accurately maps xi and xj the conditional probabilities Pj|i and qj|i
will be equal. Now to find a low dimensional representation that make P (i) match Q(i).
The cost function C is formulated as:

C =
∑
i

KL(Pi||Qi) =
∑
i

∑
j

pj|ilog
pj|i
qj|i

(4.10)

KL divergence is a standard way of calculating distance between two distributions. The
function represents the KL divergence between the Pi which is the probability distribution
of point I in the high dimensional space and Qi that is probability distribution of point
I with respect to all the other points in the low dimensional space. The sum of KL
divergences makes the cost function. Expanding the formulation, log of pj|i which is the
high dimensional probability, divided by the qj|i that is lower dimensional probability
which is further weighted by the high dimensional probability pj|i. Then summing the
values, we get KL divergence that is to be minimized.
Since the KL divergence is asymmetric, there is large cost for representing closer data
points in high dimensional map by widely separated points in low dimensional map. On
the other hand, there is smaller cost for representing widely separated data points in high
dimensional map by closer maps in low dimension.
If p = q then log(1) = 0
Penalize when p! = 0
Large p modeled by small q: Big penalty
Small p modeled by large q: Small penalty
Therefore, local structure of the data is well-preserved. The SNE method aims to minimize
the sum of KL divergences of all data points using the following gradient descent function:

δC

δyi
= 2

∑
j

(pj|i − qj|i + pi|j − qi|j)(yi − yj) (4.11)
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Given the cost function the gradient descent is used for optimization that also has mo-
mentum that speeds up the optimization and avoid local optima.
The SNE comes with two major disadvantages: first, the cost function is difficult to op-
timize. Second, overcrowding problem, the data points get overlapped that is difficult
to separate or visualize. To overcome these issues with SNE, t-SNE improved the cost
function in two ways. First, the cost function is replaced with symmetrized version of
it. Second, Student-t distribution is used as an alternative of Gaussian to compute the
similarities between the data points in the low dimensional space.
The symmetric SNE is where Pi|j = Pj|i and Pii = qii = 0 for all i, j

Pi|j =
exp(−||xi − xj||2/2σ2

Σk 6=lexp(−||xk − xl||2/2σ2
(4.12)

qi|j =
exp(−||yi − yj||2

Σk 6=lexp(−||yk − yl||2
(4.13)

Where pi|j and qi|j are the difference or the similarities of all data points in high dimen-
sional space and low dimensional space respectively The gradient of cost function is as
follows that has 4 times summation of instead of 2 times summation.

δC

δyi
= 4

∑
j

(pij − qij)(yi − yj) (4.14)

t-SNE mapping where the low dimensional data is t distributed instead of using normal
distribution. In t-SNE a Student t distribution with one degree of freedom is implemented
to represent the low dimensional map:

qij =
(1− ||yi − yj||2)1

Σk 6=l(1 + ||yk − yl||2)−1
(4.15)

As seen in Figure 4.5, the student t distribution has heavier tails than the Gaussian
normal distribution. This feature allows better modelling for very distant data points.
t-distribution is resilient to outliers and faster to analyze as it does not have exponent as
in Gaussian distribution.

Figure 4.5: Normal vs Cauchy (Student-T) Distribution

The t-SNE method is applicable to calculate the similarities between the real and gener-
ated images of bees. The Fidelity of the synthetic images is examined through the t-SNE
results.
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Figure 4.6: Baseline CNN Architecture

4.0.3 Classification

An optimized CNN method is proposed for the bee image classification task. One of the
transfer learning method VGG16 is finetuned and used to compare the results alongside
the CNN model.

CNN

Several types of research [8], [30], [48], [79] indicate that CNNs dominate working with
image classification cases as compared to generic Artificial Neural Networks or other ML
algorithms. CNNs, with the right architecture, are adept at classifying images without any
feature extraction method applied on input images. CNNs are well suited for classifying
images as they leverage spatial information. Deep CNN is designed to extract the right
features from high dimensional data to classify it. It is devised particularly to identify
two-dimensional shapes with a high degree of invariance to conversion, scaling, skewing
and other types of distortions. On the other hand, it requires high resources and time
to train the model, especially with a higher number of convolutional layers. The Keras
library methods allow the parameters of the network architecture to be updated in the
best way. The Early Stopping model can be used that stops the learning process at the
optimal point by observing the outputs such as loss and accuracy in the learning process.
The CNN architecture advised in [30] is investigated as a basis to build an optimized
model. The Figure 4.6 depicts the baseline CNN model that comprises five layers starting
with 256 filters in the first two layers and 32 filters for the subsequent two layers, followed
by one fully connected layer of 128 nodes. All layers use a kernel size of 4× 4 trailed by
max-pooling of size 2× 2 and stride 2. ReLU and sigmoid activation function is used for
all the layers and the last layer, respectively. This model architecture worked very well
on highly detailed data and attained F1 score of 91%, but considering the low-quality bee
data, a slightly lower accuracy or F1 score is expected. The CNN model is further refined
to build an optimized model which is explained in next chapter.
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VGG16

Apart from applying CNN, one of the transfer learning techniques, VGG16, is intended to
be conducted. The motivation of experimenting with a pre-trained state-of-the-art model
VGG16 is to compare the performance and accuracy of the CNN classification models
for this scenario. Transfer learning is a technique of salvaging a pretrained model knowl-
edge to be used for another similar task. It is conducive to classification, clustering and
regression problems. Numerous studies indicate that transfer learning has successfully
improved the classification model’s performance reducing the time and effort to build a
model from scratch. It has been utilized in various fields but has been valuable, particu-
larly in the biomedical field that likely to have insufficient data. In recent times, correct
identification of Covid-19 infection from CT scans or X-ray images has been in significant
demand. Various researchers made efforts to implement the transfer learning approach
to fine-tune the existing state of the art models to improve the classification accuracy of
medical images. The pretrained VGG16 and RestNet50 models are used in [80] to iden-
tify Covid-19 infection in CT scan images achieving very high accuracy as 99% in both
networks that was 11% to 13% higher than their baseline model. The experiments were
conducted in [81] with several transfer learning methods for detecting the Covid-19 disease
from the patient’s chest X-Ray images. They suggested VGG-16 over other methods such
as VGG19, Inception-V3, Inception-ResNet, Xception, RestNet152-V2, and DenseNet201.
It scored 98% accuracy in mere ten epochs. Another very similar research [82] to detect
viral pneumonia and Covid-19 infection via Chest X-Ray images also suggest VGG16
and MobileNet that outperformed other available models. A recent study [83] used the
available models VGG19, ResNet 50, and GoogleNet to identify covid and bacterial pneu-
monia conditions through X-Ray images and suggest that these models provide excellent
generalization ability and accuracy percentage 93.67%, 91.73%, and 90.80%, respectively.
The methods also reduce the time and hardware costs. The research [84] examined the
behaviours of VGG16, VGG19, and ResNet50 methods for magnification independent
breast cancer classification and strongly imply fine-tuned VGG16 model that acquired
92.6% of accuracy in their case. A study [85] suggested a VGG16 network that achieved
exceptional performance up to 100% on the retinal image quality assessment model in
which both spatial and wavelet detail subbands are compared.

Based on these studies, it is acknowledged that transfer learning applies to any of the
suitable case scenarios to improve the model’s performance. Moreover, VGG16 is well
recognized for its exceptional feature extraction capabilities. Hence, it is planned to be
used in this project to identify varroa mite on bee images. The motive to use this model
is to compare its performance alongside the CNN model built from scratch. Following is
the description of the VGG16 along with its configuration details.

The VGG16 is a CNN model first proposed by [86], one of the five top-rated submis-
sions in the 2014 ImageNet challenge. The model achieved 92.7% accuracy on a subset
of the ImageNet dataset that contains 14 million images belonging to 1000 classes. The
model was trained for weeks using high performing NVIDIA Titan Black GPUs. Figure
4.7 represents the architecture of the VGG16 model. The model consists of 16 layers
in which 13 are different stacks of convolution layers, and the last three layers are fully
connected. It takes an input of 224 × 224 RGB images traversed through the stacked
convolution layers where small 3 × 3 filters are used to capture the image features. All
convolution layers used stride of 1 and padding same that preserved the spatial resolution.
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Figure 4.7: VGG16 Architecture

Each stack of convolution layers is followed by a max-pooling containing a filter size of
2× 2 and a stride of 2. The first two convolution layers used 64 channels that doubled up
in consecutive stacks of convolutions layers, reaching 512 channels at layer 13. Finally,
two of the dense layers made up of size 4096 following the output layer with 1000 classes.
The ReLu activation function is used with all the convolution and dense layers except for
the output layer that used softmax activation function.

Based on the studies [80]–[82], [85], [87], it is designated to experiment VGG16 model
to classify bee infection via images and also to evaluate its performance against the CNN
model. The VGG16 model is fine-tuned to suit the binary classification of bee images by
replacing the top layers.

The proposed model is designed to provide a feasible solution for identifying varroa
infection on low quality and an insufficient number of bee images. It deals with lower qual-
ity images, unlike the related studies focused on predominantly obtaining high-resolution
images with the correct size and orientation. The CLAHE method can improve the con-
trast of the image, making it more specific for the classifier. The model also addresses the
problem of small data in a unique way using the DCGAN deep learning method instead
of the conventional geometric transformation method used in [30]. Moreover, the use of
the CNN classifier exempts the need for any feature extraction method used in most bee
infection detection studies. The model answers the question if varroa destructor mite is
identified correctly from a small number of low-quality honeybee images and if standard
images are classified accurately using CNN or the transfer learning method.

4.0.4 Summary

This section specifies the proposed model, including all tasks in detail planned to be
conducted in each stage. The low-quality RGB images are to be resized before applying the
contrast enhancement technique CLAHE. The idea of using CLAHE is to make the object
more understandable to the classifier. The sharpness estimation method is to measure
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the effectiveness of the CLAHE implemented on bee images. A deep learning-based
DCGAN method is suggested for the image data augmentation and evaluated against the
conventional augmentation method, geometric transformation. The generated synthetic
images are to be assessed for their proximity to the original images using t-SNE. The
t-SNE is mainly a data visualization technique that plots the data in reduced dimensions.
So, even the high dimensional data can be easily analyzed visibly. The augmented data
using the transformed images are used to train the classifier CNN built from scratch,
referring to [30] and one of the transfer learning methods, VGG16. The VGG16 is to
be fine-tuned to suit the purpose of identifying two classes of infected and healthy bees.
Lastly, the performance of CNN and VGG16 is to be analyzed on various, with or without
augmented data datasets. The accuracy and complexity of the models are examined.
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Implementation

In this chapter, the computer simulation plan of the proposed model is implemented with
the real data. Identifying varroa mite infection on honeybees is immensely important,
and it is best viewed on the high-resolution images of individual bees. At the same time,
a large amount of data is required to train the ML models. In the beehive environment, it
is impractical to obtain a large number of images of individual bees. Also, obtaining high-
resolution images with precise orientation may require a particular setup and could be
expensive. The proposed model attempts to fill this gap and achieve high accuracy even
with the noisy and small image dataset. The model is built to deal with faded images and
small datasets in the beehive environment to identify varroa destructor mite from individ-
ual bee images proven to accomplish high accuracy. The images are preprocessed using
the CLAHE method that improved the quality of the images to fit better in the classifica-
tion task. Then the images are augmented to tackle the problem of a small dataset. Two
different image data augmentation methods are scrutinized: the conventional geometric
transformation method and the DCGAN method. Both techniques proved to be improv-
ing the classification accuracy. However, the DCGAN method has demonstrated to be
a better augmentation technique than the traditional Geometric transformation method
in the bee identification case. An optimized CNN model is used to classify bee images.
Moreover, one of the transfer learning models, VGG16, is also tested to compare the re-
sults alongside the anticipated CNN model. Although the CNN model provides very high
accuracy with all augmented datasets, the pretrained model VGG16 outperforms other
measures and accuracy.

In this chapter, Section 5.0.1 System Environmental Setup, details the hardware and
software system setup for the project. Section 5.0.2 Dataset Preparation, describes the
dataset used for this project comprising the subset processed to be utilized. It also
explains how the data is organized in folders. Section 5.0.3 Data Preprocessing using
CLAHE, explains how the images are preprocessed implementing CLAHE. The assessment
of image quality is also presented. Section 5.0.4 Data Augmentation using Geometric
Transformation, demonstrates how the data is augmented using geometric transformation.
Section 5.0.5 Data Augmentation using DCGAN, discusses the configuration of DCGAN
to implement and generate synthetic bee images. It also covers the quality assessment
of synthetic images. Section 5.0.6 CNN Configuration Scheme, outlines how the CNN
model is configured to be used. Section 5.0.7 Fine-tuning VGG16 Application, exhibits
the transfer learning method VGG16, explaining how it is utilized to fit our purpose of
detecting infected bees from images.
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5.0.1 System Environmental Setup

Image processing and classification using deep learning models require a significant amount
of memory and graphical processing resources. More numbers of GPU cores make the
process flawless. The Google Colab is used for this purpose. Google Colaboratory, or
Colab in short, is a cloud-based environment that allows us to write and execute python
code in Jupyter notebook online [88]. This platform is completely free and can be used
to train ML and deep learning models on GPUs, CPUs and TPUs. There is no system
configuration required as the codes run on the connected cloud-based runtime. The note-
books are saved in the standard Jupyter notebook format and can be viewed and executed
in any compatible environment such as JupyterLab on the local system. The files can be
easily shared, uploaded, and published on the GitHub environment. Moreover, we can
integrate various libraries such as TensorFlow, Keras, PyTorch, OpenCV. Text cells are
formatted using markdown, a plain text document format that is rendered on the page.
Markdown format is simple and powerful that allows inserting headings, paragraphs, lists
and mathematical formulae. Nevertheless, this environment limits the storage and usage
time of the resources such as GPU or TPU. The maximum storage limit is 15GB, and
the RAM allocated memory is only 12GB. The maximum GPU usage time is 12 hours.
Following are the specifications for Google Colab’s CPU, GPU and TPU:
CPU:
Model Name: Intel® Xeon® CPU@2.30GHz
Address sizes: 46 bits physical, 48 bits virtual
Cache size: 46080 KB

GPU: Single 12 GB NVIDIA Tesla K80 GPU
13 GB RAM
Usage time limit:12 hours

TPU: Cloud TPU with 180 teraflops of computation
Intel Xeon processor with two core @2.30 GHz
Ram: 13 GB

All the experiments are executed on GPU runtime from google Colab to speed up the
processes. However, The GAN experiments are required to be executed for prolonged
hours that would overuse the Colab’s GPU usage limitation of 12 hours. Moreover, the
12 GB RAM did not adhere to the image processing requirement with huge numbers.
Hence, some of the experiments are done on the local computer system with the following
configuration:
System: HP Envy laptop 15-ep0015TX
Operating system Windows 10 OS
Processor : Intel® Core™ i7 CPU @ 2,60GHz(12 CPUs)
Memory: 32 GB of RAM
GPU: NVIDIA GeForce GTX 1660 Ti with Max-Q design 6 GB
Solid State Drive 1 TB
The local system was set up with the following environment:

• Anaconda Python software, including required python libraries

• CUDA Toolkit & cuDNN to support the GPU of the local computer system

38



Chapter 5

Figure 5.1: Keras Architecture

• TensorFlow and Keras deep learning libraries

• Jupyter Notebook

The experiments were conducted on the Keras API environment, which used Tensor-
Flow as the backend. TensorFlow is an open-source ML platform created by Google to
implement large-scale ML models and solve complex numerical problems. This high-level
software library supports a differentiable programming environment and a wide range
of functionalities. It combines four key abilities, a) efficiently executing low-level tensor
operations on CPU, GPU or TPU; b) computing the gradient of arbitrary differential
expressions; c) scaling the computation on many devices; and d) exporting programs to
external runtimes such as servers, browsers or mobiles devices.

As seen in Figure 5.1, Keras is an open-source Python platform that uses TensorFlow,
Theano or CNTK as backend. Keras is fully integrated with TensorFlow. It is a high-
level API mainly constructed to develop and evaluate modern deep learning models. It
supports multiple backend neural network computations. It provides essential abstractions
and building blocks for developing and shipping deep learning solutions with high iteration
velocity. It empowers researchers and engineers to take full advantage of this capability
and cross-platform capabilities of TensorFlow. CUDA is a parallel computing environment
offered by NVIDIA to help developers to speed up their compute-intensive applications.
CUDA Deep Neural Network (cuDNN) is a GPU accelerated library of primitives for ML
algorithms such as deep neural networks. It accommodates fine-tuned implementation
of standard procedures and routines. Besides deep learning, CUDA and NVIDIA GPUs
dominate many application areas compared to other proposed APIs such as OpenCL
and GPUs such as AMD. Researchers and developers highly rely on the cuDNN for GPU
acceleration capabilities. On the other hand, BLAS and Eigen are the underlying libraries
that run on CPUs. The model can be built and executed on a TPU or a large set of GPUs
and then exported to execute on any browser or a mobile device. It acts as an interface
for TensorFlow libraries and helps to implement commonly used building block layers
such as objectives, activation functions, and optimizers. It also hosts tools to simplify
applications with complex data such as text or images. Being modular, it is incredibly
expressive, flexible and suitable for innovative research.

5.0.2 Dataset Preparation

The publicly available annotated honeybee image dataset is obtained from Kaggle [69].
The images are extracted from the video clips of bees after background subtraction and
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Bee Data Descriptions
SN Column Name Description
1 File File Name in the bee imgs folder
2 Date Date of video captures
3 Time Time of day of video capture (military time)
4 Location Location (city, state, country)
5 Zip Code Zip Code to numerically describe the location
6 Subspecies Subspecies of Apis mellifera species
7 Health Health description of bee
8 Pollen Carrying Presence of Polen on bee’s legs
9 Caste Worker, Drone or Queen bee

Table 5.1: Description of Bee Data

Figure 5.2: Counts of the Bee Health Categories

cropping of individual bee portions. The dataset consists of 5172 images with nine differ-
ent columns of information: date, time, location, zip code, subspecies, pollen, caste, and
health. Table 5.1 describes each column. To conduct the binary classification on infected
or healthy bees, we focus on the health column only, which consists of the health status of
the bees. The Health column has six classes, 1) ant problems, 2) few varroa, hive beetles,
3) healthy, 4) hive being robbed, 5) missing queen, 6) Varroa, Small Hive Beetles. After
the required exploration, it is found that the number of healthy bees is immensely higher
than the other health categories, as seen in Figure 5.2. For the project, healthy and
varroa infected categories are observed. To perform the binary classification on healthy
or varroa infected bees, the healthy class is selected and labelled as Healthy. This class
consists of 3384 instances of healthy bee images. The two classes few varroa, hive beetles
and Varroa, Small Hive Beetles, have only 579 and 472 instances, respectively. Since
both classes are of a similar category with varroa infected bees, they are combined with
having balanced data and is labelled as Infected. Even after combining varroa categories,
the total number of infected bees is not more than 1051 instances, as seen in Figure 5.3.
Hence, the data of these two classes (Healthy and Infected) are further balanced before
being used in the classification task. It comprises 1000 images for each category. The
other observations are dropped.

The bee images from the healthy and two varroa classes are visualized for further as-
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Figure 5.3: Counts of the Bees in Healthy and Varroa Infected Categories

Figure 5.4: Visual Representation of Bees of Healthy and Infected Categories

sessment. As seen in Figure 5.4 all the images are inconsistent in size, colour and quality.
They look blurry and cloudy with different contrast levels. Some of them have shadows
and have more than one bee on an image.

As images must be of one size for the classifier input, they are resized to process
further. We discovered the ideal size of the image to avoid having unnecessary distortion.
The ideal size, 54 × 50, was calculated by finding the average of the given distribution
of all images’ width and height. Figure 5.5 represents the histogram of the (a) width,
and (b) height of the bee images. Figure 5.6 shows images that are resized to their ideal
size, 54× 50 pixels. This size is used for all the experiments done with the CNN models.
However, they are resized differently (224×224) for the VGG16 model and DCGAN model
as its architecture requirement. The dataset is then prepared for the classification task.
It is split as 65% training,10% validation and 25% test set. The images are organized in
a folder structure as per the Keras requirement shown in Figure 5.7. Various folders with
the same structure and with a different number of instances are created for experiments.
The datasets included 100, 200 images for each class in two different folders.
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(a) (b)

Figure 5.5: Representation of (a) Width and (b) Height of Bee Images

Figure 5.6: Original and Resized Images

Figure 5.7: Directory Structure used

5.0.3 Data Preprocessing using CLAHE

The original images contain some irregularities such as blur, cloudiness, or darkness. The
contrast enhancement technique, CLAHE, is implemented on images to improve their
contrast. The equalization is also experimented with to examine the difference between
CLAHE and traditional Histogram Equalization application on images. To apply ADE
and CLAHE methods, the original RGB images are first converted to LAB colour space
as CLAHE cannot be applied directly on RGB images.. All three channels (L, A, B) are
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Figure 5.8: Bee Image CLAHE Processing Flowchart

then separated to extract the illumination of the image through L channel. The other
two channels (A and B) retain all the colour information of the selected image. The
CLAHE method is implemented on the L channel. Then all three channels are merged
and converted back to RGB colour space to obtain the enhanced image. Figure 5.8 shows
the flowchart of the CLAHE process for the bee image. Figure 5.9 shows the histograms
generated from the (a) original image, (b) equalized image and the (c) CLAHE image,
that use 100 bins and a range of 0-255. It confirms that the contrast is better distributed
using CLAHE. While applying CLAHE, the parameters clip limit and grid size was ex-
plored. The clip limit 2.0, along with grid size 8 × 8, was found to be the best-fitted
parameter for the bee images.

The quality of the clahe implemented images is evaluated by calculating the images’
sharpness compared to original bee images. The idea is borrowed from [75] that proposed a
technique that calculates the sharpness of the document images or natural scenes blurred
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(a) (b) (c)

Figure 5.9: Histogram of (a) Original, (b) Equalized,and (b) CLAHE Images

(a) (b) (c)

Figure 5.10: (a) Original, (b) Equalized,and (b) CLAHE Image

due to camera motion, defocus, or any other reason. The sharpness of the CLAHE
implemented bee images is evaluated to check the improvement on the image quality
referenced to the original bee images. The method was tested on individual bee images
and a set of images. Figure 5.10 portrays an example of an individual (a) original image,
(b) equalized image, and (b) CLAHE image of the corresponding original image. The
sharpness calculated for the sample CLAHE image is 0.9226 compared to the original
image, which is 0.8342. The sharpness is also calculated similarly on a set of 2000 original
and CLAHE images calculating the sum of each image’s sharpness values in both sets.
The results show that CLAHE images have much higher sharpness (1830.37) than the
original images (1682.10). This experiment confirms that the CLAHE method improves
the contrast and quality of the images. Based on this experiment, the CLAHE method is
implemented on all sets of original images. Hence the images are processed and organized
in the folders as per Keras requirement. These samples are ready to be fed into the CNN
classifier. Nevertheless, these samples are augmented using geometric transformation
and synthetic data generation before assessing the classifiers’ performance on various
datasets. The next section advises how the images are augmented using the geometric
transformation technique.

5.0.4 Data Augmentation using Geometric Transformation

The geometrically transformed data has been generated using datasets of 100 and 200
images. Inspired by the [30], each set has been augmented to generate four times bigger
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(a) (b)

Figure 5.11: (a) Original Image (b) Conventionally Augmented Images from the Original
Image

data to start with. They used transition by rotating images to 180o and applying hori-
zontal and vertical flips. The fill mode is added that is set to reflect so that image has
some information rather than having a blank space. A slight brightness range [0.2,1.0]
has also been added, considering the dark images of the bee dataset. With experiments,
the images are augmented to have up to 10000 samples from the available dataset. Figure
5.11 is an original bee image sample and geometrically augmented ten images from the
same image. The data from 100 and 200 sets are augmented with gradual data increment
up to 10000 samples. The augmented datasets are used as input to CNN and the VGG16
models to compare the performance. The comparative results are discussed in the next
chapter. The following section elaborates how the DCGAN model is built, evaluated, and
used to generate synthetic data for data augmentation.

5.0.5 Data Augmentation using DCGAN

A DCGAN model is built and trained to obtain the synthetic bee images that consist of
two networks, a discriminator and a generator. The discriminator classifies the images
for real or fake and the generator that transforms a random noise input to an image
of pixel values. In this project, a standalone discriminator model is defined first, then
the generator model. Afterwards, a composite DCGAN model is developed. The trained
generator model generates new synthetic images that are first assessed for quality and then
added to the original datasets to augment them. Generator and discriminator models are
built based on the DCGAN design architecture advised in its original paper [59]. Following
steps are taken to build the DCGAN model to generate images:

• Prepare Dataset

• Define discriminator

• Define generator

• Train the composite DCGAN model

• Evaluate the DCGAN performance

• Generate images
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Prepare Dataset

GAN models require a large amount of data to be trained on, but the dataset only caters
to the maximum of 1000 samples in each class split into 650, 100 and 250 samples in
a train, valid and test sets, respectively. Hence, only 650 of the training samples are
used to train the DCGAN model. The image pixel values are rescaled from the range
of unsigned integers [0-255] to the normalized range of [-1,1] as per the tanh activation
function requirement used in the generator model. The generator model produces images
with pixel values ranging from -1 to 1. Therefore, the real images are also scaled to the
same range. The model is updated in batches of real and generated images in each epoch
of the training. An epoch is defined as a complete traverse through the whole dataset.
The training dataset is shuffled before each epoch as it is considered a good practice using
stochastic gradient descent. A simple approach of selecting the random samples from the
dataset of bee images is implemented. These samples are labelled as 1, indicating real
images. So, to train the discriminator model, we also need fake samples. In the absence
of the generator model at this stage, a function is created that generate the fake samples
consisting of random pixel values in the range [0-1] then scaled to[-1,1] as real images.
These samples are labelled as 0, indicating fake.

Define Discriminator

First, the discriminator model is defined, which is a simple CNN binary classifier. The
model gets the input of an RGB image and returns the probability of the image being
fake or real. The input image is of size 32 × 32, having three colour channels. The
convolutional layers used the stride of 2× 2 to downsample the image instead of pooling
layers. All layers used LeakyReLU, but only the output layer uses the sigmoid activation
function as a binary classification problem. The model is trained to minimize the binary
cross-entropy error function, which is suitable for binary classification. It calculates a
score summarising the median difference between the actual and predicted probability
distributions for anticipating class 1 (one). The score is reduced to have an ideal cross-
entropy value of zero. Apart from the suggested DCGAN model architecture, some of
the best practices are used in the proposed model. The dropout has been added after the
last convolution layer that prevents a model from overfitting. Adam version of scholastic
gradient descent with a learning rate of 0.0002 and a momentum of 0.5 is used after few
experiments. Figure 5.12 (a) represents the discriminator model design with input and
output expected in each layer. The images are downsampled from 32 × 32 through to
4 × 4 due to vigorous 2 × 2 strides that replaced the pooling layers. As seen in Figure
5.12 (b), the generator model uses similar but reversed tiers. The discriminator model
will be trained on real images with class label 1 (one) and randomly generated sample
images with class label 0 (zero) as in the standard binary classifier. The discriminator
is trained by repeatedly obtaining real and fake samples and updating the model for a
fixed number of iterations. For each iteration, the batch size of 128 samples is used,
consisting of 64 samples in each class. The model is updated separately for real and fake
samples to calculate the accuracy of the discriminator model on each sample beforehand
and gauge its performance over time. The model started to classify the real and fake
samples correctly in mere 20 batches.
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(a) (b)

Figure 5.12: Representation of DCGAN (a) Discriminator, and (b) Generator Models

Define Generator

The generator model is defined to generate real-like bee images. It takes an input of
arbitrary point from a latent space and outputs an RGB image of size 32 × 32 with
pixel values in [−1, 1]. A latent space is a randomly defined vector space of Gaussian
distributed values which has no significance at the beginning, but towards the end of the
training, it represents a compressed output space representing bee images. The vector
from the latent space has to be transformed from 100 dimensions to a two-dimensional
array of 32 × 32 × 3 or 3072 values. The dense input layer must have enough nodes to
represent a low-resolution version of the image. After some experimentation, it is found
that a rather smaller low-resolution version works better than the larger ones. Hence, it
is decided to use 4× 4× 3 or 48 nodes to start with. To produce multiple interpretations
of the input, 256 parallel filters resulting in multiple feature maps are used. Reversing
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the process, many parallel versions or outputs with learnt features can be collapsed in
the output layer to represent an image. The Conv2DTranspose layer configured with a
stride of 2× 2 is applied that expands the area of input feature maps. LeakyReLU with a
default slope of 0.2 is used as it is considered to be the best practice to train GAN models.
The final layer is a Conv2D layer with three filters needed for the RGB colour channels.
It consists of a 3× 3 kernel size and used the same padding to preserve its dimension of
32× 32× 3 pixels. The activation function tanh is used to obtain the output image in the
desired range of values [−1, 1]. The generator will be trained indirectly; it is not compiled
and specified any error function or optimization method yet. The generator model Figure
5.12b shows that it requires the input of 100 element points from the latent space and
predicts a two-element vector as output. The first dense layer has 4096(256 × 4 × 4)
parameters reshaped into 256 feature maps of 4× 4. The three Conv2DTranspose layers
are used to upscale the output into 32 × 32 × 3. The training of the generator model
depends on the discriminator’s performance, so the definition of a combined model is
required.

Define and Train the Composite DCGAN Model

To train the DCGAN model, a composite model combining generator and discriminator
is defined. Figure 5.13 portrays the input and outputs of the composite GAN model.
The generator takes the input from latent space passed on to the discriminator to be

Figure 5.13: Composite GAN Model

classified, and the result is used to update the generator’s weights. The generator’s
weights get updated more if the discriminator detects fake samples correctly; otherwise,
updates with smaller weights. In the combined GAN model, discriminator weights are
non-trainable to avoid overtraining on fake samples. The fake samples are marked as
1 representing real samples to fool the discriminator. The discriminator then classifies
the generated samples as fake (labelled 0) or very low probability of being real, which is
seen as a large error, and generator weights are updated. Gradually, the generator learns
to create good fake samples. The input of the combined GAN model is a point in the
latent space, and the output is the probability of the image being real or fake. The GAN
implements binary cross-entropy loss function and Adam version of stochastic gradient
descent with learning rate of 0.0002 and momentum of 0.5 advised for DCGAN models.
The trainable attribute of the model activates after its compilation. The discriminator
model is compiled and trained as a standalone model, but the discriminator weights
are non-trainable while training the composite GAN model. Freezing the discriminator
weights while GAN training does not influence discriminator training. Training of the
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composite GAN model involves generating some random noise and class 1 labels. First,
the discriminator is updated with real and fake images then the generator is updated
through the composite model. It also requires counting over epochs and batches. The
batch size within an epoch should be the number of times it divides the total samples
in the dataset. It is a best practice to update the discriminator model twice per batch,
once with real samples and once with fake samples. At this stage, the observation of the
loss rate is important. The discriminator loss is expected to hover over 0.5 to 0.8 for
each batch, and the generator loss may hover over 0.5 and 2 or 3, which is considered less
critical.

Evaluate the DCGAN Performance

As there is no objective way to evaluate the GAN performance, images are visually in-
spected during training. Because of the adversarial nature of the GAN, it starts to
fluctuate in terms of the quality of the generated images. Hence, the following measures
are taken to handle the complex training situation: First, the classification accuracy of
the discriminator model on both real and fake is observed constantly. Second, the gener-
ated images are periodically saved in the file for subjective review. Third, the model is
saved occasionally so that the most accurate model is picked up to be used for generating
new images. All of these actions are performed during DCGAN training. After every ten
epochs, the discriminator’s performance is summarized by retrieving some real samples
and generating the same number of fake samples via the generator model. The classifi-
cation accuracy of the discriminator is then evaluated and scored on each sample. The
model is also saved at the intervals of 10 epochs so that a correct model is chosen to gen-
erate new images. Simultaneously, the plots of generated images are created and saved to
review the images visually. The loss of the generator and discriminator are observed after
each batch. The DCGAN model has been executed separately for Infected and Healthy
classes to train the generator model to generate images of both classes. Furthermore, the
DCGAN has been applied on CLAHE preprocessed images and original images (without
CLAHE implementation). The following four experiments describe the practice and anal-
ysis of DCGAN on both CLAHE and original images of infected and healthy classes.

Experiment 1: DCGAN application on CLAHE bee images of infected class
The first experiment was conducted on preprocessed infected bee images. The CLAHE
implemented images are used to train the DCGAN model. The performance of the dis-
criminator and generator models is evaluated during training. As it is observed in Figure
5.14 (a), the discriminator model started classifying the real and fake images quite cor-
rectly in the beginning. Then its accuracy fluctuates between 65% to 100% for most of
the training period. The generator loss stays between 1 and 2 with very few oscillations
for the whole time. The generator model was executed for 2000 epochs, but it settled to
a stable state after 800 epochs.

Experiment 2: DCGAN application on CLAHE bee images of healthy class
The second experiment is conducted on the preprocessed images of the healthy class. The
graph generated during DCGAN training Figure 5.14 (b) depicts that the model stabi-
lizes after about 200 epochs. The discriminator’s accuracy on real and fake images swings
between 70 to 100 for the whole training time. The generator loss started at a high value
but remained steady and below 2 for the rest of the training period.
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(a) (b)

(c) (d)

Figure 5.14: Graphs of DCGAN Training on (a) CLAHE+Infected Class (b)
CLAHE+Healthy Class (c) Original+Infected Class (d) Original+Healthy Class

Experiment 3: DCGAN application on original bee images of infected class
This experiment of DCGAN training was conducted using original bee images of infected
class. The glimpse of the training is depicted in Figure 5.14 (c). The discriminator loss
on real and fake samples endures consistent around 0.5. In contrast, the generator loss
lingers between 0.5 to 1.5 for the entire training time after the few high spikes at the
beginning. The model started settling down just after 200 to 300 epochs but showed even
clearer images after 1200− 1300 epochs.

Experiment 4: DCGAN application on original bee images of healthy class
This experiment is enacted on the healthy class of original bee images. The DCGAN
performance can be seen in Figure 5.14 (d). The discriminator loss settles at a steady
rate of around 0.5 throughout the training process. On the other hand, the generator loss
shows a dramatic increase as high as 10 a few times around epoch 97− 98. Otherwise, it
looks stable, being around 1.5 as expected.

In all four experiments, the models saved at epoch 1500 are chosen to generate images
that were as good as the model saved at epoch 2000 or higher.
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Figure 5.15: DCGAN Generated Images of CLAHE+Infected

Figure 5.16: DCGAN Generated Images of CLAHE+Healthy

Figure 5.17: DCGAN Generated Images of Original+Infected

Figure 5.18: DCGAN Generated Images of Original+Healthy

Evaluation of Synthetic Images

The generated images are assessed for their proximity with the training images. The
images are evaluated with visual inspection and the t-SNE method.
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(a) (b)

(c) (d)

Figure 5.19: t-SNE Visualization of Training Images and DCGAN Generated (a): CLAHE
Infected Bee Images, (b): CLAHE Healthy Bee Images ,(c): Original Infected Bee Images,
(d): Original Healthy Bee Images

First, the training and generated images are visually inspected for quality. Figure 5.15
shows a set of original (top row) and fake images (bottom row) generated by the trained
DCGAN generator model for preprocessed CLAHE images of Infected class. Few of the
generated images, such as 6 and 7, are not specific in shape of the object in the image.
The possible reason for featuring vague synthetic images might be the input of similar
unclear images from the training dataset as seen on the top row of Figure 5.15. It affirms
that the generated samples reflect the input images correctly to some extent. In Figure
5.16 the first row portrays the original images of healthy bees that are used to train the
DCGAN model, and the second row shows the generated images from the trained DC-
GAN generator. The visual inspection shows that few of the generated images such as 6
and 9 vary from the original bee images. Number 1 image is also vague in shape. Other
images look fairly close to the training images. Figure 5.17 presents the original images of
the infected class and the generated images from the same class. Scrutinizing the images
visually, it favours the proximity of training and generated images. The generated images
favourably reflect the input samples. Figure 5.18 exhibits the original original images of
healthy class and synthetic images generated by trained generator model. The generated
images look eminently similar to the training images apart from few such as image at
number 7. The image is quite cloudy, and the shape of the object seems undefined. Con-
sidering the quality of the original input images that are mostly cloudy and blurry, few
of the generated cloudy images were expected.
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Second, the t-SNE visualization is applied to the generated and the training samples.
The plot is projected using 100 samples of each from fake and training images. In all the
four Figures 5.19 the label 0.0 represents generated samples, and the 1.0 represents the
training samples. After numerous experiments with the parameters for t-SNE projection,
the ideal projection was chosen with the lowest KL divergence, somewhere between 0.18
to 0.28. The method is executed for 1000 iterations as even with higher iteration, the
model reached its optimal point at around 1000 recapitulation. Given the data size, the
perplexity is set to 30, and the learning rate is posed to 200.
The projected data in Figure 5.19 shows that fake samples (shown as red dots) and real
samples (shown as blue dots) falls in the same range except for few red data points that are
isolated on the right side of the plot in Figure 5.19 (d). In all other Figures 5.19 (a), 5.19
(b) and 5.19 (c), data points from both categories are distributed almost in the same space
proving the association between them. Provided the number of training samples (650),
the DCGAN generator has performed plausibly well. The t-SNE projection confirms that
the features of both generated and real categories of images are fairly similar.

5.0.6 CNN Configuration Scheme

The CNN architecture suggested in [30] is applied first as a baseline then improved by
conducting numerous experiments using 100 original sample images. The progressive
training and testing results can be seen in Figure 5.20. The graphs shown on the top row
of the Figure 5.20 portrays the training progress of the CNN baseline model (a), CNN
model with added dropout layers (b), and refined CNN model (c) on the same set of 100
original bee images. The bottom row of the Figure 5.20 shows the model performance on
testing data corresponding to the models shown in Figure 5.20 (a), 5.20 (b), 5.20 (c). The
original architecture consists of 5 layers. The first two layers start with 256 filters down
to 32 filters in the next two layers, then concentrated to 128 nodes in the fully connected
layer. All convolutional layers use a kernel size of 4× 4 followed by max-pooling of 2× 2
and stride 2. ReLu activation function was used for all convolutional layers except for
the fully connected output layer that used the sigmoid activation function. To improve
the performance of the baseline model, dropout layers are added after each convolution
layer progressively, starting from a dropout of 0.2 throughout to 0.5. It improved the
accuracy from 86% to 88% with the sample data of 100 images each class, as observed in
Figure 5.20 (d) and 5.20 (e). However, the model was trained for only ten epochs that
impeded the progress on the accuracy, as noticed in Figure 5.20 (b). Further, more modi-
fications are done, adding the callbacks such as early stopping, checkpoint, and adjusting
the learning rate. We add an early stopping condition that monitors the loss and stops
the training if the loss is not improving, reflecting the patience parameter set to value
5. The checkpoint is created that enables the model to be saved after each epoch only
when accuracy improves. Thus, it always saves the best model concerning accuracy. The
learning rate is adjusted with the training epochs, which is increased to 50. The learning
rate annealing is used, which started with a higher rate and gradually decreased during
training. This approach is efficient for traversing quickly from the initial parameters then
scaling down the learning rate in due course to explore the deeper parts of the loss func-
tion. After applying these callbacks, the accuracy increased from 88% to 90% on the same
sample dataset of 100 images in each class as seen in 5.20 (c). Therefore, the optimized
CNN architecture is chosen as the baseline CNN model to apply to different augmented
datasets of original and preprocessed images. The results are disclosed in the subsequent
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(a) (b) (c)

(d) (e) (f)

Figure 5.20: First Row: CNN Training Improvement with: (a) Baseline Model, (b) Base-
line Model with Dropout Layers, (c) Optimized Model, Second Row: Test Performance
on (d) Baseline Model, (e) Baseline Model with Dropout Layers, (f) Optimized Model

chapter.

5.0.7 Fine-tuning VGG16 Application

The VGG16 model is available in Keras applications and its weights for feature extrac-
tion, fine-tuning, or prediction. VGG16 is first imported and then fine-tuned using Keras
to classify two healthy and infected bees instead of classifying 1000 categories of objects
for which it was trained. Instantiating the model downloads its weights. After loading
the original VGG16 model, the summary of the model is displayed as in Figure 5.21 (a).
It is a functional model that takes the input of size 224 × 224 RGB image and classifies
1000 classes. The total number of parameters is 138, 357, 544; all of them are trainable. A
minimal fine-tuning is implemented, replacing the final layer to predict two classes instead
of 1000. A new sequential model is defined and added with all the VGG16 layers except
the top layer. The model layers are set to be non-trainable as the pretrained weights will
be used. Then a dense layer with two units is added as there are only two classes to
identify. The softmax activation function is replaced with sigmoid to serve the purpose of
binary classification. The summary of the fine-tuned model Figure 5.21 (b) depicts that
it has only 8, 194 learning parameters which heavily reduces the computation time.

The batches of the train, valid and test data are prepared using the VGG16 prepro-
cessing function. The target size of bee images is set to be 224 × 224 as per the model
requirement, and a batch size of 10 is defined considering the data size that is as small as
100 images in a set. Figure 5.22 depicts sample images after the application of the VGG16
preprocessing function. The VGG16 preprocessing entails subtraction of the mean RGB
value of the training set from each pixel value.

The model is trained to monitor the validation accuracy and saved at the best vali-
dation accuracy checkpoint. The early stopping is applied monitoring loss and with the
patience of 5. The learning rate annealing is used that starts with a higher rate and
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(a) (b)

Figure 5.21: Summary of VGG16 architecture of (a) Original, and (b) Fine-Tuned Model

Figure 5.22: VGG16 Preprocessed Images

progressively reduces during training which ultimately increases the training performance
reducing the training time. The model is compiled using Adam as an optimizer, accuracy
as metrics and binary cross entropy as the loss function. The fine-tuned model is tested on
all different sets containing samples of original images, preprocessed images with CLAHE,
augmented images with geometric transformation, and augmented images with DCGAN
generator. The results are discussed in the next chapter.

5.0.8 Datasets Preparation

Various number of datasets are prepared for the experiments. The sets of original and
CLAHE images are augmented separately with two different methods, geometric transfor-
mation and DCGAN. The base data of 100 and 200 images each class is used to augment
the data to obtain progressive number of datasets up to 10000 samples each class. The
Table 5.2 displays the number of original and CLAHE images that are used for classifica-
tion experiments. The CNN and VGG16 classifiers are tested on these datasets.
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Type of
Images

Original
Datasets

Augmented
Datasets us-
ing Geometric
Transformation

Augmented
Datasets using
DCGAN

Original

100 400 400
200 800 800

1000 1000
2000 2000
4000 4000
6000 6000
8000 8000
10000 10000

CLAHE

100 400 400
200 800 800

1000 1000
2000 2000
4000 4000
6000 6000
8000 8000
10000 10000

Table 5.2: Number of Samples in Datasets used in Experiments

5.0.9 Summary

In this chapter, the model’s computer simulation plan is executed with real data. It ex-
plained how the system had been developed, including methods in each stage. Starting
with the system environment setup, Google Colaboratory is used for the system devel-
opment. Google Colaboratory is a cloud-based online environment that permits writing
and executing python code in Jupyter notebook online. It also provides free usage of
GPUs, which accelerated image processing. The experiments were executed on the Keras
API environment with the Tensor-Flow backend. The bee image dataset was filtered to
have relevant categories of varroa infected and healthy bees having a maximum of 1000
images in each class. However, to experiment with augmentation techniques, only 200
samples were used as the base data, which are then augmented. The images are resized
to have an ideal image size so that they are less distorted. The preprocessing method
CLAHE is used to improve the contrast of all images. However, original images are also
used for the augmentation and classification task to assess the effect of the preprocessing
method. The data augmentation method geometric transformation is implemented and
generated additional images to prepare datasets for classification. The proposed DCGAN
augmentation method is applied after training the DCGAN model. The trained generator
model generates synthetic images that are first evaluated for their proximity to the origi-
nal images using manual visual inspection and the t-SNE method. The generated images
are then added to the original base data to build augmented datasets. The datasets are
augmented to make 4× bigger datasets of each base dataset, then gradually added more
data to make up to 10000 samples for experiments. The CNN classification model is
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built from scratch then optimized with some refinements. The transfer learning model
VGG16 is fine-tuned, replacing the top layers to suit the binary classification. Both CNN
and VGG16 classifiers are to be executed on all augmented datasets with two different
augmentation methods on CLAHE preprocessed and original images.
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Numerical Experiments and Results

This chapter explains all experiments conducted on various datasets along with results
obtained from each of the experiments. The first Section 6.1 Numerical Experiments,
demonstrates the numerical analysis and performance of each experiment. The second
part of the chapter Section 6.2 Results, presents all the comparative results based on
performance of preprocessing method, augmentation methods and classification methods.

6.1 Numerical Experiments

The model is evaluated based on the CNN and VGG16 classifiers’ performance on DCGAN
augmented datasets alongside conventionally augmented datasets. These experiments are
conducted both on CLAHE and original data. As mentioned in Subsection 5.0.8 the
Table 5.2 presents the type and number of augmented samples used for each of the the
experiments. Figure 6.1 portrays the number and flow of experiments conducted in this
research. First, the base original datasets (100 and 200) are preprocessed using CLAHE
to make same sets (100 and 200) of CLAHE data. Both of these original datasets and
CLAHE datasets are augmented separately to create various sets using conventional ge-
ometric transformation method and DCGAN method. Then the binary classification is

Figure 6.1: Flow of Experiments
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conducted on these datasets using optimized CNN and finetuned VGG16 models. The
purpose of designing these experiments is to compare the performance of the classifiers
based on the preprocessing method and augmentation methods. Following is the illustra-
tion of each of these experiments.

6.1.1 Experiment 1: CNN + Original + Conventional Augmen-
tation

The first experiment was conducted with CNN using conventionally augmented original
data. As seen in Table 6.1 and Figure 6.2, CNN obtained accuracy of 89.5% and 92%
with base datasets 100 and 200 samples each class, that increased dramatically by 7.5%
and 4% with 4× bigger data than the original sets. The model showed steady progress
on accuracies as the data gets bigger. The model stabilizes after getting trained on 2000
samples or more indicating the lack of variation in data from augmentation after this
point. The highest accuracy of 99%is achieved with higher datasets of 8000 and 10000
samples. The model seems to be overfitting with smaller datasets (from 100 to 1000)
where the validation accuracy is much higher than the test accuracy.

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 95 89.5
200 97 92
400 95 97
800 97 96
1000 100 97.4
2000 98.5 98
4000 99.7 98
6000 99.5 98
8000 99.6 99
10000 100 99

Table 6.1: CNN Accuracy on Original +
Conventionally Augmented Data

Figure 6.2: Graph of CNN Accuracy on
Original + Conventionally Augmented Data

6.1.2 Experiment 2: CNN + Original + DCGAN Augmentation

The second experiment was conducted to obtain CNN accuracy on DCGAN augmented
original data. As seen in Table 6.2 and Figure 6.3 the CNN improved its accuracies with
4× augmented data by 5.5% and 5% compared to the base data of 100 and 200 samples,
denoting the significance of the higher number of training samples. The model stabi-
lized soon after the provision of 800 samples. Further, the accuracies improved gradually
alongside data size, reaching up to 99.5% of accuracy with 10000 samples in each class.
The highest obtained accuracy is highlighted in Table 6.2. Besides, overfitting can be
noticed with smaller datasets such as 100 through to 400 where the validation accuracies
are considerably higher than the test accuracies.

60



Chapter 6

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 95 89.5
200 97 92
400 100 95
800 99.3 97
1000 100 97
2000 97.5 98
4000 98 98
6000 100 99.1
8000 100 99.3
10000 99.5 99.5

Table 6.2: CNN Accuracy on Original +
DCGAN Augmented Data

Figure 6.3: Graph of CNN Accuracy on
Original + DCGAN Augmented Data

6.1.3 Experiment 3: VGG16 + Original + Conventional Aug-
mentation

The third experiment was undertaken to assess finetuned VGG16 classifier’s performance
on conventionally augmented original data. Unlike CNN, the VGG16 model performed
equally well, with smaller datasets showing only slight growth inaccuracies provided big-
ger datasets of conventionally augmented original data. As seen in the 6.3 and 6.4, The
VGG16 model provided 96% accuracy on mere 100 samples of base data, which rather
dropped down by 1% on 4× bigger augmented dataset of 400 samples. The model accu-
racy increased by 3% on 800 samples (95%) compared to the accuracy obtained on 200
base data (92%). The model accuracies fluctuate between 96.3% to 98.6% on datasets
of 1000 samples and more. The highest accuracy, 98.6%, can be seen with the largest
dataset of 10000 samples. Again the overfitting can be noticed with 100 samples.

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 96
200 90 92
400 95 95
800 92.5 95
1000 100 97.8
2000 99.5 96.3
4000 98.1 97
6000 98 98
8000 98 98
10000 98 98.6

Table 6.3: VGG16 Accuracy on Original +
Conventionally Augmented Data

Figure 6.4: Graph of VGG16 Accuracy on
Original + Conventionally Augmented Data
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6.1.4 Experiment 4: VGG16 + Original + DCGAN Augmen-
tation

The fourth experiment is to evaluate the performance of VGG16 with DCGAN augmented
original data. Table 6.4 presents the validation and test accuracies acquired by the model,
whereas Figure 6.5 is the graphical representation of test accuracy measures obtained from
all the DCGAN augmented original datasets. The model improved the accuracy by 2%
and 5.5% by using DCGAN augmented data compared to 100 and 200 base data. The
model performed equally well with all sets of DCGAN augmented datasets providing very
high accuracies between 97% to 99.7%. The Highest accuracy of 99.7% is achieved with
10000 samples in each class, whereas it gained very close 98% accuracy on mere 400 sam-
ples, which is the smallest data with DCGAN augmentation. It conveys that the transfer
learning method can perform well without an abundance of training data. Noticeable
overfitting can be seen with the dataset of 100 samples where the validation accuracy is
100% compared to the 96% test accuracy.

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 96
200 90 92
400 100 98
800 98 97.5
1000 100 98
2000 99.2 98.6
4000 97 97
6000 98 98
8000 98 98.5
10000 100 99.7

Table 6.4: VGG16 Accuracy on Original +
DCGAN Augmented Data

Figure 6.5: Graph of VGG16 Accuracy on
Original + DCGAN Augmented Data

6.1.5 Experiment 5: CNN + CLAHE + Conventional Augmen-
tation

The fifth experiment is conducted to assess CNN classifier’s performance on conventionally
augmented CLAHE data. As seen in Table 6.5, the CNN achieved an accuracy of 94% on
100 samples and 92% on 200 samples which increased with both 4× augmented datasets
by 2% providing 96% and 94% respectively. The model provided 98% accuracy with 1000
samples each class then dropped slightly with 2000 samples providing 97.3% accuracy.
The model performed immensely well with the rest of the higher datasets starting from
4000 samples providing over 99% of accuracy. The model appeared to be overfitting
with the dataset of 100 samples showing 100% validation accuracy against 94% of test
accuracy. The highest test accuracy of 99.5% is achieved with 8000 samples in each class.
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Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 94
200 92.5 92
400 97 96
800 92.5 94
1000 100 98
2000 96.4 97.3
4000 99 99
6000 100 99
8000 99.8 99.5
10000 99.5 99.2

Table 6.5: CNN Accuracy on CLAHE +
Conventionally Augmented Data

Figure 6.6: Graph of CNN Accuracy on
CLAHE + Conventionally Augmented Data

6.1.6 Experiment 6: CNN + CLAHE + DCGAN Augmentation

The sixth experiment is conducted to assess the CNN performance on DCGAN augmented
CLAHE data. The CNN model improved its accuracy by dramatic 4% and 5% on 4×
augmented data from 100 and 200 base data, respectively, providing 98% and 97% accu-
racy. Furthermore, the model provided excellent accuracies ranging from 99.1% to 99.9%
on 1000 samples and more. The highest accuracy of 99.9% is achieved using 8000 samples.
No overfitting is perceived while training with augmented datasets apart from the base
data of 100 as mentioned in section 6.1.5.

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 94
200 92.5 92
400 97.5 98
800 97.5 97
1000 100 99.2
2000 99.5 99.1
4000 99.5 99.3
6000 99.6 99.8
8000 99.9 99.5
10000 99.9 99.9

Table 6.6: CNN Accuracy on CLAHE +
DCGAN Augmented Data

Figure 6.7: Graph of CNN Accuracy on
CLAHE + DCGAN Augmented Data

6.1.7 Experiment 7: VGG16 + CLAHE + Conventional Aug-
mentation

The seventh experiment is carried out to examine the VGG16 transfer learning method’s
performance on conventionally augmented CLAHE data. As seen in the 6.7 and 6.8 the
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fine-tuned model improved its accuracy from 88% to 92% with 4×100 augmented dataset;
however, the accuracy went down from 93% to 92.2% with 4 × 200 dataset. It accom-
modated accuracy between 97% to 98.6% on higher datasets except from 2000 samples,
which provided only 90% accuracy. Again the problem of overfitting is seen with smaller
datasets such as 100 and 400. The highest measure of accuracy is obtained with 10000
samples in each class which is the biggest dataset used in this research.

Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 88
200 95 93
400 98.7 92
800 93.1 92.2
1000 100 97.2
2000 92 90
4000 97 97
6000 98 98
8000 99 98
10000 100 98.6

Table 6.7: VGG16 Accuracy on CLAHE +
Conventionally Augmented Data

Figure 6.8: Graph of VGG16 Accuracy on
CLAHE + Conventionally Augmented Data

6.1.8 Experiment 8: VGG16 + CLAHE + DCGAN Augmen-
tation

The eighth experiment is conducted to obtain the VGG16 classifiers accuracy measures
on DCGAN augmented CLAHE data. As seen in Table 6.1.8 and Figure 6.9, the model
accuracy dramatically improved from 88% (100) to 97.5% (4 × 100) on augmented data
which is 9.5% higher. It provided 93% accuracy on 200 samples which improved by 6%
providing 99% accuracy with 4 × 200 augmented data. It is seen in the graphical rep-
resentation in Figure 6.9 that the model performed equally well, ranging from 97.5%
to 99.7% accuracies with all augmented datasets, even with the smaller datasets. The
highest accuracy of 99.7% is acquired using 8000 and 10000 samples. As mentioned in
the previous section 6.1.7, the model overfits training with 100 and 200 samples. It also
showed a slight overfitting problem VGG16 training with 400 samples of DCGAN aug-
mented CLAHE data.
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Number

of Sam-

ples

Validation

Accuracy

(%)

Test Ac-

curacy

(%)

100 100 88
200 95 93
400 100 97.5
800 98 99
1000 100 98
2000 99.7 99
4000 99.4 99
6000 99 99.5
8000 100 99.7
10000 99.7 99.7

Table 6.8: VGG16 Accuracy on CLAHE +
DCGAN Augmented Data

Figure 6.9: Graph of VGG16 Accuracy on
CLAHE + DCGAN Augmented Data

All of the above experiment results support the research hypothesis and evident that
the varroa destructor mite can be identified correctly from a small number of low-quality
honeybee images. Both the image augmentation techniques increases the data size for
better training of the classifier. The low-quality images are dealt with using CLAHE
method improving their quality. The standard images also can be classified accurately
using Convolutional Neural Network (CNN) and transfer learning method.

These experiments construct a baseline to compare all the methods implemented in
the proposed model. The comparative results are obtained by observing the experiment
results from different perspectives. The next section 6.2 presents the comparative results
based on preprocessing method, augmentation methods and classification methods used
in the proposed model.

6.2 Results

The proposed model is evaluated in three ways based on the performance of the image
preprocessing method, data augmentation methods, and classification methods. The fol-
lowing sections present comparative and summarized results along with some discussion.

6.2.1 Assessment Based on Image Preprocessing Method

To measure the effect of CLAHE, the results are compared alongside original images. The
performance of CNN and VGG16 on both original and CLAHE data are compared on
original datasets of 100 and 200 samples each class, then on augmented datasets starting
from 400 to 10000 image sets.

As seen in Figure 6.10 (a), the CNN accuracy on the original set of 100 samples
dramatically increased from 89.5% to 94% after applying CLAHE, but with 200 sam-
ples, it remains the same (92%), conveying no effect of CLAHE implementation. The
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(a) (b)

(c) (d)

Figure 6.10: Assessment Based on Image Preprocessing Method

experiments on higher datasets showed very close accuracies alongside original data. The
average accuracy of original and CLAHE data is almost the same, inferring that original
data performs equally well with conventional augmentation methods. As seen in Figure
6.10 (b), CNN resulted favourably for CLAHE datasets with DCGAN augmentation as
compared to original datasets showing 1.2% higher average accuracy. The experiments
support the positive effect of CLAHE preprocessing; however, the difference is insignifi-
cant.

The execution of VGG16 on conventionally augmented datasets merely showed any
positive effect of CLAHE method implementation on any of the bee datasets provided.
As seen in Figure 6.10 (c), the transfer learning method performed more effectively with
original datasets showing 1.6% higher average accuracy than the CLAHE datasets. On
the other hand, with DCGAN augmentation, it performed better with CLAHE data en-
dorsing 0.8% higher average accuracy than the original data as seen in Figure 6.10 (d).
Results convey that the preprocessing method CLAHE enhanced the performance of the
classifier CNN and VGG16 models with DCGAN generated data compared to the DC-
GAN generated original data. On the other hand, original data provided better results
for only the VGG16 model, with conventionally augmented data providing 1.6% better
average accuracy.

The application of preprocessing method CLAHE improved the quality of images
and eliminated the need to obtain high-quality images using specific camera settings or
expensive hardware. The experimental results support the research hypothesis and affirm
that a successful model can be developed with strengthened results even with the standard
images.
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(a) (b)

(c) (d)

Figure 6.11: Assessment Based on Data Augmentation Methods

6.2.2 Assessment Based on Data Augmentation Method

The effect of DCGAN data augmentation method is observed compared to the conven-
tional method through the classification accuracies of CNN and VGG16 classifiers. Both
CLAHE and original datasets are assessed for their performance based on classifiers’ re-
sults.

The CNN performance is measured on non-augmented, conventionally augmented, and
DCGAN augmented datasets of CLAHE images. As seen in Figure 6.11 (a), the CNN
accuracy improved with conventionally augmented data, but it shows a dramatic increase
of 4% and 5% with DCGAN augmented data based on 100 and 200 samples, respectively.
Then on greater datasets, the CNN accuracies on DCGAN augmented datasets are con-
sistently greater than the conventionally augmented datasets. As depicted in Figure 6.11
(b), the CNN accuracy on DCGAN augmented original data also shows improvement of
9% and 5.2% compared to 8.5% and 4% improvement with conventionally augmented
datasets of 100 and 200 samples. Both augmentation methods performed equally well
with higher datasets of original images. Based on the available dataset, the DCGAN
method performed slightly better than the conventional method on CLAHE data provid-
ing 1.3% higher average accuracy but remained almost the same with original data.

The VGG16 model experimented on CLAHE image datasets of non-augmented, con-
ventionally augmented, and DCGAN augmented samples. The VGG16 executed on DC-
GAN augmented data provided the accuracy increment of a dramatic 9.5% and 6%, which
is 5.5% and 6.8% higher than the conventional method, as seen in Figure 6.11 (c). The
accuracy is consistently higher (up to 9%) with all the DCGAN augmented datasets
than conventionally augmented datasets. Moreover, it is equally stable with even smaller
datasets, whereas with the conventional method, the accuracies get more stable after
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(a) (b)

(c) (d)

Figure 6.12: Assessment Based on Classification Methods

(a) (b) (c)

Figure 6.13: Average Accuracy Based on the (a): Preprocesing, (b): Augmentation, and
(c): Classification Methods

4000 samples of data. Similarly, the VGG16 performance on original data also conveys in
favour of the DCGAN method as seen in Figure 6.11 (d). The average accuracy obtained
by the model from using DCGAN augmented data is 98.2% which is 0.76% higher than
97.4% acquired by conventionally augmented data.

Implementation of both the augmentation methods, geometric transformation and
DCGAN, positively supported learning of the classifiers CNN and VGG16. However,
two augmentation methods affected the results differently on preprocessed and original
datasets, but it eliminates the requirement of having a ample dataset in the first place.
Hence, the results prove that a successful model to identify bee infection can be developed
using a limited number of images without compromising its accuracy.

6.2.3 Assessment Based on Classification Method

The performance of the optimized CNN and VGG16 models are gauged based on their
accuracy obtained on both conventional and DCGAN augmented data from preprocessed
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and original images. In Figure 6.12 (a), it is seen that CNN performed better with prepro-
cessed conventionally augmented datasets, including original ones. The average accuracy
of the CNN method is 96.8% which is 2.4% higher than the VGG16 accuracy of 94.4%.
As presented in Figure 6.12 (b), both CNN and VGG16 provided an average accuracy of
96.4% with conventionally augmented original data. As seen in Figure 6.12 (c), and (d),
both classifiers delivered varied accuracy results on all datasets with both CLAHE and
original DCGAN augmented data providing a negligible difference in average accuracies.
Besides, it showed a great difference in accuracy on 100 samples where CNN performed
better with CLAHE images while VGG16 on original images. Moreover, VGG16 per-
formed equally well with smaller datasets, unlike conventional augmentation, where the
model stabilizes after the provision of 4000 training samples. The model executed on
original DCGAN augmented data provided 0.9% higher average accuracy than the con-
ventionally augmented data proving its efficiency with even standard images.

The results obtained from both the classification methods answer the research ques-
tion; whether standard images are classified accurately using Convolutional Neural Net-
work (CNN) or transfer learning method. The outcome of the experiments proves that
the bee infection can be detected accurately using a CNN and transfer learning VGG16
classifiers, even with the low quality and limited data.

6.2.4 Summarized Results and Discussion

The results are further summarized by calculating the average accuracy measures and
compared for each of the assessment criteria. Figure 6.13 (a) conveys that implementa-
tion of CLAHE improved the accuracy of CNN by 1.4% but original data suited better for
the VGG16 model providing 2% better accuracy. Hence, based on the results obtained
using the bee dataset, the CLAHE method is recommended with CNN but not with
the transfer learning method VGG16. However, in the use of DCGAN augmented data
CLAHE method affects positively for both classifiers. As seen in Figure 6.13 (b), both
classifiers improved their performance significantly with augmentation; however, DCGAN
augmentation provided better accuracy than conventional augmentation for both CNN
and VGG16. The average accuracy of CNN is 0.6% higher with the DCGAN method,
but VGG16 showed a substantial increment of 2.4% compared to the conventional aug-
mentation method. It confirms the efficiency of DCGAN augmentation over conventional
augmentation method based on the results of the experiments conducted on the bee
dataset. Figure 6.13 (c) exhibits the comparison of classifiers CNN and VGG16 based on
base data and augmented data. It is seen that CNN performed better than the VGG16
model on conventionally augmented data, but both models performed equally well us-
ing DCGAN augmented data. Table 6.9 shows the average accuracies obtained from all
different experiments. Using the original bee dataset, the obtained results confirm that
CNN performed better with CLAHE data, whereas VGG16 with original data. Both CNN
and VGG16 methods performed their best with preprocessing and DCGAN augmentation
methods, providing 99% and 98.9% accuracy, respectively.

Comparing the performance of CNN and VGG16 models, the CNN performance de-
pends on data size and somewhat on preprocessing method. The model accuracies gradu-
ally improved alongside data increment, and it became more stabilized after 1000 samples.
At this point, conventionally augmented training data would have sufficient information
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Classifier Preprocessing Data Accuracy(%)
CNN CLAHE Base Data 93
CNN Original Base Data 90.8

VGG16 CLAHE Base Data 90.5
VGG16 Original Base Data 94
CNN CLAHE Conventional Aug 97.8
CNN CLAHE DCGAN Aug 99
CNN Original Conventional Aug 97.8
CNN Original DCGAN Aug 97.8

VGG16 CLAHE Conventional Aug 95.4
VGG16 CLAHE DCGAN Aug 98.9
VGG16 Original Conventional Aug 97
VGG16 Original DCGAN Aug 98.2

Table 6.9: Summarized Results

to build an efficient model to produce high accuracy. It gets stabilized with a lack of
additional variation in augmented data even with higher datasets. Dealing with standard
images, CNN performed slightly better with CLAHE data as the image features get more
comprehensive to the model. The VGG16, on the other hand, performs better with origi-
nal data as it already has its own preprocessing method for input images. The study [89]
also indicates that any image enhancement application adversely affects the performance
of transfer learning CNN models. The transfer learning model performs fairly well with
the smaller data, too, as it already comes with learnt features from millions of images.
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Conclusion

This study aimed to propose a solution to the noisy and insufficient image data in the
apiculture environment to detect varroa infected bees. We propose the image contrast
enhancement method CLAHE to deal with standard images and synthetic images using
the DCGAN method to cater to the limited data. The CLAHE implementation was
tested alongside original images, and the DCGAN augmentation method was compared
with the conventional augmentation method. A dataset containing 200 bee images was
used to compare the contrast using the sharpness estimation method to verify the out-
come. The image data is tested using an optimized CNN model alongside a fine-tuned
transfer learning method VGG16 for binary classification of infected and healthy bees.
The experimental results demonstrate the effectiveness of the approach and promising
results. The image contrast enhancement method CLAHE not only improved the image
sharpness but also contributed to improving the proposed CNN classifier’s performance.
The proposed DCGAN based augmentation technique outperformed in comparison with
the conventional augmentation method.

7.0.1 Summary of the Research

The Apiculture industry is craving for an efficient system to observe the bees’ health and
their activity. The varroa destructor mite, being the most destructive mite to the beehive,
adversely affects the industry and country’s economy. Out of various types of resolutions,
a vision-based approach appears to be more suitable and efficient for identifying var-
roa mite on bees. Nevertheless, it is unrealistic and expensive to obtain high quality and
a large number of bee images in a beehive environment required to train an efficient model.

This study aims to provide a solution to identify varroa destructor mite from the
low quality and the limited number of images. The proposed model combines an image
enhancement method CLAHE, data augmentation method DCGAN and an optimized
classification method CNN to classify infected or healthy bees from standard bee images.
The CLAHE method improves the image contrast making its features more identifiable
to the classifier. The image sharpness estimation method is used to calculate the sharp-
ness of the CLAHE images, which returned 10% higher sharpness in the CLAHE images.
The trained DCGAN method is able to generate real-like synthetic images. The DCGAN
model is first trained to generate fake images. The generated images are then assessed
for their proximity to the real images. Apart from the manual inspection, the t-SNE
visualization method is used to plot the data points of both real and fake images in
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two-dimensional space. The t-SNE results confirm the closeness of both categories. The
generator model of the DCGAN generates synthetic images that are used to augment
the datasets. A conventional augmentation method, geometric transformation, is used
to compare the classification performance of DCGAN augmented data. Geometric trans-
formation converts the image in different ways providing variations of the images in the
training dataset. CNN’s classification method is built from scratch then refined further
to optimize it for the binary classification task. A transfer learning method VGG16 is
fine-tuned and utilized for the same classification problem of detecting varroa infected
bees on images.

The model computer simulation plan is implemented on real data. The bee dataset
is strained to extract only the required fields to obtain infected and healthy categories
of images. After resizing the images to their ideal size, the CLAHE image enhancement
method is used. The two augmentation methods, geometric transformation and DCGAN
augmentation methods, are implemented on both original and CLAHE images and pre-
pared the augmented datasets from base datasets of 100 and 200. The base data is first
augmented to make it 4× bigger dataset; then, additional augmented samples are added
to obtain even higher datasets, up to 10000 samples. The numerical experiments are
conducted, and results are obtained to assess the model’s performance based on the im-
age preprocessing method, data augmentation methods and classification methods. The
results convey that the CLAHE method improves the image sharpness and positively
affects the CNN performance. The DCGAN augmentation method provided promising
results compared to the conventional augmentation method in the infection identification
scenario. It is observed from the summarized results that the optimized CNN model and
VGG16 can perform equally well with CLAHE and DCGAN augmented data.

7.0.2 Future Work

This thesis has investigated the possibility of using the GAN-based augmentation tech-
nique, DCGAN, and has successfully tested the problems. The proposed image contrast
enhancement technique CLAHE also contributed to the classifier’s performance with DC-
GAN augmented datasets. Hence, the deep-learning-based DCGAN augmentation tech-
nique can be applied for low data interference in agricultural or any other image classi-
fication system. Based on the investigation results of this research, we suggest exploring
more deep learning GAN-based techniques to augment the image data. Moreover, as
an alternative to having a combined model including separate image enhancement and
augmentation methods, a GAN based method can be investigated, which improves the
quality of the images alongside augmenting the image data.
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