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Abstract

Lumpy Skin Disease (LSD), Foot and mouth (FMD), and Infectious Bovine Kera-
toconjunctivitis (IBK) are some of the most common external diseases of cattle in
Bangladesh. Besides, these diseases are highly contagious. Thus, it is important to
detect the affected cattle in time and take immediate action. For this reason, we have
conducted a survey on (N=26) cattle farmers to understand their views and needs
on different external cattle diseases. In this study, we build a modern detection sys-
tem for these external diseases using a deep Convolutional Neural Network (CNN)
with 99% accuracy. Besides, we design and implement a novel mobile application
(‘CattleSavior’ ) incorporating the detection system. This application makes it eas-
ier for cattle farmers to detect diseases by capturing an image of the affected area,
as it provides instant feedback for the treatment. We have included not only the
disease detection feature in the application but also some other necessary features
that can become very useful for cattle farmers. Other features include: Information
on General Diseases; Information about Vaccines for various Diseases; Vaccination
Reminders; Cattle Grooming Guidelines; Generalisation of Cattle Medicine and
Veterinary Information. Moreover, we have conducted another survey on (N=11)
farmers to evaluate their feedback on the mobile app.

Keywords: External Diseases; Lumpy Skin Disease (LSD); Foot and mouth(FMD);
Infectious Bovine Keratoconjunctivitis (IBK); Developing Countries; Deep Learning;
CattleSavior
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Chapter 1

Introduction

1.1 Background

The importance of livestock cannot be denied even in this modern world of sci-
ence and technology. At present, not only the rural and underprivileged people but
also the young and accomplished individuals are getting attracted towards livestock
farming. Generally, livestock is the primary source of protein, leather, fiber, wool
and in most of the countries of Asia and Africa, it is one of the most common sources
of direct and indirect employment. Besides, it is an integral part of the economy
mainly to developing countries like Bangladesh. According to the Department of
Livestock Service (DLS) of Bangladesh, in the fiscal year of 2021-22, livestock has
contributed 1.90% of the country’s GDP and the growth rate of GDP has become
3.10% with a 16.52% of share in Agricultural GDP. Furthermore, livestock provides
20% of direct and 50% of part-time employment [35]. In the rural village area of
Bangladesh, a household without any livestock farm is hardly seen.

In the Asian subcontinent, among the different types of livestock; cattle, sheep,
goats, buffaloes, chickens and ducks are the most common. Indeed, cattle is the
major type of livestock which provides meat, milk, leather, organic manure and
many necessary things for everyday life. According to the livestock department, in
the fiscal year 2021-22, the number of cattle in the country was 24.7 million, buffalo
was 1.5 million, goats was 26.7 million and sheep was 3.7 million. And in the last
three years, about half a million cattle have increased in the country[32]. Therefore,
maintaining the health of the livestock is crucial for the overall development of the
country.

Different types of diseases are the prime threat for the well being of the cattle.
Nowadays, external diseases are becoming more common and causing anxiety among
the farmers as a large number of cattles are getting affected every year. Lumpy Skin
Disease (LSD), Foot and mouth disease (FMD), Infectious Bovine Keratoconjunc-
tivitis (IBK), Mastitis, Black quarter, Dermatophytosis, Dermatophilosis are the
most common external diseases that frequently occur in this region. These external
diseases can also become life threatening if not detected correctly and treated at an
early stage. In addition, it also imposes long-term economic loss on the farmer as it
degrades the leather quality along with milk production and various health issues.
Nevertheless, most of the farmers generally detect these external diseases on their
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own and for treatment they depend on the traditional methods of healing. As a
result, due to human error and ignorance, in most cases farmers suffer a significant
amount of economic loss and in the worst case their cattle dies. Therefore, early and
correct detection of these diseases is very important in addition to accurate feedback
regarding necessary treatment and cautions.

In order to solve this problem, smartphones can be used as more and more farmers
are becoming smartphone users day by day. In a prediction, The Global System
for Mobile Communications Association (GSMA) has reported that more than 80%
of mobile phone users will be using smartphones in the Asia pacific region by the
year 2025. It also includes, India will have 85%, Pakistan and Bangladesh will
respectively have 74% and 62% smartphone users [21]. Hence, in this technology
driven world, a farmer can make the best out of his handheld smartphone to ac-
curately detect the external diseases and get adequate suggestions for the treatment.

In this study, a modern detection system of several common external diseases of
cattle will be implemented by using image processing and machine learning. More-
over, one easy to use smartphone application will also be developed which farmers
will be able to operate in their native language. By the help of this application,
farmers can scan the affected area of a suspicious cattle with their smartphone cam-
era and get accurate results followed by some necessary suggestions for treatment
with some cautions.

1.2 Research Problem

Livestock is kept specifically on a farm for financial gain. They are typically cattle,
buffalo, goats, and sheep in Bangladesh. Since livestock also provides the majority
of people with manure, meat, milk, labor and leather, it plays a significant role in a
nation’s wealth and economy. Additionally, resources from livestock are crucial for
the support of landless people. Moreover, around one fifth of Bangladesh’s popu-
lation makes a living by working in the livestock and poultry industries. Besides,
a sizable amount of the GDP is made up by the utilization of animal power for
transportation, manure and fuel made from cow dung, and draught power for tilling
the soil. It also plays a significant role in various types of agricultural production.
In Bangladesh, there are now believed to be 25.7 million cattle, 0.83 million buf-
faloes, 14.8 million goats, and 1.9 million sheep, and 83.9% of all households possess
livestock according to the annual report of the Department of livestock services[35].
Moreover, the livestock population density of our country is significantly higher than
the average of most other countries. However, despite having a large population of
cattle and other livestock, the country has a severe shortage of livestock products
including milk, meat, and eggs. Nevertheless, one of the main reasons behind the
shortage is lack of proper investments & research on quality production and main-
tenance of livestock. In addition, the lack of facilities for training the farmers and
taking necessary steps when needed in terms of better production and growth of
the livestock is also responsible. For instance, this main source of milk and meat,
cattle are facing frequent occurrences of some external diseases such as Lumpy Skin
Disease, Foot and Mouth Disease, Infectious Bovine Keratoconjunctivitis, Bovine
Mastitis, Black Quarter, Dermatophilosis, Dermatophytosis and so on.

2



1.2.1 Lumpy Skin Disease

Lumpy skin disease is a viral infection of cattle affected by LSDV(Lumpy Skin Dis-
ease Virus).This skin disease is usually identified by fever, enlarged lymph nodes, and
firm nodules, and nodules are mostly seen in hairless areas.Furthermore, this disease
is transferred by mosquitoes, flies, etc from infected to uninfected skin and this dis-
ease can also be spread through impured feed, water, equipment, etc.Moreover, skin
nodules are approximately 5 to 50 mm in size and rise above the skin are the clinical
symptoms of lumpy skin disease, and gradually one or more nodules may form and
eventually cover the entire body.This skin disease is like a pandemic in every side
of our country’s cattle farms and countryside households and getting worse day by
day. This disease is bringing unbearable problems to our country like most milk
production loss, infertility, abortion, trade limitation and sometimes death in our
nation.According to a recent article of Dhaka Tribune, an unexpected outbreak of
lumpy skin disease that is afflicting livestock in Shahjadpur upazila of Sirajganj dis-
trict in Bangladesh is causing concern among cattle farmers ahead of Eid-ul-Azha.
Within a week, the illness has already affected 200 cattle in the upazila. According
to sources, the upazila has 7,000 cow farms and has been home to almost 3,000
000 cattle. For the upcoming Eid-ul-Azha, the cattle farmers of the upazila raised
100,000 cattle, which will be sent to several livestock markets, including Dhaka.
However, because lumpy skin disease has suddenly started to spread throughout the
upazila, the cattle farmers there spend their days worrying that it will infect every
part of the upazila.Despite injecting vaccines into the diseased animals, the Upazila
Veterinary Office found no improvement in this area. Yeasin Mollah and Farhad
Hossain, two cow farmers, said they are busy raising cattle to meet the demand for
sacrificed animals during Eid-ul-Azha. Prior to Eid, they were getting ready to sell
their cows in the neighborhood market. With the proceeds, they would pay all of
their annual household costs. The farmers warned that if the skin condition spreads
to the other livestock, they will suffer damages.From this condition , we can say that
, lumpy skin disease is very contagious disease which can lead our country economy
at very low stage and we will never be able to reduce the shortage of significant
product of milk and meat as its about to be increased up to 6 to 9 percent per year
in terms of milk and meat, the statistics said.
By early detection and taking proper precautions and necessary , this disease could
be reduced and the rate of economy would be raised and shortage of products like
milk and meat would be reduced. Figure 1.1 shows an image of Lumpy Skin Disease.

Figure 1.1: Lumpy Skin Disease
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1.2.2 Foot and Mouth Disease

FMD is very dangerous and infectious for cattle. It also has a notable economic
impact. Compactly nurtured animals are more sensitive to this disease. Adult ani-
mals are affected less than young ones. FMD is seldom fatal in adults, but in young
cattle, it is often highly lethal for myocarditis or when the mother cow is infected
by that particular disease. Almost 46-55% of cattle are affected in Bangladesh by
FMD. FMD is determined by sores like blisters, and fever on the lips, inside of the
mouth, and between hoofs. Maximum animals are recovered who were affected by
FMD, but it makes them weak. The “Aphthovirus” from the Picornaviridae family
causes FMD. There are 7 distinct serotypes responsible for FMD. The Asia-1, C,
A, O serotypes are spreading and reported in cattle in Bangladesh. In Bangladesh
about 70% of its population is engaged with livestock and agriculture directly or
indirectly. FMD has a very bad impact on the dairy in Bangladesh, because of milk
production loss and increasing of abortion rates. The consequences of FMD in any
species are reduced milk production, abortion, and mortality of 50-100% in calves
and kits. A total of 850 affected households of Rangpur, Rajshahi, Dhaka, Khulna,
and Chattogram divisions of Bangladesh from July 2017 to June 2018 using a pre-
tested interview schedule responding to the study objectives. In total, there were
4857 crossbred and 2138 native cattle in the affected household. The total financial
loss due to the FMD outbreak was calculated as Taka 53172067 (Tk. 53.17 million
or US$ 0.63 million) for 850 affected households. The percentage of loss incurred
was the highest for the death of affected cattle (63.47%) followed by veterinary cost
(10.71%), weight loss of fattening cattle (10.68%), reduction in milk yield (9.17%)
and manpower loss for taking care of affected cattle (5.98%)” [35]. Figure 1.2 shows
an image of Foot and Mouth Disease.

Figure 1.2: Foot and Mouth Disease

1.2.3 Infectious Bovine Keratoconjunctivitis

There is a cattle disease called Infectious Bovine Keratoconjunctivitis (IBK) or
pinkeye, which has been causing big trouble for the people living in rural areas in
Bangladesh. It’s a bacterial infection that affects beef cattle, making their eyes
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all red and painful. The thing is, these cattle are super important for the liveli-
hoods of farmers, so when they get sick, it’s a real nightmare for the farmers as
a result this disease leads to reduced cattle productivity and economic losses, and
eventually, those losses hit farmers very hard and unbearable. Additionally, another
crucial problem is that not everyone in these rural communities has easy access
to veterinary care and many of them don’t even know how to prevent the disease
from spreading eventually with all the cattle living close to each other, the risk of
spreading the disease like very high and making it like it’s not going to be controlled
easily. Furthermore, when farmers do try to get their cattle treated because of a
lack of veterinary and proper guidelines on how to defeat this disease eventually
it costs them a lot of money, putting extra strain on their already tight budgets.
Farmers are burdened with the costs of veterinary treatments and medications and
those causes. To address this pressing issue, a coordinated effort is required all the
government agencies, agricultural experts should work together to implement dis-
ease surveillance programs and raise awareness about preventive practices among
the farmers, and make veterinary services more accessible to rural areas. If those
steps could be applied perfectly then there is a chance that the disease IBK can be
reduced and eventually, the well-being of rural residents and the sustainability of
the agricultural sector would be ensured in Bangladesh. Figure 1.3 shows an image
of Infectious Bovine Keratoconjunctivitis.

Figure 1.3: Infectious Bovine Keratoconjunctivitis

1.2.4 Bovine Mastitis

Bovine Mastitis, is considered the most alarming disease that can be found among
cattle which may cause infection to the mammary gland and reduce milk production
capability. This disease is caused by bacteria as a result of a certain injury of the
udder, or sometimes spread from human hands while milking it in unhygienic ways.
Afterward, the bacteria attack the udder tissue of the mammary gland and finally
make an attack on the defense mechanism system. Depending on the degree of
sensitivity, this disease can be classified into three categories which are clinical, sub-
clinical, and chronic mastitis. Firstly, clinical mastitis can be detected by noticing
both the udder and milk quality. If any cattle is infected by this class of disease,
her udder will be reddish and the produced milk will be less dense and full of clots
and flakes[4]. Compared with clinical mastitis, subclinical mastitis has fewer visible
signs. In this case, the milk production capability decreases like clinical mastitis,
but the only difference is the increase of somatic cells[6]. This disease lasts almost
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for a month and the overall losses due to mastitis are immense. In recent times, it is
recorded that, almost $147 is spent to properly diagnose a cow [16]. Also, the huge
fall in milk production caused 70% loss of the total losses [18]. Apart from that, a
cow suffering from mastitis produces contaminated milk due to illness and there is
a high chance of getting infected with other diseases. In extreme cases, udder may
be permanently damaged if the disease is not detected or cured in time[6]. Figure
1.4 shows an image of Bovine Mastitis.

Figure 1.4: Bovine Mastitis Disease

1.2.5 Black Quarter

The Black Quarter is one of the most dangerous bacterial diseases of cattle. Another
name for the Black Quarter is Quarter ill or Quarter evil. This disease occurs by
clostridium chauvoei bacteria. For this disease, cattle feel pain at first then it would
paralyze their leg. It creates a black spot on its leg. After that, it turned into their
death.

Figure 1.5: Black quarter Disease

Moreover, it is also a very contagious disease. For example, if one cattle gets affected
then whole dairy cattle may get affected quickly by it. A research team from Animal
Science University, Chittagong, Bangladesh did a study on Black Quarter in 2006.
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They found that 0.4% of Bangladesh cattle are affected by this disease. Among
them, 50.74% of cattle died because of this prestigious disease. So, it is really
important for our dairy farmers to detect this disease as soon as possible in the
early phase. Figure 1.5 shows an image of Black Quarter.

1.2.6 Dermatophilosis

Dermatophilosis is a bacteria-caused skin disease of cattle that is now spreading
worldwide. Especially, in Bangladesh, around 13.51% of cattle are affected by der-
matophilosis. In recent times, it is not limited to cattle, pigs, dogs, cats, and even
crocodiles are seen to be affected by it [7]. It is mostly seen among the newly born
cattle, specifically the cattle having a weakened immune system. This disease basi-
cally spreads from Dermatophilus congolensis bacteria which are found in soil. In
general, most of the castles lay directly on the raw soil in farmhouses. There they
get wet by rain or other natural factors which allows the bacteria to attack on their
skin. In some cases, it also spread from insect bites that grew up in the wet at-
mosphere. This bacteria mostly affects the head and neck of the cattle. Because
of this disease, the skin forms into a scab or crust. Sores start to get visual in the
infected areas, mostly in ears and legs and it may get all over the body through flies
and cause ‘lumpy wool’ [2]. Animals who are extremely infected lose their walking
ability and lay to death at last. Figure 1.6 shows an image of Dermatophilosis.

Figure 1.6: Dermatophilosis

1.2.7 Dermatophytosis

Dermatophytosis, also known as ringworm or tinea of cattle, is caused by dermato-
phytes fungi T.verrucosum [8]. It is the most frequently occurring disease and is
mostly seen in tropical countries. It has a low prevalence rate of 11%. It is classi-
fied into zoophilic (animals), geophilic (soil) and anthropophilic (humans) [5]. This
fungus specifically attacks the skin, hair, and nail keratinized tissue of the victim
[9]. Therefore, it is an extremely contagious disease and can be easily transmitted
through direct or indirect contact with infected cattle or sometimes this fungus can
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also spread from soil. The outbreak of the disease may vary depending on countries
and natural factors like climate, humidity, and temperature. In cattle, multiple cir-
cular lesions are seen in the chest and other spaces [14]. Hair loss is seen afterward
with multiple grey crusts. In recent times, this disease has been quite hard to detect
at first glance and it gets almost late to cure the animal. Though curing and diag-
nosis of the cattle is not impossible but expensive as it requires chemical ingredients
and antifungal drugs [3]. Figure 1.7 shows an image of Dermatophytosis.

Figure 1.7: Dermatophytosis

1.3 Research Objective

Our research aim is to detect some common external diseases of cattle and provide
them with the correct solution immediately via their handheld smartphone so that
the cattle farmers can take immediate actions as well as precautions and thus min-
imize their economic loss.

1. Finding the common external diseases faced by the cattle farmers in our country
by conducting a survey.
2. Understanding the economic loss and trouble for different diseases from the sur-
vey.
3. Analyzing the number of cattle farmers who use smartphones from the survey.
4. Building a deep learning model which can detect some common external diseases
accurately. 5. Shifting the model into a mobile application so that the cattle farmers
can detect those diseases convincingly.
6. Accumulating information about the immediate treatment and cautions for those
diseases from the veterinarians.
7. Enriching the mobile application with important information and necessary fea-
tures.
8. Returning back to the cattle farmers with the mobile application.
9. Installing the application on their smartphones for test usage.
10. Conducting a feedback survey on the cattle farmers about the application.
11. Verifying all the information from certified veterinarians.
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1.4 Research Contribution

In this research, our aim is to detect some common external diseases of cattle and
provide them with the correct solution immediately via their handheld smartphone
so that the cattle farmers can take immediate action. In order to fulfill our aim
according to the above research questions, we highlight the following contribution.

• In order to find out the current scenario of the cattle farmers of our country,
we conduct an interview on (N=26) cattle owners of 3 different locations of
the country. Analyzing the survey responses, we become sure of the exter-
nal diseases that occur frequently. This finding helps us to further advance
our research into data collection and build a deep-learning model for those
particular diseases.

• Before developing the mobile application, it is important to find out the num-
ber of smartphone users among the cattle farmers and their views on it to use
an application on their device. We get the answer from interviewing the cattle
farmers. This finding allows us to initiate the idea of developing a mobile
application.

• To build a proper dataset according to our needs, we collect the image data of
the three different diseases and further complete the dataset by adding more
images. Then, we explore different pre-trained deep learning models of CNN
along with building a custom model. Furthermore, compressing the model to
a small size allows us to fit the model into the mobile application.

• To accumulate the information of immediate feedback, suggestions for the
detected diseases, and all the other features, we consult with veterinarians.
Their information allows us to provide adequate feedback corresponding to
the detected diseases, and correct details of all the features.

• After developing the application, we return back to the cattle farmers and
collect the user feedback data through a survey on (N=11) cattle farmers. This
final survey allows us to measure the impact of our ‘CattleSavior’ application
by evaluating the user satisfaction.

1.5 Thesis Organization

The whole paper is divided into the following chapters:

1. A brief introduction of our research work which includes the background, research
problem, research objectives and research contribution is provided in Chapter 1.
2. All the related work of our reach based on Machine Learning (ML) and Deep
learning(DL) aspect, and HCI aspect is included in Chapter 2.
3. Chapter 3 introduces the Methodology of our research with details of our work
plan.
4. Chapter 4 covers the first baseline survey findings and the plan of our probable
solution.
5. Model Design and implementation is demonstrated in Chapter 5.
6. ‘CattleSavior’ app design and implementation is shown in Chapter 6.
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7. Chapter 7 is about the feedback collection and discussion through the final sur-
vey.
8. Chapter 8 is the last chapter of our thesis paper which includes conclusion and
future work.
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Chapter 2

Related Work

In this section of the literature review, we have read most of the previous works
done in this field. The study of each paper has enriched us with various ideas and
methods of implementing a model, ways of data collection, different challenges along
with the major insights of several aspects of a subject. In the following, we have
enlisted the summaries of different papers in the field of our study into two aspects
as Machine Learning (ML) and Deep Learning (DL) aspect as well as Human Com-
puter Interaction (HCI) aspect.

2.1 Related works in Machine Learning (ML) and

Deep learning(DL) aspect

Safavi et al. [27] elaborate on the idea of identifying the occurrence of LSDV infec-
tion based on geographical and climatic characteristics by using a machine learn-
ing algorithm, Artificial Neural Network (ANN). At first, the authors address the
Lumpy skin disease virus (LSDV) and its negative impact on the cattle firm indus-
try. Moreover, It is a highly contagious viral disease and it hampers the ability of
cattle milk production as well as beef production. Besides, it can be transmitted
very fast from the infected to the uninfected animal’s body through water, food,
and so on. Then, they reviewed many researchers’ identification of various diseases
using different machine learning algorithms depending on variables like humidity,
temperature, wind speed, etc. For instance, a researcher in China has developed a
neural network model for identifying the number of humans who are affected by di-
arrhea. Another research is about predicting the confirmed death case of COVID-19
in different countries. Afterward, the authors narrate their key objective which is
to build a model which can predict lumpy skin disease by estimating the history of
lumpy virus infection in different countries between 2011 and 2021. A data set that
has five attributes named LSDV data, Meteorological data, Animal density data,
Land cover data, and Elevation data is used. Different data pre-processing methods
are applied to the dataset for fitting different models. In terms of selecting features,
they use two models. The SelectFromModel class is used to choose features based
on relevance weights. Then, they also use another method to choose parameters
for each machine learning model. In the testing and training phases, they utilize
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a variety of machine learning techniques including logistic regression, support vec-
tor machines, decision trees, random forests, adaboost, and bagging artificial neural
networks. Among the models, they achieve 97% accuracy by using climatic and
geospatial features as predictive variables in the Artificial Neural Network (ANN)
algorithm. This predicting algorithm can be very helpful in detecting the location
early where the chances of the outbreak of LSDV infection are very high. Based
on that, different awareness programs as well as preventive measures like vaccine
campaigns can be run to minimize the adverse effects of LSDV.

In another work on Lumpy Skin Disease [22] a deep learning approach is used to
detect the disease through semen that may infect cows and their embryos. At first,
this paper talks about the importance of AI for detecting viruses and their families
and its impact on cattle as well as the economy of a country. The Neethling strain is
the main symptom of lumpy skin disease. Other signs include a few modest varieties
of confined skin nodules. Then, the authors develop a machine learning-based ar-
chitecture for detecting the disease. Afterwards, the simultaneous execution of two
controlled trials is carried out for the experiment. Moreover, they conduct experi-
ments on cattle by putting a virus on young heifers. The 27 days of the experiment
are recorded. On the very first day, fresh semen laced with a field strain of LSDV
is used to inseminate eleven young beef heifers that had never been exposed to this
virus. Also on Day 1, six of the young heifers are superovulated using pregnant
mare serum gonadotropin. The embryos from these heifers are flushed on Day 6.
From Day 4 to Day 27, blood and serum samples are collected in order to detect
the presence of LSDV by PCR, virus isolation as well as the presence of antibodies
against LSDV. On Day 10, they identified LSDV followed by mild LSD in two of
the heifers and severe generalized LSD in three additional heifers. Due to severe,
unresponsive strangury, two heifers are inhumanely put to death. LSDV is basi-
cally found by electron microscopy or virus isolation mostly in embryos, organs, and
blood of infected animals. On Day 27, eight heifers are seroconverted and afterward,
there remain only two unaffected control animals. There has never been a report
of experimental seminal transmission of LSDV in cattle. Eventually, after doing
their experiment of 27 days and collecting a dataset, they apply different machine
learning models that use numerous classifiers. Then, after feature extraction, they
use different pre-trained models such as Inception-v3, VGG-16, VGG-19, etc., and
classifiers named KNN, SVM, NB, ANN, and LR. Then, the authors further cate-
gorize the retrieved features using their manually compiled dataset to test the work.
With this methodology, the cutting-edge solution achieves 92.5% accuracy over the
test dataset.

Dofadar et al. [28] also explained 10 machine learning algorithms that can detect
lumpy skin disease. This disease mostly occurred because of illness including fever,
infertility, and eventually it decreased milk production, creation, and so forth. If
the farmer is able to predict the reason for this disease sooner, it can greatly reduce
the economic loss because cattle infected with Lumpy Skin Disease do not tend to
live long. In this research, the authors used a variety of machine learning models
to predict if the cattle are afflicted with Lumpy Skin Disease or not. Ten machine
learning classifiers are employed and for assessing the effectiveness of algorithms
they use assessment metrics. Eventually among 10 models, they achieve 98% accu-
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racy in RandomForestClassifier and LightGradient. In the first phase of this paper,
the authors talk about the challenges of classifying skin disease because of imperfect
output, high computing cost and so on. Then they discuss the advantages of using
machine learning models and their success ratio in predicting disease. Further, they
use various techniques to resolve data before applying them into the classifier. For
data collection, they employ the classifiers from Mendeley data which is assembled
from diverse sources. This dataset has 24803 occurrences, 19 unique characteristics
and a class label. In the methodology segment, authors describe their used algo-
rithms which include KNN, LogisticRegression, RandomForest, SVM, SGD, LGBM,
GB, GaussianNaiveBayes, DecisionTree and XGB. They also mention the input sam-
ple of data should not be imbalanced. Among the 10 classifiers, LG(Light Gradient)
and RF(RandomForest) have the highest accuracy. Moreover, they apply data in
two classes; regular class and lumpy class. Over 87% data is used in the regular class
and the rest of the data is a lumpy class. Afterward, they identify that the models
perform better when the data is modified by the smote technique. In the conclusion
of the future work segment, they talk about the advantages of those two models
to forecast lumpy disease by using climatic and geospatial variables. Furthermore,
they also talk about the challenges of their study which is the lack of appropriate
data and predictor variables.

Furthermore, Suparyati et al. [32] apply some resampling techniques to detect
Lumpy Skin Disease of cattle. It also states different aspects of lumpy diseases
and how it is becoming more common in many regions of the world. Then, they also
elaborate on the importance of detecting disease early so that the economic damages
won’t be higher by LSD. Then, the authors describe the data that is used in their
study and where it has been collected from. The data is taken from Mendeley and
using it forecast the presence of lumpy virus in a particular area. In the data set,
they find many imbalances in the dataset and to fix it, they use a technique called
smote. Then RF classifier (RandomForest) is used on the data to detect lumpy in-
fection. The RandomForest model performs admirably on data that has been over
and under-sampled. The evaluation of performance measures reveals that SMOTE
outperforms Random Undersampling by 1% to 2%. Additionally, SMOTE is supe-
rior and has somewhat higher precision than Random Undersampling in terms of
Recall rate. It is the measurement that they want to maximize in order to discover
lumpy situations. Actually, in this study, the authors have given more focus on how
to balance data instead of model optimization.

Motohashi et al. [19] have proposed a new model to detect subclinical mastitis
by using some indicators acquired from the auto-milking system. Bovine mastitis is
actually the inflammation or swelling of the udder of a cow. As milk production is
directly related to it, this disease can create a huge economic loss for dairy farmers.
Among the two types of mastitis, subclinical mastitis does not show any visible
symptoms. Thanks to the development of the auto milking system, it has become
simpler to monitor different indicators of milk such as protein, fat, milk yield, lac-
tose, electrical conductivity, flow rate of milk, and so on. In this paper, SVM or
Random forest algorithms were used to train the model and to compare the perfor-
mance. The risk values are calculated based on lactate dehydrogenase used to feed
the model. Electrical conductivity in milk which is measured by the auto-milking
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system is used as the time series attribute of the model. For training the model,
a total of 110 cows with 10699 samples among them 972 subclinical mastitis and
9727 fine samples are fed into the system. And for testing the model a total of 535
sample cows with 25033 samples tits are used. Depending on the maximum elec-
trical conductivity and minimum electrical conductivity in milk, the model predicts
mastitis when the prediction probability is greater than 0.5. Also, by analyzing the
variation of LDH and HN mastitis risk the model can alert the farm staff when HN
mastitis risk is greater than 70. In terms of sensitivity, this model is able to detect
subclinical mastitis with an accuracy of 81%. Besides, it has a precision of 46%. In
addition, in some cases, earlier detection of subclinical mastitis can be possible by
measuring LDH values.

Puig et al. [30] have explained a model using common behavioral variables such
as eating behavior and physical activity and the detection is done by configuring
these data with a Machine Learning Algorithm. Bovine Respiratory disease is caused
due to both virus and bacterial attacks on cattle. These parasites first attack the
upper respiratory tract of the animal and slightly start to attack the lung and the
defense mechanism system. The detection of this disease in cattle is based on finding
similarities in clinical signs and monitoring the daily behavior of the animals. These
behaviors are nothing but the way of waiting and physical activities. Information
gathered from those activities are used as variables, and then configured through a
Machine Learning Algorithm. Though both Conventional BRD Diagnostic Methods
and automated registration methods are discussed, it is found that the automated
registration system is much more efficient. This whole thing is actually an app-based
approach where the farmers are notified the devices find any sign or any growing
sign of the disease. The method is called an automated registration system where
each animal will have an EID (Electronic Identification) and BAS (Behaviour As-
sessment System). Here, each EID device creates a unique number of data received
from several physical tags (ear tags, pedometers, collars, and microchips). Then
this data goes through a continuous monitoring process which is basically the anal-
ysis with a Machine Learning Algorithm. As the whole system is dynamic, the
more it gets data the more it learns and makes decisions on it. Therefore more
BRD (Bovine respiratory disease) detection is possible. This data is transferred to
the transceiver from the transponder through a radio frequency identification sys-
tem (RFID). After that, the information is transferred by an RFID reader to the
user. In this way the farmers will be able to detect Bovine Respiratory disease easily.

Vyas et al. [17] have shown a pathway to detect FMD (Foot and Mouth Dis-
ease) and Mastitis in cows with the help of a Machine Learning algorithm (Neural
Network) and also some sensors that will give info about the physical condition of
cows. FMD is a virus-caused disease which leads a cow to fever and blisters. On
the other hand, Mastitis is a bacteria-caused disease that specifically affects the
mammary gland and the udder of a cow. Both of these diseases reduce the milk
production capability of a cow and have an almost similar detection process. To
detect these diseases several sensors(temperature, rumination, motion sensor) and
a microcontroller (Raspberry-pi) are used. The approach is very simple. Firstly, all
the sensors are placed on a cow in different portions of their body, and then all the
sensors are centrally connected to Raspberry-pi to one similar network. All the data
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from sensors circulated through Cloud to Raspberry-pi. For detection and unique
identification, RFID tags are used and standard values of all the variables (Temper-
ature, Rumination and Motion) are stored and compared with received data with
the help of Artificial Neural Data classifiers.

Rony et al. [23] have proposed a model by using CNN with pre-trained models
such as AlexNet, GoogleNet, and ResNet. This is the first work for Foot and Mouth
Disease by using CNN architecture. For this research, they collect a total of 300
raw Healthy and Foot and Mouth Disease affected cattle. Then they convert them
into a total 1038 number of augmented images. For their dataset, they resize all
their images for AlexNet, GoogleNet and ResNet according to their need. They
mainly use transfer learning for their CNN to reduce training limit time and gen-
erate lower regulation errors. There are four types of transfer learning which are
AlexNet, GoogleNet, ResNet and VGG. Firstly, AlexNet is a CNN architecture that
performs on GPU. Secondly, GoogleNet is a CNN that is without pooling layers.
The input size is 224×224×3 and the output size is 1×1×1000. Finally, ResNet has
152 layers. ResNet is mainly used for ILSVRC-15. They get the highest accuracy
at 95% in GoogleNet where precision is 94%. This model will help the farmer to
detect FMD quickly.

In terms of some dermatological skin diseases, Kumar et al. [10] elaborate the way of
detecting Dermatological diseases (Human) using dual stage approaches: Computer
Vision and Machine Learning. Now, it gives up to 95% accuracy . Here the archi-
tecture and methodology is divided into two steps: step 1 - ComputerVision: It has
two parts, Process the picture before use in analysis which is taken by smartphone,
and extract the essential features color-codes, infliction size, etc. Secondly, using the
extracted features to detect that disease with ML algorithms. In step 2, Machine
Learning is used to refine the classifications of images and gives good detection. The
system takes all these inputs from a user who has access to various histopathological
attributes and detects the disease. The system uses Neural Networks, KNN Model,
Decision Trees. Then, the data sources are some colleges and universities where in
Stage-1, Image Processing is used to enhance the accuracy of extraction the feature
from the color images are processed using eight different preprocessing algorithms
such as Binary image, Grayscale image, RGB extraction, Sobel operator, Sharpen-
ing filter, Smoothing filter , Median filter, YCbCr. In Stage-2, it follows Conversion
of RGB color space into HSV color space and then identifies the shape. Then, the
skin affliction components are extracted using Euler’s value. After that, a threshold
limit was used for indication of inflictions. Then it extracted the presence or absence
of nail patches. Then it extracted the presence or absence of pustules in the skin.
Stage-3 is Identification. In Stage-4, the Machine learning model uses k-th Near-
est Neighbor (kNN), Decision Trees (DT), Maximum Entropy Model and Artificial
Neural Network for prediction. Here, it gives 95% accuracy combinedly.

Ajith et al. [11] research about the detection of human skin diseases using smart-
phones. It takes an image as an input prototype from the patient, and then using the
Image Processing method it gives output. The training part performs the image pro-
cessing method based on the database and it analyzes the image. The training part
generates the features. Whereas, the testing part which contains an image goes un-
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der processing and generates the features. Then all these features are compared and
classified. Here it works on six diseases and they created six different databases for
each disease. After that, for implementation, the Discrete Cosine Transform(DCT)
transforms that image (spatial domain to frequency domain). Here it also separates
the image into spectral subbands depending on the importance. Further, in Discrete
Wavelet Transform (DWT), wavelets progressively break down functions within the
frequency domain and hold the spatial domain. It assumes images as 2D signals.
DWT gives frequency components, indicating the occurrence time. 2D signals have
4 subbands. The LL represents the approximated form of the initial image. HL rep-
resents the horizontal corners of the initial image. Then, LH represents the vertical
corners of the initial image. HH represents the diagonal edges of the initial image.
Here, the diseases were first identified using DCT with coefficients(8, 16, 32,64). For
DCT the highest accuracy gives 16 coefficients, for DWT the highest accuracy gives
level 1. After the combination of all three it gives the highest accuracy up to 80%.
In addition, some papers are reviewed where different types of diseases are detected
using different methods.

ALEnezi et al. [15] show a method that can detect four different human skin diseases
through Machine Learning and Image Processing with a 100% accuracy rate. In the
general case, the detection of skin disease can be both costly and time-consuming
as it uses laser and photonics-based medical technologies. But this process needs
only a simple camera and working computer which will give a faster and accurate
output. The method is divided into four parts (taking input, preprocessing, feature
extraction, and classification). Firstly, it will take a digital image as input then it
is preprocessed by resizing the shape which reduces the processing time. In the fea-
ture extraction section, the AlexNet CNN model is used where different individual
layers are used for visual recognition and processing the natural language. The last
step is the computer vision method. It basically classifies the disease according to
symptoms through a Support Vector Machine (SVM). Moreover, the human skin
cancer detection model is also reviewed.

Ansari et al. [12] research about skin cancer detection using Image Processing
and (SVM) or Support Vector Machine algorithms. Here the image (Dermoscopic)
of the skin goes under some noise removal, and image enhancement pre-processings.
Now to classify the pre-processed images, those have to go under some threshold-
ing method to extract some features of that image using (GLCM) or Gray Level
Co-occurrence Matrix methodology. After extracting all the features, SVM is used
to detect whether the given image is affected by cancer or not. Now, Skin cancer
mainly begins at the outmost layer out of the three layers of skin, and they are made
of squamous cells or the outermost layer, basal cells or the middle layer, melanocyte
cells or the innermost layer. The first two are non-melanoma skin cancers and they
respond to the treatment but Melanoma is very dangerous, it quickly spreads in the
body. Here, the Biopsy method of detection is very time-consuming and painful
and there is also a chance to spread the cancer into other parts of the body that
SVM methodology proposed. Now the total implementation is done where it takes
dermoscopic images as input, it works like a magnifier that is used to take pictures
of body parts. Then, in pre-processing it removes unwanted distortions or noise
and enhances important features. Three major things need to be done before pre-
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processing the images which are grayscale conversion, removing noise, and finally
enhancement of images. In grayscale conversion, the image just reserves the bright-
ness parameter of pixels. Each pixel value carries the value of light intensity. Here,
colored (RGB) images are converted into grayscale images by using the weighted
sum method. In Noise removal, it removes unwanted noises, but it is difficult to
decide the features that are real or caused by noise. Noise is basically the unin-
tentional variations of pixel values. It uses a median filter which is implemented
by a window which can slide freely. It has an odd length to remove noise and it is
nonlinear and leaves edges invariant. Every sample is sorted by its magnitude and
the centermost value is the median of the sample(within the window) and that’s
the output. In Image enhancement, it increases the visibility of important features,
using contrast enhancement. After that, segmentation is the process of removing
those pixels which contain similar attributes. from a given image. Here using max-
imum entropy thresholding. At first, it takes the gray level of the actual image and
then it calculates the histogram of grayscale, then separates the foreground from the
background using maximum entropy. After that, it obtained a binary image which
is black and white. And finally, this method has a success rate of 95%.

Another different method of cattle disease detection is discussed in a paper by Taneja
et al. where early lameness is detected in dairy cattle and fog computing is used
which is a data-driven approach of machine learning (Taneja et al. [20]). This paper
discussed why timely lameness detection is very difficult to identify in cattle. Only
human observation is not enough as the detection can be late due to possible human
error. Therefore, in order to identify the lame cattle accurately in the early stage of
the disease, they have developed an application where machine learning along with
some data analytics techniques have been used. To monitor the activity of each
cow, long-range pedometers are used which provide accelerometric data from these
sensors. Then, a time series of regular behavioral activities is formed by aggregating
all the data at the fog node. Furthermore, this information of the fog node is sent
to the cloud for analysis. This hybrid model of classifying and clustering identifies
each cow as either Lame or Non Lame which has the sub categories: Normal, Mildly
Lame, Lame, Severely Lame. After detection, an immediate notification is directly
sent to the farmer and provides him the information of his cattle. This system can
detect a lameness-affected cattle about 3 days ahead of the farmer with an overall
accuracy of 87%. Moreover, in this model, an 84% reduction in data transmission to
the cloud is achieved thanks to the fog computing algorithm. Therefore, this study
has successfully paved the way to isolate the cattle so that immediate treatment can
be provided to the cattle to avoid any kind of further effects of it.

Volkmann et al. [25] also use acoustic analyses and machine learning to detect
claw lesions in dairy cows. They have shown that lameness can be automatically
detected by the detection of claw lesions using the sound impact of the cow’s feet
and floor in a farm. If animals are affected by any disease of the claws or limbs,
an altered gait pattern is shown. By the analysis of a cow’s gait using machine
learning, this serious problem of claw lesions which is causing a significant amount
of economic loss for the farmer can be detected and thus also identify the lameness.
A panel consisting of 2 layers is installed on the slatted floor to analyze the sound
when a cow walks on it. By measuring and analyzing a total of 640 sound files from
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64 cows, a model was built to predict and classify lameness with the status of the
cow using a machine learning approach along with a random forest algorithm. For
the influencing factor,38 different attributes of the measured sound files have been
used. The gold standard for comparing a healthy cow with an affected one was a
2-point hoof-trimming. This gold standard is compared with the output measured
sound and by analyzing the difference it can identify the affected cow with claw
lesions. This model has a sensitivity of 81% with 97% of specificity. Finally, the
80% of Cohen’s Kappa value indicates an overall good adjustment between different
parameters of the model.

In the paper of Workee et al. [26], machine learning is used to identify four different
skin diseases. [25] It covers the detection of lumpy skin disease, dermatophytosis,
dermatophytosis, and wart diseases which are very threatening for the farmers as
they can cause severe damage to the skin of the cattle and even death. Besides, if
these diseases are not treated at an early stage, it can impose a huge economic loss
for the farmer. A cattle skin disease identification model is developed by using three
different image filtering techniques such as median filter, Gaussian filter, and Gabor
filter. Then, the model compares these three techniques and after that, CNN and
HOG are used for hybrid feature extraction. Afterwards, in order to classify them
SVM is used. As CNN doesn’t stay constant for rotating, illumination changing or
other types of image manipulation and transformation, the HOG technique is used.
In this study, they used a total of 765 images for the four different skin diseases.
As CNN requires a huge dataset, a total number of 2000 augmented images are
used, and from that 80 percent of the data consisting of 1600 images is assigned for
training the model and 20 percent of the data which includes 400 images is allocated
for the testing of the model. In CNN, this model has an accuracy of 96.5% where
HOG achieved 93% of accuracy and it increased to 98.75% using hybrid features.

Rony et al. [24] has proposed an idea to detect cattle external disease by using
CNN, VGG-16, and Inception-V3 . They only work on the three most common cat-
tle skin diseases all over the world which are Foot and Mouth Disease, Lumpy Skin
Disease, and Infectious Bovine Keratoconjunctivitis. They found that 55.13 million
cattle are affected by Foot and Mouth Disease in Bangladesh. They also found
that 9993 cattle were affected by Lumpy Skin Disease in Chittagong, Bangladesh.
These diseases are not only common in Bangladesh but also common all over the
world. To solve the problem, they bring a deep learning technique which is based on
VGG-16 and Inception-V3 architecture. VGC-16 is a pre-trained model which has
sixteen convolution layers. On the other hand, they used Inception-V3 for object
recognition and assisting in data exploration. They primarily used 600 raw images
for their training and test where they used 200 images for Lumpy Skin Disease,
250 images for Foot and Mouth Disease, and 150 images for Bovine Keratocon-
junctivitis. They used a total of 480 and 120 raw images for training and testing
their model. They also used data augmentation and that’s why they got a total of
6000 raw and augmented images. After that, they got 92% accuracy in CNN, 95%
accuracy in Inception-v3, and 91% accuracy in VGG-16. So, they got the highest
accuracy by using Inception-v3. In Inception-v3, they also got 93% sensitivity and
96% specificity. Here, transfer learning also helped to increase the accuracy. But
the limitations they faced were that accuracy decreased after some iteration and it
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couldn’t classify disease properly because of less dataset.

After studying all these papers, we have found that there have been numerous mod-
els implemented using different models and techniques as well as scope for future
work. Hence, reviewing these papers has given us an overall idea of how we have
to approach the detection methods for different diseases. In most of these papers,
one particular disease is being detected. However, there is no such model which
can detect all the common skin diseases through image processing. Furthermore,
none of the papers have included instant solutions and suggestions regarding the
treatment after successfully detecting the disease. On the other hand, some disease
models only exist from a human perspective. However it is necessary for the farmers
to take immediate action accurately right after the disease detection.

2.2 Related works in HCI aspect

Firstly about detecting some common Bovine diseases, A research conducted by
Shivaanivarsha et al. [31] about detecting some common Bovine diseases using a
deep learning CNN model, TensorFlow Lite, which was tested and trained using
about 570 images. It also states that almost all livestock are situated in rural areas
where the biggest challenge for dairy farmers is to get quick veterinary treatment.
So, it is very important to detect skin disease very early. Moreover, skin disease
increases very quickly. This paper mainly deals with four types of bovine disease
detection and they are Bovine Mastitis, Lumpy Skin Disease, Papillomatosis, and
Photosensitisation. In this paper, they have used a teachable machine that can
transfer knowledge from one model to another and accurately classify diseases. Its
accuracy is better than manual machine learning algorithms. It has 96% accuracy in
Bovine Mastitis, 98.5% in Lumpy Skin Disease, 98.6% in Papillomatosis, and 99.9%
accuracy in Photosensitisation. So its overall accuracy is 98.5%. Then they created
an Android app through their model and Tensorflow lite code Android studio. Here
farmers can detect disease in real time by webcam or photo. The app will show
suggestions and nearby veterinary hospitals for cattle. But this app can only detect
4 diseases. In another paper, FERNANDO et al. [1] stated the way of detecting
Mastitis using EC (electric conductivity). Here they measured foremilk and post-
milking strippings from 92 cows with 368 quarters samples in the afternoon after
a milking interval of approximately 10 h. The infection had been determined from
strict foremilk by the bacteriological analysis. It is classified by pathogens based
on the significance of the organism (isolated). On foremilk, the somatic cells were
counted as samples by the membrane filter DNA method. As the EC increases with
infection that’s why the conductivity was higher in postmilk than the foremilk in
the sample quarters who were infected with primary pathogens. There are three
methods of using milk conductivity: Absolute conductivity, Differential conductiv-
ity, The combination of those two(which is most successful and accurate). It can
classify 90% accurately. Accuracy of infections with absolute conductivity 62.8%
(foremilk) and 96.2% (postmilking). In both normal and infected quarters in post-
milking strippings the somatic cell count was the same but the elevated conductivity
tended to be higher at the same time. Milk conductivity appears to hold a guarantee
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as a pointer of sub-clinical mastitis. Here, discriminant investigation was utilized
to decide the capacity of conductivity and somatic cell count to separate between
uninfected and infected quarters. For the vulnerability of secondary pathogens, only
infections by primary pathogens were included within the ”infected” group for dis-
criminant examination. 76 of 368 quarters were infected. Staphylococcus aureus
was isolated from 33 quarters, Streptococcus Uberis from 11, and coliforms from
9. Twenty-three infections by nonhemolytic micrococci and Corynebacterium boris
were regarded as secondary infections. The lowest error rate for the conductivity
of strippings showed that the degree of divergence between conductivities of strip-
pings from normal and infected groups was greater than that for conductivities of
foremilk or Log (somatic cells count) between the same groups. A number of mis-
classifications were greatest when the conductivity of foremilk was used. There was
a common promise between infection status and somatic cell count, in that most
normal quarters had low somatic cell count. The accuracy of detecting infections
by secondary pathogens was relatively low (61.9%). Postmilking Conductivity was
a more active indicator of infection than foremilk.

In addition, Katamba et al. [13] discuss livestock external diseases detection. They
introduce a mobile application namely Jaguza Livestock App which makes cattle
management easier. This app comes with a bunch of essential features like early
disease detection, real-time animal tracking, animal disease diagnosis, veterinary
doctor information, and weather updates. Also, it includes SMS and USSD sys-
tems, and GIS surveillance which help in analyzing and reporting livestock updates.
This app can run through both offline and online. In online mode, it connects all
the users from different districts in a centralized server. The offline system allows
users in rural areas to use the app without the internet and provides access to see
previously saved information. The diagnosis system is made based on the predictive
and analytic modules which take symptoms as input and provide the estimated dis-
ease as output with all the details of that disease. The main aspiration is to boost
livestock production, ease the management process, and early detection of general
disease by continuous mobile monitoring methods.
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Chapter 3

Methodology

3.1 Workplan

For the execution of our whole work, we divide it into small pieces, and plan ac-
cording to the workflow in Figure 3.1. Our workflow starts with the making of a
questionnaire for conducting a survey on the cattle farmers in order to know about
the present condition of cattle farming along with the different diseases they gener-
ally face. Then we plan to reach out to the cattle farmers and conduct the survey.
From the survey data analysis, we plan to find out the external diseases that fre-
quently occur in our country. Besides, we also want to understand their views on
mobile applications. With the output result from the baseline survey, we plan to
divide our future work into two different parts which we want to execute simultane-
ously.

In part 1, we plan to select the three most common diseases faced by our cattle
farmers, and then collect the respective image dataset for a deep learning model.
We plan to explore different pre-trained models with our dataset, and further try to
build a custom model which can perform exceptionally well. As we want to build
a model that can detect different external diseases of cattle, it is important for the
model to have commendable precision and accuracy. We plan to continue the pro-
cess until the model can detect the diseases properly. After building a model, our
plan is to import this model into the ‘CattleSavior’ mobile application. In order
to import the model into the mobile application, we prefer to convert our model
into Tensorflow lite, which will allow us to run a large model into a mobile device
smoothly. The workflow of part 1 is shown in Figure 3.2.

In part 2, we plan to collect all the necessary information for different features
that we want to include in our ‘CattleSavior’ mobile application. From the first
survey, we plan to get an idea of the different features of the cattle farmers. For
the informative features about different diseases and medicine, we plan to get help
from veterinarians, and also verify all the necessary information from them. The
workflow of part 2 is shown in Figure 3.3.

After completing all these processes, we plan to build our mobile application us-
ing Flutter. We have decided to build the mobile application in Flutter, as it is a
multi-platform application-building tool that has different features. After building
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Figure 3.1: Overall workflow
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Figure 3.2: Part-1
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Figure 3.3: Part-2
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the mobile application with all the features and disease detection model, we plan
to verify the application again from a veterinarian. After that, we want to reach
out to the cattle farmers again from the first survey and install the application onto
their mobile devices in accordance with their willingness to use it. After a period of
a minimum of 15 days of test usage, we want to conduct another survey to evaluate
the overall performance of the application along with the rating of different features.
This final survey will allow us to understand the impact of our whole work, and the
effectiveness of the ‘CattleSavior’ mobile application.
At the initial stage of our work, it is important for us to know about the thoughts,
and opinions of the cattle farmers of our country on different external diseases of
cattle that they generally face and their willingness towards a mobile application
that can detect those diseases. For this, a questionnaire is designed to conduct a
survey on the cattle farmers and collect data to initiate our work. Then, a disease
detection model is built to detect external diseases of cattle through an image and
further incorporate the model into a mobile application. At the very end of our
work, we again conduct a survey on our developed mobile application to measure
the impact of our work.

3.2 Questionnaire

To start the whole process of the survey we have to have a list of questions through
which we can find out the data that we need to proceed and take our work for-
ward. And the list of these questions is basically the questionnaire for our survey.
The questionnaire is a structured type of questionnaire. In our questionnaire, there
were 26 questions in total and among these 26 questions, most of the questions are
close-ended (checkbox and multiple choice questions) which denotes that the ques-
tionnaire is structured. However, there are also some open-ended questions to gather
the opinions and suggestions from the cattle farmers. Moreover, the questionnaire
for the survey helps us to understand the overall condition of cattle farmer, their
views about different diseases, the approximate cost of treatment, the economic loss
that they bear, their preference about the treatment, and so on. However, one of
the main goals of the survey is to find out the most common external diseases of
cattle that they generally face. Besides, their opinion about a mobile phone appli-
cation for detecting those diseases is also another important thing that we want to
focus on. Furthermore, we also want to know about different features for the mobile
application that they feel are important. With all these queries in mind, we have
designed our questionnaire for the first baseline survey of our work. From the 26
different questions, there are 25 closed-ended and 1 open-ended questions. Among
these questions, there are 2 quantitative questions from which we get numerical an-
swers and the 24 rest are qualitative questions. For the questionnaire, we maintain
the Likert slacking technique which goes under the high manipulation part. We
have not added any questions that need any personal information except the name
and phone number (phone number is optional) and on the open-ended questions we
mainly asked for some personal opinion or suggestions for our work. The main goal
of the open-ended question is to collect their thoughts and opinions about our idea
about the solution of detecting diseases through a mobile application. It allows us
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to understand their openness and interest in using such a mobile application and
thus move forward to implement our whole plan.

3.3 Survey Data Collection

At the beginning of our work, we want to know the present situation of the cattle
farming domain. Therefore, we initiate our work by conducting a survey on the
cattle farmers. For the survey, we have designed a questionnaire with 26 questions.
We survey (N=13) cattle farmers through in-person interviews and (N=13) farmers
via phone calls. The in-person survey is conducted at different areas of Pandora
in Savar and Kamarpara, Bhatulia, Bamnartek of Uttara East Thana in the dis-
trict of Dhaka. The interview via phone call is conducted in different regions of
the Brahmanbaria district. During the survey, we maintain an interview-type dis-
cussion, where we ask them the questions and fill out the survey form according
to their response. Besides, we design the questionnaire in English, so we have to
translate those questions into Bangla and ask the cattle farmers during the survey.
Moreover, the survey data collection is conducted with the proper willingness of our
respondents. This data is very important for our work, as we want to find out their
problems and fulfill that with our research work. After the survey data collection,
we follow some of the most efficient and popular analysis techniques which allow us
to extract meaningful information, and thus carry out further work.

3.4 Disease Detection

From the first baseline survey analysis, we find out the most common external dis-
eases that generally occur in our country. Now, according to the goal of our work,
we want to detect these diseases through an image. Moreover, we want to make the
process of detecting a disease easy so that the general farmers can capture an image
of the disease-affected area of their cattle with their handheld smartphone, and just
by uploading that image into a mobile application they can detect it. Further, the
app can be able to also provide necessary information and immediate treatment
suggestions for that particular disease. To implement this idea of disease detection
we use the help of the Deep Learning algorithm. For the automated detection of the
common external diseases (FMD, IBK, and LSD), we collect image datasets from
different places for each disease [24], [29], [34] and create a merged dataset. After
that, we explore different pre-trained Deep Learning Models (VGG-16, Inception-
ResNet v2, Xception, DenseNet-121, Inception-v3). Besides, we also build a custom
CNN model with our dataset which allows us to design the model according to
our needs. In pre-trained models, we use transfer learning with data augmentation.
However, in our proposed CNN model, we build it with less amount of convolutional
layers for good performance results. Eventually, we achieve a detection model that
can successfully detect the diseases.
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3.5 App Integration

After successfully building a Deep Learning model that can detect the external dis-
eases of cattle, our next goal is to integrate the model into a mobile application.
Most importantly, we have to develop an application that is lightweight so that it
can run smoothly even on a low-end mobile device. For that reason, we need to
minimize the size of our Deep Learning disease detection model. Besides, we also
need to keep in mind about the performance of the model so that it should not
degrade while the process of size minimization. We save our desired custom CNN
TensorFlow model as a .h5 file. After that, we convert the .h5 file to a Tflite model,
which is a reduced size model of our actual full size model. This small size allows
us to integrate the model into the mobile application that we have developed in
Android Studio. In addition to detecting a disease, we want our mobile application
to provide adequate information and immediate actions that a farmer can take to
minimize the adverse effect of the detected disease. Therefore, we add those in-
structions and suggestions for the farmer into the application. Further, we also add
different important features into the mobile application making it more convenient
for the cattle farmers. After incorporating all these things, our ‘CattleSavior’ mobile
application can easily detect FMD, IBK, and LSD through a captured image of the
affected area. Besides, it can also provide instant feedback for detected disease.

3.6 Feedback Collection

After developing the ‘CattleSavior’ application, it is important to know the user
feedback so that we can measure the impact and helpfulness of such a mobile ap-
plication on the life of a cattle farmer. Therefore, we get back to the participants
(N=11) of our first survey with our mobile application. We demonstrate all the fea-
tures of our app and ask them if they are willing to use it on their smartphone. In
accordance with their willingness, we install the application on their smartphones.
After 15 days, we returned with a questionnaire for the final survey to analyze the
user satisfaction and their feedback. This final survey is very important as we can
be able to know their thoughts and opinions on our mobile application, and it can
also help us to further improve our application. For the final feedback collection,
we mainly focus on collecting data about the satisfaction of different features of our
mobile application. Besides, their own views about the impact of the application as
well as the performance of it. We also want to know about some other features that
they feel are important to add to our application as well as their ideas about the
improvement of different features. Moreover, this final survey helps us to evaluate
the successful implementation of our whole work.
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3.7 Ethical Approval

The whole research is conducted according to the ethical sight in mind. From
collecting and preparing the image dataset for deep learning models to conducting
in-person interview surveys of the cattle farmers, all ethical points of view are strictly
maintained. We capture the normal images of the cattle to complete the deep
learning dataset with the permission of the cattle owner and also make him aware
of the purpose of collecting those images. Besides, all the information regarding
the instant feedback after detection of a disease is collected from veterinarians.
Also, we verify the whole application and every piece of information from multiple
veterinarians. Further, in the survey with the cattle farmers, we explained the whole
purpose of our interview to them with the assurance that their data must remain
private. Besides, we keep some personal data like contact numbers as optional in
the questionnaire so that our participant can choose according to their own will.
For the installation of our ‘Cattle Savior’ application, we ensure the safety of their
smartphone data and privacy, and the whole installation process is done with their
permission and complete willingness. Furthermore, in the survey, all the photo,
audio, and video recordings are conducted with the permission of the cattle farmer.
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Chapter 4

Survey Findings and Probable
Solution

4.1 Survey Findings

From the survey questionnaires, we have different statistical views from the cattle
farmers.
As our mobile application runs on the Android operating system, it is very important
to know if the cattle farmers have smartphones or not. So from the survey, we get to
know that 96.15% farmers have smartphones and 3.85% do not have any (in Figure
4.1), which denotes almost all farmers use smartphones as their primary device.

Figure 4.1: Electronic device cattle farmer use for communication

In addition, to detect external disease accurately, we need the breeds of cattle that
are more common in our country, for that we ask farmers through our survey which
breed of cattle they mainly have in their farms. From there we get to know that
17.2% of total farmers have Bangladeshi local breed cows, 65.5% of them have Exotic
breed (Holstein and Friesian / Sahiwal / Sindhi / Jersey), 17.2% have crossbreed
cows in their farms and 0% farmers have other breeds (in Figure 4.2).
Through the survey, we know about the total number of cattle from each farm (in
Table 4.1).
Then, we check how often they face external diseases affecting the cattle in their
farms. We get the answers like 15.39% farmers never face any problems of external

29



Figure 4.2: Common breed of cattle in our country

Number of Cattles Farms
2 to 10 cows 50%
11 to 20 cows 19.40%
21 to 40 cows 15.30%
41 to 117 cows 11.50%

118 cows 3.80%

Table 4.1: Number of Cattle on farms

diseases, 23.08% of them face the problem rarely, 19.23% farm owners face it some-
times, 23.08% of total farmers face it often and finally, the percentage of farmers
who always face the external diseases are 23.08% (in Figure 4.3).

Figure 4.3: Percentage of facing external diseases

We also want to know which external disease occurs the most. A multiple-choice
question is asked with 5 different options. According to the survey responses, 38%
of farmers agree that they face Lumpy Skin Disease (LSD) the most. Also, 16% of
them face IBK, 30% say Foot and Mouth Disease (FMD), 6% face Dermatological
diseases, and the rest of 10% face other diseases (in Figure 4.4).
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Figure 4.4: Percentage of common external diseases

Here also we get to know when the cattle are most vulnerable to external diseases
according to the farmers. From Figure 4.5, we can see the response of 27.4% for
newborn cattle, 37.3% for adult cattle, 7.9% farmers responded for the pregnancy
period, and finally, 27.4% of total participants agreed that their cattle get affected
by external diseases when they are matured (age is more than 5 years).

Figure 4.5: Percentage of most vulnerable diseases

At the time when we need to know how often they can detect the external disease
by themselves we get that 19.2% farmers rarely can detect the disease, 26.9% par-
ticipants can detect the disease sometimes, 7.7% farm owners can detect the disease
often and 46.2% of total farmers can detect the disease always (in Figure 4.6).
Then we discuss how likely they consult with veterinarians for disease affected cat-
tles, 61.5% farm owners state that they consult with veterinarians almost always,
11.5% of total state that they consult with veterinarians usually, 26.9% farmers state
that they consult with veterinarians occasionally (in Figure 4.7).
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Figure 4.6: Percentage of detecting disease by own-self

Figure 4.7: Percentage of consulting with veterinarians
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Also from the survey we get to know how likely they find immediate solutions 42.3%
of total farmers state that they get the solution always, 15.4% state that they get the
solution often, 19.2% farm owners state that they get the solution sometimes, 11.5%
get the solution rarely, and rest 11.5% farmers never get the immediate solution (in
Figure 4.8).

Figure 4.8: Percentage of getting immediate solutions

We also explore the use of smartphones for cattle diseases, 80.8% of total farmers
say they never use smartphones for cattle disease, 3.8% said rarely, 3.8% farmers
always use, 3.8% farm owners use them often, and the rest 7.7% use sometimes (in
Figure 4.9).

Figure 4.9: Percentage of using smartphone for cattle diseases
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From Figure 4.10, we can see that 46.15% farmers agree that external diseases
become deadly, 26.92% strongly agree that it becomes deadly, 19.23% disagree that
external diseases become deadly and the rest 7.69% farmers are undecided.

Figure 4.10: Percentage of external disease becoming deadly

We want to know about the approximate cost of treatment for a diseased cattle
and farmers state that 34.6% of total farmers spend more than 4000 taka, 23.1%
farmers spend 1000-1999 taka, 19.2% spend 2000-2999 taka and rest of them spend
3000-4000 taka which is 23.1% (in Figure 4.11).

Figure 4.11: Percentage of approximate cost of a diseased cattle

Regarding economic loss for cattle diseases 96.2% farmers strongly agreed that cattle
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external diseases bring significant economic loss (in Figure 4.12).

Figure 4.12: Percentage of economic loss for external diseases

In addition, regarding satisfaction with the service provided by veterinarians, 30.8%
farmers are very satisfied, 26.9% are completely satisfied, 26.9% of total farmers
are moderately satisfied and finally, 15.4% of total participants are slightly satisfied
with the service of veterinarians (in Figure 4.13).

Figure 4.13: Satisfaction rate with the service provided by veterinarians
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At the time when we try to know if they are familiar with any mobile application
for cattle diseases, 88.5% of total farmers are not at all familiar, 7.7% of them are
slightly familiar, and 3.8% are moderately familiar (in Figure 4.14).

Figure 4.14: Familiarity with any mobile application for cattle diseases

In addition, 3.8% farmers thought it is not important at all, 42.3% think it is
extremely important, 38.5% of total farmers think it is very important, 3.8% farm
owners think slightly important and the rest 11.5% think it is moderately important
(in Figure 4.15).

Figure 4.15: Importance of mobile application for external diseases
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In our survey questionnaire, an open-ended question, ‘Share Your comments’ is
asked. Through this, we get to know about different thoughts and opinions of the
cattle farmers. Most of them are very excited about our plan for a modern disease
detection system through a mobile application.

“I believe your work will be very helpful for the cattle farmers who have
a smartphone like me.” (P2)

Almost all of the cattle farmers in our survey are very cooperative and keen to know
more about our work. Their appreciation even before completing our work is very
motivating.

“You guys have taken a great initiative, I appreciate what you are up to.
A mobile app for cattle disease detection will be very helpful for us. I
will use this mobile application.” (P16)

Here, P2 and P16 refer to participant number 2 and 16 of the survey. From the
analysis, we find that our work proposal is eagerly accepted and appreciated.

4.2 Probable Solution

By doing the survey we get to know about the current situation in this field of ex-
ternal disease detection and their solution-providing system. So, after the survey is
done, we start analyzing the questionnaire responses from the cattle farmers. We
have done the analysis in some different perceptions and have tried to figure out
the problem so that finding a relatable solution became easy and appropriate for
the users. After analyzing the survey outcome we have divided the whole working
process into two segments or parts. Part one works for building the Deep learning
model; part two makes the basic structure of the features in the mobile application
and collects the data for the other necessary documents like medicine lists, cattle
grooming guidelines, etc. The work of these two parts has started simultaneously.
For this first, we get to know about the main three diseases which are affecting the
cattle most on farms and they are Lumpy Skin Diseases (LSD), Foot and Mouth Dis-
eases (FMD), Infectious Bovine keratoconjunctivitis (IBK). Then we have started
collecting the image dataset for all of these three diseases because our aim is to
detect external diseases through the picture of affected parts in cattle’s body. The
dataset is divided into four classes: Lumpy, FMD, IBK, and Normal skin, after the
collection of the dataset we have augmented the images and updated our dataset.
After augmentation, the total dataset becomes the dataset of 13,792 pictures which
is the summation of those four classes. After collecting the dataset we have started
exploring the existing pre-trained models including the models that are mentioned
in the literature review part and also working on the custom model in CNN architec-
ture because there is no existing work where any team used a custom CNN model for
detecting diseases through pictures. We have explored VGG-19, inceptionv3, incep-
tionresnetv2, xception, mobilenet, resnet50, densenet121. After that, we have finally
selected to use the custom model built on CNN architecture. We have converted the
model into TensorFlow lite so that we can implement the model into our application.
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On the other hand from the survey analysis we get to know beside detecting the dis-
eases the users also need some other facilities, for that reason we make some different
features which are relatable and important for a farm owner like: Cattle grooming
guideline: where a farmer get detailed grooming guideline for a cattle from the very
young age to mature age; Knowledge about general diseases: it is an static page
for different different diseases separately from where a farmer easily can find and
get to know about the common diseases name, reasons, clinical signs, preventions,
treatments etc. ; Medicine list: where farmers can find the medicine list for multiple
external and internal cattle diseases and also can do cross check if the suggested
medicine by someone is appropriate for that particular disease or not; Vaccination
details: where farmer can find vaccination name, place to push the vaccine, vaccine’s
precautions and usage for specific diseases; The reminder system for vaccination: so
that farmers can track the date to give vaccine and get notification from the mobile
application for vaccination; Veterinarians details: where farmers can find out the
name of veterinarians, contact numbers, hospital location etc.

Now making the features is not enough, we need to implement those features
with accurate and appropriate data which have to be verified by the veterinarians.
So, we have started collecting data from the veterinarians. We have been contin-
uously connected with more than 10 veterinarians during this data collection and
verifying process who are assigned to different veterinary hospitals. We have col-
lected all the data like vaccine names, medicine names, vaccination time schedules
for specific diseases, cattle grooming guidelines, etc., and have also crosschecked all
the information with all veterinarians so that there be no mistake in that infor-
mation because all this information are very sensitive for a cattle’s life, breeding,
milk production if there is any single mistake it can harm the cattle in a very bad
way also it can be deadly for cattle. With all this keeping in mind, we verify and
cross-check all the information multiple times.

After verifying all the information, building the deep learning model, and creat-
ing the necessary features we have stored all of them in Android Studio. After that,
we get our final application, and then we start to test if all the features are work-
ing properly or not and more specifically the disease detection feature, because this
is the most important part, if it gives output wrong that could create a very bad
consequence for farming and cattle’s life. We have tested the application randomly
with the picture of affected and healthy cow skin and eyes and the outputs are
tremendously perfect. From the perspective of our survey, our app covers the most
common external diseases like Lumpy Skin Disease (LSD) which is 38% of the total
farmers face in farms, Foot and Mouth Disease (FMD) is faced by 30% farmers, 16%
of the total farmers face IBK in their farms. Figure 4.16 shows the planning of our
probable solution.
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Figure 4.16: Solution Planning
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Chapter 5

Model Design and Implementation

5.1 Dataset Collection

5.1.1 Lumpy Skin Disease(LSD) Dataset

For different Deep learning model analyses, the initial image dataset has been col-
lected from the Mendeley Dataset [29], which is a dataset of Lumpy skin disease.
This was a dataset with two classes Lumpy skin and Normal skin. In this dataset,
there are 1024 images in total where 324 images are LSD and the rest are normal
skin (in Figure 5.1). The image size of all those images is 256*256 and all images
are colored images. Across the total dataset with 1024 images most of the images
were captured by mobile phones or smartphones and also the picture quality of
some of the images was not that good. As many of the pictures are clicked through
smartphones the angles of the pictures are not generalized or any angle has been
maintained, so that there are some pictures in random orientations already.

Figure 5.1: Lumpy Skin Disease Dataset
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5.1.2 Foot and Mouth Disease(FMD) Dataset

We have collected a foot and mouth disease dataset from [34], which was published
on March 28, 2023, and an open-access dataset. This dataset also has two classes
(Foot and Mouth disease, Normal Skin). This dataset has a total of 304 images
where 156 images for foot and mouth disease and 148 images for normal skin (in
Figure 5.2). The image size of all images is 512*512 and all images are colored
images. All these images were collected from different dairy farms and the internet.
Since most of the pictures are clicked through smartphones, all the pictures are
already in random orientations.

Figure 5.2: Foot and Mouth Disease Dataset

5.1.3 Infectious Bovine Keratoconjunctivitis(IBK) Dataset

We got only Infectious Bovine Keratoconjunctivitis data from [24]. There were
three classes namely LSD, FMD, and IBK. So, we got 150 IBK images from that
dataset. Moreover, we have collected 150 images from different farms for Normal
skin to differentiate between IBK and Normal Skin (in Figure 5.3). The size and
orientation of all the images are different.
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Figure 5.3: Infectious Bovine Keratoconjunctivitis Dataset

5.1.4 Final Dataset

As we want to build a model that can detect external diseases (LSD, FMD, IBK)
and Normal Skin of cattle, we merged our three datasets together into one dataset
which has a total of four classes (LSD, FMD, IBK and Normal Skin). We have a
total of 304 images in LSD class, 156 images in FMD class, 150 images in IBK class
and 998 images in Normal class (in Figure 5.4).

Figure 5.4: Final Dataset
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Table 5.1: Number of Images in Dataset

Class Name
Number of
Raw images

Number of
Augmented images

FMD 156 2340
IBK 150 1978
LSD 304 2149
Normal Skin 998 7325
Total 1608 13792

5.2 Data Pre-processing

In our final dataset, we have a total of 304 images in LSD class, 156 images in the
FMD class, 150 images in the IBK class, and 998 images in the Normal Skin class.
Here, we can clearly see that the number of images is really low. Since it is a small
dataset, we have decided to use data augmentation in our dataset to increase the
number of images. Data augmentation is a necessary step as our dataset is small. It
will help us to generate a big dataset using that small dataset and help us to reduce
overfitting in our deep learning neural network model. There are different types of
data augmentation techniques available such as rotating, shifting, zoom and so on.
For data augmentation, we have used horizontal flip, width shift range=0.2, height
shift range=0.2, brightness range[0.1,0.3], zoom range=0.2, fill mode=‘nearest’. We
generated 8 or 9 images from each image and now we have a total of 13792 images.
In our augmented dataset, we have 2340 FMD data, 1978 IBK data, 2149 LSD data,
and 7325 Normal Skin data (in Table 5.1).

5.3 Dataset Split

We split our final dataset into three parts - train, test, and validation. We store 70%
dataset for our training data, 10% for testing data, and 20% for validation data (in
Figure 5.5).

Figure 5.5: Train, Validation, Test data split
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5.4 Proposed CNN Model

Figure 5.6: Proposed CNN Architecture

CNN is a special artificial neural network designed to analyze visual data. Our
CNN model is initiated by a Conv2D layer having an input shape of 224*224 with
a filter size of 64. We use a total of seven Conv2D layers each of them has a kernel
size of (3,3) and a default stride of (1,1). We use a Max Pooling Layer with (2,2)
pool size. Furthermore, 20% dropouts are used in between dense layers to avoid
overfitting problems. We chose the Relu activation function because of its easy
computational ability. It introduces non-linearity to the model and its gradient is
not saturated which allows learning complex patterns easily compared to Tanh and
Sigmoid function. Then, we convert the values to a one-dimensional array with the
help of a flattened layer. Lastly, we add two dense layers of 128 nodes where dropout
layers are added in between those two. Additionally, we use Adam optimizer to
maximize the effectiveness of our model with a learning rate of 0.001. In the output
layer, we use Softmax classification to classify the network. It categorizes all nodes
and converts the raw scores into a probability distribution to make the decision-
making process easier. Moreover, we run the model up to 50 epochs with a batch
size of 32. The complete structure of the custom CNN model is demonstrated in
Table 5.2 and visually represented in Figure 5.6.

5.5 Related CNN Models

However, we have also explored different pre-trained and hybrid models such as
VGG-16, Inception-ResNet v2, Xception, DenseNet-121, and Inception-v3. Our
primary goal is to get a good performance model with fewer parameters. We also
have tried to reach our goal through pre-trained models by using transfer learning.

5.5.1 VGG-16

As we know VGG16 is a pre-trained CNN model but here we have used transfer
learning with data augmentation. At first, we create the base model by using VGG16
where we use the include top argument as false(if include top is false, the fully
connected output layers of the pre-trained model do not load initially to make any
predictions), weight = ‘imagenet’ and provide our images as 224*224*3 size. In the
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Table 5.2: Output Shape and Parameter Size of the Custom CNN Model

Layers Output Shape Parameters
2D Convolutional Layer (32, 224, 224, 64) 1792

2D Max Pooling (32, 112, 112, 64) 0
2D Convolutional Layer (32, 112, 112, 32) 18464
2D Convolutional Layer (32, 112, 112, 32) 9248

2D Max Pooling (32, 56, 56, 32) 0
2D Convolutional Layer (32, 56, 56, 32) 9248
2D Convolutional Layer (32, 56, 56, 32) 9248

2D Max Pooling (32, 28, 28, 32) 0
2D Convolutional Layer (32, 28, 28, 64) 18496

2D Max Pooling (32, 14, 14, 64) 0
2D Convolutional Layer (32, 12, 12, 128) 73856

2D Max Pooling (32, 6, 6, 128) 0
Flatten (32, 4608) 0
Dense (32, 128) 589952
Dropout (32, 128) 0
Dense (32, 128) 16512
Dropout (32, 128) 0
Dense (32, 4) 516

Total parameters 747,332
Trainable parameters 747,332

Non-trainable parameters 0
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second step, we add a custom classification layer on top of our base model. Here,
we add a GlobalAveragePooling2D layer after our base model output. Then we add
three dense layers where we can make predictions from the last dense layer. We also
use a Dropout layer with 0.6 dropouts in between every two dense layers to reduce
the overfitting of the model. After that, we create a model where we provide the
base model as input and predictions as output. In the third step, we froze the layers
of the pre-trained model where we mark every layer in the base model as False. In
the fourth step, we compile our model. We use Adam as an optimizer where we
select the learning rate as 0.0001. We also use loss=‘categorical crossentropy’ and
accuracy as a matrix. In the final step, we train the model by providing our train
and validation images. Here, we have used 50 epochs to get the best outcome from
VGG16 (in Figure 5.7).

Figure 5.7: VGG16 Architecture

5.5.2 Inception-ResNet-v2

Inception-ResNet-v2 was created by Christian Szegedy, Sergey Ioffe, and Vincent
Vanhoucke from Google’s AI team in 2016. It is a hybrid model that combines In-
ception’s multi-layer feature extraction with ResNet’s skip connections. At first, we
create the base model by using InceptionResNetV2 with an input size of 299*299*3.
In the second step, we add a custom classification(GlobalAveragePooling2D) layer
on top of our base model. Then we add three dense layers where we can make pre-
dictions from the last dense layer. We also use a Dropout layer with 0.2 dropouts in
between every two dense layers to reduce the overfitting of the model. After that,
we create a model where we provide the base model as input and predictions as
output. In the third step, we froze the layers of the pre-trained model where we
mark every layer in the base model as False. In the fourth step, we compile our
model. We use Adam as an optimizer where we select the learning rate as 0.001.
We also use loss=‘categorical crossentropy’ and accuracy as a matrix. In the final
step, we train the model by providing our train and validation images. Here, we
have used 50 epochs to get the best outcome from Inception-ResNet-v2 (in Figure
5.8).
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Figure 5.8: Inception-ResNet-v2 Architecture

5.5.3 Xception

Xception is a pre-trained CNN model that performs well on the ImageNet dataset.
Here, we create the base model by using xception with an input size of 256*256*3.
In the second step, we add a custom classification(GlobalAveragePooling2D) layer
on top of our base model. Then we add three dense layers where we can make
predictions from the last dense layer. We also use a Dropout layer with 0.5 dropouts
in between every two dense layers to reduce the overfitting of the model. After that,
we create a model where we provide the base model as input and predictions as
output. In the third step, we froze the layers of the pre-trained model where we
mark every layer in the base model as False. In the fourth step, we compile our
model. We use Adam as an optimizer where we select the learning rate as 0.001.
We also use loss=‘categorical crossentropy’ and accuracy as a matrix. In the final
step, we train the model by providing our train and validation images. Here, we
have used 50 epochs to get the best outcome from Xception (in Figure 5.9).

Figure 5.9: Xception Architecture

5.5.4 DenseNet-121

DenseNet-121 is a CNN architecture which is developed by Gao Huang, Zhuang
Liu, Laurens van der Maaten, and Kilian Q. Weinberger. Firstly, we create the base
model by using DenseNet-121 with the input size of 299*299*3 . In the second step,
we add a custom classification(GlobalAveragePooling2D) layer on top of our base
model. Then we add three dense layers where we can make predictions from the
last dense layer. We also use a Dropout layer with 0.5 dropout in between every two
dense layers to reduce the overfitting of the model. After that, we create a model
where we provide the base model as input and predictions as output. In the third
step, we froze the layers of the pre-trained model where we mark every layer in the
base model as False. In the fourth step, we compile our model. We use Adam as an
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optimizer where we select the learning rate as 0.001. We also use loss=‘categorical
crossentropy’ and accuracy as a matrix. In the final step, we train the model by
providing our train and validation images. Here, we have used 50 epochs to get the
best outcome from DenseNet-121 (in Figure 5.10).

Figure 5.10: DenseNet-121 Architecture

5.5.5 Inception-v3

Inception-v3 is also a pre-trained dataset with 42 layers. Here, we create the base
model by using Inception-v3 with an input size of 299*299*3. In the second step,
we add a custom classification(GlobalAveragePooling2D) layer on top of our base
model. Then we add three dense layers where we can make predictions from the last
dense layer. We also use a Dropout layer with 0.5 dropouts in between every two
dense layers to reduce the overfitting of the model. After that, we create a model
where we provide the base model as input and predictions as output. In the third
step, we froze the layers of the pre-trained model where we mark every layer in the
base model as False. In the fourth step, we compile our model. We use Adam as an
optimizer where we select the learning rate as 0.001. We also use loss=‘categorical
crossentropy’ and accuracy as a matrix. In the final step, we train the model by
providing our train and validation images. Here, we have used 50 epochs to get the
best outcome from Inception-v3 (in Figure 5.11).

Figure 5.11: Inception-v3 Architecture
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5.6 Deep Learning Model Results

We have tested and explored several pre-trained CNN models and our proposed
CNN model with our dataset. Here, we use accuracy, precision, recall, F1, and loss
measures as metrics for performance measurement in this study.

Accuracy is the most common performance measurement metric which can be de-
fined as a proportion of the number of correct predictions and the total number of
predictions. Mathematically this can be defined in terms of this formula:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
× 100% (5.1)

Precision is used to figure out the accuracy of the positive prediction of the model.
This is calculated by dividing the total true positive outcomes (TP) by the number
of total positive predicted outcomes (TP+FP). This can be shown by this equation:

Precision =
TP

TP+FP
(5.2)

Recall is another popular performance measurement metric that is used to measure
the ability of the model by identifying the relative positive outcomes. This can be
measured by dividing the total correctly predicted positive instances (TP) and total
positive instances (TP+FP). Mathematically, recall is defined as,

Recall =
TP

TP+FN
(5.3)

Likewise, the F1-score is another performance measurement metric that shows a
balanced evaluation of precision and recall score. It defines the effectiveness of a
model. Also, the F1-score is an arithmetic mean of precision and recall which can
be demonstrated by the following equation:

F1 =
2× Precision× Recall

Precision + Recall
(5.4)

5.6.1 CNN

From our custom CNN model, we get 98.58% train, 99% validation, and 98.84% test
accuracy. In terms of loss, we get 8% training and 10% validation loss. From our
confusion matrix, we can also see that it can predict 264 FMD class out of 267 true
FMD class, 198 IBK class out of 203 true IBK class, 188 Lumpy Skin out of 190
true Lumpy Skin class and 564 Normal Skin out of 588 true Normal Skin class (in
Figure 5.12).
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Figure 5.12: Accuracy, loss graph and confusion matrix of CNN model
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5.6.2 VGG-16

From our VGG16 model, we get 96.97% train, 94.17% validation and 98.48% test
accuracy. In terms of loss, we get 8.5% training and 16.5% validation loss. From
our confusion matrix, we can also see that it can predict 366 FMD class out of 496
true FMD class, 484 IBK class out of 492 true IBK class, 446 Lumpy Skin out of
452 true Lumpy Skin class, and 1445 Normal Skin out of 1469 true Normal Skin
class (in Figure 5.13).

Figure 5.13: Accuracy, loss graph and confusion matrix of VGG-16
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5.6.3 Inception-v3

From our VGG16 model, we get 98% train, 99% validation, and 99% test accuracy.
In terms of loss, we get 6% training and 5% validation loss (in Figure 5.14).

Figure 5.14: Accuracy, loss graph and confusion matrix of Inception-v3

5.6.4 Xception

From our InceptionaresV2 model, we get 98.2% train, 98% validation and 98% test
accuracy. In terms of loss, we get 5.5% training and 5.5% validation loss (in Figure
5.15).
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Figure 5.15: Accuracy, loss graph and confusion matrix of Xception
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5.6.5 Inception-ResNet-v2

From our InceptionaresV2 model, we get 99% train, 97.4% validation and 98.48%
test accuracy. In terms of loss, we get 1.5% training and 8% validation loss (in
Figure 5.16).

Figure 5.16: Accuracy, loss graph and confusion matrix of Inception-ResNet-v2
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5.6.6 DenseNet-121

From our InceptionaresV2 model, we get 98% train, 99% validation, and 98.68%
test accuracy. In terms of loss, we get 6% training and 3% validation loss (in Figure
5.17).

Figure 5.17: Accuracy, loss graph and confusion matrix of DenseNet-121

5.7 Comparison and Analysis

From Table 5.3, we can see all pre-trained models come up with higher parame-
ter sizes compared to our CNN model. Pre-trained models with higher parameters
need more memory and thus it increases computational complexity. But here, our
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Table 5.3: Parameters, Accuracy and Loss Comparison after Training Different Deep
Learning Architectures

Deep Learning
Architectures

Parameters
(in Millions)

Training
Accuracy

Training
Loss

Validation
Accuracy

Validation
Loss

VGG-16 15.11 0.96 0.09 0.94 0.09
Inception-ResNet-v2 55.26 0.99 0.02 0.97 0.08

DenseNet-121 7.69 0.98 0.06 0.99 0.03
Inception-v3 22.98 0.98 0.06 0.99 0.05
Xception 22.11 0.98 0.06 0.98 0.06
Ours 0.75 0.99 0.04 0.99 0.04

Table 5.4: Different Performance Metrics Comparison after Training Different Deep
Learning Architectures

Deep Learning
Architectures

Precision Recall F1-score

VGG-16 0.95 0.92 0.93
Inception-ResNet-v2 0.99 0.96 0.97

DenseNet-121 0.99 0.99 0.99
Inception-v3 0.99 0.98 0.99
Xception 0.98 0.97 0.98
Ours 0.99 0.99 0.99

Table 5.5: Performance Metrics Comparison with Related Work

Author Method
Detectable
Classes

Genemo et al. [33] ELM LSD, Normal Skin
Rony et al. [23] GoogleNet FMD, Normal Skin
Rony et al. [24] Inception-v3 LSD, FMD, IBK

Ours CattleNet(Proposed) LSD, FMD, IBK, Normal Skin
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proposed model has a balanced parameter size, permissive accuracy, and loss rate
which ensures effectiveness in terms of both computational efficiency and deploy-
ment flexibility.
From Table 5.4, we can also see that our proposed CNN model provides outstand-
ing scores in terms of all performance measurement metrics compared to other pre-
trained models. Although there are some pre-trained models that score the same as
our model. But our model is less weighted in terms of parameter size. Moreover,
we achieve higher recall from the other pre-trained models. In the context of med-
ical data, a higher recall rate is considered preferable because it indicates greater
sensitivity in detecting cases where the model predicts no disease when the cattle is
actually diseased.
Table 5.5 shows the comparison of our study with some of the notable related works.
Here, our proposed CNN model can identify 4 different classes (LSD, FMD, IBK,
Normal Skin) while maintaining the highest Test accuracy, Precision, Recall, and
F-1 Score.
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Chapter 6

CattleSavior App Design and
Implementation

Since we have got a good performance and our expected result from CNN, we have
decided to use it for our CattleSavior mobile application. At first, we save the model
which we get by using CNN in h5 format. Now we have to convert this Tensorflow
model to TFLite. Since the weight of the Tensorflow model is very high and if it is
placed directly in the mobile app, the weight of the app will increase a lot. Firstly,
we have decided to convert our model to TFLite. After converting our model to
TFLite, we have imported it to Android Studio in TFLite format and also took all
the levels of the model in a separate text file and imported it to Android Studio.
Now, by using Flutter, we code for our mobile application layout. All steps of app
design and implementation are shown in Figure 6.1.

Figure 6.1: All steps of App Design and Implementation
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6.1 Disease Detection and Instant Feedback

Figure 6.2 shows how we can import any cattle’s picture from a mobile phone. After
that, our TFLite model will predict whether the cattle have any external disease
(LSD, FMD, IBK) or not. Then we will get a result like Figure 6.2 where there
will be a picture of cattle and the result of the prediction of TFLite will be shown.
Moreover, it will also show the feedback on that particular disease for the farmer so
that they can take immediate action.

Figure 6.2: Disease Detection and Feedback by CattleSavior

6.2 Information of General Diseases

Another simple but very effective feature for cattle farmers is to get to know about
the common diseases that generally occur frequently. In the ‘CattleSavior’ appli-
cation, 15 common cattle diseases are enlisted with their corresponding details (in
Figure 6.3). After clicking on a particular disease, a static page will display some
images, information about how the disease spreads, general symptoms, ways to cure
and preventive steps of the disease, and so on. Therefore, all the information about
the diseases will help the cattle farmer to get himself prepared beforehand and act
accordingly to minimize the consequences.
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Figure 6.3: Information of General Diseases

6.3 Information about Vaccines of various Dis-

eases

Nowadays, Vaccination is an integral part of cattle farming. Getting to know about
vaccines and their necessity is very important. Therefore, in the ‘CattleSavior’
application, there is a section to get to know about the vaccination information for
some of the most common diseases (in Figure 6.4). Here, the user will get to know
the general information about a vaccine; such as the name of the vaccine, the area
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of vaccination, the amount of dose, and the vaccination schedule. Cattle farmers
can easily get a general idea about different vaccines from this feature.

Figure 6.4: Information about Vaccines of various Diseases

6.4 Vaccination Reminder

‘Vaccination Reminder’ is a feature that notifies a user according to the vaccination
schedule. In our country, farmers are mostly not aware of providing vaccines to
their cattle in time. Because of this unawareness, the cattles may get affected by
any disease easily. In this feature, the user can make a reminder where he may select
the date and time giving a title of it (in Figure 6.5). With this, they will be notified
in time and won’t forget about the vaccination.
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Figure 6.5: Vaccination Reminder

6.5 Cattle Grooming Guideline

‘Cattle Grooming Guideline’ is one of the most essential features of our ‘Cattle-
Saviour’ application. Starting from the breed selection, it will show the procedures
to construct a perfect shelter for cows, take care of both pregnant cows and calves,
and manage waste (in Figure 6.6). With this feature, users will be able to know what
type of food is needed according to their age and breed. Therefore, it contains in-
formation about feeding requirements, medicine during pregnancy period and early
age. In short, this feature provides a complete guideline for raising and grooming
cattle by ensuring proper health and well-being.
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Figure 6.6: Cattle Grooming Guide

63



6.6 Generalization of Cattle Medicine

In recent times, it is hard to find a generalized list of cattle diseases. Especially, in
our country, a large portion of our cattle owners have no idea about cattle medicines.
Considering this inconvenience, we have introduced the ‘Generalization of Cattle
Medicine’ feature in our app (in Figure 6.7). In this feature, there is a list of
medicines for individual diseases. Besides this, we have also included the consump-
tion rules accordingly in a separate column. With this feature, farmers will easily
be able to know about the perfect medicine for a particular disease without any
trouble.

Figure 6.7: Generalization of Cattle Medicine
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6.7 Veterinary Information

‘Veterinary Information’ is a feature that carries some general information about
veterinary doctors like their name, hospital name, and phone number (in Figure 6.8).
The reason for making this feature is that they can talk directly to the veterinary
doctors during the most critical moments of the cows. Moreover, if they are confused
about something, they can solve it by talking to the veterinary doctor.

Figure 6.8: Veterinary Information
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Chapter 7

Feedback Collection and
Discussion

From the first survey, we get an idea about the overall cattle farming situation,
different diseases, and challenges of the farmers. Analyzing those, we feel the im-
portance of using modern technology in this sector and providing them the right
information at the right time in the palm of their hand without any cost. As from
the first survey analysis, 96% of the cattle farmers use smartphones. What is a
better way than an easy-to-use smartphone application to implement this idea.

After developing the ‘CattleSavior’ mobile application, we get back to the same
cattle farmers to know their views on it. We install the application on their smart-
phones with a proper go throw demonstration of how all the features work. After 15
days, we return with a survey form to know their reviews and opinions on the mobile
application. This is also an in-person survey where we ask questions in Bangla and
fill out the survey form according to the responses.

7.1 Questionnaire

The final survey consists of a total of 21 questions. Among these, there are 10
demographic questions which include, Name, Gender, Age, Total Number of cattle,
Educational Qualification, Contact Number, Smartphone Model, Smartphone RAM,
Smartphone ROM, and Smartphone Price of the cattle farmers. The remaining
11 questions are about their experience and different thoughts on the application
which includes 9 different 5-point Likert scale questions and 2 open-ended questions.
Here, 1 question covers the review of 8 different features of the application. And,
1 question is about the overall rating of the application. Among the 11 different
responses to the hands-on experience of the ‘Cattle Savior’ mobile application, 5
of them are in the area of Bishmaile, Pandoa, Savar, Dhaka and 6 of them are in
Kamarpara, Bhatulia, Bamnartek of Uttara East Thana, Dhaka. Figure 7.1 shows
different survey question types.
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Figure 7.1: Survey questions types

7.2 Final Survey Analysis

From the 11 cattle farmers, most of the cattle farmers are male. In comparison to 10
males, there is only one female cattle farmer in our survey. Figure 7.2 below shows
the percentage of males and females along with their age comparison.

Figure 7.2: Age and Gender Chart of the survey participants

The figure shows that there are only 2 respondents between 26 to 35 years old.
Whereas, a maximum of 5 respondents are between 36 to 45 years old and the only
female respondent is in this age group. Then, 2 participants are in the age group 46
to 55, and 56 and above each.
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For the educational qualification, the lowest level of education is class 5 and the
highest is graduate. The chart in Figure 7.3 shows the comparison of the education
level of the cattle farmers.

Figure 7.3: Educational Qualification of the participants

There is only 1 respondent who has studied up to class 5, 2 farmers up to class 8, 4
have studied up to class 10 equivalent of Secondary School Certificate (SSC). And,
4 of the cattle farmers are graduates. Therefore, as for the survey demography is
concerned, our survey respondents are not educationally ignorant by any means.

Although sharing the contact number is optional, all of our respondents have shared
their contact number with us which suggests their openness and supportive gesture
towards any technological work in this field. About the smartphones they use, all
of them are android smartphones with a minimum of 4GB RAM and 32GB ROM
whereas, most of them are equipped with 4GB RAM and 64 GB ROM. The bar
chart in Fig1 shows the RAM (Random Access Memory) and ROM (Read Only
Memory) configuration of their smartphone (in Figure 7.4).

Figure 7.4: RAM, ROM of the smartphones

The smartphone data of our respondents is crucial to know from a technical point of
view for running the application smoothly. All these demographic questions allow
us to know our survey respondents better and determine the correlation between
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different responses.

The average age of the respondents is 45 years old. The maximum age is 78 whereas,
the minimum age is 27 years old. As for the number of cattle on the farm, the total
number of cattle combining the 11 cattle farms is 353. Therefore, according to the
survey, every cattle farmer has an average of 32 cattles. And, the average price of
their smartphone is BDT19000 to BDT20000.
The next part of the questionnaire is mainly about the user experience and thoughts
about the ‘CattleSavior’ application after being used for seven days. The survey re-
sult of 5 point Likert scale questions is in table 7.1.
From Table 7.1, the frequency of the cattle farmers using the ‘CattleSavior’ app is
3.90 which indicates they often use the app. The average in terms of the smooth
running of the application on their mobile device is 4.72 which means they strongly
agree that navigating through the app is smooth and there are no bugs, crashes,
or any other issues. The users also strongly agree with the accurate detection of
the diseases which has a mean value of 4.63. Then, the cattle farmers also agree
about the economic loss that the app can reduce. Besides, they also agree that all
the information provided by this application is important and relevant. Further,
the users also acknowledge that they have learned more about different diseases
by using the application. Furthermore, with an average of 4.72, it is very likely for
them to recommend the ‘CattleSavior’ application to other cattle farmers they come
across. Moreover, the tiny value of the standard deviation indicates similarities in
the responses. In terms of the 8 different features and the overall rating of the app,
the user’s review is given in table 7.2.
From Table 7.2, we get a clear idea of what the user thinks about different features
of the application. Besides, the low value of the standard deviation refers to the
similar choices of different participants. Moreover, the overall rating of the applica-
tion is 4.09 which indicates user satisfaction. The bar chart in Figure 7.5 also shows
the user rating of different features and the overall rating of the application.

Figure 7.5: Rating of the features

69



Table 7.1: Survey result of 5-point Likert scale questions

Questions
Average
likert scale

Result
Standard
Deviation

How frequently do
you use the ‘CattleSavior’ app?

3.9 Often 1.22

Does the application
run smoothly on your device?

4.72
Strongly
Agree

0.47

Do you agree this application
can detect diseases accurately?

4.63
Strongly
Agree

0.67

Do you agree this application
can reduce the economic loss
caused by some cattle diseases?

4.45 Agree 0.52

Do you agree all the information
provided by the application is important?

4.45 Agree 0.69

Have you learnt more about
the diseases by using the app?

4.18 Agree 0.75

How likely are you to recommend
this app to other cattle farmers?

4.72
Very
likely

0.65

Table 7.2: User’s review in all features

Features
Average
Likert
scale

Result
Standard
Deviation

1. Disease Detection 4.63
Very
Good

0.5

2. Instant Feedback
after detection

4.09 Good 0.7

3. General Disease
Details

4.63
Very
Good

0.5

4. Vaccination
information

4.54
Very
Good

0.52

5. Vaccine Reminder 4.81
Very
Good

0.4

6. Cattle Grooming
Guidelines

4.18 Good 0.6

7. Medicine List 4.45 Good 0.69

8. Veterinary Information 4.54
Very
Good

0.52

9. Rate the ‘CATTLE SAVIOR’
application(out of 5)

4.09 Good 0.83
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There are also 2 open-ended questions about the application. For suggesting any
improvement of the existing features, participant-3 suggests adding more diseases
in the disease detection feature. Participant-5 is very excited about all the features
and suggests adding other livestock such as goats, chickens, fish, etc. Participant-9
from Savar suggests adding different information about feeding, managing different
challenges during the pregnancy period of a cow, and specialized housing for dif-
ferent breeds of cattle. Also, participant-6 suggests adding more information about
the reproduction of cows. Another open-ended question is about the necessity of
any other feature. Most of the farmers are content with all the existing features.
In response to this question, participant-1 from Uttara, feels the necessity of more
features like the existing features but does not mention any.

This final survey shows the successful implementation of our thesis plan which is
initially generated from the first baseline survey. Different features of the mobile
application serve well enough for the cattle farmers of our country. Moreover, all
the responses of the cattle farmers indicate the effectiveness of the overall work.
Therefore, from the survey result, we can come to the conclusion that the cattle
farmers are very positive about the ‘CattleSavior’ application.

7.3 Discussion

7.3.1 Survey Observations

In this era, smartphones have reached into the hands of all classes of people. The
result of our first survey shows almost all cattle farmers use smartphones. So, we
want to develop a mobile app to make their life easier. Besides, we get positive
responses from the cattle farmers which encourages us a lot.

“I feel that it will be very helpful for the cattle farmers who are able to
use smartphones.”(P1)

Most of them emphasize Lumpy Skin Disease. Foot and mouth is also a common
disease. IBK which is commonly known as Pinkeye, some of the farmers face this
every year. The responses of the farmer after returning with the ‘CattleSavior’ app
are very welcoming and appreciative.

“I feel very good when I see young boys like you working for the farmers.
All of you have done a great job. Best wishes for you from my side.”(P4)

On the flip side of the coin, one participant from Savar is very offish towards the
application.

“I do not think I need such a mobile app to detect diseases. I can easily
detect these diseases on my own. It might be helpful for the new cattle
farmers.”(P9)

Nevertheless, as 10 out of 11 cattle farmers are positive, the user satisfaction rate is
higher. Therefore, the main objective of creating the ‘Cattle Savior’ app and having
an impact on the cattle farmers’ lives is successfully achieved.
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Table 7.3: Features Comparison with Related App

Proposed App
Jaguza
Livestock
App [13]

Mobile
App [31]

Cattle
Savior

Can it
detect LSD?

No Yes Yes

Can it
detect FMD?

No No Yes

Can it detect
IBK?

No No Yes

Does it provide
feedback on
affected disease?

Yes No Yes

Table 7.4: Features Comparison with Google Play Store App

App
Name

LSD
Detection

FMD
Detection

IBK
Detection

Instant
Feedback

My Cattle
Manager

No No No No

Cattlystics No No No No
Veterinary
Disease

Treatment
No No No No

Cows
Treatment

No No No No

Cow
Disease
and How
to Treat

No No No No

Cattle-
Savoir

Yes Yes Yes Yes
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7.3.2 Comparison with Related Work

In Table 7.3, we compare our work with two of the related work having a mobile
application. [13], [31]. Table 7.4 shows the comparison with related mobile applica-
tions available on the Google Play Store. To the best of our knowledge, there is no
similar application on Google Play Store that can identify cattle diseases through
images and provide necessary feedback.

7.3.3 Limitations

By the time we finish our work in this sector, we come across some challenges and
limitations. The main limitation is the lack of data. In order to collect the diseased
image data for detecting different diseases, we have discussed it with some veterinar-
ians and IT technicians from different veterinary hospitals. But, they cannot suggest
any right place to look for the data let alone provide the data by themselves. More-
over, building a completely new dataset is very difficult and time-consuming. So, as
it turns out there is hardly any other way but to work with the existing dataset alone
which is very minimal. Therefore, for any machine learning or deep learning-based
project or thesis that requires any kind of medical data from the livestock industry,
the dataset is the main concern. Besides, we also face some challenges in develop-
ing the mobile application in Flutter. This multi-platform application-building tool
is not fully stable yet. Also, it is continuously evolving and has version updates.
As a result, handling different types of errors is tiresome and frustrating. Besides,
the flutter community is very small. So, it is hard to find solutions or suggestions
regarding any problem.
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Chapter 8

Conclusion and Future Work

8.1 Conclusion

Different external diseases of cattle can become life-threatening if they are not de-
tected along with the necessary treatment on time. Also, it can create an economic
loss for the cattle farmers, which will eventually affect the overall growth of the
country. This study includes three of the most common external diseases faced by
Bangladeshi cattle farmers which is determined through a survey conducted on 26
cattle farmers across 3 different locations of the country. The paper reflects the whole
process of detecting Lumpy Skin Disease, Foot and Mouth Disease, and Infectious
Bovine Keratoconjunctivitis using Deep Learning model and then implementing it
on a mobile application titled ‘CattleSavior’. Moreover, it provides modern sug-
gestions as well as some preventive measures through the application with some
necessary features that can become really convenient for the cattle farmers of the
country. However, we have to build lightweight applications so that our cattle farm-
ers can easily use them in their low-end devices as well. Here in this study, we have
explored many deep learning models(custom CNN model and different pre-trained
models). Among them, we get 99% test accuracy achieved by our custom CNN
model and it is also a very lightweight model. We reduce the size of this model even
lighter by converting this tensorflow model to a tensorflow lite model and storing it
in our Android studio. After that, we have built all the required features and com-
plete the whole App by using Flutter. Finally, our mobile application can detect the
three different diseases while also provide necessary feedback and suggestions along
with six other helpful features for cattle farmers. Moreover, eventually, through the
final survey (N=11), the successful implementation of the study is also measured.

8.2 Future Work

This sector has a lot of potential to showcase different aspects of Artificial Intel-
ligence and IoT to improve the overall agriculture of a developing country like
Bangladesh. We plan to continue our deep learning-based work in this sector and
improve further. As we have already approached collecting datasets for different dis-
eases of cattle, our plan is to add more diseases for detection into the ‘Cattle Savior’
application. Besides, we have plans to add some other features to the application
as well. One feature that we like to add is ‘Find the Nearest Veterinary Hospital’.
With this feature, cattle farmers can be able to locate the nearest veterinary hos-
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pital according to their own location. They also can see the fastest route to reach
the hospital which will also show the estimated time. This feature may come in
handy at times of emergency. Another feature that we have a clear vision about is
the ‘Cattle Community’. We like to establish an online community of cattle farmers
where they can interact with each other by sharing their thoughts, ideas, problems,
experiences, solutions, and so on. Veterinarians are also welcomed in this commu-
nity to help and guide the cattle farmers. This feature can become a breakthrough
in information sharing for cattle farmers. In addition to developing these features,
monitoring the ‘CattleSavior’ application and keeping all the data up to date is also
on our priority list.
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