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Abstract 

Animal farm has played one of critical roles in the socio economic wellbeing of most developing 

countries, Ethiopia being one of them as sheep and goats play major role in providing food security, 

generate incomes and export income. Nevertheless, there are a number of skin diseases, which 

have a severe impact on the quality, and yields of animal products. In the rural set ups, they are 

not handled well because of the inaccessibility of veterinary clinics and shortage of expertise in 

the field. In this paper, an enhanced method of deep learning approach provided to identify and 

classify skin diseases in sheep and goats with deep learning. The system automation CNN 

architectures mean that features are automatically trained by skin images by which skin diseases 

can be classified and classified to either bacteria and virus, parasite or healthy.  The evaluated and 

tested model underwent testing and evaluation on the standard measures, which include accuracy, 

precision, recall and F1-score. The data employed in this thesis is 2341 images of data. The training 

dataset classified as 80% (1873 images), 10% (234 images) and 10% (234 images) in training, 

validation and test performance respectively. The classification work will consist of four categories 

namely bacterial, viral, parasitic, and healthy skin conditions. This study compares the 

performance of VGG19, Custom CNN, DenseNet201, and InceptionV3 for image classification 

using accuracy, loss, and training time. Results show that DenseNet201 achieved the best overall 

performance with the highest test accuracy of 0.9744, the lowest test loss of 0.1291, and the fastest 

training time of 18.89 minutes. The Custom CNN also performed well with a test accuracy of 

0.9487, while VGG19 required the longest training time (28.89 minutes) with slightly lower 

accuracy. InceptionV3 showed comparatively lower performance with a test accuracy of 0.9017. 

Overall, DenseNet201 proved to be the most effective model, offering the best balance between 

accuracy and efficiency for the given dataset. 

Keywords: Deep Learning, Convolutional Neural Network, Image Classification, Goat and Sheep 

Skin Diseases, Computer Vision,  
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Chapter One 

1.1 Introduction 

Ethiopia has a large number of animals. It has the largest livestock population in Africa and the 

fifth largest in the world[1]. The country has around 61.5 million cattle. It also has 33 million 

sheep and 38.9 million goats. There are 1.76 million camels and over 59.4 million chickens in 

Ethiopia[1]. This huge animal endowment underscores the great potential of Ethiopia to export 

large amounts of live animals and animal products including skin. However, this potential has been 

curtailed by the widespread occurrence animal skin diseases in the country and which has limited 

the overall economic advantages that may be reaped from livestock production [1]. 

Livestock farming is very important in the Eastern African region, as it is the major animal 

resource in the continent, which accounts approximately 56% of the total livestock population[1]. 

Goats and sheep are significant to rural people, as they can withstand severe environmental factors 

more than cattle and are mostly reared by small-scale farmers throughout Ethiopia to earn their 

family income, milk, meat, and skin [2]. The skins of small ruminants, especially sheep and goat 

skin, are universally recognized for their high quality. In Ethiopia, skins represent the second-

largest source of foreign currency earnings, with an annual production of approximately 16.2 

million export-grade skins. Despite this potential, around 35% of sheep skin and 56% of goat skin 

downgraded or rejected by Ethiopian tanneries[3]. Parasitic skin diseases, including sheep and 

goat pox, mange mites, ticks, lice, and fleas, are major contributors to this deterioration [4]. These 

conditions greatly lower the quality of skin and provide a major threat to the livestock industry 

and the skin export industry. The sarcoptic, psoroptic, and demodectic mites that are prevalent in 

the tropical areas where conducive ecological factors and poor animal husbandry practices 

dominate require special attention due to their significant impact on the development of 

livestock[5].  

Regardless of Ethiopia’s large livestock population, the economic contribution has not reached its 

full potential because of the widespread existence of infectious diseases, particularly sheep/goat 

pox. These diseases are among the key restrictions preventing the productivity of the goat and 
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sheep. Moreover, they represent significant economic threats worldwide, especially in developing 

countries [6].  

In Ethiopia, animal farming is the second major source of foreign currency through export of live 

animals, meat, skins and hides. Skin from sheep and goats are important economic products 

contributing to the largest share and agricultural export supplies followed by live animals. 

However, this rank has declined to levels because of rejection and down grading on hides and skin 

defects due to infestation by external parasites.   But   also,   due   to pre-and post-slaughter skin 

management problems[5]. 

The main constraints of goat and sheep production in Ethiopia are parasites, virus, bacteria, feed 

shortage, labor scarcity, predators, land shortage, lack of improved goat and sheep breeds, and 

poor market access to sell goats and sheep products. This indicates that disease is graded as the 

primary constraint, while feed scarcity and predators were ranked second and third in all three agro 

environments[7].  

Goat and sheep farming is a livelihood option for small-scale farmers, particularly in rural and 

semi-rural areas, because it is simple for farmers to adopt and manage small number of goats or 

sheep alongside their core agricultural activity. With rising demand for sheep and goat meat and 

market prices, sheep and goat farming has become a feasible and profitable option for farmers with 

limited land and resource [8].  

The number of goat and sheep farming undertakings that started each year is lower than the number 

that shut down. This happens because goat and sheep farming ventures have heavy losses. There 

are some reasons why many goat and sheep farming ventures fail. These reasons include the fact 

that the goats and sheep do not get the vaccinations they need. In addition, the weather can change 

quickly and this can hurt the goats and sheep. Another reason is that the goats and sheep do not 

get the care they need. The lack of security is also a problem, for goat and sheep farming ventures. 

Many goat and sheep farming ventures fail because of these reasons.[8].  

Goat and sheep production is practiced across vast geographical locations, mainly in low and 

middle altitude areas, and supporting rural smallholder farmers’ livelihood in harsh environments, 

specifically in the study area. Despite its potential, it does not maximize the economic benefits of 
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small farmers. Although there are rapidly growing small ruminant populations, especially goats, 

the sector is failing to specialize and intensify. The existing research emphasizes on goat and sheep 

breeding characteristics and management practices in different areas of Ethiopia. There is limited 

attention that has been given to socio-economic of goat and sheep production in general and there 

is no research specifically focused on the study area [7].  

Therefore, this study is about goat and sheep production. It wants to fix the problems that other 

studies on goat and sheep production had. The study also wants to learn more about how people 

raise goats and sheep in areas of Ethiopia. The study focuses on identifying problem with the skin 

of goats and sheep when they get sick on their skin. This negatively affects how well the goats and 

sheep are doing and if they are healthy. The study aims to address diseases that affect the skin of 

goats and sheep. In this regard, the research aims at improving the early management of skin 

diseases among the animals through the application of deep learning technology, thus improving 

the health benefits and productivity of the animals. 

1.2 Statement of the Problem  

Ethiopia has the largest livestock population in Africa, with millions of sheep and goats that 

produce meat, milk, skins and serves as a source of income. The productivity and economic value 

of sheep and goats are still restricted by several factors, such as skin diseases, despite this enormous 

resource potential. According to studies, skin defects caused by diseases, especially parasitic 

infections like mange, viral infections like orf, and bacterial infections like foot rot are a major 

problem for the production of sheep and goats as well as the leather industry[9].  

Despite the huge number of livestock in Ethiopia, there has been a decline in national and per 

capital production of livestock and livestock products, export earnings from livestock and per 

capital consumption of food from livestock origin in comparison to other African countries due to 

disease and other constraints[10].  

Muhaba et al. (2022) made phone application that looks at pictures of skin and classify five 

common human skin diseases using mobileNetV2 architecture. It is good at figuring out what is 

wrong with the skin. The approach achieved 97.5% classification accuracy[11]. 
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On the same note, Hwang et al (2022) used deep learning to classify three dog skin diseases on 

an image basis (RGB and multispectral). They compared various CNN architectures (ResNet, 

DenseNet and MobileNet) and observed that consensus models with multispectral inputs 

performed better than single-source inputs with the highest accuracy of 89%. Although they have 

advanced this area, their research is limited to the species of dogs and does not address disease 

classification in livestock animals such as goats, which have other environmental and health 

related problems[12]. 

Traditional analytic approaches for sheep and goat skin diseases in the case study presented by 

Moriello and Cooley (2001) involves histopathology analysis and lesion observation to identify 

conditions like contagious pustular dermatitis[4]. 

Niloy et al. (2024) found machine-learning predictors of livestock diseases with tabular data that 

ordered by symptoms. Their models worked with large datasets but did not include visual data like 

skin lesions or species-specific data that applied to sheep and goats. Thus, their results are not 

easily applicable in automated dermatological recognition farm tasks [13]. 

Difficulties of Manual Classification of Goat and sheep skin disease.  

1. Time-Consuming: Every illness requires a thorough examination, and which is time-

consuming, particularly when it comes to working with vast amounts.  

2. Labor-Intensive: It requires significant human labor force that requires veterinary training 

and in farming locations and which is difficult to manage. 

3. Subjective and Prone to Errors: When it comes to classifying a disease through visual 

inspection, the various specialists may categorize it differently because of the subjectivity of 

making a decision and thereby arriving at different conclusions.  

Thus, it is fundamental to create robust and improved model that applies deep learning method in 

identifying and categorizing skin conditions in sheep and goats. Finally, the livestock resources 

would be more productive and of better quality, which would also contribute to the application of 

early diagnosis, assist veterinary decision-making, and minimized financial losses in Ethiopia. 
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1.3 Motivation of the Study 

Farmers in Ethiopia and other developing countries rely on millions of smallholder farmers to 

make their living since it supplies them with raw materials such as skin and leather, food and 

income. Nonetheless, many skin diseases such as parasitic, bacterial, as well as viral affect the 

productivity and the market values of goats and sheep. Such skin diseases often misdiagnosed due 

to lack of proper veterinary infrastructure and use of manual, experience-based methods of 

examination. Traditional diagnosis methods such as skin scraping are tedious, invasive and cannot 

used on a large scale or in field conditions. 

The advances in deep learning and image processing have revolutionized diagnostic procedures in 

human diseases and some animal species where the two have demonstrated immense accuracy in 

dermatological issue diagnosis based on images. Nevertheless, unlike with these technologies, 

which have emerged as more and more promising, there have been limited studies regarding the 

application of these technologies towards the diagnosis of skin diseases in goats and sheep. The 

existing models have not tailored to the specifics of the skin, hair thickness, and disease 

presentation patterns of goats as they are often developed using cattle or human data. 

1.4 Research Questions 

For guiding the research, the following research questions are proposed: 

1. How can images of sheep and goat skin diseases be effectively labeled and preprocessed 

to ensure high-quality input for deep learning models? 

2. Which deep learning (CNN) architectures and training configurations achieve the best 

performance for classifying sheep and goat skin diseases, and how do they compare in 

terms of accuracy and computational cost? 

3. Which model achieves the highest classification performance on the dataset, and how does 

it compare to other models in terms of accuracy, precision, recall, F1-score, and confusion 

matrix results? 

4. How can the best performing model be efficiently integrated into a web-based application 

to provide reliable and real-time skin disease classification for end users? 
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1.5 Objectives of the Study  

  1.5.1 General Objective  

The general objective of this study is to develop and evaluate classification of goat and sheep skin 

diseases using Deep learning models from skin diseases image dataset.  

  1.5.2 Specific Objectives  

The specific objectives of this study are: 

1. To label and preprocess a dataset of sheep and goat skin disease images to ensure high-

quality input for model training. 

2. To design and develop deep learning (CNN) models for the classification of sheep and goat 

skin diseases. 

3. To compare and evaluate the performance of different CNN architectures in terms of 

classification accuracy, precision, recall, F1-score, and computational cost, and to identify 

the best-performing model. 

4. To integrate the best-performing model into a web-based application for efficient and real-

time skin disease classification. 

1.6 Scope of the Study  

 This research focuses on the classification of common visible goat and sheep skin diseases using 

image-based data and deep learning techniques. The study targets rural farming communities 

where access to veterinary services is limited. It confined to skin diseases that are visually classify 

through external symptoms and does not include internal or laboratory-diagnosed diseases. The 

scope of the study is limited to the classification of four categories: bacterial, viral, parasitic skin 

diseases, and healthy skin conditions. 

1.7 Limitations of the Study 

Despite the proposed approach working well, the study has some limitations. The model only uses 

image data so it cannot classify diseases that are not visible or are inside the body. In addition, 
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factors such as weather and disease progression has progressed not taken into account. The study 

only looked at images, which is a limitation. It did not consider other influencing factors. 

1.8 Significance of the Study  

This study has significant implications for the goat and sheep skin disease sector in Ethiopia 

For Researchers: The research provides a valuable dataset of sheep and goat skin diseases that 

can be used in future research and training models. It provides access to the best preprocessing 

methods, activation functions and local feature descriptors used in the goat and sheep skin disease 

classification tasks. Overall, the study contributes to knowledge of the impacts of the modeling on 

the performance in the classification of goat and sheep skin diseases and, therefore, provides a 

platform upon which further research in the field conducted. 

For Veterinarians: The proposed system helps identify diseases of goat and sheep skin, which 

have similar but not identical visual manifestations and thus the diagnostic accuracy and 

effectiveness. The system further supports veterinarians in classifying and treating diseased 

animals. This suggests that to improve animal health and welfare by enabling timely and accurate 

intervention. In addition, the system helps in minimizing the requirement of making repetitive trips 

to the veterinarian clinic since the system can help classify diseases and conduct initial diagnosis. 

This is possible because of the disease classification that is done automatically. 

1.9 Organization of the Thesis 

This study divided into five chapters: chapter one explains the background of this study, the 

problem, purpose, scope and limitation, significance of the study, and methodology. Chapter two 

describes concepts and methods relevant to the proposed approach. Chapter three describes the 

method of the study, proposed methods, and algorithms. The preprocessing, segmentation, feature 

extraction, and classification are described in detail. Chapter four explains the results of 

experiments, and chapter five presents conclusion and recommendations for researchers interested 

in this field. 
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Chapter Two 

Literature Review and Related Work 

2.1. Introduction  

This chapter provides a review of past studies and the existing literature on sheep and goat skin 

disease classification using deep learning techniques. The purpose of this review is to provide the 

theoretical and empirical background to the current study by evaluating similar research works in 

the fields of animal diseases diagnosis, computer vision, and machine learning. Goats and sheep 

are an important part of the rural economy in developing countries such as Ethiopia as they produce 

large amounts of meat, milk, skin, and income. Skin infections such as mange and orf significantly 

affect productivity and the quality of Diseases such as foot rot and pox lead to economic losses 

and poor hide and skin quality. Traditional diagnosis primarily relies on visual examination by 

veterinarians and is generally slow, subjective in nature and limited in rural regions where 

veterinarians are scarce. 

2.2. Theoretical Review of Animal Skin 

The skin is the largest organ of the animal body. It covers the entire external body and serves as 

the first line of defense against pathogens. It provides a mechanical barrier against ultraviolet light, 

chemicals, and physical trauma. It also regulates body temperature and water loss [14].  

2.2.1 Animal Skin Structure  

Skin cells measure between 25 and 40 micrometers depending upon the position of the cells on the 

skin. Animal skin cells have an average size of 30 micrometers. The Epidermis is composed mostly 

keratinocytes. The basement membrane (also referred to as dermo-epidermal junction) is located 

below the epidermis. This layer attaches the epidermis to the dermis to the dermis. The hypodermis 

lies below the dermis, and is mainly composed of fat tissue [15]. 

Epidermis: The epidermis is the surface layer of the skin and the skin made up of the squamous 

type of keratinocytes in various levels of differentiation whose major cellular component, was the 

keratin protein synthesized. The epidermis stores the nutrients, waste using the basement 
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membrane, and depends on the dermis to provide them with blood vessels. The main object of the 

skin known as epidermis; this formed to safeguard the skin against the irritation and entry of 

allergens. It is also a water retainer, and body temperature is maintained [16].  

Dermis: It is an internal section of the skin and is much thicker than the epidermis (1-5mm). 

Dermis is the layer between the basement membrane and the subcutaneous tissue and the primary 

role of this layer is to support and sustain epidermis. The roles of the dermis include: that of 

protection, cushioning the underlying structures against mechanical trauma, preservation of the 

epidermis, and wound healing [17].   

 

Figure 1 structure of animal skin 

2.2.2 Goat and sheep skin characteristics 

Sheep and goats skin is also dissimilar in terms of their uses in the leather industry in terms of their 

biological composition, fiber content and other physical properties. The goats skin is harder and 

more durable and has smaller grain whereas sheep skin is less tough and is more flexible and has 

more fat in it. 

Breed or Type: The breed characteristics that are undesirable in sheep skins are higher than the 

goat skins. The skins of high quality are usually fat or obese, thick and smooth-grained in texture, 

and possess proportions between their weight and surface area that are relatively small. This means 
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that these skins produce low grade leather and are usually utilized in the manufacture of the lowest 

grade of leather products [18].  

Sex or Age: The skin of male goats and sheep is generally heavier and has coarser grain, but the 

skin of the female is more likely to have a better tensile strength. Young animals have skins that 

are generally fine, close and possess tight grain patterns. The older an animal is, the more the grain 

surface becomes tough and coarse hence leading to poorer skin quality [18]. 

Nutrition: Low nutrition causes the animals to be smaller, and the skin becomes thin with low 

quality material making the leather not to be elastic and the skin being dull or dead to touch. These 

skins also depict the less fat deposition in the corium layer and generally have a less coarse yet 

weaker grain structure. 

Climate: Warmer climates are usually known to have shorter hair on animals and the skin because 

of which the leather produced is usually made of better substances with less thick and less coarse 

grain patterns. Animals kept in colder or higher climates grow longer hair or wool, and the leather, 

which is produced, is generally of a lower character, and their grain coarser. These climatic 

influences are more so in goat and sheep skin.[18].  

2.2.3 Goat and sheep skin diseases  

Goat and sheep yield-limiting causes such as diseases, poor breeding practices, and poor 

management practices are almost present in all countries. Skin disease is a malady of exterior of 

an animal. There are numerous skin diseases of sheep and goats. Doctors, field veterinarians, 

animal health workers, animal scientists and animal farmers who rear goats and sheep should be 

aware of these diseases. The bacterial, fungal, parasitic and viral infections are some of the 

common skin diseases that afflict sheep and goats. Health hazards can also be caused by such 

things as problems or being unable to get the right food [19]. Common skin diseases that affect 

sheep and goats grouped according to their causes are as follows. 

1. Virus  

Goat pox/sheep pox: It is a febrile and transmittable disease of goats and sheep with nodules or 

ulcerations. Sheep or goat pox may attack any age but the high risk is in lambs and kids. Sheep 
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or goats pox is caused by the goat and sheep pox viruses of the genus Capripoxvirus and family 

Poxviridae. The two viruses are similar to each other and they differ in their antigenome [20]. 

 

A. Goat pox                                                    B.   Sheep pox 

Figure 2 Goat pox and sheep pox 

Orf: Contagious ecthyma (contagious pustular dermatitis or orf) is a contagious disease of goats 

and sheep which presents as pustular and scabby lesions on the muzzle, commissures of the lip 

and nostrils. The disease is caused by a contagious ecthyma virus belonging to the genus 

Parapoxvirus and family Poxviridae and has an impact on the skin. Transmittable ecthyma that is 

marked initially by the emergence of erythema, which subsequently transform into papules and 

pustules. At the time of rupture of the pustules, the pus is dense in a crust of grey hue and this is 

subsequently followed by discrete and thick scabs that are crumbly and yet stuck to the underlying 

tissues. The lesions typically start at the commissures of the mouth and then extend to lips, 

muzzles, nostrils and ears. Lesions can also be present on the coronet, interdigital cleft, skin of the 

udder and teats, vulva, preputial orifice, perineal area, thighs and axillae. The scabs of coalesce 

adjoining form continuous plaques. [20]. 

 

Figure 3 Orf viral 
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1. Bacterial  

Foot rot: Foot rot is a contagious disease of the feet, which is established by irritation of the skin 

horn junction, under running of horn, ulceration and necrosis of sensitive laminae and severe 

lameness. Foot rot has no typical pathological appearances despite grossly having interdigital 

necrosis. It has a typical, black and foul smell, because of the bacterial decay of the horn. Infection 

spreading to the joints may lead to the pus accumulation in the joint cavity. Although the frequency 

of the occurrence of lameness with the resulting morbidity is high and with a great number of 

clinical cases of sheep in Ethiopia, the literature indicating the epidemiological significance of foot 

rot appears to be insufficient [20]. 

 

                                                 Figure 4 foot rot bacterial  

2. Parasitic  

Mange Mite: Mange Mite: These belong to the subclass Acari of the arachnid class but the 

majority of veterinarily significant ones are found in the order Trombidiformes or Sarcoptiformes. 

The Sarcoptiformes are oribatid mites that are intermediate hosts to various species of tapeworms 

such as Anoplocephala, Moniezia and Stilesia. Mite infections may cause acariasis and lead to 

severe dermatitis referred to as mange which can cause serious welfare issues and economic 

damages. The parasitic mites are tiny creatures, the majority of them being under 0.5 mm long, 

although some species that feed on blood can grow up to several millimeters in length when full 

[20]. 

 

                                                 Figure 5 Mange mite parasitic 
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2.3 Fundamentals of Digital Images 

2.3.1 What is Image? 

An image consists of two-dimensional array composed of numerous small square or rectangular 

units referred to as pixels. A voxel is a section of the brain tissue in three dimensions that is defined 

by every pixel. Each pixel is usually given the value of grayscale between black and white or in 

any particular color that needs numerical data [21]. 

2.3.2 Types of Digital Images  

The main types of image include grayscale, binary, color and multispectral images. 

1. Color image: Color images may be referred to as three and distinct bands of monochrome 

where each band corresponds to a single color channel. The grayscale intensity values of each 

of these bands are stored in the digital image. The color images are mostly in red, green and 

blue format. In the case where each channel represented an 8-bit image, the resulting image is 

a 24-bit per pixel image with 8 bits in the red, green and blue channels[22].  

 

2. Binary image: Binary images are the simplest images that have two possible values typically 

black and white or 0 and 1. Since it takes only one bit to represent a pixel they are called one-

bit image. These images were commonly employed in tasks where simple shape or structure 

should be used like optical character recognition. Binary images are binary images gained by 

a natural process on top of grayscale images via thresholding where every pixel whose value 

exceeds some threshold is considered black and the rest of the pixel is considered white[23]. 
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3. Gray-scale image:  Grayscale images or monochrome images are those images that have no 

color content and only contain gray. The number of bits that are allocated to each pixel can 

represent the amount of gray levels. Grayscale images have bits per pixel of the 8 bits approves 

the use of 256 gray levels. Although they are often used in areas with 12 or 16 bits per pixel 

like in clinical imaging[24]. 

 

4. Multispectral images: Multispectral images extract a portion of information at wavelengths 

that are invisible to our eyes. This consists of the infrared, ultra-violet and X-rays. Our human 

eyes fail to see these wavelengths. We are able to transform them into images. This is 

accomplished by giving red, green and blue colors on a screen wavelengths. This aids us to 

view things which cannot be perceived by the human eye. This information is used in 

multispectral images in wavelengths. They project them onto the visible colors[24]. 

 

2.4 Vision System  

Vision system is a system whereby visual information or images are captured, interpreted and then 

processed. A machine or software has the capability to view and make decisions based on what it 

views which resembles those of human vision work. The computer vision is capable of processing 

inputs fed to it once some preprocessing done to the image and derives useful information with the 
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help of a feature-extracting algorithm. Thus, it is able to recognize the real world object it is 

capable of forming visual images and process the perceived information, known as a vision system. 

The vision system has numerous applications. Vision system divided into human and computer 

vision. 

2.4.1 Human Vision 

Human vision is the biological mechanism of human perception of the visual environment 

interpretation and perception of the information with the help of the eye and the brain. Human 

vision is the innate capacity to interpret, decompose and react to the objects in the real world. 

Taking into consideration the sense of organ, human beings are able to process objects with the 

help of their brain. Thus, humans have the sense of seeing the object with naked eye and 

interpreting the information of the object. This organ sense along with the brain form the human 

vision system. Humans are interpreting the facts with the light that comes to the eye [25]. 

2.4.2 Computer Vision 

In the human visual capacity, which was also referred to as computer vision as explained by the 

camera as the primary element of the computer vision system, it was mimicked electronically. 

Computer vision systems used in most fields including class defect classification, face recognition, 

on-road safety, medical diagnosis, etc. Computer vision starts with raw data collection followed 

by application of machine learning algorithms, deep learning and image processing methods to 

recognize patterns [25]. As they described, the main development of computer vision is mimicking 

the ability of human vision and achieving complex visual abilities. These are inspection, sorting, 

and gauging. 

2.5 Digital Image Processing 

In today’s digital era, images are common in everyday life. An image is a visual symbol of an 

object, person or scene while a digital image is a discrete form of such representation that contains 

both layout and color information[26]. A digital image can labeled as a two-dimensional 

representing the projection of a three-dimensional scene onto a two-dimensional flat denote the 

spatial location of a pixel and the function value corresponds to its intensity. When the spatial 

coordinates and intensity values are discrete, the image classified as a digital image. 

Mathematically, a digital image is represented as a matrix composed of a finite number of 



16 | P a g e  
 

elements, commonly referred to as pixels (picture elements or pels), which together form the two-

dimensional image[26]. 

2.5.1 Image Acquisition 

Image acquisition is the process of obtaining a digital representation of a scene, where the resulting 

elements are called pixels [27]. The primary objective of image acquisition is to convert an optical 

image serving real world data into a numerical array that can be processed and analyzed on a 

computer. Before any image, processing the image must first capture by a camera and converted 

into a convenient digital form.  

2.5.2 Image Processing Operation  

 Image processing includes a variety of techniques and algorithms marked at enhancing, 

analyzing or transforming digital images. Key image processing operations include: 

Binarization: This process converts a color or grayscale image into a binary image with only 

two intensity levels Binarization simplifies the image and speed up processing it useful for many 

image analysis tasks[28]. 

 Smoothing: A technique used to soften or blur the details in an image often applied to reduce 

noise or minor variations. 

 Sharping: Image sharping techniques enhance edges and fine details in an image clarity and 

visibility for human view. 

 Noise Removal and De-blurring: Prior to further processing, noise reduction filters applied 

to minimize unwanted variations in the image. De-blurring methods can employed depending 

on the type and extent of blur or noise present in the image. 

 Edge Extraction: To find various objects before analyzing image content, edge extraction 

performed.  

 Segmentation: The process of dividing an image into various parts called segmentation. 

2.5.3 Image Enhancement 

Image enhancement is a core discipline of image processing that seeks to add value of images 

towards a particular application  [29]. It aimed at enhancing the perception and interpretability of 
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information about images to human observers and giving appropriate inputs to further automated 

image processing operations. Image enhanced mainly aimed at modifying the image features in 

such a way that the image that emerges is more typically adapted to a specific task and viewer. It 

entails changing one or more image characteristics, whereby the choice of attributes and 

improvement policies is task specific [30].  

2.5.4 Image Resizing 

Image resizing is a process consisting of magnification and reduction and is a popular process used 

widely in image processing to alter image resolution. It was regularly used in areas like digital 

photography, multimedia applications and electronic publishing to scale the pixel dimensions to 

output device resolution needs in printers and display monitors. There is also the use of image 

resizing to create preview images as well as preparing digital images to be distributed online [31]. 

2.5.5 Image Segmentation 

 Image segmentation refers to the process of splitting an image into several r objects that are 

meaningful. It has a critical part in a broad scope of applications. Autonomous driving systems, 

video surveillance and augmented reality used in medical image analysis. The literature has 

suggested a vast number of image segmentation algorithms starting with the simple techniques 

like histogram-based methods, region growing, k-means clustering and watershed algorithms up 

to more sophisticated ones [28]. Deep learning models have produced a new set of image 

segmentation models with high performance improvements that usually have the highest levels of 

accuracy rates on popular benchmarks that has produced a paradigm shift in the area [32]. 

2.5.6 Feature Extraction 

The feature extraction is one of the most important fields of artificial intelligence. It involves the 

categorization of the most relevant features of an image. Image classification can analyzed by 

determining the aspects of the image features and categorizing the numerical features. The process 

of extracting features is an important part of the image classification. It facilitates the best depiction 

of the content of an image. Another method of improving performance and efficiency of machine 

learning algorithms is feature extraction that simplifies data. Image feature extraction is a very 
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important stage in computer vision and image processing. It entails the location and description of 

significant features of an image to be further analyzed like classification [33]. 

2.6 Machine Learning and Deep Learning 

2.6.1 Machine Learning 

Machine learning is also a branch of AI that allows systems to learn based on data and identify the 

patterns behind them, as well as make decisions with a minimum amount of human intervention. 

One of the most important attributes of machine learning models is that they are able to adjust and 

become better at their tasks depending on the previous experience. These models are able to make 

sound predictions through generalization and learning new and unknown data by studying past 

records [34]. 

The present paper is devoted to the DL algorithms that are especially efficient in such tasks as 

image classification, natural language processing, and other complicated jobs since they can learn 

without the involvement of a human. Machine-learning algorithm provides us with the images and 

allows the system to create a model automatically, based on the data. This obviously provides a 

multitude of potential opportunities to useful applications, in which some problems with existing 

data cannot be formulated or programmed properly [35]. According to Zhuhai [36],  outlines 

three significant methods applied in the field of Machine Learning, which depend on the machine 

learning problem and the input data. These are supervised learning, unsupervised learning and 

reinforcement learning. 

Supervised Learning 

Supervised learning is one of the most popular machine learning methods that is based on 

performance metrics and historical data sets to acquire experience. Supervised learning has its 

basis on the method of finding the most efficient way of mapping input data to desired output by 

learning past data sets [37]. Supervised Learning works with labelled information and also 

generate labelled information. The primary approaches of Supervised Learning are Classification, 

Regression, and the most popular algorithms of each Supervised Learning techniques 

Classification or Regression[38]. 

 Unsupervised Learning: The second technique of machine learning is unsupervised learning. 

When no prior data labels to train on were available, it used to make a prediction model. 
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Unsupervised learning is a method based on the identification of trends in the data when 

dealing with unlabeled data. Unsupervised learning algorithms divide new groups after 

analyzing the input, which is not labeled with relevant information. The algorithm has to find 

the hidden structure in the unlabeled data/input in unsupervised learning [39]. It does so by 

feeding the learning algorithms with bulk of numbers of input data, characteristics and features 

so that the algorithms would be able to make the necessary observation to determine the most 

favorable grouping or correlation between data. K-means are the most popular clustering 

algorithms and a similar clustering algorithm is Hierarchical clustering algorithms [40]. 

 Reinforcement Learning: Reinforcement learning involves the utilization of previous data 

with no prior prediction to enhance the manipulation of dynamic system in future[ [41].  It is 

a learning method in which an agent acts on an environment and it is through this that the agent 

learns about errors or rewards. The agent introduced into an unfamiliar environment so that the 

agent could act and learn through signaled. These indicators may be rewards or punishment 

[42].  

2.6.2 Deep Learning  

Deep learning represents a concentrated field of machine learning that concentrates on algorithms 

that are motivated by the design and organization of the human brain also known as artificial neural 

networks. These were models that are meant to mimic some of the mental processes that take place 

in the brain in the manner they organize interdependent neurons that process and transmit 

information [43]. The main strength of the deep learning is its hierarchical structure that enables 

the model to acquire hierarchical examples of data. The deep learning methods confirm good 

performance when they are trained on large data and can be successful in their accuracy by 

performing the learning process repeatedly [44]. 

Machine learning and deep learning have a number of similarities because they both rely on the 

classification of data and the models being trained. Deep learning enables the machine to learn and 

extract patterns in examples. It is a subdivision of machine learning that is more sophisticated and 

thus demands a huge amount of data and a lot of computing power to effectively process 

information. Image processing, natural language processing and voice recognition are some of the 

fields that apply deep learning extensively [45]. The various methods involved in deep learning to 

train models based on the data. Convolutional neural network, Recurrent Neural Networks, 
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Generative Adversarial Networks, Transformers, and Autoencoders are some of the popular 

techniques. RNNs are especially effective in dealing with sequential data, and Long Short-Term 

Memory networks improve RNNs by improving the ability to capture long-term dependencies with 

special gating structures[45]. 

Convolutional Neural Network: Convolutional Neural Network or ConvNet is popular with 

image recognition, object image classification. The CNNs are made up of a number of layers, 

which may include convolutional layers that enable the extraction of features in the input images, 

a pooling layer that thereby reduce the size of the information and finally, fully connected layers 

that complete the classification. The most famous CNN models are ResNet, AlexNet, VGG, and 

GoogLeNet (Inception). These models have shown the state of the art performance on benchmark 

datasets like ImageNet [46].  

Recurrent Neural Networks: Recurrent Neural Networks Recurrent Neural Networks are neural 

network-based models developed to handle sequential data by having an abstract state that retains 

information over previous time steps. Long Short-Term Memory is an improved version of RNN, 

which can capture long-term dependence and solve the vanishing gradient problem. RNNs and 

LSTMs are common in natural language processing operations including machine translation, 

sentiment analysis, and speech recognition among others [47]. 

Bidirectional LSTM: Bidirectional LSTM is an optimization of the LSTM network, which takes 

a sequence data in both forward and backward directions. Bi-LSTM has the ability to extract more 

contextual data connections in the data because it is able to analyze past and future time steps. This 

is better than what is possible with a basis-count TM, as it becomes more useful in language 

modeling or sentiment analysis, where it is always necessary to have access to the entire context 

of a sequence [48]. 

2.6.3 Convolutional Neural Network Architectures  

Convolution is a mathematical process that is used to transform a function with the help of a given 

operator in order to create another representation that demonstrates the similarity between 

functions in a certain region. Convolution is a scanning method to classify certain patterns or 

features by moving an appropriate operator over large pixel blocks [49]. 
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Convolutional neural networks are the deep learning algorithms that are widely applicable in 

identifying the skin-related diseases through the analysis of medical images. Convolutional neural 

network that is used to process image processing tasks, learn and know major features in images 

automatically. In skin disease recognition system, CNN models are trained on massive collections 

of skin disease images in such a way that they are able to learn the patterns and other attributes of 

different diseases [50]. These networks consist of several layers and include convolutional layers, 

pooling layers and fully connected layers, and are combined to deliver correct classification [51]. 

In the convolutional neural network model, features are obtained by using the learnable filters with 

convolutional layers on pixel values in the training process. Then, the pooling layers are used to 

down sample the resulting feature maps, thus, dimensionality is reduced and their computational 

efficiency is enhanced. Lastly, fully connected layers are used to perform the classification task by 

using the extracted features [51]. 

Convolutional neural networks or ConvNets are a type of deep learning architecture that is 

specifically created to process input data that has a natural spatial organization. They are seriously 

used in computer vision problems, which require image data since they can conveniently take 

advantage of the grid pattern of pixels. The reason behind CNNs is that they first learn the low-

level features like edges and key points, which are gradually integrated into representations that 

are more complex. The convolutional term is named after the application of convolution operations 

that are linear mathematical operations utilized to derive meaningful features out of the input data 

[52].  

The convolutional neural networks (CNNs) utilize convolution processes within at least one of the 

layers as opposed to general matrix multiplication as favored by the traditional feedforward deep 

neural networks [53]. Compared to other methods of classification, CNNs need much less input 

data preprocessing. Due to these strengths, CNNs have been massively used in activities like face 

recognition, person recognition, tumor classificaion, object recognition, traffic sign classification 

and diagnosis of skin diseases. Convolutional neural networks (also referred to as ConvNets) are 

deep learning models that are capable of processing input data in a spatial format. They take 

advantage of the grid-like pixel arrangement, which is most often utilized in computer vision tasks 

in computer vision [54]. 
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Figure 6 CNN architecture 

Convolution Layer 

A convolutional neural network with a specific depth can learn a lot of varied features on an input 

data through the several convolutional layers. The initial convolutional layers tend to learn the 

simpler features of the image like edges, lines, and textures, whereas the later layers acquire the 

more complex and abstract features of the input image [55]. 

The convolutional layer is a key component in a CNN. The convolutional layer can learn features 

from input data, or feature maps. CNNs use kernel filters to convolute the input that provide output 

via element wise multiplication and addition. These feature maps can sourced from next layers. 

Unlike other layers in a neural network, the convolutional layer utilizes learnable filters that 

transform the input image into a meaningful feature map. The convolutional filter is different from 

the feature maps. Convolutional filters are two-dimensional matrices, and feature maps are 

extracted based on the convolution filters. For example, here is a 4x4 pixel input image; below are 

the two convolution filters. 

These results of the above 4x4 pixel input image in the two filters a and b are listed below c and d 

respectively. Both results are 3x3 pixels as shown below. 

 

Figure 7 Result of CNN Convolution Operation on Two Different Filters 
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The largest value of result c is 32, which is also generated from the block like the convolutional 

filter in that both have value at the first and fourth positions and zero value at the second and third 

positions. When the input block matches the convolutional filter, the convolution operation has a 

large value. The largest value of result d is 36 with the same 4x4 input but second convolution 

filter b. It is also generated from the block like the convolutional filter b, which I used in my 

example above. 

Pooling Layer 

In CNNs, a convolutional layer is succeeded by a pooling layer to unravel the spatial dimension 

of the feature maps produced in the convolution by decreasing the inter layer connections but 

acting on each feature map individually. One can pool in various forms however, its major job is 

to summarize and retain the most pertinent details in the preceding convolutional layer. Calculation 

of poling is easy, and maximum pooling as well as average poling are the most frequent forms of 

polling [56].   

 

Figure 8 Max Pooling Operation on 4 x 4 Input. 

Fully Connected layer 

The original neural networks are intermediated by fully connected (FC) layers which are dense i.e. 

every neuron connects to all neurons of the inline layers. This plays a role in a high level of 

computational complexity. The most important aspect of FC layers is the full interconnection of 

sequential layers. This set of layers will compute the probability of each class and usually comes 

at the end of a Conventional neural network, preceding the classifier layer, which is normally 

implemented by a softmax function. Fully connected and dense layers are very significant to deep 

learning models since they perform the same task of classifying images. Dense layers are expected 
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to make the models less complex in terms of the number of parameters presented in them and to 

keep the necessary information without overly extending it [57]. 

 

              Figure 9 The operation of the fully connected layer 

2.6.3.1 Custom Convolutional neural network 

 Convolutional neural network involves a series of perceptron units analyzing image inputs and 

they have learnable weights and biases to various parts of the image and have the ability to segment 

each other. It utilizes local spatial coherence of the images and weights are saved as some of the 

weights are shared. It is evident that CNN is memory and complexity efficient [58]. The initial 

layers learn the high-level features and the subsequent layers learn the low-level features. The 

figure 9 presents the conceptual model of CNN, and the types of layers are discussed below  [59]. 

Custom CNNs give researchers the opportunity to enhance the network architecture to suit skin 

images to better classify disease in a computationally efficient manner. Besides, the research 

examines the impact of data augmentation methods on the model performance [60]. 

 

Figure 10 Architecture of custom Convolutional Neural Network 

2.6.3.2 Inception-V3 Model  

Google Net (Inception-v3) is a model optimized for Image Net. It was developed by Google to 

make it easier to scale deep networks by using computational resources more efficiently, and can 

handle images with a size of 299 by 299 pixels [61].  

2.6.3.3 VGG19  

VGG19 is a pre-trained conventional neural network with 19 layers as the name suggests. We 

finetune the trained VGG19 model on each of the layers and replace the top layers with four full 
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connected layers. The classification completed with the help of a softmax activation function. In 

order to ensure the compatibility of the architecture with the original structure, we scale the images 

to fit the conventional size of VGG19. VGG19 original architecture was trained on ImageNet and 

had 1,000 categories of objects [62].  

 

Figure 11 VGG19 Architecture 

2.6.3.4 VGG16 Network  

Image Net is an example of a dataset used with the Visual Geometry Group that was developed at 

the University of Oxford. The model characterized by the fact that it uses 16 layers and 3x3 filters 

in the convolutional layers. They are supposed to take up images of 224 by 224 size as input [59].  

VGG-16 well reported as being simple but realistically structured, with the capacity to deliver 

robust performance in a gamut of computer vision challenges, which includes image categorization 

and object recognition. The architecture consists of sequential convolutional layers and then max-

pooling layers with the depth of the network increasing in a regular manner. The hierarchical 

feature representations that the model learns with the help of this structural design achieves an 

accurate and robust prediction. Despite the numerous recently introduced architectures, VGG-16 

is used in a substantial number of deep learning applications because it is a flexible yet reliable 

architecture [63]. 

 

Figure 12 VGG-16 Architecture 
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2.6.3.5 ResNet50 

ResNet50 Residual Network (ResNet) ResNet50 is a variation of Residual Network (ResNet), 

which is a convolutional neuron network model containing 48 convolutional layers, 1 max-pooling 

layer, and 1 average-pooling layer. Many of the applications of computer vision based on ResNet. 

The biggest addition to deep neural networks brought about by ResNet is the residual learning 

property of the network that enables the training of deep neural networks that contain over 150 

layers. ResNet Sun was originally proposed by Kaiming He, Xiangyu Zhang, Shaoqing Ren, and 

Jian in their 2015 article titled deep residual learning and explains the ResNet50 architecture [64].  

 

Figure 13 ResNet architecture 

2.6.3.6 DenseNet201 

DenseNet was developed by Gao Huang and his team in 2017 [65]. During four extremely simple 

object recognition tasks, the DenseNet outperformed the previous state-of-the-art architectures 

[65]. DenseNet is a type of deep learning models that are the expansion of ResNet that tries to 

enhance gradient flow within the network. DenseNet has the capacity of enhancing the flow of 

information and gradient flow of the network using fewer parameters as compared to the traditional 

convolution networks. All layers of the DenseNet structure are directly connected to the original 

signal and loss function, as well as, have dense connections, which affect the way data are 

arranged. DenseNet201 is a narrowed network that offers a strongly parameter effective model 

that is simple to train due to the re-use of features by layers that maximize variation in layer inputs 

and enhance performance [66].  
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Figure 14 DenseNet201 Layered Architecture[67] 

2.6.3.7 MobileNet 

MobileNet is an extremely efficient CNN model that developed to work with mobile embedded 

vision. Google MobileNet V2 Designed by researchers that is an improvement of its predecessor, 

MobileNet V1, with better accuracy and lower complexity of computation [55].    

2.7 Empirical Literature Review and Related work 

There have been a number of studies conducted to find skin disease in animals using machine 

learning and image processing techniques, but the majority of them investigated either cattle or 

human skin diseases, while relatively less effort has been made to investigate sheep and goat skin 

diseases. We summarize these studies in the table below that these studies show that deep learning 

models can used for skin disease classification when trained from labeled and preprocessed image 

datasets. There are a large number of studies but only a large number of studies only focused on 

goat and sheep skin diseases.  

Deep learning-based diagnostics in dermatology continue to be highly successful. Shajahan and 

Joseph (2023) demonstrated a CNN-based multiclass skin disease classification system training 

on transfer learning of diverse dermoscopic images. They demonstrated that CNNs were capable 

of extracting complex features of lesion and outperformed other machine learning methods with 

accurate results even in limited resources. However, the study focuses only on human skin disease 

and does not deal with the related issues in veterinary dermatology [51]. 

Another study comparing CNN models in dermatology demonstrated the utility of deep learning. 

Rangaswamy et al. (2024) evaluated InceptionV3 and VGG16 in classifying 13 human skin 

diseases using a large augmented dataset. InceptionV3 exhibited the highest accuracy, 80.88%, 
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indicating that it has a higher capacity for feature extraction than VGG16. Although this study 

indicates that CNN architectures can be utilized in clinical screening, the study only explored 

human skin and did not address the classification needs of animals [68]. 

Rao et al. propose an algorithm using CNN to classify seven dermatological conditions from more 

than 10,000 dermatoscopic images in the HAM10000 dataset with about 93% accuracy. All the 

steps of data cleaning, enhancement, CNN modeling, and evaluation are accompanied by visual 

measures such as confusion matrices and loss/gain metrics [69].  

Nigat et al. classify four fungal skin diseases using 407 dermatologist-labeled images, expanded 

to 1,069 by augmenting, and achieved 93.3% accuracy in their best-performing CNN using 224 x 

224 images size. Their study contributes to the less well-studied field of tinea-related fungal 

infections and compares the proposed model with MobileNetV2 and ResNet50 where it performed 

better. While their internal results are excellent, the authors suggest that future multi-site data 

collections and further evaluation should be done before applying this method [70]. 

Samuel Gedefa develops deep learning models to classify cattle skin diseases, Lumpy skin 

disease, circle worm, wart, and normal from 444 images collected from Ethiopian field sites and 

online sources, and compares a custom CNN with InceptionV3 and EfficientNetB0, the latter 

having 99.1% accuracy. The thesis highlights the benefit of transfer learning for small data sets 

and details the preprocessing, training, and assessment of the models. But, the generalizability of 

our models is limited due to the dataset size, regional focus, and weak annotation quality, 

suggesting that larger data should be collected, expert-labeled, and field-ready methods, such as 

mobile applications, are required [71]. 
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2.8 Research Gap 
Table 1 summarizes related studies and highlights the limitations that motivate this research. 

Unlike existing works, this study focuses specifically on goat and sheep skin disease classification 

using deep learning with collected datasets. 

Table 1  Gap analysis 

Study Focus Area Model Used Key Finding Limitation  

Muhaba et 

al. 

(2022)[11] 

Human skin 

disease 

identification 

MobileNet-V2 

with clinical 

images + 

patient info 

Accomplished 97.5% 

used smartphone 

images; real-time 

capable 

Focused on human 

dermatology; no goats 

and sheep specific 

models.  

Hwang et 

al. 

(2022)[12] 

Dog skin 

disease 

classification 

CNNs (ResNet, 

DenseNet, 

MobileNet)  

Consensus models 

improved accuracy to 

89% 

Lacks disease severity 

classification; dataset 

not for goats  

Fesseha et 

al. 

(2021)[72] 

Mange mite 

prevalence in 

goats (South 

Omo) 

Cross-sectional 

study, skin 

scraping, 

microscopy 

Sarcoptes is the most 

prevalent mite; mange 

affects skin quality 

and production. 

No use of imaging or 

AI; diagnosis is 

invasive, manual, and 

time-consuming. 

Elias 

Girma 

(2021)[73] 

Detection of 

Lumpy Skin 

Disease using 

deep learning 

CNN for 

feature 

extraction, 

SVM for 

classification 

Achieved 95.7% 

accuracy; image 

preprocessing 

improved 

performance. 

Focused on cattle, not 

goat and sheep;  

Workee G. 

M. 

(2021)[74] 

Cattle skin 

disease 

identification 

CNN, HOG, 

SVM; hybrid 

feature 

extraction 

98.75% accuracy-

using hybrid CNN + 

HOG + SVM; median 

filter effective in 

noise reduction. 

Goat skin 

characteristics differ; 

dataset and results 

specific to cattle. 
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Summary  

In spite of growing efforts to struggle with sheep and goat skin diseases, present studies disclose 

significant gaps in automatic classification approaches. Most current research, such as that by 

Fesseha et al., depends on labor-intensive clinical techniques like skin scraping and microscopy, 

which are aggressive, slow, and require skilled handling. While deep learning models like 

conventional neural networks effectively apply to cattle and human skin diseases, these models 

are not tailored to the unique characteristics of sheep and goats skin. Moreover, there is a lack of 

marked, goat, and sheep specific image datasets and no real-world deployment of deep learning 

models in field settings for real-time diagnosis. 

To address these gaps, the present study focuses on developing a deep learning-based classification 

system specifically for goat and sheep skin diseases, using real-world image data and evaluating 

multiple CNN architectures. Furthermore, the study emphasizes practical deployment through a 

web-based system, enabling real-time and accessible disease diagnosis. 

Therefore, this research addresses these gaps by: 

 Developing a labeled dataset of goat and sheep skin disease images collected from real 

field conditions.  

 Designing and evaluating deep learning models (VGG19, DenseNet201, InceptionV3, 

Custom CNN) specifically for this task  

 Identifying the most effective model (DenseNet201) for accurate classification  

 Implementing a web-based system using Django for practical deployment and accessibility 
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Chapter Three 

Research Methodology 

3.1 Introduction 

The chapter explains the research methodology used to develop an improved goat and sheep skin 

disease classification system based on deep learning algorithms. The chapter documents the 

general structure that is used to realize the study goals, the design plan, data gathering procedure, 

data preprocessing, development of models, and evaluation methods. 

This study uses an experimental research design. This method is quantitative in nature, because it 

is based on numerical measures of evaluation based on image based datasets and convolutional 

neural network (CNN) models. The research trains and tests deep learning algorithms 

systematically to find visual patterns in infected and healthy sheep and goat skin images, and to 

quantify their performance in classification using standard evaluation measures. Through 

structured data collection from veterinary clinics in the rural field settings, images of infected and 

healthy sheep and goats images are collected. Lighting normalization, noise removal, and 

background normalization are done as initial processing of photos. Deep learning model training 

and testing on preprocessed dataset is done to allow the classification of diseases accurately.  

The methodology described in this chapter provides the basis of the rest of the research work, and 

the developed model is robust, efficient, and applicable in real-life veterinary diagnosis and 

livestock management situation. 

3.2 Research Design 

A research design is a structured plan for data collection and analysis and analysis designed to 

respond to the research issue. This study aims to develop a deep learning model classification of 

goat and sheep skin disease. The given study was an experimental research, which is a method that 

applies algorithms and evaluating the effectiveness and efficiency of those algorithms in an 

empirical manner by solving real-world problems. The experimental research includes the 

preparation of the dataset, implementation, and performance analysis. 
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3.3 System Development Workflow  

The system development workflow demonstrates the most important factors, interrelations, and 

processes within a research study. It is used to illustrate how inputs influence and lead to proposed 

impacts.  

 

Figure 15 System development workflow diagram 

3.4 Data Collection methods  

Data source  

Primary Source: The dataset was collected from the Southern Zone of the Tigray Region, the 

Endamoni Wereda animal resource development and healthcare office, veterinary clinics, and field 

experts for this study. Data were self-collected using a smartphone camera in local veterinary 

clinics or goat and sheep farms with visible skin diseases (viral, bacterial, parasitic, and healthy).   

Secondary sources: Secondary source images obtained from publicly available sources through 

internet search engines, not open-source data repositories. Google Image Search is an aggregation 

tool that indexes images from multiple third-party websites; therefore, the original sources of the 

images vary. Both image sources were carefully reviewed and relabeled under expert supervision 

(Dr. Haftu Guben, veterinary specialist) into four categories: bacterial, viral, parasitic, and healthy 

skin conditions. After labeling, both datasets were merged into a single unified dataset. To ensure 

consistency, all images were resized to 224×224 pixels and normalized using a standard 
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preprocessing pipeline. The combined dataset was randomly split into training, and validation, to 

preserve class distribution. The testing dataset if from the primary source only.  

Due to the aggregation nature of Google Image Search, specific source URLs for individual 

secondary images cannot be provided. All secondary images were used exclusively for academic 

research and model training purposes under fair use provisions for non-commercial scientific 

research. No copyrighted images are redistributed with this thesis. The combined dataset is 

available for research purposes upon reasonable request to the author. 

Data Collection: An image dataset used to achieve the purpose of this research. The model has to 

be trained, validated, and tested on a set of image data samples collected and labeled. Image data 

can be collected using images from various veterinary practices, as well as images obtained from 

the internet for training purposes. The images were taken by using a digital camera in certain 

situations to test the 18-megapixel images taken by a Samsung phone camera and prepare the 

dataset [74]. 

Data Preparation: Images obtained can used in different veterinary clinics and pictures found 

online to create datasets. The testing was done with photographs of a local veterinary clinic 

whereas the model training was done with photographs from online sources. These animal skin 

image files including the healthy and infected ones were manually separated and the infected ones 

divided into severe and mild cases. The training process uses the data that was formed on the basis 

of 80% of the dataset, whereas the remaining 20% of the data are utilized in the model validating 

and testing [75].  

Data augmentation 

 Altering the training data to produce new, artificial training data referred to as Data Augmentation. 

This is often being used in machine learning and deep learning to enhance the amount of data that 

is available to train a network without incurring extra data collection costs[76]. 

3.5 Data Processing Techniques 

Data analysis and transformation into significant information assists us in making improved 

decisions and analysis. This is referred to as Data processing. It is highly significant in businesses, 
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including healthcare. It applies techniques and procedures to ensure that the data is accurate, 

practical and systematized. There are six stages in the data processing lifecycle: 

 Collection: We collect the information in such places as farm, veterinary clinic or internet.  

 Preprocessing Data cleaning. We eliminate noises, scale and structure it for easy analysis. 

 Input: The structured data were stored in Google Drive. This is possible through Google 

colab. Use automated methods. 

 Processing: We perform such tasks as summarizing, combining and sorting the data. This 

assists us in discovering meanings and trends. 

 Output: We display the output in forms such as reports, graphs, and dashboards. This assists 

us in interpreting and decision-making. 

3.6 Dataset Preparation  

Digital cameras were used to capture images of sheep and goat skin diseases. Images were captured 

of three different diseases of goats and sheep: viral, bacterial, parasitic, and healthy skin. Since the 

image, datasets were not of the same size all of the images were resized to 224 × 224 pixels and 

were saved in the JPG format. Image resolution refers to the method used in this experiment to 

change the size of the image dataset. For this study, sheep and goat skin disease images classified 

based on their disease type and stored in Google Drive. In the image acquisition phase, we have 

taken images of the four skin diseases of goats and sheep (viral, bacterial, parasitic, and healthy). 

3.6.1 Split Dataset Ratio 

 When we say splitting a dataset in a ratio, it means dividing the collection of data into smaller 

chunks according to a given proportion such as 80:20. The ratio can be broken down into its 

multiple elements, each of which specifies how many of the available data is to go in some sub-

sets typically used for splitting data into training and testing sets in machine learning. For instance, 

in an 80:20 split 80% of the data used to train a model and the other 20%for validation and test to 

determine its predictive abilities. 
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Table 2  Data split and Class Distribution 

Types of skin 

disease  

Total image datasets per 

class 

Training 

dataset  

Validating 

dataset  

Testing 

dataset  

Bacterial 564 454 55 55 

Healthy 572 456 58 58 

Parasitic  555  443 56 56 

Viral 650 520 65 65 

Total 2341 1873 234 234 

3.6.2 Image Resizing 

Images are standardized to a uniform resolution. Specifically, a square aspect ratio of 224x224 

pixels is adopted, conforming to the input requirements of standard neural network architectures 

[77]. 

3.6.3 Normalization  

Image normalization was used to provide consistent and effective training of the deep learning models. 

In the case of the custom CNN model, the values of all the input images in the image space were 

brought to [0, 1] through a division of each pixel value by 255. This guarantees the numerical stability 

and increased convergence speed in the course of training.  

In the case of the pre-trained models (VGG19, InceptionV3, and DenseNet201), the corresponding 

ImageNet preprocessing functions (preprocess input) were used. These functions do model-specific 

normalization in line with the ImageNet training distribution:  

VGG19: transforms RGB values with ImageNet mean subtraction (channel-wise centering). 

InceptionV3: pixel values are scaled to the range between -1 and 1.  

DenseNet201: uses ImageNet mean and standard deviation normalization.  

This normalization approach is a hybrid to be compatible with the pre-trained weights of each of the 

architectures and enhance the performance of feature extraction. 

3.6.4 Sample Dataset  

A sample dataset is a subset of the entire dataset. It shows the features of all dataset. 
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Figure 16 Sample dataset 

  3.6.5 Data Augmentation  

Data augmentation can increase training data without collecting or labeling more data. Instead, it 

enriches the data distribution by slightly modifying existing data or synthesizing new data. Data 

augmentation applied to increase dataset diversity and reduce overfitting. The following 

transformations used such as Rotation (±30 degrees), zoom range (0.2–0.3), horizontal flipping 

enabled, and width and height shift. Augmentations applied only for the training dataset to improve 

the generalization capability of the proposed CNN models. 

3.7 Design of Goat and Sheep Skin disease Classification Model 

We used cutting-edge deep learning models, such as convolutional neural networks, to create a 

classification model for sheep and goat skin disease types utilizing a deep learning technique. 

Initially, we were gathering dataset of skin illness images from farms and veterinary clinics. A 

model for identifying skin diseases was created to assist medical professionals, animal health 

officers, and veterinarians in precisely analyzing images to identify diseases. The study process of 

classifying many types of goat and sheep skin diseases and includes data gathering, data splitting, 

preprocessing, model evaluation, training, testing, validating, model construction. This study 

proposes a model for classifying goat and sheep skin diseases.  

To begin, a collection of images of sheep and goat skin diseases gathered, along with an 

explanation of each one. A convolutional neural network or another deep learning based image 

categorization model trained using this dataset. Images of sheep and goat skin diseases and their 
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labels are shown to the model during training. After that, we check how well the model works 

using a set of data. The model is adjusted to make predictions of sheep and goat skin diseases. 

3.7.1 Classification 

A Deep learning technique called classification assigns a categorical label or class to an input 

sample according to predetermined features or attributes of the sample. Using appropriate 

techniques that match the image pattern with photographs within the database, the images 

categorized into predetermined groups according to the retrieved features. Accurately predicting a 

sample class label from its features is the aim of classification. Regarding the classification of goat 

and sheep skin diseases, the model is designed to classify them into many groups according to 

characteristics like size, shape, color, surface, and texture. These features extracted from images 

of skin diseases and then used as input to the classification model. 

3.7.2 Proposed Goat and Sheep Skin Disease Classification Model Architecture 

The model is built from the input section, where we input raw RGB images of sheep and goat skin. 

These images resized to 224 x 224 x 3 pixels, show close-up images of animal skin, displaying 

lesions and diseases. A 3x2 grid of six example images illustrates the various healthy and affected 

skin conditions, providing the inputs to the whole classification process. 

The core model is DenseNet201, which has been pre-trained on the ImageNet dataset, which is the 

feature extractor. Its convolutional layers learn hierarchical visual patterns such as edges, textures, 

and colors from the input images. The dense connectivity of DenseNet201, where every layer takes 

inputs from all prior layers, supports feature reuse and avoids the waning gradient problem. This 

pre-trained model is connected to a custom classification head designed for the skin disease task. 

The custom head starts with global average pooling to reduce the size of features and batch 

normalization for stable training. It has two dense layers 512 and 256 neurons active with ReLU 

for non-linearity and dropout layers (50%, 50% and 30% respectively) to prevent overfitting. The 

output layer uses softmax activation to compute probabilities in four classes Bacterial, Healthy, 

Parasitic, and Viral. Transfer learning provides an effective way to classify sheep and goat skin by 

using powerful features from the previous step combined with task-specific knowledge. 
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Figure 17 Proposed Goat and Sheep Skin Disease Classification Model 

3.8 Transfer learning 

Transfer learning is a powerful technique in deep learning that leverages pre-trained models to 

improve learning efficiency on new, but related tasks is called Transfer learning. Instead of training 

a deep learning model from scratch, which often requires vast amounts of labeled data and 

computational resources, transfer learning enables the use of knowledge gained from one problem 

and applies it to another. This concept mimics the human ability to transfer knowledge from 

previously learned tasks to new situations, enhancing the speed and accuracy of learning in 

scenarios with limited data[78].  

3.9 Model Training 

Model training is the process of developing the model and achieving the training process on the 

training dataset using sequential model, CNN-keras, VGG-19, InceptionV3, and DenseNet201 

from scratch. In this study, several deep learning models, including VGG19, InceptionV3, 

DenseNet201, and a custom CNN, were reviewed for their feature extraction capabilities. Each 

model has unique strengths in capturing image features. After experimental evaluation, 

DenseNet201 was selected as the final model for this research due to its superior feature reuse 

capability and better performance on the goat and sheep skin dataset. Its dense connectivity 

improves gradient flow and enables effective learning of complex patterns compared to the other 

models. Therefore, DenseNet201 accepted as the primary model for feature extraction and 

classification in this study. 
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 Model Training Configuration: The proposed deep learning models were trained using a 

supervised learning approach on labeled image datasets. The training process was carried out using 

the Keras library with a TensorFlow backend. The models were optimized using the Adam 

optimizer due to its efficiency in handling large datasets and adaptive learning capabilities. A 

categorical cross-entropy loss function was used since the problem involves multi-class 

classification. The training process was conducted for a fixed number of epochs, and performance 

was monitored using validation data to prevent overfitting. Early stopping was applied to stop 

training when validation performance stopped improving. 

Overfitting Control: To improve generalization and reduce overfitting, dropout layers were used 

in the fully connected layers. Additionally, data augmentation techniques such as rotation, 

zooming, and horizontal flipping were applied during training. Early stopping based on validation 

loss was also implemented to prevent excessive training. 

3.10 Validation and Testing Process 

To evaluate and improve the model’s performance, techniques are employed to ensure the testing 

data is completely separate from the training data. This allows the classifiers to be validated using 

unseen datasets. In this study, 10% of the dataset was used for validation, while the testing set also 

represented 10% of the class distribution. The training set contained the remaining 80% of the 

data. This approach prevents unfair data from influencing the model during training. The overall 

dataset was split into a ratio of 80:20 for training and testing/validation respectively.  

3.11 Evaluation of the Metrics 

We evaluate the performance of the model by assessing the accuracy of the model, which 

represents the proportion of predictions that are correct from all the inputs used in training and 

validation. We also use cross-entropy to understand how well the model is performing during 

training, where it indicates the loss for each epoch. Both accuracy and loss are key metrics to assess 

the model. The sample data set is balanced across all classes. We also compute accuracy, precision, 

recall and f1-score to obtain a detailed report on the performance of each of the four classes, 

allowing us to identify the well-performing and misclassified classes to misclassification [79]. On 

evaluation measures, the algorithm is compared with custom CNN, InceptionV3, VGG19, and 
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DenseNet201. These tests are to determine which model performs best developed in the suggestion 

stage and improved in development and the model for classifying sheep and goat skin disease. 

Model data is evaluated as accuracy, recall, precision, and F1 score [80].  The confusion matrix 

places the predictions into four important predictions in a classification context [81]. 

 True Positives (TP): These occur when the model correctly predicts “yes,” indicating that 

the condition (skin disease) is present, and the animal indeed has the condition. 

 True Negatives (TN): These occur when the model correctly predicts “no”, meaning the condition 

is absent, and the person does not have the condition. 

 False Positives (FP): The occurrence of the model predicts “yes” incorrectly, indicating the 

condition is present when it is no. This is called a “Type I error”. 

 False Negatives (FN): The occurrence of the model predicts “no” incorrectly, indicating 

the condition is absent when it is present. This called a “Type II error”.  

3.11.1 Accuracy   

The accuracy of the model is determined by the percentage of true predictions of the top class, 

the class with the highest probability as determined by the CNN model [82]. The model should 

assign to the target class as the following evaluation can used to symbolize.  

Accuracy is the number of TP and TN divided by the total number of TPs, TNs, FP and FN[81]. The 

accuracy calculated as in Equation (1). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =    
𝑇𝑃+ 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 --------------------------------------------- (1) 

3.11.2 Precision 

 Precision is a metric used to evaluate the performance of a classification model, particularly in 

scenarios where the balance between different classes is important. The precision can calculated 

using the formula presented in Equation 2: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 --------------------------------------- (2) 
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3.11.3 Recall 

 Recall (also known as Sensitivity or True Positive Rate) is a metric that measures the ability of a 

model to identify all relevant instances in a dataset. Equation 3) provides the formula for 

calculating Recall: 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
------------------------------------------- (3) 

3.11.4 F1 Score 

The F1-Score is a way to measure how good a model is by combining precision and recall into one 

number. It finds a balance, between precision and recall. To calculate the F1-Score we use a 

formula. The F1-Score equals two time’s precision times recall, divided by precision plus recall. 

This is shown in Equation (4): 

𝑅𝑒𝑐𝑎𝑙𝑙 =  2 𝑥 
 𝑃𝑟𝑒𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
--------------------------------------- (4) 

3.12 Implementation Tools and Libraries   
Table 3 Implementation Tools and Libraries 

Tool / 

Library 

Purpose Description 

Python 3.11 Programming 

language 

High-level, open-source language used for implementing the 

entire system and model development. 

TensorFlow Deep learning 

framework 

Used for building, training, and optimizing convolutional 

neural network models. 

Keras Neural 

network API 

High-level API integrated with TensorFlow for easy model 

design and experimentation. 

NumPy Numerical 

computing 

Used for array operations, matrix computations, and 

numerical processing of image data. 

Matplotlib Data 

visualization 

Used for plotting graphs such as accuracy/loss curves and 

model performance visualization. 

Google 

Colab 

Development 

environment 

Cloud-based platform used for running Python code, training 

models, and accessing GPU resources. 

Django Web 

framework 

Used to develop and deploy the web application for real-time 

skin disease classification. 
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3.13 CNN Model Hyper-parameter Proposed 

Table 4 Proposed CNN Hyperparameters and Configuration 

Category Hyperparameter / 

Component 

Description (Concise) Proposed Setting / 

Role 

Optimization Adam Optimizer Adaptive optimization method 

using first and second moment of 

gradients for efficient weight 

updates 

Used for training 

CNN to minimize 

loss 

Learning 

Rate 

Step size for weight 

updates 

Controls how fast model learns; 

too high causes instability, too 

low slows training 

Tuned 

experimentally for 

best convergence 

Loss 

Function 

Multiclass 

classification loss 

Measures error between 

predicted and true labels 

Used with Softmax 

for four-class 

classification 

Activation 

(Hidden) 

ReLU Non-linear function: outputs 

positive values, zeros for 

negatives 

Applied after 

convolution and 

pooling layers 

Activation 

(Output) 

Softmax Converts outputs into probability 

distribution across classes 

Used in final layer 

(four classes) 

Input Image 

Size 

Image resolution Standardized image input size for 

CNN processing 

224 × 224 pixels 

Convolution 

Filters 

Feature Extract image features using 

kernels 

16, 32, 64, 128 

filters 

Filter Size Kernel dimension Local feature extraction window 3 × 3 

Epochs Full dataset passes Number of times model sees 

entire dataset 

30 epochs (optimal 

after experiments) 

Batch Size Training samples 

per update 

Number of images processed 

before weight update 

32 

Model 

Output 

Prediction summary Displays training/testing results 

and model performance 

Printed after 

training completion 
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3.14 System Deployment  

3.14.1 Django Web Framework implementation  

After the training process of the deep learning model, the system was implemented as a web 

application using the Django framework. The trained and evaluated model deployed in a web 

application to interact with users. Users can upload an image of goat and sheep skin disease 

captured to the application, and the model predicts the type of skin disease correctly[51]. The 

Django web application works as a middle platform between the client and the deep learning 

model. End users system can access by end user can access the system over any web browser by 

entering the system’s URL. The browser sends an HTTP request to the web server, which 

processes the request and returns an HTTP response to the browser. As shown in Figure 17, the 

user navigates to the system URL (e.g. http://127.0.0.1:8000/) to access the home page of the 

system. 

 

     Figure 18 System architecture diagram for a deep learning web application 

3.14.2 Model Integration 

A trained deep learning model saved in .keras format after the training phase of the CNN 

architecture. This model was loaded into the Django backend using TensorFlow. The model 

adjusted once when the server starts to ensure well organized to classify the disease and reduced 

response time. Once a user uploads an image on the website, the system checks the image to make 
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sure it is healthy or not. The preprocessing steps applied during training, such as normalization 

and image resizing during extrapolation to maintain consistency. 

3.14.3 User Interface Design 

Usability is the ease of use and clarity of a web application. User interface plays a very significant 

role in increasing the usability of application, as it is the medium of human computer interaction. 

Regardless of the degree to which the application supports the functional requirements, unless the 

application is efficient, easiness, and handy to the heart of user, the application has to face failure. 

Since UI gives the abstract view of the entire system to users, the success of the system greatly 

depends on it[83].  

Upload Image UI:  The main aspect of the user interface design is to upload image. The system 

allows users to upload images of either goat or sheep skin using any device from any storage. The 

image uploaded is also inclusive of validation messages to enhance user experience. 

 

Figure 19 Image upload page 

Prediction Results Display Interface  

After the image is successfully uploaded, it undergoes image processing and analysis. The 

prediction results then generated by the trained model and displayed on a separate results page, 

where users view the classify disease class with relevant confidence scores. 
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The predictive performance illustrated in Figure 20 provides a qualitative assessment of the 

model’s classification capability. To ensure experimental transparency and address potential 

concerns regarding selected results, it is critical to define the provenance of these samples. The 

four instances shown displaying confidence scores ranging from 98.2% to 100% were drawn 

exclusively from the held out test set, comprising images that the model did not encounter during 

the training or validation phases. While these specific screenshots represent high-confidence 

classifications, they are statistically representative of the model's broader performance on the test 

data and any goat and sheep image out of dataset is work well. In test dataset achieved an overall 

mean confidence of 99%. These samples were selected to demonstrate the model’s robustness 

across the primary disease categories (Bacterial, Viral, and Parasitic) under varying field 

conditions in Endamohoni wereda collection site. 

.  
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Figure 20 Prediction Results Display Interface 
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Chapter Four 

Results and Discussion 

4.1 Introduction    

In this chapter, an experimental evaluation an experimental evaluation of the proposed model 

described in detail. The experimental evaluation confirmed the effectiveness of the proposed 

model. The dataset used and the implementation of the proposed model were described carefully. 

The effects of different filtering techniques are evaluated and compared with other state-of-the-art 

models are described in detail.  

4.2 Dataset distribution 

Dataset distribution is the pattern of data points within a dataset, showing how values spread out. 

It visualized using graphs to show the frequency of each value of each class. Understanding the 

distribution helps to identify patterns like central tendency, variability, and shape, which is 

important for selecting appropriate analytical methods and identifying trends or outliers.  

 

 Figure 21 Data Distributions for validating dataset  

4.3 Experimental Setup  

A model developed and tested during this phase of the study to classify sheep and goat skin disease 

images, several scripts were developed and executed using a variety of models. These include 

Python 3.11.3, Keras, the Jupyter Notebook, transfer learning model and other libraries. Training 
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and testing of the dataset performed using the following CNN architecture models: VGG19, CNN 

keras, InceptionV3, and DenseNet201. The proposed models were trained on 2341 skin disease 

images. 

 

Figure 22 summary of the image counts in Dataset split 

4.4 Experimental Results  

To compare and select the most effective CNN architecture among trained and sequential models 

with improved dataset the following parameters are considered in each of the trials and adjusted 

as follows. These parameters consist of epochs, batch size, loss and learning rate. The image 

dataset's color system needs to be understood classification of the skin. RGB color space was used 

to understand recognized skin diseases. To test and assess the model's performance in 

classification, several models and classification algorithms used in this experiment. The following 

models were used for classification: CNN-keras, VGG19, InceptionV3, and DenseNet201. The 

weights were adjusted based on the dataset loaded into the classifier during training, with the image 

dataset being moved to the classifier. Unseen data were used to determine which model performs 

best data that does not previously seen and evaluate the classification model's effectiveness 

 

Figure 23 import libraries connect to google colab drive 
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4.4.1 Experiment_1: VGG19 Performance Evaluation 

The VGG19 model trained in this experiment on the dataset achieved a training accuracy of 

90.61%, with training loss of 0.2731, and a validation accuracy of 95.33%, with validation loss of 

0.167. The model demonstrated strong generalization performance, achieving a classification 

accuracy of 95%. Figure 25 illustrates the training and validation accuracy and loss across epochs 

for the VGG19 model.  

 

Figure 24 model Summary of VGG19 Architecture  
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Figure 25 Epoch Result of VGG19 Training and validating Model 
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Figure 26 Confusion Matrix of VGG19 Model. 

 

 Figure 27 Classification report of VGG19 Model.  

 

Figure 28 VGG19 Training, Validation Test performance curve or Plot 
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4.4.2 Experiment_2: Custom CNN-keras Performance Evaluation          

The custom CNN-Keras model trained in this experiment on the dataset achieved a training 

accuracy of 90.81%, with training loss of 0.284, and a validation accuracy of 94.95%, with 

validation loss of 0.2626. The model demonstrated strong generalization performance, achieving 

a classification accuracy of 95%. Figure 30 illustrates the training and validation of accuracy and 

loss across epochs for the CNN-keras model.  

 

Figure 29 model Summary of custom CNN Architecture  
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Figure 30 Training epoch of custom CNN-keras model 
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                                  Figure 31 Confusion matrix of custom CNN-keras 

 

                           Figure 32 classification report of custom CNN-keras 

 

                  Figure 33 Model accuracy and loss curve of custom CNN-keras 
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4.4.3 Experiment_3: DenseNet201 Performance Evaluation 

During the training phase, the DenseNet201 model achieved accuracy of 95.04% and loss of 

0.1524 while the validation accuracy was 97.71% and loss 0.1251. After the entire training and 

model selection process is finished the final performance evaluation is 97.44%. The model 

demonstrated strong generalization model was highly generalized with an accuracy of 97% in 

classification.    

 

 Figure 34 Epoch Result of DenseNet201 Training Model 
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        Figure 35 Model accuracy and loss curve of DenseNet201 Model 

The following figure provides detailed insight into how well a model performs during training by 

showing the number of correct and incorrect predictions for each class in the DenseNet201 model. 

 

          Figure 36 Confusion Matrix of Test the Model 

Confusion Matrix Explanation: The confusion matrix described here allows you to evaluate the 

classification model by comparing the actual labels to predicted labels. 

True Labels: These rows represent the classes of the test dataset. 

Predicted Labels: The columns represent the predicted classes by the model. 

Diagonal Elements: These diagonal numbers show the number of correct classes for each class. 

Off-Diagonal Elements: These represent misclassifications (off-diagonal values). 

 

 

 



57 | P a g e  
 

Table 5 Confusion matrix of the best-performing model 

True Label     Predicted Bacterial Predicted Healthy Predicted Parasitic Predicted Viral 

Bacterial  53 1 1 0 

Healthy  0 58 0 0 

Parasitic  0 0 55 1 

Viral  3 0 0 62 

Step 1: True Positives (TP): TP is the count of correct predictions for a class (diagonal element). 

Bacterial TP = 53 

Healthy TP = 58 

Parasitic TP = 55 

Viral TP = 62 

Step 2: False Negatives (FN): FN is when the true class was not predicted correctly. 

Bacterial FN = 1 + 1 + 0 = 2 

Healthy FN = 0 + 0 + 0 = 0 

Parasitic FN = 0 + 0 + 1 = 1 

Viral FN = 3 + 0 + 0 = 3 

Step 3: False Positives (FP): FP is when other classes are incorrectly predicted as this class. 

Bacterial FP = 0 + 0 + 3 = 3 

Healthy FP = 1 + 0 + 0 = 1 

Parasitic FP = 1 + 0 + 0 = 1 

Viral FP = 0 + 0 + 1 = 1 

Step 4: True Negatives (TN) 

TN is all remaining correctly classified negative cases. 

Total samples = 53 + 1 + 1 + 0 + 0 + 58 + 0 + 0 + 0 + 0 + 55 + 1 + 3 + 0 + 0 + 62 = 234 

1. Bacterial: TP = 53, FN = 2, FP = 3, TN = 176, Total = 234 

Accuracy = (53 + 176) / 234 = 229 / 234 =0.9786 

Precision = 53 / (53 + 3) = 53 / 56 = 0.9464 Recall = 53 / (53 + 2) = 53 / 55 = 0.9636 

F1-score = 2 × (0.9464 × 0.9636) / (0.9464 + 0.9636) = 0.9550 

2. Healthy: TP = 58, FN = 0, FP = 1, TN = 175 
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Accuracy = (58 + 175) / 234 = 233 / 234 = 0.9957 Precision = 58 / (58 + 1) = 58 / 59 = 0.9831 

Recall = 58 / (58 + 0) = 58 / 58 = 1.0 F1-score = 2 × (0.9831 × 1.0) / (0.9831 + 1.0) = 0.9915 

3. Parasitic: TP = 55, FN = 1, FP = 1, TN = 177 

Accuracy = (55 + 177) / 234 = 232 / 234 = 0.9915 Precision = 55 / (55 + 1) = 55 / 56 = 0.9821 

Recall = 55 / (55 + 1) = 55 / 56 = 0.9821 F1-score = 2 × (0.9821 × 0.9821) / (0.9821 + 0.9821) = 

0.9821 

4. Viral: TP = 62, FN = 3, FP = 1, TN = 168 

Accuracy = (62 + 168) / 234 = 230 / 234 = 0.9829 Precision = 62 / (62 + 1) = 62 / 63 = 0.9841 

Recall = 62 / (62 + 3) = 62 / 65 = 0.9538 F1-score = 2 × (0.9841 × 0.9538) / (0.9841 + 0.9538) = 

0.9688 

Overall accuracy: Total correct predictions = sum of TPs = 53 + 58 + 55 + 62 = 228, Total 

samples = 234 Overall Accuracy=228/234=0.9744  

The figure below characterizes classification reports of the DenseNet201 model metrics. 

 

                Figure 37 Classification Reports of the DenseNet201 Model 

4.4.4 Experiment_4: InceptionV3 Efficient Performance Evaluation 

During the training phase, the InceptionV3 model achieved accuracy of 92.68% and loss of 0.2202 

concurrently the validation accuracy of 89.91% with validation loss of 0.2615. The model 

demonstrated strong generalization performance, achieving a classification report accuracy of 

90%. Figure 37 illustrates training and validation accuracy and loss across epochs for the 

InceptionV3 model.  
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Figure 38 Epoch Result of InceptionV3 Model 

The following figure shows the InceptionV3 result training, validation accuracy training, and 

validation loss. 

 

Figure 39 Model accuracy and loss curve of InceptionV3 Model. 
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A confusion matrix was utilized to evaluate the classification accuracy of the Inception-V3 model, 

highlighting the specific instances of correct and incorrect predictions across all categories. 

 

Figure 40 Confusion Matrix of Test the InceptionV3 Model. 

The classification report of the InceptionV3 model with different metrics. 

 

Figure 41 Classification Reports of the InceptionV3 Model 

4.5 Model Comparison and performance analysis  

The proposed model was assessed using the confusion matrix, accuracy, recall, precision, and f1 

score. The number of correct and incorrect predictions were counted and disaggregated into each 

of the classes. The Confusion matrix used to examine the performance of the manner in which the 

classification model was confused in the process of making predictions. It was an explicit and clear 

mode of providing the prediction results of a classifier on every class. It represented by the matrix 

of the actual class labels versus the predicted class labels with the number of actually predicted 

cases and misclassified cases per individual class. There were four classification algorithms 

employed in this thesis and the performance of my proposed model is determined using three 

parameters namely accuracy, loss and time. 

 Accuracy: A model that has a high value on accuracy is good at classifying sheep and goat 

skin diseases. 
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 Loss: In this case, model with a lesser loss value is desirable.  

 Time: the model should train quickly. 

Table 6 summary training and testing Experiment model comparison 

No. Model Training Validating Testing Total 

training 

time Accuracy Loss Accuracy Loss Accuracy Loss 

1 VGG19 0.9061 0.2734 0.9541 0.1846 0.9530 0.1948 28.89 

m 

2 Custom CNN 0.9081 0.1594 0.9495 0.1367          0.9487 0.1690 22.99 

m 

3 DenseNet201  0.9504  0.1594 0.9771 0.1215 0.9744 0.1291 18.89 

m 

4 InceptionV3 0.9268 0.8991 0.8991 0.2615 0.9017 0.3330 28.75 

m 

Table 6 presents a comparative evaluation of four convolutional neural network architectures. 

VGG19, a Custom CNN-keras, DenseNet201, and InceptionV3 applied to the four-class 

classification task (bacterial, viral, parasitic, and healthy) using the proposed veterinary image 

dataset. The models trained using the Adam optimizer, with performance assessed through 

accuracy and loss metrics across training, validation, and testing phases. Training times were also 

reported to evaluate computational efficiency. 

DenseNet201 emerged as the superior model overall. It achieved the highest training accuracy 

(95.04%) and the lowest training loss (0.1594), indicating strong learning capability and effective 

feature extraction through its dense connectivity pattern, which promotes feature reuse and 

alleviates the vanishing gradient problem. On the validation set, DenseNet201 attained an 

outstanding accuracy of 97.71% with a low loss of 0.1215, demonstrating excellent generalization 

during training. On the unseen test set, it maintained robust performance with 97.44% accuracy 

and 0.1291 loss the best among all models. These results suggest that DenseNet201 effectively 

captured discriminative features across the four classes while minimizing overfitting. 

In contrast, InceptionV3 exhibited anomalous results that warrant scrutiny. The reported training 

loss of 92.89% appears inconsistent with its training accuracy of 92.89% and does not align with 

the much lower validation (0.2615) and test losses (0.3330). Such a discrepancy likely stems from 

a data entry or calculation error, as a high training loss typically corresponds to poor training 
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accuracy in a well-optimized model. After correction of the apparent error, InceptionV3 showed 

competitive but not leading performance, with moderate generalization (test accuracy of 90.17%). 

VGG19, a deeper but simpler architecture, delivered solid results with a training accuracy of 

90.61% and test accuracy of 95.30%. Although its training accuracy was lower than DenseNet201, 

it achieved relatively strong test performance with a test loss of 0.1948. This indicates good 

generalization, albeit at the cost of longer training time (28.89 minutes) compared to architectures 

that are more efficient. 

The Custom CNN provided reasonable baseline performance (training accuracy 90.81%, test 

accuracy 94.36%) with the second-lowest training time (22.99 minutes). Its balanced metrics 

suggest it serves as a lightweight alternative suitable for resource-constrained environments, 

though the deeper transfer learning models in terms of accuracy outperformed it. 

Overall, DenseNet201 achieved higher accuracy due to its dense connectivity, which improves 

feature propagation and reuse. DenseNet201 proved to be the most effective model for this multi-

class veterinary image classification task, delivering the highest accuracy, lowest loss values, and 

efficient training time (18.89 minutes). Its dense connectivity likely contributed to superior feature 

representation and reduced misclassifications across the four classes. The results highlight the 

advantages of modern architectures with residual/dense connections over traditional deeper 

networks like VGG19 for this domain. Future work could explore ensemble methods or fine-tuning 

strategies to improve classification performance on challenging classes. 

4.6 Answering Research Questions  

The study uses supervised learning techniques to classify sheep and goat skin diseases. To realize 

this, we designed to address the following research questions answer: 

1. How can images of sheep and goat skin diseases be effectively labeled and preprocessed to 

ensure high-quality input for deep learning models? 

 The images were collected using image acquisition in the field and stored in a storage device. The 

images are manually labeled as parasitic, bacterial, viral, and healthy. Labeling was performed 

before training the model. Image preprocessing is done using Keras and Python libraries. 

Preprocessing techniques such as resizing images, normalization, data augmentation, and noise 
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removal were achieved. The total dataset contains 2341 images that are ready for training, 

validation, and testing of deep learning models. 

2. Which deep learning (CNN) architectures and training configurations achieve the best 

performance for classifying sheep and goat skin diseases, and how do they compare in terms 

of accuracy and computational cost? 

A deep learning-based classification model can be developed using convolutional neural networks 

and transfer learning architectures such as DenseNet201, CNN-Keras, Inception-V3, and VGG19. 

In this study, the datasets were split into an 80:10:10 ratio, which means 80% training, 10% testing, 

and 10% validating. Models were implemented using Python, TensorFlow, and Keras. Among the 

tested architectures, DenseNet201 achieved the highest classification testing accuracy (97.44%), 

demonstrating the effectiveness of deep learning for computerized disease classification. 

3. Which model achieves the highest classification performance on the dataset, and how does it 

compare to other models in terms of accuracy, precision, recall, F1-score, and confusion matrix 

results? 

The classification model, which uses the sheep and goat skin diseases classification process, was 

evaluated using different performance metrics such as training accuracy, validation accuracy, 

testing accuracy, loss values, classification report, recall, precision, and F1-score. The confusion 

matrices that were used to examine the correct prediction rates and misclassification rates. The 

experiment outcome shows that DenseNet201 has a testing accuracy of 97.44%. The above 

findings validate the effectiveness of the suggested deep learning method. 

4. How can the best performing model efficiently integrated into a web-based application to 

provide reliable and real-time skin disease classification for end users? 

The trained DenseNet201 model achieving the highest accuracy was saved in .keras format and 

loaded into the Django backend using TensorFlow during server initialization to enable efficient 

inference. Uploaded images validated and normalized before being passed to the model, which 

performs prediction and classification of sheep and goat skin diseases, with the results presented 

through the web-based interface. 
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Chapter Five 

Conclusion and Recommendations 

5.1 Conclusion  

Artificial intelligence, especially in the field of computer vision, is transforming the process of 

identifying, predicting, and classifying goat and sheep skin diseases. Conventional methods used 

to classify goat and sheep skin disease based on visual examination by domain experts are time-

consuming and are susceptible to human error. As the demand for accurate classification of goat 

and sheep skin diseases increases, there is a need for a more efficient and reliable method of 

classification. Deep learning provides an effective solution for accurate classification of goat and 

sheep skin diseases based on the unique characteristics of goat, and sheep skin disease. This study 

demonstrates that deep learning can accurately classify skin diseases and improve animal farming 

practices and productivity. The agricultural industry can improve its efficiency and productivity 

by implementing deep learning in classifying goat and sheep skin diseases. The study utilized a 

supervised learning method to categorize various diseases of the goat and sheep skin. It included 

preparing datasets, preprocessing and training models, evaluation using metrics such as recall, 

precision, F1-score, and confusion matrix, and comparison with other models. The proposed 

classification model is a deep learning-based model, which is capable of identifying and 

classifying four goat and sheep skin diseases (bacterial, parasitic, viral, and healthy), based on their 

visual characteristics. The research approach was experimental research, which included dataset 

preparation, model implementation, and evaluation. 

5.2 Contributions of this study 

The thesis has a few important scholarly contributions in the area of livestock health management 

and automated diagnosis of diseases. To start with, a set of sheep and goat skin disease images 

was gathered, sorted, and preprocessed, containing four classes: bacterial, viral, parasitic, and 

healthy. The dataset was processed through key preprocessing phases; resizing, normalization, 

augmentation, and division into training, validation, and test sets to ensure balanced learning and 

reduce model bias. Second, several deep learning and transfer learning models were developed 

and trained to perform disease classification, including a custom Convolutional Neural Network 

and pre-trained networks, including VGG19, DenseNet201, and InceptionV3. These models can 

automatically learn to extract discriminative features of RGB images without the need for 
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handcrafted feature engineering. Besides, the paper conducted a systematic performance 

assessment of all the applied models based on conventional performance measures, including 

accuracy, loss, precision, recall, and F1-score, and a comparative analysis was conducted to 

identify the most efficient model in terms of classification accuracy, computational efficiency, and 

robustness. Lastly, an intelligent disease classification model based on the chosen optimal model, 

DenseNet201 was implemented using the Django web framework and thus enabled automated 

disease classification using input images, thereby improving of early diagnosis, and informed 

decision-making in livestock health management. 

5.3 Recommendations 
It is known that agriculture is the backbone of Ethiopian economy at all levels of development. 

Thus, substantial focus should place on the sector to improve high productivity and future 

prosperity. Farmers in most regions of the country where modern farming technologies are not 

widely applied face significant difficulties in maximizing production potential. Among the leading 

factors, contributing to these challenges is the prevalence of animal diseases especially the skin 

diseases of animals. 

It is highly advisable that more emphasis should be placed on the early classification and treatment 

of animal skin diseases to reduce agricultural losses particularly those involved in goat and sheep 

skin diseases. In addition, the government must focus on educating agricultural extension officers, 

end users and veterinary pathologists on the use of non-destructive and technology-based strategies 

of early classification of animal skin diseases. 

Moreover, government support is essential to roll out, expand, and support research projects 

research projects on the early classification of sheep and goat skin diseases. This would go a long 

way to minimize losses in production, improve livestock health and the overall productivity in the 

agricultural sector. 

5.4 Future Work 

Although the proposed model demonstrated strong performance in the classification of goat and 

sheep skin diseases, several directions remain open for future research.  

  Although four types of sheep and goat skin diseases were considered, but there are several 

other diseases affecting goats and sheep. 
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 The proposed system was only focused on the classifications of goat and sheep skin 

diseases, but there are also diseases that are not visible externally which have been studied 

by other researchers. 

 Future work should focus on deploying these models in offline mobile applications, to help 

experts and farmers identify the types of diseases and take appropriate actions to improve 

productivity. 

 Using larger and more diverse datasets can improve model training to make results more 

transparent and actionable.  
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