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Abstract— It has been 21st century and we have seemed an agricultural paradigm shift in the
combination of new technologies and bringing the rise of the Agriculture 5.0, i.e. a data driven,
automated and precision focused techniques. The early and accurate diagnosis in farm animals
is the core concept of such a revolutionary scenario, whose provide the efficient and accurate
livestock output, food security and reduction of costs. This study examines how the modern
technologies such artificial intelligence (AI), Internet of Things (IoT), machine learning, and
image processing can be used in identification of the disease across the South Asia region with
proper cure for the disease.

The work proposes a cost effective, reliable and scalable disease detection based on the analysis
of the veterinary records, sensor data in real-time and image diagnostics, which will be better in
the socio economic and infrastructural setting of the South Asia. The result present significant
improvements in diagnostic accuracy, early detection and cure recommendation for the overall
animal health management. This paper concludes that, how digital disease identification system
can be revolutionized to promote the sustainable agriculture, and more importantly move the
gap between the traditional and technological advancement in the area of the agriculture.

This Paper presents a machine learning application that is going to classify and identify diseases
in farm animals using clinical symptoms, image feeds and previous health history
automatically. The model is trained with various types of diseases that are common in the South
Asian area and applies supervised learning algorithms to offer high-diagnostic accuracy,
including the Random Forest, Support Vector Machines, YOLO and Convolutional Neural
Networks.

Keywords— Farm Animal Disease Detection, YOLO, Machine Learning, Computer Vision,
Early Diagnosis, Treatment Recommendation, Smart Farming, Real-Time Detection, Disease
Classification.

1. INTRODUCTION

Health management of livestock in contemporary agricultural environment is currently a critical issue because
animal diseases are on the increase and are becoming more and more complex. In some regions, such as South
Asia where livestock farming constitutes the primary source of income, such diseases as foot-and-mouth disease
(FMD), mastitis, and lumpy skin disease do not only reduce the output of the farms but also pose a severe threat
to the economy and food security.
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In the case of rural farmers, the conventional diagnostic methods that rely on the veterinary checkup and manual
inspection are often unavailable, tedious and may cause error. This study, Identification of Diseases in Farm
Animals: Revolution in 21st Century Farming and Agriculture 5.0: proposes the use of an intelligent, YOLO-
based machine learning model to identify diseases and give real-time treatment and disease management advice
to farm animals. Through deep learning and computer vision, the proposed system will be able to process the
photos of farm animals automatically, detect symptoms, and provide effective treatment recommendations [8],
[10].

Although it is the twenty-first century, agriculture has continued to be the backbone of the increase in the
economy as well as the existence of humans. It provides essential resources such as food, raw materials and
employment to billions of people across the world. To address the rising population of the world, modern
farming should utilize technology-based approaches such as Agriculture 5.0 that involves the integration of Al,
machine learning, IoT, and robotics to achieve smarter, more efficient farming. Despite the fact that livestock
farming is needed in production of milk, meat and other animal products, outbreaks of infectious diseases have
severe negative effects on productivity and food security. Traditional disease detection methods in the rural areas
are often very inefficient and time consuming. This requires Al-based solutions such as the YOLO-based real-
time identification systems that can diagnose early, reduce costs incurred in veterinary and enhance the welfare
of animals. Finally, agriculture is the foundation of the human race, and its sustainability along with innovation
will guarantee the world food and economic safety [9].

A. Motivation

The agricultural industry and farmers are seriously challenged by the increasing rates of livestock diseases,
particularly in the South Asian countries of which livestock raising is the primary source of income. In rural
settings, the early diagnosis and treatment of animal diseases are often hindered by delayed diagnosis, absence of
easily available diagnostic equipment as well as veterinary knowledge. Besides a negative impact on the
productivity of animals and their health, such delay may lead to huge losses and in some cases, outbreaks of
zoonotic diseases. In real time farm operations, some of the conventional methods of diagnosis which rely on
laboratory tests or even manual inspection of the farm are often ineffective and time consuming [7].

The rationale behind the study is that there is a gap between the current technological development and the
actual farming issues that require the creation of a working system of disease detection based on Al and in real
time.

B. Problem Statement and Research Objectives

» Livestock Farmers still rely on the manual inspection to identify animal diseases, which often leads to delay
in the diagnosis.

Traditional monitoring methods are time consuming, prone to error and inefficient for the large-scale farms.
Objective is to develop an Al based web/mobile application for the automated livestock disease detection.
To Utilize the YOLO Model with the Darknet Framework for the accuracy and real time disease
identification.

To Provide the treatment recommendation and disease information to assist farmers in timely decision-
making
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II. LITERATURE REVIEW

TABLE I: THE BACKGROUND SUMMARY

Sr. No. | Introduction Methodology Data Set and Limitations Future Scope, Accuracy
Algorithm and Conclusion
Accuracy
1 CNN in animal | Feature MARS Dataset-CNN | Lack of publicly | Detecting early YOLO
farming & analyses | extraction and | & YOLO available datasets disease signs Accuracy
livestock machine through facial - 88.4%
monitoring [1]. learning. expression analysis
2 Detecting  various | Al and Machine | Decision Trees, | Small datasets Aerial monitoring of | 95-97%
Farm Animal | Leamning (ML) | Random Forest, SVM, livestock
Behaviours [2]. Approaches & Deep Leaming movements
3 CNN-based disease | Python, CNN model is trained | Current  disease | Integration of Al in | 94%
detection [3]. TensorFlow & | using thousands of | detection methods | livestock
Keres labelled images are slow, requiring | management
manual inspection
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4 Early detection | Uses real-time | Farm File database Not all disease | Integration with | 87%
system for livestock | surveillance spikes indicate | spatial &
disease surveillance | data to detect new outbreaks; epidemiological
[4]. disease models could

enhance accuracy.

5 Machine Learning is | Machine I Naturalist data, KNN, | Lack of large, | Combining image | 94%
transforming animal | Learning & | Decision tree standardized processing and
healthcare by | Deep Learning datasets for | sensor data to
enabling early training ML | improve disease
disease  detection models. detection accuracy.

[5].

6 Improving animal | Bayesian Livestock Health | Data availability | Integration of IoT
disease monitoring | Inference & | Records, ML, DL and quality issues sensors,  wearable
and disease control | Statistical devices for real-time
strategies [6]. Models disease tracking.

7 Analyse the role of | CNN for image- | PLF data, DT, SVM, | Lack of | Deep learning-based | 87%
machine  learning | based disease | RF & Neural | standardized behaviour analysis
(ML) in disease | detection. Networks agricultural to detect stress,
detection [7]. datasets disease, and

breeding patterns

8 Increasing threat of | Biosensors, Algorithms  include | Advanced Biosensors and | 90-95%
infectious diseases | Next-Generation | machine learning | technologies like | nanomaterials  for
[8]. Sequencing, Model NGS and | rapid and

Point-of-Care microarrays  are | ultrasensitive
Diagnostics expensive. detection.

9 Precision Livestock | Conducted Deep learning, image | High costs of | Affordable, portable | 87%
Farming literature review | recognition advanced PLF | sensor technologies
technologies  offer | using databases technologies limit | to enable wider
real-time, automated | like Scopus and accessibility ~ for | adoption
monitoring of | Web of Science. small farmers.
animal health [9].

10 Precision livestock | Used for pattern | CNN, RNN for video- | High costs | Enhancement of | 85.4%
farming is essential | recognition in | based disease and | associated  with | real-time tracking
for enhancing early | cattle health | behaviour analysis. advanced sensors | using cloud-based
disease  detection | monitoring. limit adoption by | platforms and
[10]. small-scale mobile apps.

farmers.

III. METHODOLOGY

The system provide various stages in the single platform i.e., image capture, pre-processing, YOLO-based object
detection, disease identification, and treatment recommendation.

Images of diseased and healthy animal were collected from different sources like from farms, public dataset,
veterinary clinics and etc. These images then annotated to mark disease-affected regions and pre-processed
(resizing, noise removal, and labelling) to improve the performance of the model. The YOLO model is using the
Darknet framework, and it was trained to detect the visible disease symptoms in real time and classify them

accurately.

The experimental setup involved capturing high resolution images of the livestock in natural farm using the
camera or the Iot-enabled devices, with guidance from the veterinary experts to identify common disease. The
system enabled scalable, real time disease detection and treatment suggestions, supporting smart farming and

agriculture 5.0 practices.

The dataset used in this study combines images from the Roboflow Universe (Deep Learning-Based Detection
Dataset and Livestock Disease Dataset) and images collected from the local farms. The final dataset contains the
several thousand annotated images of healthy and disease livestock, with the boundary boxes marking the
affected regions. The dataset was divided into training, validation and testing sets and data augmentation

techniques were applied to improve model performance

A. Block Diagram

The process of implementing the proposed farm animal disease detection system, specifically how to combine
data collection, smart analysis and decision support systems. The main goal of this step will be to, conceptually,
deploy the core analytical reasoning, which is a YOLO-based deep learning model of real-time disease detection
and classification, to a sequence of pre-ordered processing steps.
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Fig. 1. Block Diagram of Farm Animal Disease

» Data Acquisition: It begins with Data acquisition processes in which cameras are affixed in farms where
photos and videos of livestock are taken. Healthy and sick animals in the real-life farm scenario have been
used in these pictures in order to ensure that the image is varied and realistic.

» Data Annotation and Labelling: The acquired images are manually annotated and labelled with the
assistance of the domain knowledge to mark the site of disease infection. A structured dataset (bounding
boxes and class labels) is generated in order to use it in the supervised learning.

» Data Pre-processing: Pre-processing serves to improve a model performance and generalization e.g. image
resizing and normalization. Such methods of data augmentation include rotation and flipping in order to
increase dataset diversity and reduce overfitting.

» Example Pipeline: YOLO-Based Detection: An object detection model, through which a YOLO-based one
is applied, is used in the detection of features associated with disease in animal images. The model is
implemented in real time in which the position of affected parts and the removal of relevant visual patterns
are affected.

» Disease Classification: The identified regions are sent to a classification module after the identification
where the identified disease is classified based on the learned features representations and therefore the
types of diseases are identified.

» Decision Support -Cure Recommendation: In order to make the system robust, there is a pre-meditated plan
to invoke a direct LLM Chain in case the external search tool is not located or not found.

» Deployment and Access: The complete system is deployed with web and mobile application where in which
farmers and veterinarians can remotely receive real time disease detection result and advice (see Fig. 1).

IV. RESULT AND DISCUSSION

The Proposed YOLO based livestock disease detection system demonstrated high accuracy and efficiency
identifying visible disease symptoms in farm animals. Compared to traditional methods such as CNN and
Classical machine learning models, the YOLO approach provided faster decision and better real time
performance in complex farm environments. It’s a single stage detection system that is enabled with
simultaneous localization and classification. The model also showed improvement in different variation like, in
lighting, background conditions, and animal posture. The study indicate that system can effectively detect the
disease symptoms with high reliability and scalability.

Comparison of Accuracy, Precision, and F1-Score
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Fig. 2: Performance Comparison of CNN, SVM, and YOLO Models
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It compares the performance of CNN, SVM, and YOLO models using such evaluation metrics as accuracy,
precision, and F1-score. Without any it shows that the YOLO model is more successful than CNN and SVM in
all metrics, which also proves that it has high ability to identify diseases in farm animals accurately and reliably.
Increased scores of YOLO demonstrate the success of the system to deal with complex visual patterns and
localized symptoms of diseases in real farms (see Fig. 2).

ROC Curve for Disease Detection Model
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Fig. 3: ROC Curve for the Cattle Disease Detection Model

The ROC curve presents the performance of the proposed disease detection model by plotting the True Positive
Rate (TPR) against False Positive Rate (FPR). The model achieves an AUC approximately 0.97 indicating the
excellent classification capability and strong performance compared to a random classifier. The curve is well
positioned above the diagonal line demonstrates the effectiveness of the model in identifying cattle diseases
accurately (see Fig. 3).

V. CONCLUSION

This study introduces an effective and powerful method of detection of farm animal diseases through the
application of a deep learning framework based on the YOLO approach to the problem, which overcomes some
of the shortcomings of previous research. The proposed methodology lowers the computational cost and
inference time greatly through the localization and classification of diseases in a single-stage detection system,
unlike the traditional methods that use CNN-only classifiers, SVMs, or handcrafted features. This study is in
contrast to other previous studies where in most cases they just focus on detection but give no viable treatment
advice but put them together; early disease detection and cure advice. On the whole, the paper demonstrates that
the use of YOLO-based models compared to classical machine learning and a multi-stage deep learning
approach used in former research offers a more efficient and deployable model.

FUTURE SCOPE

The suggested YOLO-based animal farm disease detector system has a lot of prospects of improvement and
expansion. To allow predicting the disease earlier and more precisely, further studies may focus on the
combination of wearable technologies and IoT-based sensors, to combine visual data with such physiological
variables as body temperature, heart rate, and activity levels. Also, it is possible to extend the system to provide
multi-species and multi-disease detection, which will make it possible to implement it in any type of farming
environment and livestock herd. Lastly, integration with smart farm management systems and government
livestock health databases may make it possible to conduct large-scale disease surveillance, plan policies, and
enhances biosecurity, which is yet another way to benefit Al-driven solutions to sustainable and intelligent
farming.
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