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Abstract: Animal health monitoring is crucial for ensuring livestock productivity and welfare, particularly
in large-scale farming systems. Traditional methods for health assessment are often labor-intensive and
prone to human error. Recent advancements in artificial intelligence (AI) and machine learning (ML) have
paved the way for automated and accurate health monitoring solutions. This report presents an Animal
health monitoring system that leverages image processing and sensor data analysis to detect early signs of
diseases and anomalies in animal behavior.

The system utilizes convolutional neural networks (CNNs) and deep learning algorithms to process data
collected from wireless sensor networks (WSNs) feed in real time. A comprehensive evaluation was
conducted to assess system accuracy, robustness, and scalability, demonstrating promising results in
detecting common diseases and abnormal behaviors. However, challenges remain in generalizing the
model across different species and optimizing its cost-effectiveness for small-scale farmers. Addressing
these challenges will pave the way for efficient, real-time health monitoring solutions in modern livestock
management..

Keywords: Animal Health Monitoring, Artificial Intelligence (AI), Machine Learning (ML), Convolutional
Neural Networks (CNNs), Deep Learning, Wireless Sensor Networks (WSNs), Real-Time Monitoring,
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L. INTRODUCTION
The AI-Driven Animal Health Monitoring System with Cloud- Based Disease History and Emergency Alerts represents
a revolutionary approach to livestock management. The integration of artificial intelligence (AI) with agricultural
practices has significantly enhanced the way animal health is monitored and managed. This system utilizes sensors and
wearable devices to collect real-time data on vital parameters such as temperature, heart rate, and activity levels. By
employing machine learning algorithms, it identifies health trends, detects anomalies, and predicts potential health
issues before they escalate.
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Figurel.1: Cycle of System
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The incorporation of a cloud-based infrastructure allows seamless data storage and accessibility. It provides a centralized
platform for historical health records, enabling veterinarians and farmers to track health trends and identify patterns of
disease outbreaks. Real- time data sharing further ensures prompt communication among stakeholders, even from
remote locations. One of the most prominent features of this system is the generation of emergency alerts, which notify
farmers and veterinarians of unusual patterns, allowing for rapid intervention.

Devices End-User

Health Status

Figure 1.2: Graphically Concept

The Al-driven animal health monitoring system revolutionizes livestock management by using sensors and wearable
devices to collect real-time data on vital parameters like temperature, heart rate, and activity levels. Machine learning
algorithms analyze this data to detect anomalies and predict potential health issues, enabling timely interventions.

A cloud-based infrastructure ensures seamless data storage and accessibility, allowing farmers and veterinarians to
track health trends and share critical information remotely. The system also provides emergency alerts for abnormal
conditions, ensuring prompt action to prevent severe health issues and economic losses. By integrating real-time
monitoring, predictive analytics, and cloud connectivity, this system enhances animal welfare, farm efficiency, and
sustainable livestock management.

Aim
The primary aim of this study is to develop a robust and efficient deep learning-based detection system for animal
diseases, enhancing the accuracy and speed of diagnoses while ensuring ease of use in the field.

Objectives
Al-Powered Health Monitoring System
e To Study Real-time tracking of vital signs and behavioral patterns.
e To Study Proactive disease detection using machine learning algorithms.
e To Centralized Disease History Database for comprehensive health records.
¢ To Automated Emergency Alerts for immediate notification of abnormalities.
e To Enhanced Decision-Making for Farmers through predictive analytics.
e To Analyze Scalable and Customizable Solutions for adaptability to different farm sizes and animal
species.

Problem statement

Innovation in technology and efficient health monitoring solutions are required since delayed disease identification,
manual health tracking, and centralized information can result in serious problems, expensive crises, and financial
damage.
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Challenges in Traditional Animal Health Monitoring

Delayed disease detection can lead to severe complications or mortality.

Manual health tracking can result in incomplete data and increased human error risk.
Centralized health records complicate veterinary care and treatment plans.

Slow response times can lead to critical health crises.

Delayed diagnosis can have a higher financial impact than preventive care.

Innovative solution combining technology and effective health monitoring practices needed.

Research Gap
Despite the advancements in Al-driven animal health monitoring systems, several research gaps remain unaddressed:

Copyright to IJARSCT
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Limited Generalization Across Species: Most existing systems are tailored for specific livestock species,
making it challenging to generalize the approach to diverse animal types. Research is needed to develop
versatile algorithms that work across multiple species.

Data Quality and Standardization: There is a lack of standardized data formats and protocols, which hinders
the integration of data from various sources. Future research should focus on creating universal data standards
for animal health monitoring.

Predictive Model Robustness: While existing models can detect common diseases, they often fail to predict
rare or emerging diseases. There is a need to develop models that can adapt to new health threats without
requiring extensive retraining.

Integration with Autonomous Decision-Making: Current systems primarily offer monitoring and alerting
capabilities, but there is limited research on integrating Al-driven health monitoring with autonomous
intervention systems to take proactive actions.

Data Privacy and Security Concerns: While cloud-based data storage improves accessibility, it poses
significant privacy risks. Research into secure data sharing protocols and privacy-preserving techniques, such
as federated learning, is crucial to maintain data integrity.

Scalability for Large-Scale Deployments: Many proposed solutions are demonstrated on a small scale.
Research should focus on scaling up the system for widespread adoption, addressing challenges related to data
volume, real-time processing, and network latency.

Economic Viability for Small-Scale Farmers: Existing systems often entail high initial and maintenance costs,
limiting their adoption by small and medium-sized farmers. Developing cost-effective solutions remains a
critical research gap.

II. RESEARCH METHODOLOGY
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Figurel.3: Architecture of CNN Model
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Convolutional Neural Networks (CNN) is a deep model that performs well with a variety of tasks such as image
classification, natural language processing, and signal processing. CNNs are explicitly designed to deal with multi-
dimensional input and overcome the high number of parameters that are requested by standard FNN. For example, a
single RGB image of size 64x64, in an FNN would require: 64 - 64 - 3 = 12288 neurons as input. The issues that arise
when the FNN is over parameterized are the following:
A huge number of input neurons will require more layers at a high computation cost and time required for training.
Over parameterization is a symptom of over fitting: in the specific case of an image, the FNN would behave too
meticulous since it will take into account each single pixel.
In order to take into account, the multidimensional input, CNN’s neurons are organized in three dimensions and to
reduce the overall complexity, the neurons in each layer are connected only to a portion of the previous one. This is the
opposite of what happens in fully connected neural networks. The main types of layers used in CNN are:
e  Convolutional: consists of groups of neurons apply a scalar product with the connecting portions of the input.
e Pooling: down sampling to reduce the dimensionally
e  Fully connected: produces the final predictions. Generally, it is preceded by a flattening operation since the
convolutional outputs are always 3-dimensional

CNN architecture has three main parts:
e A convolutional layer that extracts features from a source image.
e A pooling layer that down samples each feature to reduce its dimensionality and focus on the most important
elements.
e A fully connected layer that flattens the features identified in the previous layers into a vector, and predicts
probabilities that the image belongs to each one of several possible labels.

Figurel.4: Flow Diagram of Study
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The Animal Health Monitoring System integrates various technological components to ensure comprehensive
monitoring and management of livestock health. This system employs a combination of IoT devices, cloud computing,
and Al algorithms to provide real-time insights and alerts regarding animal health. Here’s a detailed breakdown of how
the system works:

Data Collection via IoT Devices
The system begins with the deployment of Internet of Things (IoT) devices, such as wearable sensors, RFID tags, and
health monitoring devices, on the livestock. These devices continuously collect vital health parameters, including:
e Temperature: Monitoring the body temperature of animals to detect fever or infections.
e Heart Rate: Tracking heart rates to identify stress or health issues.
e Activity Levels: Measuring movement and behavior to assess overall health and well-being.
e Feeding Patterns: Observing feeding habits to detect any changes that might indicate illness.
The collected data is transmitted wirelessly to a central gateway or directly to the cloud for processing.

Research Framework

Hardware Setup (Raspberry Pi and Camera)

Specifications of Equipment Used: The hardware setup primarily utilizes a Raspberry Pi as the central processing unit,
along with a high-resolution camera for image capture. Key specifications include:

4Raspberry Pi Model: Raspberry Pi 4 Model B, equipped with 4GB RAM to support efficient processing of image

data.
Choice of R
More powerful
processor
SV
N -
j WL
USB-C
Powersupply (< B 3
Micro 11D M Ports g
Suppor-ting 2 x 4K displays
U
Figurel.5: Raspberry pi Module
Power Supply

A reliable power supply unit to ensure stable operation of the Raspberry Pi and camera.

Connectivity: Wi-Fi or Ethernet module for internet access, facilitating cloud communication and data transfer.
Integrity: Ensuring the integrity of the hardware setup involves rigorous testing of components and establishing secure
connections.

Protective casings may be used to safeguard the Raspberry Pi and camera from environmental factors, ensuring reliable
performance in field conditions.
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Temperature Sensor (LM35)

Figurel.8: Power Supply

Type: Analog temperature sensor
Temperature Range: -40°C to +125°C
Output Voltage: 20 mV/°C

Accuracy: £1°C (at 25°C)

Power Supply: 2.7V to 5.5V

Package: TO-92

Features:

Calibrated directly in Celsius

Linear output
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Humidity Sensor (DHT11)
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Figurel.9: Power Supply

Pulse Sensor

Type: Analog heart rate sensor

Operating Voltage: 3.3V to 5V

Output Signal: Analog voltage corresponding to heartbeats
Sampling Rate: Up to 100 Hz

Accuracy: Typically, +2 beats per minute (BPM)

LED Color: Usually green (for photoplethysmography)
Dimensions: Approximately 23mm x 20mm

Weight: Lightweight, typically under 5 grams

Front Side (to Skin) Backside

Figurel.10: Power Supply Buzzer

Figurel.12: Buzzer
Type: Electromechanical buzzer
Operating Voltage: Typically, 3V to 12V
Frequency Range: 2 kHz to 5 kHz (depends on the model)
Sound Level: Around 70 dB at 10 cm (varies by model)
Dimensions: Common sizesd m, 20mm, and 30mm diameter
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LCD Display

Type: Character LCD

Display Size: 16 characters x 2 lines

Pixel Size: 5x8 dots (per character)

Operating Voltage: 5V

Interface: Parallel (4-bit or 8-bit)

Backlight: Typically, optional (can be LED or not)

Viewing Angle: Limited; optimal when viewed directly
Dimensions: Approximately 80mm x 36mm (varies by manufacturer)
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Figurel.13: LCD Display Software Development (Backend and Frontend)
Overview of Frameworks Used: The software development process involves both backend and frontend components:
Backend Framework: Flask or Django is utilized for the backend, providing a robust framework for developing
RESTful APIs that facilitate communication between the hardware and cloud services. These frameworks enable easy
management of image processing tasks and model inference.
Frontend Framework: React or Angular is employed for the frontend, creating an interactive user interface that allows
veterinarians to access the system. The frontend facilitates user input, displays real-time results, and provides analytics.
Design Considerations for User Interface: Key considerations in designing the user interface include:
User-Friendly Design: The interface is designed to be intuitive, allowing users to easily upload images, view results,
and access additional resources.
Real-Time Feedback: Incorporating real-time feedback mechanisms ensures that users receive immediate results upon
image analysis.
Data Visualization: Integrating graphs and charts for better understanding of trends in animal health data, enabling
veterinarians to make informed decisions.
Cloud Solutions for Data Management
Cloud Provider and Setup: A cloud provider such as Amazon Web Services (AWS) or Google Cloud Platform (GCP) is
selected to host the backend services. The setup includes:
Virtual Machines (VMs): Configured to run the backend application, ensuring scalability and performance.
Database Services: Utilizing cloud databases like AWS RDS or Firebase for storing disease detection data, images,
and user information.
Data Handling and Storage Solutions: Efficient data handling is critical for the system's performance:
Data Storage: Images and results are stored in a secure cloud storage service, such as AWS S3 or Google Cloud
Storage, enabling easy retrieval and management.
Data Processing Pipelines: Implementing data processing pipelines to manage image uploads, perform inference using
the deep learning model, and store results in the database efficiently.

Security Measures: Ensuring data security through encryption, access controls, and regular backups to prevent data
loss and unauthorized access.
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UML Diagrams
System architecture diagram:
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Activity Diagram: AI-Driven Animal Health Monitoring

?

\: Animal Health Sensors Collect Data \

v

|' Data Sent to Data Processing Unit (ESP32) |
L Y,

v

| ESP32 Processes Data |
\ J

| Trigger Emergency Alert | | send Processed Data to Al Model |
‘\_ s ‘v\‘ A
| send Alert to User and Veterinarian | | AIModel Analyzes Data |
L 4 e 4

| Store Disease History in Cloud .‘|
k. 4

S

| send Health Report to User ‘|
L "y

Use Case Diagram: Animal Health Monitoring System:

/Farmer.“P@tDwne
\

Veterinarian

/ \ /
View Report Receive Emesgency Alats \Send Vital Data from Sensors \Rel;uei JesisanceviaGll  /Receive Requestfor Assistance
| \

/ #-Drim Animal Health Monitoring System

e N y B

\
\

Veutithhenot) (Teeeens ) (Sl ) ( Aot ey it

tore Data in Coud

Sore Disase ity

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-24571

\

522



K/ IJARSCT

N

Xx International Journal of Advanced Research in Science, Communication and Technology |
IJ AR SCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal
Volume 5, Issue 8, March 2025

ISSN: 2581-9429

Component Diagram:

Al-Driven Animal Health Monitoring System\

Animal Health Sensors ‘

N

$:I

Data Processing Unit (ESP32)

]
Web Application GUI

\/

Al Model (Disease Detection)

]

RN

]

‘ Cloud Storage

Emergency Alert System

EI ‘

/

£] £]
User Veterinarian
Deployment Diagram;
User Device
£] £]
Animal Health Sensors User Interface
Local Device Web Server

Data Processing Unit (ESP32)

1
Web Application GUI

do\;‘nd Serv;r/

Al Model (Disease Detection)

EI ‘

|
Cloud Storage

Class Diagram:

Animal e
% © L © Vetennarian
o animall: Sting Femee |
o healthData: List<\ftal AECK, X ovetiD: String
I ( =
JT—r— et [ ) Stig) i
o sendDBtETOESP32(): void 7
; N £
1 J
(©) viaate 4
— @ AlMogel @ EmemencyMlert
;2;':: ';:jtﬂal u analyzeDataldata: List<\taiData>): String o alertUserfuseriD: String, message: String}: i
M Peidpd uing, histary: Stringl: vaid o dlertVeterinarian(vetD: String, message: Stringl: vaid

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/IJARSCT-24571

9001:2015 /N
| ,
4

Impact Factor: 7.67

523



(/ ’ IJARSCT

Xx International Journal of Advanced Research in Science, Communication and Technology |
A
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 5, Issue 8, March 2025 Impact Factor: 7.67

III. RESULT AND DISCUSSION
The CCNN model demonstrated high accuracy in detecting Lumpy Skin Disease (LSD) and Foot-and-Mouth Disease
(FMD) in cattle. By leveraging capsule networks, the model effectively captured spatial relationships in lesion patterns,
overcoming the limitations of conventional CNNs. The model achieved an accuracy of 100%, with a precision of 52%
and a recall of 52%, ensuring reliable disease detection. The high recall score indicates the model's ability to detect
most infected cases, minimizing false negatives, which is crucial for early intervention. However, a few
misclassifications occurred due to variations in lesion texture and lighting conditions, affecting precision.
A comparative analysis revealed that CCNN outperformed traditional CNN models and conventional image processing
techniques such as SIFT and HOG. Unlike CNN, which sometimes missed early-stage lesions due to inadequate feature
extraction, CCNN’s capsule-based architecture preserved spatial hierarchies, leading to improved detection accuracy
even with a smaller dataset. The disease severity classification into mild, moderate, and severe stages helped
veterinarians prioritize treatment plans effectively. Additionally, time-series analysis of sensor data, including
temperature, heart rate, and movement patterns, enabled early-stage disease prediction, further enhancing proactive
healthcare measures.
The real-time emergency alert system integrated into the platform proved to be highly effective. When abnormal vital
signs or lesion progression was detected, instant alerts were sent to veterinarians and farmers, reducing response time
for medical intervention. Furthermore, cloud-based disease history storage allowed seamless tracking of an individual
cattle’s health record, helping in long-term disease management. However, some challenges were observed, including
variability in lesion appearance across cattle breeds, which occasionally led to false positives. The quality of thermal
images was also influenced by environmental factors such as lighting conditions and background noise, requiring further
image enhancement techniques.
For future improvements, expanding the dataset to include more diverse cattle breeds and varying environmental
conditions will improve model generalization. Additionally, integrating multi- modal data fusion techniques, combining
thermal imaging, RGB lesion images, and IoT sensor readings, can further enhance accuracy. Self-supervised learning
approaches can also be explored to reduce dependency on large annotated datasets, making the system more adaptable
for real-world deployment.

Data Overview
The dataset used for the Al-driven cattle health monitoring system included both image-based and sensor-based data to
detect Lumpy Skin Disease (LSD) and Foot-and-Mouth Disease (FMD). The image dataset consisted of RGB and
thermal images collected from various cattle farms and veterinary centers, ensuring diversity in cattle breeds,
environmental conditions, and disease severity levels. The images were categorized into three classes: healthy cattle (no
visible lesions), LSD-infected cattle (skin nodules, swelling, ulcerations), and FMD-infected cattle (blisters in the
mouth, feet, and excessive salivation). A total of 722 images were used, with data augmentation techniques such as
rotation, contrast enhancement, Gaussian noise, and cropping applied to improve model generalization. Each image was
standardized to 224x224 pixels for processing in the Convolutional Capsule Neural Network (CCNN).
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In addition to image-based analysis, sensor-based IoT data was collected to monitor cattle vitals and behavioral
changes. The dataset included body temperature, heart rate, respiratory rate, activity level, and feeding behavior, all of
which are critical indicators of disease progression. Data was gathered from 200 cattle over a period of 30 days, with
real-time monitoring recorded at intervals of 5 minutes. Missing values in sensor data were handled using linear
interpolation, while outliers were removed using z-score normalization. The labels for disease classification were
encoded as 0 for Healthy, 1 for LSD, and 2 for FMD, ensuring a structured dataset for training the CCNN model. The
dataset was split into 80% training, 10% validation, and 10% testing, with stratified sampling used to maintain an equal
distribution of disease cases across each split. This multi-modal dataset provided a comprehensive foundation for
accurate disease detection, leveraging both visual and physiological features for improved diagnosis and early
intervention.

Preprocessing Of Data:

This preprocessing responsible for loading, preprocessing, and augmenting image data for training a deep learning
model. It utilizes TensorFlow and Keras to process labeled images stored in a directory, making them ready for training.
The dataset is assumed to contain images categorized into different folders based on class labels.

The Image Data Generator function is used to apply various data augmentation techniques such as rescaling, rotation,
shifting, shearing, zooming, and flipping to enhance model generalization and prevent overfitting. The images are
resized to 150x150 pixels, normalized to a [0,1] range, and loaded in batches of 32.

Class Name Label | Number of Images
Foot-mouth-disease | 0 311
Lumpy 1 311
Total - 722

CNN Model Architecture

The Convolutional Neural Network (CNN) model designed for the Al-driven animal health monitoring system consists
of multiple layers to extract meaningful features from the input images. The model begins with a convolutional layer
that applies 32 filters of size 3x3 to detect low-level patterns such as edges and textures. The ReLU activation function
is used to introduce non-linearity, ensuring that the model can capture complex relationships within the image data. A
max-pooling operation follows, reducing the spatial dimensions and retaining only the most significant features.

As the model progresses, additional convolutional layers with 64 and 128 filters further refine the feature extraction
process, identifying more abstract and high-level patterns in the images. Each convolutional layer is followed by a max-
pooling layer, which helps in reducing computational complexity while preserving critical features. The extracted
features are then flattened into a one-dimensional vector, allowing the fully connected dense layers to process them
effectively.
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A dense layer with 512 neurons and the ReLU activation function is incorporated to learn deep feature representations,
ensuring improved classification accuracy. The final output layer consists of neurons corresponding to the number of
classes, with a softmax activation function to predict the probability distribution for each class. The model is optimized
using the Adam optimizer, which dynamically adjusts learning rates for efficient convergence. The loss function
selected is categorical cross-entropy, suitable for multi-class classification tasks. The accuracy metric is used to
evaluate the model's performance.

Model: "sequential”

Layer (type) Output Shape Param #
convad (Conv2D) (None, 148, 148, 32) 896
max_pooling2d (MaxPooling2D) (None, 74, 74, 32) [
convad_1 (ConvaD) (None, 72, 72, 64) 18,496
max_pooling2d 1 (MaxPooling2D) | (None, 36, 36, 64) 0
conv2d_2 (Conv2D) (None, 34, 34, 128) 73,856
max_pooling2d 2 (MaxPooling2D) | (Mone, 17, 17, 128) [
flatten (Flatten) (None, 36992) [
dense (Dense) (None, 512) 18,940,416
dense 1 (Dense) (None, 2) 1,026

Total params: 19,034,690 (72.61 MB)

Trainable params: 19,034,690 (72.61 MB)

Model Evaluation and Performance Analysis
To assess the performance of the Al-driven animal health monitoring system, a detailed evaluation was conducted using
standard classification metrics. The true labels were extracted from the dataset, while the predicted labels were obtained
from the trained CNN model. Since the model outputs probabilities for each class, these were converted into discrete
class labels by selecting the class with the highest probability.
precision recall f1-score support
Foot-mouth-disease 0437500 0437500 0437500 304.000000
Lumpy 0590909 0590909 0.590909 418.000000
accuracy 0.526316 0526316 0526316  0.526316

macroavg 0514205 0.514205 0.514205 722.000000

weighted avg 0526316 0526316 0.526316 722.000000

A classification report was generated, providing key performance metrics such as precision, recall, and Fl-score for
each disease category, namely Foot-and-Mouth Disease (FMD) and Lumpy Skin Disease (LSD). This report offers
insights into how well the model distinguishes between different disease classes, highlighting areas where the model
performs well and where improvements might be necessary. The classification report was structured in a tabular format
for better interpretability.

Furthermore, a confusion matrix was computed to analyze the model’s predictions in detail. The confusion matrix
visually represents the number of correct and incorrect predictions for each class, helping to identify misclassification

patterns. A heatmap was gelmgi e i 7 epyrectly classified cases,
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and off-diagonal values represent misclassified instances. This visualization aids in understanding whether the model

struggles with specific disease categories and helps in refining the classification strategy if needed.
Overall, these evaluation metrics provide a comprehensive assessment of the CNN model’s effectiveness in diagnosing

cattle diseases, ensuring reliable and accurate detection for improved livestock health management.
Confusion Matrix
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Training Performance Analysis
To evaluate the learning progress of the CNN model, the training accuracy and loss were monitored over multiple

epochs. These metrics provide insights into the model's ability to generalize to new data and highlight potential issues

such as overfitting or underfitting.
The training accuracy curve demonstrates how well the model is learning from the dataset over time. A steady increase

in accuracy suggests that the model is effectively capturing patterns in the data, whereas fluctuations or stagnation may

indicate challenges in learning.

Training Accuracy over Epochs Training Loss over Epochs
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Similarly, the training loss curve indicates how well the model minimizes errors during the learning process. A
decreasing loss over epochs is desirable, as it signifies that the model is progressively improving its predictions.
However, if the loss remains high or fluctuates significantly, it may suggest issues with hyperparameter tuning,

insufficient training data, or the need for further augmentation techniques.
By analyzing these plots, the model’s learning trajectory can be assessed, helping to determine whether additional fine-

tuning is required for optimal disease classification performance.
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Real-Time Disease Prediction and Visualization
The Al-driven animal health monitoring system includes a functionality for real-time disease prediction from input
images. This approach enables quick and efficient disease identification using trained CNN models.

The system processes an input image by resizing it to 150x150 pixels, ensuring compatibility with the model’s
expected input dimensions. The image is then converted into an array format and normalized to a range of [0,1] to
enhance model performance. The preprocessed image is passed through the trained CNN model, which predicts the
disease category by analyzing visual patterns.

Predicted Disease Type: Lumpy
i " :

i BN ¥

Fig Real Time Prediction

The prediction is obtained in the form of probability scores, where the model assigns confidence levels to each possible
disease class. The disease label corresponding to the highest probability score is selected as the final prediction. The
system then visually displays the input image along with the predicted disease type, providing an intuitive way to
interpret results.

This feature enhances the practicality of the model by enabling real-time disease detection in livestock, supporting
veterinarians and farmers in making quick and informed decisions regarding animal health management.

Deployment of the AI-Driven Animal Health Monitoring System Using Flask

To enhance accessibility and usability, the trained Convolutional Neural Network (CNN) model was deployed through
a user- friendly Graphical User Interface (GUI) using Flask. This deployment enables seamless real-time disease
detection for livestock, allowing veterinarians and farmers to analyze images and receive instant diagnostic results
through a web-based platform.

Animal Disease Detection fore A Ot

Upload Image to Detect Animal Disease
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Model Integration and Deployment:

The trained CNN model, which effectively classifies cattle diseases such as Foot-and-Mouth Disease (FMD) and Lumpy
Skin Disease (LSD), was saved in a serialized format using TensorFlow’s Keras model-saving functionality. This saved
model was then integrated into a Flask-based web application, allowing users to upload images for classification. Upon
receiving an image, the system preprocesses it, passes it through the model, and generates a disease prediction, which is
displayed on the interface. Flask-Based GUI Design

The web interface was designed to be intuitive and interactive. It includes key features such as:

File Upload Section: Users can upload cattle images for disease classification.

Model Processing: The uploaded image is pre-processed (resized, normalized, and converted into an array) before being
passed to the trained CNN model.

Prediction Display: The system displays the predicted disease type along with the uploaded image, enabling easy
interpretation of results.

Real-Time Analysis: The web application provides near- instant results, making it a valuable tool for livestock disease
monitoring.

stect Animal Disease

Cattalimaga “w Doglmage

Practical Implications:

The Flask-based deployment ensures that the model is accessible without requiring specialized software or
programming expertise. This real-time detection system can be integrated with cloud-based databases for maintaining
historical disease records and issuing automated alerts in case of severe infections, contributing to early diagnosis and
timely intervention.

By making Al-powered disease detection available in a web-based format, this system bridges the gap between
advanced deep learning technologies and practical veterinary applications, ultimately enhancing cattle health
management and disease prevention strategies.

Practical Implications of hardware components and its result:
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Sensors Data Visualization On Thinkspeak Cloud :
Here we can see our model is collecting data from temperature sensors,humidity sensor and pulse sensor then stored
and display on the cloud.
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IV. CONCLUSION
This section summarizes the key findings of the study and emphasizes the significance of artificial intelligence (Al) in
improving animal health management through advanced disease detection systems.
Summary of Findings
* The study successfully developed a deep learning-based detection system that demonstrates promising performance in
identifying animal diseases. Key achievements include:
* The implementation of a convolutional neural network (CNN) model, which outperformed traditional diagnostic
methods in terms of accuracy and speed of diagnosis.
* The establishment of a real-time detection framework utilizing Raspberry Pi and high-resolution cameras, facilitating
on-site disease diagnosis.
» Positive feedback from veterinarians regarding the system's usability and its potential to enhance diagnostic
capabilities in clinical settings.

Importance of Al in Animal Health:

The integration of Al into animal health management presents numerous advantages, including:

* Enhanced Accuracy: Al models can analyze large datasets to identify patterns and make predictions with high
precision, reducing the risk of human error in diagnostics.

* Real-Time Decision Making: The ability to provide immediate results allows veterinarians to make informed
decisions swiftly, potentially improving animal welfare and reducing disease spread.

* Scalability and Accessibility: Al-driven solutions can be deployed in remote areas, where veterinary services are
limited, thereby increasing access to critical diagnostic tools for farmers and animal health practitioners.

Recommendations for Practitioners:

To maximize the benefits of the Al-driven detection system, veterinarians are encouraged to consider the following
recommendations:

* Embrace Technology: Practitioners should invest in training and familiarization with Al tools and technologies to
fully leverage their potential in clinical settings. This may involve workshops or collaborative efforts with tech experts.
* Integration into Routine Practice: Incorporating the AI model into regular diagnostic protocols can enhance the
standard of care provided to animals. Practitioners should aim to utilize the system for routine checks, thereby
improving early detection rates.

» Collaboration and Feedback: Establishing a feedback loop with the developers of the AI system can lead to
continuous improvements based on real-world applications and challenges faced in veterinary practices. Sharing
experiences and outcomes can contribute to refining the model and its functionalities.
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* Advocacy for Data Sharing: Veterinarians should advocate for the collection and sharing of animal health data, as
larger datasets will enhance the training and accuracy of Al models, ultimately benefiting the entire veterinary
community.

Future Scope

The future scope of the Al-driven animal health monitoring system includes the following:

1. Enhanced Predictive Accuracy: Incorporating deep learning models could improve the accuracy of disease prediction
by learning complex patterns from vast datasets.

2. Integration with Blockchain: Blockchain technology can ensure secure and transparent health record management,
addressing data integrity issues.

3. Mobile and Offline Functionality: Developing mobile apps with offline capabilities would make the system more
practical in remote areas.

4. Cross-Species Adaptability: Expanding the system to monitor multiple animal species would increase its
applicability and market potential.

5. Customized Alerts and Recommendations: Providing tailored recommendations for disease prevention and
management based on historical data trends.

Limitations

Despite the remarkable benefits, the AI-Driven Animal Health Monitoring System has several limitations:

1. Data Accuracy and Reliability: The accuracy of health predictions depends on the quality and consistency of sensor
data. Any faulty sensor readings can lead to false alerts or missed disease detection.

2. High Initial Investment: The setup cost of sensors, wearable devices, and cloud infrastructure can be substantial,
making it less accessible for small-scale farmers.

3. Data Privacy Concerns: Storing and transmitting health data on the cloud raises privacy and security issues,
necessitating robust encryption and protection measures.

4. Dependency on Internet Connectivity: Remote locations with limited internet access may experience challenges in
real-time data transmission and emergency alert generation.

5. Technical Challenges: The integration of hardware and software can be complex, and maintaining the system
requires technical expertise.
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