
International Journal of Innovative Research in 

Computer and Communication Engineering 
(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal) 

 

         Impact Factor: 8.771 Volume 13, Issue 5, May 2025 
 



© 2025 IJIRCCE | Volume 13, Issue 5, May 2025|                                          DOI:10.15680/IJIRCCE.2025.1305220

 

IJIRCCE©2025                                                      |     An ISO 9001:2008 Certified Journal   |                                            10892 

Animal Detection & Classification using Deep 

Learning 
 

Ananya T¹, Shreya K S¹, Chetan R A¹, Shivsagar¹ 

U.G. Student, Department Of Cs&E, Bapuji Institute Of Engineering And Technology, Davangere, Karnataka, India¹ 

 

ABSTRACT: Accurate and efficient animal detection and classification play a vital role in applications such as 

wildlife monitoring, farm surveillance, and preventing human-animal conflicts. However, deep learning-based systems 

deployed in such environments often run on resource-constrained devices with limited power supply, making energy 

efficiency a key design consideration. Traditional models prioritize accuracy and speed but fail to address the energy 

consumption during continuous inference, leading to faster battery depletion and reduced field operability. In this 

paper, we propose an energy-efficient deep learning framework for animal detection and classification. The framework 

incorporates lightweight convolutional architectures optimized for low-power execution without significantly 

compromising accuracy. 
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I. INTRODUCTION 

 

Animal detection and classification using deep learning consists of a combination of intelligent vision-based models 

that function without dependency on any fixed infrastructure. These systems can analyze image or video inputs and 

accurately detect and classify animals in real time. This infrastructure-less and flexible deployment capability makes 

them highly suitable for use in wildlife surveillance, biodiversity research, and smart farming environments. 

Animal detection systems rely on the ability of models to generalize across different scenes, lighting conditions, and 

animal appearances. These models must be capable of handling variations such as posture, background, occlusion, and 

movement. Their adaptability and robustness in such complex scenarios make them critical for applications in forests, 

national parks, and rural monitoring setups. 

The performance of these systems greatly depends on the underlying detection algorithm used. The algorithm 

determines which features are learned, how animals are localized within frames, and how accurately species are 

classified based on trained datasets. 

The main purpose of animal detection and classification algorithms is to improve the precision and reliability of 

recognition systems. These algorithms are not only designed to detect animals but also to ensure proper categorization 

of species across different habitats and environmental conditions. Animal classification algorithms can be evaluated 

based on two key metrics: i) Detection accuracy and ii) Classification confidence. The first metric focuses on how 

precisely the animals are identified from visual data using bounding box prediction. The second metric evaluates how 

confidently and correctly the detected animals are classified into specific species based on the learned features [1]. 

 

II. RELATED WORK 

 

In [2], the authors proposed a method to improve animal detection accuracy by incorporating contextual information 

into the detection pipeline. They enhanced the detection framework by adding two components to the input feature 

representation: i) spatial location information of detected animals, and ii) temporal continuity of detected instances 

across frames. According to their approach, detections with higher confidence scores and consistent temporal presence 

are prioritized, resulting in more reliable identification. When multiple candidates have similar confidence, spatial 

consistency is used to select the best detection. 

In [3], individual animal features such as shape, texture, and color patterns were used as metrics to improve 

classification performance. The authors introduced an optimization function that considers the nature of animal 

appearances, occlusion levels, and inter-class similarity to refine classification results. They also incorporated factors 

like the number of detected animal instances per frame and the size of bounding boxes to enhance model robustness. 

In [4], a genetic algorithm was applied to optimize the hyperparameters of the deep learning models used for animal 

classification. The initial population was generated from multiple model configurations, each evaluated on detection 
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accuracy and processing speed. The fitness function prioritized models that balanced accuracy with inference time. 

Crossover and mutation operators were employed to explore the parameter space, ultimately selecting the best- 

performing model architecture. 

In [5], the authors improved an existing object detection framework by introducing a balanced training mechanism that 

prevents overfitting on dominant animal classes. The training samples were dynamically weighted based on class 

frequency, ensuring underrepresented species received more attention during model updates. This method improved 

detection performance, especially for rare animal categories. 

In [6], a novel approach was proposed by modifying the classification pipeline to include a confidence threshold 

parameter transmitted along with detection results. Only detections exceeding this dynamic threshold were passed to 

the next stage for classification, reducing false positives and improving overall system reliability. 

In [7], the authors considered both individual animal movement patterns and detection confidence scores to optimize 

the detection pipeline. Similar to on-demand routing in networks, detections were aggregated over a short time window 

before final classification. After this window, an optimization function selected the most probable detections based on 

temporal consistency and confidence levels, discarding uncertain or low-confidence detections. 

 

III. PROPOSED ALGORITHM 

 

Design Considerations: 

 

The initial confidence threshold (ICT) for detecting animal instances is set to 0.5.Nodes are able to calculate its residual 

battery energy (RBE). 

Each detected animal instance is assigned a confidence score (CS) by the deep learning model.Considered all possible 

paths at beginning. 

Previously detected instances are tracked to avoid duplicate detections within a frame. 

All candidate detections are considered during inference. 

 

Description of the Proposed Algorithm: 

 

The primary goal of the proposed algorithm is to improve detection accuracy and reliability by selectively identifying 

animal instances with high confidence scores, while reducing false positives and redundant detections. The algorithm 

proceeds through the following main steps: 

 

Step 1: Confidence Score Calculation 

For each candidate detection, the confidence score CSiCS_iCSi is obtained directly from the output 

probabilities of the trained deep learning model: 

CSi=f(xi)CS_i = f(\mathbf{x_i})CSi=f(xi)where f(xi)f(\mathbf{x_i})f(xi) represents the model’s confidence for the 

ithi^{th}ith detected object based on its feature vector xi\mathbf{x_i}xi. 

 

Step 2: Selection Criteria 

Detections with confidence scores below the initial confidence threshold (ICT) are discarded to reduce false 

positives. For the remaining detections, duplicate instances are filtered using non-maximum suppression and tracking 

techniques to ensure unique identification. The overall detection confidence per frame is calculated 

as:TCS=∑i=1nCSiTCS = \sum_{i=1}^n CS_iTCS=i=1∑nCSi 
where nnn denotes the number of valid detections in the current frame. The frame with the highest total confidence 

score max⁡(TCS)\max(TCS)max(TCS) is selected for further processing, ensuring that the most reliable detections are 

prioritized. 

 

Step 3: Residual Confidence Score Update 

Post-classification refinement is applied where the residual confidence score (RCS) for each detection is updated by 

subtracting a penalty factor PiP_iPi which accounts for classification uncertainty, occlusion, or environmental 

interference:RCSi=CSi−PiRCS_i = CS_i - P_iRCSi=CSi−Pi 
Detections with residual confidence scores falling below the threshold are removed in subsequent frames to maintain 

high detection fidelity over time. 
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IV. PSEUDO CODE 

 

Step 1: Prepare and preprocess the training dataset with labeled images. 

Step 2: Initialize and train the YOLOv5 model on the dataset. 

Step 3: Save the trained model for inference. 

Step 4: Load the trained model and open the video input. 

Step 5: For each video frame, perform animal detection. 

Step 6: Extract detected animal labels, confidence, and determine health status. 

Step 7: Display detection with bounding boxes, play alarm for injured animals, and send email alert once. 

Step 8: Save detection results, generate reports, and release resources after processing. 

 

V. RESULTS 

 

To evaluate the performance of our system, we included visuals that highlight each key stage of the process. Sample 

images from the training dataset show a wide variety of animals, including both healthy and injured ones, which helped 

the model learn to distinguish between different conditions effectively. A UML diagram gives a clear view of how the 

system works behind the scenes, from reading the video input to triggering alerts and generating reports. This 

structured design ensures that the system is both easy to manage and ready for real-time use. The model loading 

screenshot confirms that our trained YOLOv5 model was successfully integrated and is ready for inference. 

 

The animal detection results speak for themselves. Detected animals are clearly marked with bounding boxes and 

labeled with their species and health status—for example, “Dog (Injured)” or “Cat (Healthy).” The system not only 

identifies animals but also understands when they’re hurt, automatically sounding an alarm and sending an email alert 

when needed. This makes it especially useful for protecting farms, wildlife areas, and residential spaces near forests. 

All detections are saved with visual proof and reports, making it easier to review incidents later. Overall, the results 

confirm that the system is accurate, practical, and ready to make a real impact. 

 

 

Fig.1. Training Data sets Fig. 2 UML Diagram 

 

 

Fig. 3. Model being Loaded                                         Fig 4. Animal name and Health condition detection 
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VI: CONCLUSION AND FUTURE WORK 

 

The Animal Intrusion Detection System we developed is designed to automatically detect animals and assess their 

health status using a trained YOLOv5 model. It responds in real time by raising an alarm, capturing the detection, 

and sending email alerts to notify concerned authorities. The system also stores detailed reports and images for future 

review. It has shown promising accuracy across different animal types. Moving forward, we aim to make it work 

with live camera feeds for continuous monitoring. We also plan to train the model to recognize more animals and 

injuries. Eventually, we hope to bring this technology to mobile platforms and the cloud for easier access and wider 

use. 
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