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Abstract - Understanding the behaviour of wild animals is 

crucial for ecological research aimed at conserving 

biodiversity and gaining insights into their natural 

habitats. This paper presents a method for the automatic 

detection and classification of animal behaviour through 

deep learning techniques, enabling the analysis of animal 

activities from video recordings without human 

involvement. By integrating Convolutional Neural 

Networks (CNNs) with Recurrent Neural Networks 

(RNNs), we developed a model capable of identifying and 

categorizing various patterns of animal behaviour—

including running, feeding, and resting— among others. 

The model learns from the features present in video 

frames through rapid training using popular pretrained 

architectures such as Resnet and Inception, enhancing its 

accuracy. Additionally, we employed a Long Short-Term 

Memory (LSTM) network to capture the temporal 

dynamics of animal actions, allowing the model to identify 

patterns across multiple frames and understand how 

behaviours progress over time. The model was trained and 

evaluated on a substantial dataset of annotated video clips 

featuring wild animals in diverse habitats. The results 

demonstrate high accuracy in classifying animal activities, 

highlighting the potential of deep learning for creating 

automated, non-invasive wildlife monitoring solutions. 

This system represents a powerful tool for conservation, 

capable of processing and analysing vast amounts of video 

footage, ultimately providing valuable insights into animal 

behaviours and habitat utilization that are essential for 

developing more effective conservation strategies. 

Keywords: Wild animal activity detection, Deep neural 

networks, Computer vision Machine learning, Wildlife 

conservation, Animal tracking, Camera traps, Image 
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I. INTRODUCTION 

Wild animal activity detection is a cornerstone of wildlife 

conservation, offering insights into species behaviour, 

population dynamics, and ecosystem health. However, 

traditional methods like manual observation, camera traps, and 

telemetry, while invaluable, often fall short due to their 

labour-intensive nature, limited scalability, and potential for 

introducing disturbances into natural habitats. As the threats to 

wildlife, including habitat destruction, poaching, and climate 

change, continue to escalate, there is an urgent need for 

automated and efficient monitoring systems capable of 

delivering accurate, real-time data. 

The advent of artificial intelligence (AI) and deep 

learning has revolutionized numerous fields, with ecological 

research being no exception. Deep neural networks (DNNs), 

particularly convolutional neural networks (CNNs), have 

emerged as powerful tools for image and video analysis, 

enabling the detection and classification of complex patterns 

in data. These networks excel in identifying wild animals 

under challenging conditions, such as low lighting, 

camouflage, or occlusion. Furthermore, the integration of 

recurrent neural networks (RNNs) for temporal data analysis 

has unlocked new possibilities for understanding sequential 

behaviours, such as movement and social interactions. 

 

Figure 1: Animal recognition system 

This research seeks to harness the potential of deep 

learning to develop a robust, automated system for detecting 

wild animal activities from multimedia inputs, including 

camera trap images, videos, and sensor data. By leveraging 

advanced techniques such as transfer learning, data 
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augmentation, and multi-modal data fusion, the proposed 

system aims to overcome traditional challenges such as 

environmental variability, class imbalances, and 

computational inefficiencies. 

Ultimately, this work aspires to bridge the gap between 

cutting-edge AI technologies and wildlife conservation needs. 

By automating the detection and analysis of wild animal 

activity, the proposed system can transform ecological 

research, providing conservationists with the tools to monitor 

biodiversity, understand habitat usage, and respond to 

emerging threats with unprecedented precision. This marks a 

significant step toward scalable, non-invasive, and real-time 

conservation solutions, ensuring that ecosystems and the 

species within them are safeguarded for generations to come 

II. RELATED WORKS 

Deep learning has made a big impact on wildlife 

monitoring and detecting animal activity in recent years. 

Researchers have increasingly relied on convolutional neural 

networks (CNNs) to automatically analyse images and videos 

from camera traps, making it easier to identify different 

animal species and understand their behaviours—whether 

they’re walking, feeding, or resting. The power of CNNs lies 

in their ability to efficiently process visual data and classify 

animal activities, allowing us to monitor wildlife with much 

less effort compared to traditional methods. 

Beyond just identifying animals, some studies have taken 

it a step further by using temporal models like Long Short-

Term Memory (LSTM) networks. These models allow 

researchers to track how animals behave over time, making it 

possible to predict patterns like migration or changes in 

behaviour throughout different seasons. By combining CNNs 

for spatial analysis with LSTMs for understanding behaviour 

patterns, these studies have provided a deeper understanding 

of wildlife activity, uncovering insights that wouldn’t have 

been obvious with basic image classification alone. 

Another exciting development has been the use of pre-

trained models, such as Resnet and VGGNet, in wildlife 

monitoring. These models, which were initially trained on 

large-scale datasets, can be adapted to recognize specific 

species or detect activities in challenging conditions. This 

approach, known as transfer learning, is especially useful 

when there’s a lack of labelled data, enabling researchers to 

apply deep learning techniques even when the available 

dataset is small. 

Real-time animal monitoring has also been made possible 

through object detection algorithms like YOLO (You Only 

Look Once) and Faster R-CNN. These tools can quickly 

identify and track animals in video footage, allowing for near-

instantaneous recognition of their movements and activities. 

This is particularly useful for studying endangered species or 

understanding how animals react to changes in their 

environment in real-time, without needing constant human 

intervention. 

Together, these advances in deep learning have 

revolutionized wildlife monitoring by making it more 

efficient, scalable, and automated. The ability to track animal 

behaviour more easily not only aids in conservation efforts but 

also gives us a better understanding of how animals interact 

with their environment and with one another. This progress 

opens up exciting possibilities for studying animal behaviour 

in a way that was previously not possible, ultimately helping 

us protect and preserve the natural world. 

III. LITERATURE REVIEW 

Detecting Wild Animal Activities Using Deep Learning. 

Tracking wild animal behaviour is vital for studying 

ecosystems, protecting biodiversity, and understanding how 

different species interact with their environment. In the past, 

researchers have had to rely on direct observation, camera 

traps, and manually reviewing videos to track animals. But as 

the number of video recordings grows, these traditional 

methods have become too slow, time consuming, and prone to 

errors. Recent advances in artificial intelligence (AI), 

particularly deep learning, are making it possible to automate 

animal activity detection in video footage, greatly improving 

the speed and scale at which researchers can work. 

This review examines the increasing use of deep neural 

networks (DNNs) to detect and classify wild animal 

behaviours. With deep learning approaches like Convolutional 

Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and Long Short-Term Memory (LSTM)networks, 

researchers can now analyse animal behaviour in ways that 

weren't possible before. Here, we’ll cover the progress in this 

field and the challenges researchers still face as deep learning 

technology evolves. 

1. Traditional Methods for Monitoring Wildlife: Before AI 

and machine learning, researchers had to watch videos and 

identify animal behaviours by hand, which was very time-

intensive. Camera traps were a breakthrough for capturing 

animal footage in remote areas, but they created massive 

amounts of data that were hard to analyse manually. Rowcliffe 

et al. (2011) pointed out that analysing all of this footage 

manually simply wasn’t practical. Early methods like motion 

detection and object tracking were somewhat helpful but often 

couldn’t handle complex behaviours or changing light and 
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weather conditions, limiting their usefulness for larger 

projects. 

2. Early Machine Learning and Automation: With the rise 

of machine learning, researchers began automating some parts 

of wildlife monitoring. Initial efforts focused on detecting and 

identifying species in camera trap images. For instance, Kline 

et al. (2015) used models like Support Vector Machines 

(SVMs) and Random Forests to classify animals in images, 

but these approaches struggled with identifying more complex 

behaviours, like feeding or running, which required 

understanding sequences of actions over time. The advent of 

deep learning, particularly CNNs, was a major advancement. 

CNNs can automatically recognize patterns in images, which 

makes them great for identifying animals in complex natural 

environments. Trained on large datasets of l images, CNN 

models significantly improved both the accuracy and speed of 

animal identification. 

3. Deep Learning and Convolutional Neural Networks 

(CNNs): CNNs quickly became the go-to tool for wildlife 

monitoring, thanks to their ability to pick up on specific spatial 

features, like shapes and textures. This technology proved 

particularly useful for identifying animal species. Norouzza 

dehetal. (2018) showed the effectiveness of CNNs in 

recognizing animals in challenging environments with a high 

degree of accuracy, marking a major breakthrough in 

automating wildlife research. Building on this, Lichtenstein et 

al. (2017) took things a step further by applying CNNs to 

video footage to detect behaviours like running and resting. 

While CNNs were a big improvement for processing single 

images, they weren’t well-suited for recognizing behaviours 

that happen over time, which is where Recurrent Neural 

Networks (RNNs) and LSTMs come into play. 

4. Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTMs): To capture activities that unfold 

across multiple frames—like walking, running, or hunting— 

researchers need models that can understand sequences. 

RNNs, especially LSTMs, are designed for this purpose, as 

they can remember information across time steps, making 

them ideal for analysing video data where behaviours play out 

over time For example, Pereira et al. (2019) used LSTM to 

track animal movements across frames, which allowed for 

much more accurate behaviour detection compared to just 

using CNNs. This combination of CNNs and LSTMs, known 

as a hybrid model, is now a popular approach in wildlife 

activity detection, with CNNs handling image details and 

LSTMs capturing the sequence of actions. 

5. Transfer Learning in Wildlife Monitoring: One of the 

biggest challenges in applying deep learning to wildlife is the 

need for vast amounts of labelled data, which can be very 

time-consuming and costly to produce. Transfer learning 

offers a solution by allowing models that have been pretrained 

on general datasets (like ImageNet) to be adapted for wildlife-

specific datasets. Ni et al. (2020) demonstrated that by fine-

tuning pretrained CNN models like Resnet and Inception on 

wildlife footage, they could achieve high accuracy with 

relatively limited data. This makes it easier to scale up wildlife 

monitoring systems without needing enormous amounts of 

labelled video. 

6. Challenges and Future Directions: Despite these 

advancements, deep learning in wildlife monitoring still faces 

challenges. Key issues include the quality and diversity of 

training data, as wildlife footage varies widely in terms of 

camera quality, environmental conditions, and animal species. 

Ensuring that models can perform well in different settings 

remains a challenge. 

 

Figure 2: Animal detected (1) 

 

Figure 3: Animal detected (2) 

IV. METHODOLOGY 

1. Using Camera Traps for Wildlife Monitoring: Camera 

traps are an essential tool in wildlife research, capturing video 

and images of animals in their natural environments. These 

cameras help create large datasets of animal behaviour, which 

are crucial for training deep learning models. Datasets like 

Snapshot Serengeti contain videos of various animals 

engaging in behaviours like feeding, walking, or interacting 

with each other. Researchers use these videos to teach models 

how to automatically recognize different species and 

activities. By using these data sets, deep learning models can 

more effectively identify specific behaviours across different 

species and environments. 
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2. Preparing Video Data for Analysis: Video data is 

complex and voluminous, which presents challenges for deep 

learning models. To make the data more manageable, 

researchers often preprocess it. This might involve extracting 

key frames from videos at regular intervals to avoid 

redundancy while still capturing important animal behaviours. 

They also resize the frames and normalize them, ensuring 

consistency and improving the model's ability to learn from 

the data. Turning the frames into tensor formats—special data 

structures that preserve spatial information— makes the data 

easier to work with and allows the models to process it more 

efficiently. 

3. Building Deep Learning Models for Activity 

Recognition: To detect and classify animal activities, 

researchers often use a combination of Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory (LSTM) 

networks. CNNs are great at spotting visual patterns in each 

frame, like shapes, textures, and colours, which helps identify 

animals and their actions. Meanwhile, LSTMs are used to 

capture the flow of actions over time. For instance, an animal 

might be walking in one frame and then running in the next, 

and the LSTM can understand that these actions are connected 

across frames. Combining CNNs for detecting visual details 

and LSTMs for recognizing the progression of activities 

makes these models really powerful. 

4. Improving the Model Architecture: Researchers have 

experimented with different ways to structure their models for 

better activity detection. A common approach is to combine 

CNN layers, which analyse individual frames, with LSTM 

layers that look at sequences of frames to understand how 

behaviours unfold over time. Some models even include 

attention mechanisms, which help the model focus on the most 

important parts of each frame, improving its ability to classify 

activities. Dense layers are typically added after CNN and 

LSTM layers to fine-tune the model's predictions and increase 

its accuracy. 

5. Training and Testing the Model: Training these models 

requires a labelled dataset—meaning the animals and their 

activities in the videos are clearly marked. Typically, the data 

is split into three parts: one for training, one for validation, and 

one for testing. The model learns by adjusting its internal 

parameters to minimize errors. To help the model learn 

effectively, researchers use optimization algorithms, like 

Adam, and track performance with metrics such as accuracy, 

precision, and recall. The goal is for the model to improve 

over time and become more accurate in recognizing different 

animal activities. 

6. Real-World Use in Conservation Efforts: The ability to 

automatically detect and classify animal activities has huge 

potential in wildlife conservation. By using deep learning 

models, researchers can track endangered species, study 

animal migration patterns, and understand how animals are 

adapting to changes in their environments. With automatic 

activity detection, researchers can reduce the time and labour 

spent manually analysing hours of footage. In some cases, the 

system can even detect issues in real-time, like poaching or 

habitat loss, and alert conservationists so they can take action 

quickly. 

7. Challenges and Future Opportunities: While progress 

has been made, there are still some challenges in using deep 

learning for animal activity detection. For one, there aren't 

always enough labelled datasets, especially for rare or 

endangered species. Also, deep learning models can be 

computationally expensive, which might be a barrier when 

working with large video datasets. In the future, researchers 

hope to make models more efficient by using techniques like 

transfer learning, where a model trained on one task is adapted 

for another. Additionally, combining video data with other 

sources—like audio or environmental sensor data—could help 

make activity detection systems even more accurate and 

reliable. 

 

 

Figure 4: Methodology 

V. FUTURE SCOPE 

Personalized Ecosystem Models Using Deep Neural 

Networks 

One creative and unique future direction is the 

development of Personalized Ecosystem Models (PEMs) that 

use DNNs to create tailored, dynamic representations of 

specific ecosystems or habitats. These models can provide real 

time, high-fidelity insights into animal activities, behaviours, 

and interactions within their environments. Here's how this 

could unfold: 
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1. Ecosystem-Specific Behavioural Libraries: 

Develop DNNs trained on region-specific data to capture 

the nuances of local wildlife behaviour. For example, models 

could distinguish between migratory patterns in savannas 

versus temperate forests. Utilize continuous learning systems 

that update these libraries as new behaviours or species 

interactions are observed. 

2. Individual Animal Profiling: 

Use DNNs to create digital profiles of individual animals, 

tracking unique features such as gait, markings, or 

vocalizations. This could enable precise monitoring of specific 

animals over their lifetimes, providing unprecedented insights 

into longevity, health, and social behaviours. 

3. Adaptive Threat Response Systems: 

Integrate PEMs with automated drones and autonomous 

vehicles equipped with thermal, acoustic, and motion sensors. 

These systems could respond dynamically to poaching threats, 

forest fires, or environmental degradation in real time. AI-

driven adaptive alert levels could prioritize high-risk 

situations, ensuring efficient deployment of conservation 

resources. 

4. Interactive Virtual Ecosystems: 

Leverage DNN insights to create virtual reality 

ecosystems for education, research, and public engagement. 

Users could explore ecosystems in real time, observing animal 

activities and environmental changes as they occur. Simulate 

"what-if" scenarios (e.g., the impact of introducing a predator 

species) to predict and mitigate potential ecological 

imbalances. 

5. Cross-Species Social Network Mapping: 

Use advanced graph-based DNNs to model and visualize 

interactions within and across species in an ecosystem, such as 

predator-prey dynamics or cooperative behaviours like 

foraging. Provide actionable insights into maintaining 

biodiversity by highlighting critical species or interactions that 

sustain the ecosystem. 

6. Localized Climate Impact Predictions: 

Combine DNNs with climate models to predict how 

localized climate changes (e.g., temperature fluctuations or 

rainfall patterns) will influence animal activity and habitat 

usage. Develop automated suggestions for habitat restoration 

or artificial interventions, such as water sources, to mitigate 

negative impacts. 

7. Ethical AI for Wildlife Management: 

Establish transparent, explainable DNN models that work 

in harmony with indigenous knowledge and traditional 

conservation practices. Use ethical AI principles to ensure that 

technological interventions respect natural behaviours and 

reduce human wildlife conflict without harm. 

VI. RESULT 

Deep learning has transformed wildlife monitoring, 

providing intelligent, automated solutions for detecting and 

analysing animal activities. Using advanced CNN 

architectures like YOLO and Faster R-CNN, models achieve 

over 96% accuracy in recognizing diverse species, even in 

challenging environments with varying lighting, occlusions, 

and complex backgrounds. Transformer-based models and 

LSTMs excel in activity recognition, accurately identifying 

behaviours such as hunting, migration, and social interactions. 

A hybrid approach combining vision-based deep learning 

with audio and thermal sensors has further improved detection 

robustness, ensuring accurate tracking even in low-light 

conditions or dense vegetation. Results indicate that 

integrating self-supervised learning and generative data 

augmentation significantly enhances model adaptability, 

addressing data scarcity for elusive species. 

Deploying these models on low-power edge devices has 

enabled real-time monitoring in remote ecosystems, providing 

instant alerts for conservationists and anti-poaching teams. 

With the ability to predict behavioural trends, these systems 

contribute to ecosystem modelling, biodiversity assessment, 

and wildlife protection strategies. The fusion of deep learning 

with multi-modal sensing paves the way for next-generation 

wildlife surveillance, offering a scalable, efficient, and 

intelligent solution for conservation and ecological research. 

VII. CONCLUSION 

In conclusion, deep neural networks (DNNs) are paving 

the way for a new era of wildlife conservation, offering a 

sophisticated and dynamic approach to detecting and 

understanding wild animal activity. By harnessing the power 

of AI, these networks not only automate the monitoring of 

animal populations and behaviour but also offer the potential 

to predict and prevent emerging threats to biodiversity. The 

ability to process and integrate diverse data types—ranging 

from visual to acoustic, thermal, and environmental—creates a 

comprehensive and adaptive system that responds to the ever-

evolving challenges faced by wildlife in an increasingly 

disrupted world. 
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As these technologies advance, DNNs will continue to 

evolve, learning from diverse ecosystems and becoming more 

attuned to the subtle nuances of animal behaviour, including 

the social interactions, migratory patterns, and ecological 

changes that shape our planet’s biodiversity. The integration 

of these intelligent systems into conservation efforts can 

unlock a future where humans and wildlife coexist more 

harmoniously, with real-time insights empowering better 

decision-making and faster interventions. 

In this transformative journey, DNNs will not only serve 

as tools for surveillance and protection but as key allies in a 

deeper understanding of our planet's intricate web of life. By 

advancing these systems with ethical AI, cross disciplinary 

collaboration, and an unwavering commitment to 

sustainability, we have the opportunity to secure a more 

biodiverse future—one where both technology and nature 

thrive in synergy. 
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