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ABSTRACT 

In regions where wildlife encroachment poses risks to human safety and property, timely detection and alerting 

systems are essential for mitigating potential dangers. This study proposes a novel approach for creating alert messages 

based on wild animal activity detection using hybrid deep neural networks. The system integrates both convolutional 

neural networks (CNNs) and recurrent neural networks (RNNs) to efficiently analyze surveillance camera footage and 

detect instances of wildlife presence. The CNN component processes spatial features from images, while the RNN 

component captures temporal dependencies in sequential frames, enhancing the model's ability to recognize animal 

behaviour patterns. Upon detection of significant animal activity, the system generates alert messages, notifying 

relevant authorities or individuals to take precautionary measures. Experimental results demonstrate the effectiveness 

of the proposed hybrid deep neural network architecture in accurately identifying wildlife activity, thereby facilitating 

timely response and risk mitigation strategies. 
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INTRODUCTION 

In regions where wildlife encroachment presents significant risks to human safety and property, the development of 

timely detection and alerting systems is paramount for mitigating potential dangers. The increasing instances of 

human-wildlife conflicts necessitate proactive measures to minimize adverse outcomes and ensure the safety of both 

humans and wildlife [1]. These conflicts often occur in areas where human development infringes upon natural 

habitats, leading to increased encounters between humans and wildlife [2]. Such encounters can result in property 

damage, injuries, and even fatalities, highlighting the urgent need for effective monitoring and response mechanisms 

[3]. Traditional methods of wildlife monitoring and management have typically relied on manual observation and 

patrol efforts, which are often labor-intensive, time-consuming, and prone to human error [4]. However, recent 

advancements in technology, particularly in the field of computer vision and deep learning, offer promising solutions 

for automating wildlife detection and alerting processes [5]. By leveraging the power of artificial intelligence, it is 

possible to develop sophisticated systems capable of accurately identifying and responding to wildlife activity in real-

time [6]. 

This study proposes a novel approach for creating alert messages based on wild animal activity detection using hybrid 

deep neural networks. The system integrates two distinct types of neural networks: convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs), to efficiently analyze surveillance camera footage and detect instances 

of wildlife presence [7]. CNNs are well-suited for processing spatial features from images, allowing them to identify 

objects and patterns within individual frames of video footage [8]. On the other hand, RNNs excel at capturing 

temporal dependencies in sequential data, making them ideal for detecting patterns and trends over time [9]. By 

combining the strengths of both CNNs and RNNs, the proposed hybrid deep neural network architecture enhances the 

model's ability to recognize complex animal behavior patterns in surveillance footage [10]. This comprehensive 

approach enables the system to detect not only the presence of wildlife but also their behavior and movement patterns, 
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providing valuable insights for wildlife management and conservation efforts [11]. Upon detection of significant 

animal activity, the system automatically generates alert messages, notifying relevant authorities or individuals to take 

precautionary measures [12]. 

The effectiveness of the proposed hybrid deep neural network architecture is evaluated through extensive 

experimentation and performance analysis. Experimental results demonstrate the system's capability to accurately 

identify wildlife activity in surveillance footage, with high precision and recall rates [13]. Moreover, the system's 

ability to generate timely alert messages facilitates swift response and risk mitigation strategies, thereby minimizing 

the potential impact of human-wildlife conflicts [14]. In summary, this study presents a pioneering approach for 

creating alert messages based on wild animal activity detection using hybrid deep neural networks. By integrating 

CNNs and RNNs, the proposed system offers a robust and efficient solution for automating wildlife monitoring and 

alerting processes. The system's ability to accurately identify wildlife activity and generate timely alerts holds 

significant implications for enhancing human safety and mitigating the risks associated with human-wildlife conflicts 

[15]. 

LITERATURE SURVEY 

The increasing instances of human-wildlife conflicts in regions where wildlife encroachment poses risks to human 

safety and property have necessitated the development of timely detection and alerting systems to mitigate potential 

dangers. With the advancement of technology, particularly in the field of computer vision and deep learning, 

researchers have been exploring innovative approaches to automate wildlife detection and alerting processes. One 

such approach involves the utilization of hybrid deep neural networks, which integrate both convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs) to efficiently analyze surveillance camera footage and detect 

instances of wildlife presence. CNNs, known for their proficiency in processing spatial features from images, are 

utilized to identify objects and patterns within individual frames of video footage. By leveraging the hierarchical 

structure of convolutional layers, CNNs can extract meaningful representations of visual data, enabling accurate object 

detection and classification. This spatial analysis capability is crucial for identifying wildlife species and discerning 

their activities within the surveillance footage. 

In addition to CNNs, RNNs play a pivotal role in capturing temporal dependencies in sequential data. Unlike 

traditional feedforward neural networks, RNNs have recurrent connections that allow them to retain information about 

previous inputs, making them well-suited for modeling sequential data such as video frames. By incorporating RNNs 

into the hybrid deep neural network architecture, researchers can effectively capture the dynamic nature of wildlife 

behavior and movement patterns over time. This temporal analysis capability enhances the model's ability to recognize 

complex animal behavior patterns and distinguish between normal and abnormal activities. The integration of CNNs 

and RNNs in the hybrid deep neural network architecture synergistically combines the strengths of both approaches, 

resulting in a more comprehensive and robust system for wildlife activity detection. While CNNs focus on spatial 

analysis to identify objects and patterns within individual frames, RNNs complement this by capturing temporal 

dependencies to analyze the sequential nature of video footage. By leveraging the complementary capabilities of these 

two neural network architectures, researchers can develop a more accurate and reliable system for detecting wildlife 

presence and behavior in surveillance footage. 

Once significant animal activity is detected, the proposed system generates alert messages to notify relevant authorities 

or individuals to take precautionary measures. These alert messages serve as timely warnings, enabling swift response 

and risk mitigation strategies to minimize the potential impact of human-wildlife conflicts. By providing real-time 

notifications of wildlife activity, the system empowers stakeholders to proactively address safety concerns and 

implement appropriate measures to safeguard human lives and property.  
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Experimental results demonstrate the effectiveness of the proposed hybrid deep neural network architecture in 

accurately identifying wildlife activity in surveillance footage. Through rigorous testing and performance analysis, 

researchers have validated the system's capability to detect various types of wildlife behavior with high precision and 

recall rates. This robust performance underscores the potential of hybrid deep neural networks as a powerful tool for 

automating wildlife monitoring and alerting processes, thereby enhancing human safety and mitigating the risks 

associated with human-wildlife conflicts. 

PROPOSED SYSTEM 

In regions where human-wildlife conflicts pose significant risks to human safety and property, the development of 

timely detection and alerting systems is critical for mitigating potential dangers. To address this challenge, this study 

proposes a novel approach for creating alert messages based on wild animal activity detection using hybrid deep neural 

networks. The proposed system integrates both convolutional neural networks (CNNs) and recurrent neural networks 

(RNNs) to efficiently analyze surveillance camera footage and detect instances of wildlife presence. At the core of the 

proposed system is the hybrid deep neural network architecture, which combines the strengths of CNNs and RNNs to 

enhance the model's ability to recognize complex animal behavior patterns. The CNN component of the architecture 

is responsible for processing spatial features from images extracted from surveillance footage. Utilizing convolutional 

layers, CNNs can extract hierarchical representations of visual data, enabling them to identify objects and patterns 

within individual frames with high accuracy and precision. By analyzing spatial features, the CNN component of the 

system can effectively identify wildlife species and discern their activities within the surveillance footage. 

In addition to CNNs, the proposed system incorporates RNNs to capture temporal dependencies in sequential data. 

Unlike traditional feedforward neural networks, RNNs have recurrent connections that allow them to retain 

information about previous inputs, making them well-suited for modeling sequential data such as video frames. By 

analyzing sequential frames of surveillance footage, the RNN component of the system can capture the dynamic nature 

of wildlife behavior and movement patterns over time. This temporal analysis capability enhances the model's ability 

to recognize subtle changes in animal behavior and distinguish between normal and abnormal activities. By integrating 

CNNs and RNNs in a hybrid deep neural network architecture, the proposed system achieves a comprehensive and 

robust approach to wildlife activity detection. While CNNs focus on spatial analysis to identify objects and patterns 

within individual frames, RNNs complement this by capturing temporal dependencies to analyze the sequential nature 

of video footage. This synergistic combination of spatial and temporal analysis enables the system to accurately detect 

instances of wildlife presence and behavior in surveillance footage, even in complex and dynamic environments. 

Upon detection of significant animal activity, the proposed system generates alert messages to notify relevant 

authorities or individuals to take precautionary measures. These alert messages serve as timely warnings, enabling 

swift response and risk mitigation strategies to minimize the potential impact of human-wildlife conflicts. By 

providing real-time notifications of wildlife activity, the system empowers stakeholders to proactively address safety 

concerns and implement appropriate measures to safeguard human lives and property. Experimental results 

demonstrate the effectiveness of the proposed hybrid deep neural network architecture in accurately identifying 

wildlife activity in surveillance footage. Through rigorous testing and performance analysis, researchers have 

validated the system's capability to detect various types of wildlife behavior with high precision and recall rates. This 

robust performance underscores the potential of hybrid deep neural networks as a powerful tool for automating wildlife 

monitoring and alerting processes, thereby enhancing human safety and mitigating the risks associated with human-

wildlife conflicts. 

METHODOLOGY 

The methodology employed in this study aims to develop a robust system for creating alert messages based on wild 

animal activity detection using hybrid deep neural networks. The process involves several steps, starting from data 
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collection and preprocessing to model training and evaluation. The first step in the methodology is data collection, 

where surveillance camera footage from regions affected by wildlife encroachment is gathered. This footage serves 

as the primary input for training and testing the hybrid deep neural network model. The footage may include videos 

capturing various wildlife species and their activities in different environmental conditions. Once the data is collected, 

it undergoes preprocessing to prepare it for input into the hybrid deep neural network model. This preprocessing step 

involves several tasks, including video segmentation to extract individual frames, image resizing to standardize the 

input size, and normalization to enhance the model's performance. Additionally, any noise or irrelevant information 

present in the footage is removed during preprocessing to ensure the quality of the input data.  

With the preprocessed data in hand, the next step is to design and train the hybrid deep neural network model. The 

model architecture consists of two main components: a convolutional neural network (CNN) and a recurrent neural 

network (RNN). The CNN component processes spatial features from images extracted from the surveillance footage, 

while the RNN component captures temporal dependencies in sequential frames. During the training phase, the hybrid 

deep neural network model learns to recognize patterns and features associated with wildlife activity in the 

surveillance footage. This is achieved through iterative optimization of the model parameters using labeled training 

data. The training process involves feeding the preprocessed data into the model, computing the loss function to 

measure the disparity between the predicted and actual outputs, and updating the model parameters using 

backpropagation and gradient descent optimization techniques. 

Once the model is trained, it undergoes evaluation using separate validation and testing datasets to assess its 

performance and generalization capabilities. The validation dataset is used to fine-tune the model parameters and 

hyperparameters, while the testing dataset is used to evaluate the model's performance on unseen data. Performance 

metrics such as accuracy, precision, recall, and F1-score are calculated to quantify the model's effectiveness in 

accurately identifying wildlife activity. Upon successful evaluation, the trained hybrid deep neural network model is 

deployed to analyze real-time surveillance camera footage and detect instances of significant animal activity. The 

CNN component processes spatial features from the images, while the RNN component captures temporal 

dependencies in sequential frames. By integrating both spatial and temporal analysis, the model can effectively 

recognize animal behavior patterns and distinguish between normal and abnormal activities. 

 

Fig 1. Flow diagram 
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Upon detection of significant animal activity, the system generates alert messages to notify relevant authorities or 

individuals to take precautionary measures. These alert messages serve as timely warnings, enabling swift response 

and risk mitigation strategies to minimize the potential impact of human-wildlife conflicts. Additionally, the system 

may incorporate mechanisms for alert prioritization and escalation based on the severity of the detected activity. 

Finally, the effectiveness of the proposed hybrid deep neural network architecture is evaluated through experimental 

testing and performance analysis. The experimental results demonstrate the model's ability to accurately identify 

wildlife activity in surveillance footage, thereby facilitating timely response and risk mitigation strategies. Overall, 

the methodology outlined in this study provides a comprehensive framework for creating alert messages based on wild 

animal activity detection using hybrid deep neural networks, thereby addressing the challenges associated with human-

wildlife conflicts in regions affected by wildlife encroachment. 

RESULTS AND DISCUSSION 

The results of this study reveal the efficacy of the proposed approach for creating alert messages based on wild animal 

activity detection using hybrid deep neural networks. Through experimental evaluation, the hybrid deep neural 

network architecture demonstrated a high degree of accuracy and reliability in identifying instances of wildlife 

presence and behavior in surveillance camera footage. The integration of both convolutional neural networks (CNNs) 

and recurrent neural networks (RNNs) proved to be instrumental in enhancing the model's ability to analyze spatial 

and temporal features, respectively. The CNN component effectively processed spatial features from images extracted 

from the surveillance footage, enabling the model to identify and localize wildlife species within the scene with 

remarkable precision. Concurrently, the RNN component captured temporal dependencies in sequential frames, 

allowing the model to discern patterns of animal behavior over time. This synergistic combination of spatial and 

temporal analysis enabled the model to accurately recognize complex animal behavior patterns and distinguish 

between normal and abnormal activities. 

Moreover, the experimental results showcased the system's capability to generate alert messages in real-time upon 

detection of significant animal activity. By leveraging the insights derived from the hybrid deep neural network 

architecture, the system effectively identified instances of wildlife presence that posed risks to human safety and 

property. The timely generation of alert messages enabled relevant authorities or individuals to take precautionary 

measures swiftly, thereby mitigating potential dangers associated with human-wildlife conflicts. The system's ability 

to provide timely alerts facilitates proactive responses and risk mitigation strategies, ultimately contributing to the 

safety and well-being of individuals residing in regions affected by wildlife encroachment. 
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Fig 4. LOGIN URL 

 

Fig 5. SERVICE PAGES 
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Fig 6. DATASET 

 

Fig 7. ALGORITHM 
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Fig 8. Result screenshot 1 

 

Fig 9. Result screenshot 2 
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Fig 10. REMOTE USER 

 

Fig 11. REMOTE USER 

Furthermore, the experimental evaluation highlighted the practical applicability and effectiveness of the proposed 

approach in facilitating timely response and risk mitigation strategies. The high accuracy and reliability demonstrated 

by the hybrid deep neural network architecture underscore its potential as a valuable tool for automated wildlife 

monitoring and alerting systems. By harnessing the power of deep learning techniques, the proposed approach offers 

a scalable and efficient solution for addressing the challenges posed by human-wildlife conflicts. The system's ability 
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to analyze large volumes of surveillance camera footage in real-time and generate actionable insights enables 

stakeholders to make informed decisions and implement targeted interventions to mitigate potential dangers 

effectively. Overall, the results of this study reaffirm the significance of leveraging advanced technologies such as 

hybrid deep neural networks in developing proactive measures for wildlife management and conservation, thereby 

fostering harmonious coexistence between humans and wildlife in regions prone to wildlife encroachment. 

CONCLUSION 

In conclusion, creating alert messages based on wild animal activity detection using hybrid deep neural networks 

presents a promising approach to mitigating human-wildlife conflicts and enhancing wildlife conservation efforts. 

Through the integration of advanced deep learning techniques and hybrid models, such as combining convolutional 

neural networks (CNNs) with recurrent neural networks (RNNs) or transformers, it is possible to accurately detect 

and classify wildlife activities in real-time.This methodology enables the timely generation of alert messages to notify 

relevant authorities, wildlife conservationists, or local communities about the presence and behavior of wild animals 

in specific areas. By leveraging the capabilities of deep neural networks to analyze sensor data, camera trap images, 

or acoustic recordings, the system can identify various types of wildlife activities, including movement patterns, 

foraging behavior, mating rituals, and potential threats to human safety.Furthermore, the use of hybrid deep neural 

networks allows for the integration of contextual information and temporal dependencies, enhancing the accuracy and 

robustness of the activity detection model. By considering both spatial and temporal features in the analysis, the system 

can better differentiate between different types of wildlife activities and minimize false alarms. 
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