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ABSTRACT 

Monitoring wild animal activity plays a vital role in improving wildlife management, reducing 

human–animal conflicts, and supporting conservation initiatives. This paper presents an innovative 

method for generating alert messages based on the detection of wild animal activity using hybrid 

deep neural networks. The proposed system integrates Convolutional Neural Networks (CNNs) and 

Long Short-Term Memory (LSTM) networks to process data obtained from multiple sensors, 

including motion detectors, camera traps, and audio devices. The CNN component is used to extract 

spatial features from images or video frames, whereas the LSTM captures temporal relationships 

within the sensor data, enabling precise prediction of animal movement patterns. By training the 

hybrid model on a comprehensive dataset of labeled animal activity, the system learns to identify 

patterns that signify the presence of wildlife in a specific region. Upon detecting such activity, the 

system generates real-time alert notifications to inform concerned authorities or nearby individuals, 

allowing quick response or preventive measures. The proposed approach demonstrates high accuracy 

and efficiency in identifying wild animal movements, even under challenging conditions such as low 

visibility or varying motion speeds. Through timely alerts, the system helps reduce risks for both 

humans and wildlife, promoting safer coexistence. This work contributes to the advancement of 

automated wildlife monitoring technologies and offers a dependable solution for effective 

conservation practices. 
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1. INTRODUCTION 
Wildlife monitoring has become increasingly important in the modern era due to the challenges 

posed by rapid urbanization, habitat fragmentation, and human-wildlife conflict. 

Conservationists and wildlife experts are constantly seeking innovative methods to understand 

animal behavior, track movement patterns, and prevent incidents where animals encroach on 

human territories. Traditional methods, such as physical observation, tracking collars, and 

manual surveys, have proven to be labor-intensive, limited in coverage, and often unreliable due 

to the complexity of the environment and the elusive nature of many animal species. The advent 

of advanced technology has led to the exploration of more sophisticated and efficient solutions, 

such as sensor networks, camera traps, and automated systems that integrate artificial 

intelligence (AI) to process large volumes of data quickly and accurately. 

With the emergence of the Internet of Things (IoT) and machine learning, wildlife monitoring 

systems have become more intelligent and adaptive. These systems collect data from various 

sensors, such as motion detectors, cameras, and acoustic sensors, which are deployed in animal 

habitats. However, the challenge lies in processing and analyzing the enormous amounts of data 

generated by these sensors in real-time. Early systems that used manual data collection methods 

or simple algorithms were unable to effectively process large datasets and often resulted in 

delays in detecting animal activity, which could lead to potential risks to both wildlife and 
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human populations. These systems lacked the ability to distinguish between animal activity and 

irrelevant noise, thus leading to false alarms or missed detections. 

Recent advances in deep learning and neural networks have opened up new possibilities for 

wildlife monitoring. Deep learning, a subset of machine learning, has shown remarkable success 

in various domains, such as image recognition, speech recognition, and natural language 

processing. These techniques have also found applications in wildlife monitoring, where 

machine learning models can be trained to analyze images, videos, and sensor data to detect 

specific animal activities. Convolutional Neural Networks (CNNs), a type of deep learning 

model, are particularly well-suited for analyzing visual data, such as camera trap images or video 

feeds. CNNs can automatically learn to extract spatial features from raw pixel data, such as 

patterns, textures, and shapes, which can be indicative of specific animal species or behavior. 

This ability to recognize objects and patterns in images makes CNNs an ideal choice for 

monitoring wildlife in remote locations. 

While CNNs are powerful for processing spatial data, they have limitations when it comes to 

handling sequential or temporal data. Wild animal behavior is not only spatially dependent but 

also temporally significant. The movement of animals follows patterns that depend on time, such 

as daily migration, feeding schedules, and seasonal behaviors. To address this temporal aspect, 

Long Short-Term Memory (LSTM) networks, a type of Recurrent Neural Network (RNN), have 

been introduced. LSTMs are designed to capture long-range dependencies in sequential data, 

making them highly effective in processing time-series data. In the context of wildlife 

monitoring, LSTMs can analyze sensor data that records animal activity over time, allowing the 

system to learn patterns and predict future animal movements or behaviors. 

Integrating CNNs and LSTMs into a hybrid model for wildlife monitoring offers a powerful 

solution to the limitations of individual models. CNNs can handle the spatial aspect of detecting 

animals in images or videos, while LSTMs can account for the temporal dynamics of animal 

movements, thereby improving the accuracy and efficiency of the monitoring system. This 

hybrid approach provides a comprehensive framework for detecting wild animal activity, 

enabling real-time alerts that can be used to inform relevant authorities or even local residents 

about the presence of animals in specific areas. Such alerts are crucial for preventing human- 

wildlife conflict, protecting endangered species, and enhancing the safety of both wildlife and 

human populations. 

The development of real-time alert systems based on hybrid deep neural networks is a significant 

step forward in wildlife conservation and management. These systems can automatically process 

data from various sensor networks, analyze it using advanced machine learning models, and 

generate immediate alerts when wild animals are detected in sensitive areas. The ability to detect 

animal activity in real-time is particularly valuable for reducing risks in high-traffic areas, such 

as highways, agricultural zones, and residential neighborhoods, where encounters with wild 

animals can lead to accidents or damage to property. 

In addition to preventing conflicts, these systems can also contribute to scientific research by 

providing accurate, timely data about animal behavior and movement patterns. Researchers can 

use the data generated by the system to study the ecological habits of different species, track 

migration routes, and monitor habitat use. The ability to monitor animals in their natural 

environment without disturbing their behavior is a significant advantage of automated wildlife 

monitoring systems. Moreover, the integration of sensor data with machine learning algorithms 

allows for continuous learning and improvement, ensuring that the system adapts to changing 

environmental conditions and evolving patterns in animal behavior. 
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While the potential benefits of using deep learning-based alert systems for wildlife monitoring 

are clear, there are also several challenges to consider. One of the primary challenges is the need 

for high-quality, diverse data that accurately represents various species, environments, and 

animal behaviors. Inadequate or biased datasets can lead to inaccurate predictions and false 

alarms, undermining the reliability of the system. Moreover, the systems must be able to operate 

in real-time, requiring high computational power and efficient algorithms that can process large 

volumes of data quickly. Deploying such systems in remote or rugged environments adds 

another layer of complexity, as these areas may lack reliable internet connectivity or access to 

cloud computing resources. 

The development of a hybrid deep neural network-based alert system for wildlife monitoring 

represents an exciting opportunity to improve the effectiveness of conservation efforts and 

enhance safety in regions where human-wildlife conflicts are prevalent. This approach has the 

potential to revolutionize wildlife management, providing a scalable, automated solution for 

monitoring and responding to wild animal activity. However, to achieve this vision, further 

research and development are needed to address the technical challenges of data quality, model 

robustness, and system scalability. The continued advancement of machine learning techniques, 

particularly in the areas of deep learning and sensor fusion, will play a critical role in shaping the 

future of wildlife monitoring systems. 

2. LITERATURE REVIEW 
Wildlife monitoring has become an essential component of modern conservation efforts, and 

technological advancements have significantly improved our ability to monitor animal activities 

in real-time. Over the years, a variety of monitoring techniques have been employed to 

understand wildlife behavior, mitigate human-wildlife conflicts, and improve conservation 

strategies. These techniques, ranging from traditional manual surveys to advanced sensor 

networks and machine learning algorithms, have evolved in complexity and effectiveness. 
1. Traditional Methods in Wildlife Monitoring 

Before the introduction of modern technologies, wildlife monitoring primarily relied on manual 

observation, field surveys, and tracking. While these methods are effective in specific contexts, 

they are labor-intensive, often limited in geographical scope, and can disturb the natural behavior 

of animals. Researchers would employ traditional techniques like animal tagging, radio collars, 

or visual observation to track animal movement, often leading to significant gaps in data, 

especially in remote areas (Sethi et al., 2020). These techniques, while providing valuable 

insights, are slow, resource-intensive, and do not offer real-time data, which makes them less 

practical for managing wildlife in dynamic environments. 

2. Sensor Networks in Wildlife Monitoring 

With advancements in sensor technology, wildlife monitoring systems have become more 

automated and efficient. The introduction of sensor networks has allowed for continuous, non- 

invasive monitoring of wildlife. Motion detectors, camera traps, infrared sensors, and acoustic 

sensors are commonly used to collect data on animal activities (Hernandez et al., 2019). These 

sensor networks are capable of gathering large amounts of data in a real-time setting, which 

provides a much broader scope for wildlife tracking compared to traditional methods. However, 

the challenge remains in processing and analyzing the massive datasets generated by these 

sensors in real-time. 

3. Artificial Intelligence and Machine Learning in Wildlife Monitoring 

To address the challenges of processing large volumes of data from sensor networks, machine 

learning (ML) and artificial intelligence (AI) techniques have been increasingly employed. These 
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techniques offer the potential to identify patterns, classify species, and predict animal movement 

by analyzing sensor data more efficiently than traditional methods. Recent studies have focused 

on using convolutional neural networks (CNNs) for image classification in wildlife monitoring. 

CNNs have proven to be particularly effective in identifying animals in images or videos 

captured by camera traps. These deep learning models can automatically extract features from 

raw images and classify them into distinct categories based on learned patterns (Sethi et al., 

2020). 

CNNs have demonstrated success in wildlife applications, such as species identification, 

counting, and detecting animal behavior. For example, a study by Azam et al. (2020) used CNNs 

for real-time identification of animal species from camera trap images. By training the CNN on a 

large dataset of labeled images, the model was able to identify various species with high 

accuracy, enabling automated wildlife monitoring in remote areas. This technology can 

significantly reduce the manual effort required for monitoring wildlife, allowing conservationists 

to focus on strategic decisions rather than time-consuming image labeling tasks. 

However, CNNs are primarily designed for spatial data and are limited when it comes to 

analyzing sequential data, such as temporal patterns of animal movements. Wild animals often 

exhibit predictable movement behaviors over time, such as migration or feeding schedules. 

Temporal data is crucial in understanding these patterns, which are vital for detecting anomalies, 

predicting future movements, and providing timely alerts to authorities. 

4. The Role of LSTM Networks in Temporal Data Analysis 

While CNNs have proven effective in spatial data processing, Recurrent Neural Networks 

(RNNs), particularly Long Short-Term Memory (LSTM) networks, have emerged as powerful 

tools for analyzing temporal data. LSTMs are designed to capture long-range dependencies in 

sequential data and are particularly suited for tasks like time-series prediction, speech 

recognition, and natural language processing. In wildlife monitoring, LSTMs can be applied to 

sensor data collected over time, such as temperature, humidity, or acoustic signals, to model the 

temporal dynamics of animal movements (Sethi et al., 2020). 

LSTMs have shown promise in tracking animal behavior, as they can model sequential patterns 

such as daily routines or seasonal migration trends. For instance, Shanker et al. (2021) 

demonstrated the use of LSTMs in predicting animal movements and detecting anomalies based 

on temporal data collected from wildlife sensors. The study found that LSTMs outperformed 

traditional models in detecting unusual activity patterns, such as animals entering human- 

populated areas, which can lead to dangerous encounters. 

The integration of CNNs and LSTMs offers a hybrid deep learning model capable of addressing 

both spatial and temporal aspects of wildlife monitoring. This hybrid model leverages the 

strengths of both CNNs (for spatial feature extraction from images or videos) and LSTMs (for 

analyzing temporal relationships in sensor data). The combination of these models allows for the 

detection of wild animal activity with a high degree of accuracy, providing real-time alerts to 

prevent human-wildlife conflict and improve conservation efforts. 

5. Hybrid Deep Learning Models for Wildlife Monitoring 

Several studies have explored the use of hybrid deep learning models for wildlife monitoring. By 

combining CNNs with LSTMs or other recurrent neural networks, these models can process both 

spatial and temporal data efficiently. One notable study by Bukhari et al. (2020) developed a 

hybrid model that combined CNNs with LSTMs to detect animal activities based on camera trap 

images and motion sensor data. The study found that the hybrid model was more accurate in 



AMERICAN JOURNAL OF AI CYBER COMPUTING MANAGEMENT 

Peer Reviewed, Referred & Indexed Journal 

E-ISSN:3069-0102 

VOL.6, NO. 1(1)(2026) 

93 

 

 

 

 

Received: 03-02-2026 | Accepted: 10-03-2026 | Published: 17-03-2026 | www.ajaccm.com 

detecting animal presence than individual models, providing valuable insights into species 

behavior and movement. 

Similarly, Yang et al. (2021) proposed a hybrid deep neural network model that utilized both 

CNNs and LSTMs to predict animal movement and generate alerts in real-time. This approach 

allowed the system to automatically identify and track wild animals, enabling the generation of 

timely alerts based on predicted animal movements. These hybrid models have the potential to 

enhance wildlife monitoring systems by offering more robust detection and prediction 

capabilities, even in challenging environments with limited data. 

6. Alert Systems in Wildlife Conservation 

Real-time alert systems are a crucial aspect of modern wildlife monitoring. These systems enable 

quick responses to animal activities, such as preventing human-wildlife conflicts, protecting 

endangered species, and ensuring the safety of local communities. Deep learning-based models, 

when integrated with sensor networks, can automatically trigger alerts when animals are detected 

in a specific area. Alerts can be sent to local authorities, wildlife rangers, or even to nearby 

residents, allowing them to take preventive measures or avoid danger. 

For example, a system developed by Khan et al. (2021) integrated deep learning models with a 

notification mechanism to generate alerts when certain animal species were detected near human 

settlements. The system was capable of identifying the species, analyzing their behavior, and 

providing context-based alerts to the relevant stakeholders. This approach was effective in 

reducing the frequency of wildlife encounters and mitigating potential risks. 

In addition to human-wildlife conflict prevention, alert systems can also play a vital role in 

conservation efforts by tracking endangered species and monitoring their habitats. Real-time 

alerts can notify conservationists when an endangered species enters an area that requires 

intervention or protection, allowing for timely conservation measures. 

7. Challenges and Future Directions 

Despite the promising results of hybrid deep learning models and alert systems in wildlife 

monitoring, several challenges remain. One major challenge is the collection of high-quality, 

diverse datasets that represent a wide range of animal species and environmental conditions. 

Inadequate or biased data can lead to inaccurate predictions, which in turn could reduce the 

effectiveness of the monitoring system. Another challenge is ensuring the scalability of the 

system in remote or rugged environments, where limited internet connectivity and computational 

resources may hinder the deployment of real-time alert systems. 

Moreover, ensuring that the alert systems are tailored to specific regions or animal species is 

essential. Different species may exhibit different behavior patterns, and local environments can 

influence the effectiveness of the sensors and the accuracy of deep learning models. Future 

research should focus on improving the generalization capabilities of these models and making 

them adaptable to various ecosystems and species. 

The integration of multimodal data, such as combining visual, acoustic, and motion sensor data, 

holds great promise for enhancing the accuracy of wild animal detection. Additionally, the use of 

edge computing to process data locally, rather than relying on cloud-based systems, could 

improve the speed and efficiency of real-time alert systems, especially in remote areas. 

3. METHODOLOGY 
The proposed system for detecting wild animal activity and generating real-time alert messages 

leverages the combination of sensor networks and hybrid deep neural networks. The system aims 

to provide an efficient, scalable, and automated solution for monitoring wildlife in remote areas, 

ultimately  reducing  human-wildlife  conflict  and  supporting  conservation  efforts.  The 
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methodology revolves around integrating data from various sensors, such as motion detectors, 

camera traps, and audio sensors, and using deep learning models to analyze and process this data. 

Data collection begins with the deployment of a network of sensors in wildlife habitats. These 

sensors include passive infrared motion sensors for detecting animal movements, camera traps 

for capturing images or videos, and audio sensors for recording animal sounds. These devices are 

strategically placed in areas where wildlife activity is most likely, such as near feeding grounds, 

migration paths, or water sources. The data collected from these sensors are then transmitted to a 

central processing unit for analysis. 

The primary analysis is carried out using a hybrid deep learning model that integrates 

Convolutional Neural Networks (CNNs) with Long Short-Term Memory (LSTM) networks. 

CNNs are used to process the images or videos captured by the camera traps, enabling the 

system to identify animals by recognizing spatial patterns, shapes, and textures. The LSTM 

component is employed to handle the sequential data generated by the motion and audio sensors, 

allowing the model to predict the temporal patterns of animal activity over time. The integration 

of these two models enhances the accuracy of the system, as CNNs are adept at spatial analysis 

while LSTMs handle time-dependent data, providing a comprehensive approach to animal 

activity detection. 

Once the system processes the sensor data, it generates alerts based on specific animal behavior 

patterns or activities. For example, if a large animal, such as a bear, is detected in an area near 

human settlements, the system triggers an immediate alert. The alerts are sent to local authorities, 

conservationists, or residents, depending on the location and severity of the detected activity. 

These alerts are delivered via a notification system that can include text messages, emails, or 

other forms of communication. The system's real-time nature ensures that relevant stakeholders 

can respond promptly to mitigate potential risks or intervene in conservation efforts. 

The entire system is designed to be scalable, flexible, and capable of operating in diverse 

environmental conditions. The data processing is optimized to run on edge computing devices, 

reducing the need for constant internet connectivity and enabling faster response times. By using 

hybrid deep learning models, the system can adapt to different wildlife species and habitats, 

offering a tailored solution for diverse ecosystems. 

4. PROPOSED SYSTEM 
The proposed system for wild animal activity detection is built on a foundation of advanced 

machine learning techniques and real-time sensor data processing. The hybrid deep learning 

model combines CNNs for spatial analysis and LSTMs for temporal data processing, which 

together provide a robust framework for identifying animal movements and behaviors. The 

system’s architecture is designed to integrate with existing wildlife monitoring setups, making it 

both efficient and adaptable to various types of wildlife environments. 

The proposed system is capable of handling large datasets generated by the sensors. By 

leveraging deep learning, the system can learn to differentiate between various types of animals 

and predict their movements, thereby enabling accurate detection. For example, in an area where 

multiple species coexist, the model can discern which animal is present based on its unique 

movement patterns and physical characteristics. Additionally, the LSTM network processes the 

temporal data, capturing patterns such as migration or nocturnal activity, which are essential for 

predicting animal behavior over time. 

The system includes a feedback loop that continually refines its predictions by learning from new 

sensor data. This continuous learning process ensures that the system improves in accuracy over 

time, adapting to changes in the environment or animal behavior. Moreover, the system can be 
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expanded by adding additional sensors or integrating more complex machine learning algorithms 

to enhance its capabilities. 

Real-time alerts are a key feature of the proposed system. Upon detecting an animal's presence in 

a specified area, the system generates an alert with detailed information, such as the species, 

location, and type of activity. These alerts are sent to relevant parties, including wildlife 

authorities, conservationists, and local communities, depending on the nature of the activity. The 

system’s alerts help mitigate potential risks, such as animal encounters near human populations 

or endangered species wandering into hazardous zones. 

The user interface of the system is designed to be intuitive and accessible, with a dashboard that 

provides visual insights into the data, such as activity heatmaps, species distribution, and alerts. 

Conservationists and wildlife experts can use this interface to monitor real-time data, review 

historical trends, and make informed decisions based on the insights provided by the system. 

5. RESULTS 
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6. CONCLUSION 
The proposed system for wild animal activity detection using hybrid deep neural networks 

provides a significant advancement in wildlife monitoring technology. By integrating CNNs and 

LSTMs, the system efficiently processes both spatial and temporal data, offering a 

comprehensive solution for real-time monitoring and alert generation. This hybrid approach 

ensures that the system can accurately detect wild animal activities, regardless of the species or 

environmental conditions, and provide timely alerts to mitigate risks. 

One of the key benefits of the proposed system is its ability to reduce human-wildlife conflicts, 

which are increasingly prevalent due to urban expansion and habitat encroachment. The real- 

time alerts provided by the system allow for immediate responses, reducing the likelihood of 

dangerous encounters between animals and humans. Additionally, the system can support 

conservation efforts by providing valuable insights into animal behavior, movement patterns, and 

habitat use, which are essential for protecting endangered species and preserving biodiversity. 

The proposed system is also highly scalable and adaptable to various ecosystems. Whether used 

in remote wilderness areas or near urban centers, the system can be customized to monitor 

different species and environmental conditions. The system’s flexibility ensures that it can be 

deployed in a wide range of wildlife conservation projects, offering a reliable and efficient tool 

for managing wildlife populations. 

While the system provides a powerful tool for wildlife monitoring, there are challenges to 

consider, such as ensuring data quality, minimizing false positives, and enhancing the scalability 

of the system in large or rugged environments. Additionally, the system’s dependency on sensor 

networks and computational resources may limit its deployment in areas with limited 

infrastructure. Future advancements in sensor technology, edge computing, and deep learning 

algorithms will be critical in addressing these challenges and further improving the system's 

capabilities. 

7. FUTURE SCOPE 
The proposed system represents a significant step toward more efficient and intelligent wildlife 

monitoring, but there are several avenues for future improvement and research. One area of 

future development is the integration of additional sensor types, such as GPS trackers, thermal 

imaging cameras, or advanced sound recognition sensors, which can provide more 

comprehensive data for animal activity detection. These additional sensors would help capture a 

wider variety of environmental conditions, such as weather patterns, temperature variations, or 

nighttime activity, which could enhance the accuracy of animal activity predictions. Another 
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promising direction for future work is the expansion of the hybrid model to include more 

advanced deep learning techniques, such as Generative Adversarial Networks (GANs) or 

Transformer models. GANs, for instance, could be used to generate synthetic data to train 

models in areas where data is scarce, thus enhancing the model’s performance. Transformer 

models, on the other hand, are known for their efficiency in processing large sequences of data 

and could further improve the system’s ability to analyze long-term animal behavior patterns. 

In terms of system deployment, the integration of edge computing and cloud platforms can help 

overcome connectivity challenges in remote areas. Edge computing would enable local data 

processing, reducing reliance on constant internet access and ensuring faster response times. 

Cloud integration could provide centralized data storage and analysis, making it easier to manage 

large-scale wildlife monitoring projects that span multiple regions or countries. Furthermore, 

incorporating human feedback into the system could improve its performance. By allowing local 

residents, wildlife authorities, or conservationists to provide real-time input on animal sightings, 

the system can learn from human expertise and refine its predictions. This hybrid approach, 

combining machine learning with human input, could make the system more adaptive and 

responsive to local wildlife conditions. The future of wildlife monitoring systems lies in their 

ability to integrate diverse data sources, incorporate advanced machine learning techniques, and 

operate efficiently in remote environments. As technology continues to evolve, these systems 

will become increasingly valuable tools for wildlife conservation, providing real-time insights 

into animal behavior and helping to protect biodiversity around the world. 
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