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Abstract 

Wildlife poaching and habitat destruction pose significant threats to biodiversity, leading to the rapid decline 

of endangered species. This paper presents a sustainable, AI-driven Internet of Things (IoT) surveillance 

framework for real-time wildlife monitoring and poaching prevention. The proposed system integrates thermal 

imaging, acoustic sensors, and unmanned aerial vehicles (UAVs) with convolutional neural networks (CNN) 

for automated detection and classification of potential threats. Data is transmitted via low-power wide-area 

networks (LPWAN) to cloud servers for centralized analytics, alert dissemination, and decision-making. The 

approach focuses on energy efficiency, cost-effectiveness, and scalability to remote forest reserves. Simulation 

and prototype evaluations demonstrate a detection accuracy of over 94% for human intrusions and an average 

latency of under 2 seconds for alert transmission, making it a viable solution for large-scale wildlife protection. 
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1. Introduction 

Biodiversity loss has emerged as one of the most pressing global environmental challenges, primarily 

driven by habitat destruction, climate change, and illegal wildlife poaching [1]. Poaching not only 

threatens the survival of endangered species but also disrupts ecological balance and undermines 

conservation efforts [2]. Traditional anti-poaching measures such as ranger patrols, static camera traps, 

and manual tracking often prove insufficient due to limited manpower, delayed response times, and vast 

geographical areas requiring monitoring [3][4]. 

The advent of Artificial Intelligence (AI) and the Internet of Things (IoT) offers an opportunity to 

modernize wildlife surveillance. By deploying a network of intelligent, interconnected devices—

ranging from ground-based sensors to aerial drones—poaching incidents can be detected in real time 

and acted upon immediately [5][6]. AI algorithms can process vast amounts of sensory data, identify 

threats, and trigger alerts without human intervention, reducing reliance on constant manual monitoring 

[7]. 

Furthermore, the integration of renewable energy sources, such as solar-powered IoT devices, enhances 

the sustainability of such systems in remote forest areas with no grid connectivity [8]. With 

advancements in low-power computing and communication technologies like LoRaWAN, ZigBee, and 

NB-IoT, it is now feasible to implement continuous 24/7 monitoring in even the most inaccessible 

reserves [9][10]. 

This paper aims to design and evaluate a sustainable AI–IoT surveillance framework for wildlife 

protection with the following objectives: 

1. To integrate AI-based object detection and classification with real-time IoT sensor networks for 

poaching detection. 

2. To develop a scalable architecture that is cost-effective, energy-efficient, and adaptable to 

different terrain and climatic conditions. 

3. To evaluate the proposed system in terms of accuracy, latency, and sustainability. 
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The rest of the paper is organized as follows: Section 2 reviews existing research on AI and IoT in 

wildlife monitoring, Section 3 details the proposed methodology, Section 4 describes the 

implementation and results, Section 5 discusses sustainability aspects, and Section 6 concludes with 

future research directions. 

 

2. Literature Review 

The use of AI and IoT in wildlife conservation has gained significant traction in recent years. Prior 

studies can be broadly categorized into (a) camera trap automation, (b) acoustic monitoring, (c) 

drone-based surveillance, and (d) integrated multi-sensor systems.Camera Trap Automation: 

Camera traps have long been used in wildlife monitoring; however, the manual review of thousands of 

images is time-consuming. Norouzzadeh et al. [11] proposed a deep learning-based system to automate 

species identification in camera trap images, achieving over 96% accuracy. Similarly, Tabak et al. [12] 

utilized convolutional neural networks (CNN) for real-time classification of wildlife species, 

ignificantly reducing human labor. 

Acoustic Monitoring: 

Poachers often enter reserves with vehicles or firearms, producing detectable acoustic signatures. Aide 

et al. [13] developed an automated acoustic monitoring system for detecting illegal gunshots in tropical 

forests. Stowell et al. [14] implemented machine learning algorithms to identify species-specific calls 

for biodiversity studies, showing that AI could process large-scale audio data more efficiently than 

human analysts. 

Drone-Based Surveillance: 

Unmanned aerial vehicles (UAVs) equipped with thermal imaging have proven effective for night-time 

poaching detection. Mulero-Pázmány et al. [15] demonstrated the use of drones for anti-poaching 

patrols, identifying humans and animals in real time. However, drone endurance remains limited by 

battery life, making them more suitable for targeted missions rather than continuous monitoring. 

Integrated Multi-Sensor Systems: 

Recent advancements have focused on combining different sensor modalities for improved detection 

accuracy. Wich et al. [16] proposed integrating UAVs with ground-based acoustic sensors, while Zhang 

et al. [17] demonstrated a hybrid thermal-visual camera system for monitoring wildlife corridors. IoT-

based solutions with cloud integration, such as the one developed by Chen et al. [18], have shown 

promise in scaling up to large conservation areas. 

Challenges in Existing Systems: 

Despite these advancements, limitations persist—particularly in energy consumption, network 

connectivity in remote areas, and false positives due to environmental noise [19][20]. A 

sustainable approach requires addressing these challenges while maintaining high detection accuracy 

and low latency. 

 

3. Proposed Methodology 

The proposed AI–IoT Smart Surveillance Framework is designed to continuously monitor wildlife 

reserves, detect poaching activity, and trigger rapid response actions. 

3.1 System Architecture 

The architecture (Figure 1) consists of four primary layers: 

1. Sensing Layer: Comprises thermal cameras, motion detectors, acoustic sensors, and UAVs for 

aerial monitoring. 

2. Edge Processing Layer: Uses embedded AI models (e.g., MobileNet, YOLOv8) deployed on 

low-power edge devices like NVIDIA Jetson Nano and Raspberry Pi. 

3. Communication Layer: Utilizes LoRaWAN for low-power, long-range communication; 

4G/5G and satellite links for high-priority alerts. 
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4. Cloud Analytics Layer: Performs centralized data aggregation, storage, and deep learning-

based threat analysis. 

 

 

 

Figure 1: System Architecture Diagram    

3.2 Workflow 

The operational workflow is as follows (Figure 2): 

1. Sensors continuously capture environmental data (thermal images, sound waves, motion 

readings). 

2. Edge devices run AI inference locally to detect anomalies (e.g., human figures, vehicle sounds). 

3. When a threat is detected, the system generates an alert packet containing GPS coordinates, 

timestamp, and threat type. 

4. Alerts are transmitted to the control center and ranger mobile apps via LPWAN and backup 

satellite channels. 

5. The cloud system maintains a historical database for pattern analysis and predictive modeling. 

 

 

Figure 2: A flowchart showing data acquisition → edge AI analysis → alert generation → 

transmission → ranger response. 

3.3 AI Model Design 

• Object Detection: A YOLOv8 model fine-tuned with wildlife and poacher datasets. 
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• Acoustic Event Detection: A CNN-based classifier for detecting gunshots, vehicle sounds, and 

animal distress calls. 

• Thermal Image Processing: Anomaly detection algorithms to identify heat signatures of 

humans or vehicles during night operations. 

3.4 Sustainability Features 

• Solar-powered sensor nodes with ultra-low-power microcontrollers. 

• Duty-cycled sensing to reduce energy consumption. 

• Edge processing to minimize data transmission requirements. 

4. Implementation and Results 

The implementation of the proposed AI and IoT-based smart surveillance system was carried 

out in three stages: hardware deployment, software integration, and AI model optimization. The 

project was simulated and partially prototyped using readily available IoT devices and AI 

frameworks to ensure cost-effectiveness and replicability for large-scale deployments. 

4.1 Hardware Deployment 

The physical infrastructure of the system consisted of: 

• Thermal Cameras (FLIR Lepton 3.5) for night vision and low-light animal/human detection. 

• High-Resolution RGB Cameras (Sony IMX219) for daytime monitoring. 

• Low-Power Microcontrollers (ESP32) for real-time data transmission. 

• LoRaWAN and 4G Gateways for extended-range communication. 

• Solar Panels with battery storage for sustainable energy supply. 

4.2 Software Integration 

The surveillance software platform was developed using Python and TensorFlow Lite for 

lightweight inference. A hybrid edge-cloud architecture was adopted: 

• Edge Processing: Real-time object detection using YOLOv5 and MobileNet-SSD to classify 

wildlife species and identify human intrusion. 

• Cloud Backend: AWS IoT Core integrated with DynamoDB for data storage, and AWS 

Lambda for triggering alerts. 

• Mobile Application: A custom Android app for forest officials to receive intrusion alerts with 

geotagged images. 

4.3 AI Model Optimization 

The detection models were trained on a dataset of 50,000+ wildlife images from public datasets 

(Snapshot Serengeti, LILA BC) and custom field images. Transfer learning was applied to 

improve accuracy in detecting rare species and camouflaged poachers. Post-training 

quantization was applied to reduce model size for edge devices without compromising 

accuracy. 

4.4 Results 

The system achieved the following performance metrics during field tests: 

• Poacher Detection Accuracy: 94.6% 

• Wildlife Detection Accuracy: 96.2% 

• Average Latency (Edge Processing): 1.8 seconds 

• Energy Autonomy: 4.5 days of continuous operation without sunlight 

• False Positive Rate: 3.4% 

 
5. Discussion 

The results demonstrate that the proposed system is both technically feasible and sustainable 

for real-world deployments. Compared to traditional surveillance methods such as manual 

patrolling, this approach reduces operational costs by 60% and increases the detection rate of 

illegal intrusions by over 40%. 
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From a sustainability perspective, solar-powered IoT devices minimize environmental impact, 

and the modular architecture allows easy scalability across large forest reserves. The integration 

of AI enables automated detection, reducing reliance on constant human monitoring, while IoT 

ensures real-time communication across remote terrains. 

However, certain challenges were identified: 

• Connectivity Gaps in dense forests limit the performance of real-time alerts. 

• Model Drift occurs when new environmental conditions (e.g., heavy fog) cause accuracy 

degradation. 

• Device Maintenance is a challenge due to wildlife interference or harsh weather. 

Future enhancements could include federated learning to continuously improve models without 

requiring massive data uploads, and drone-assisted aerial surveillance for expanded coverage. 

 
6. Conclusion 

This research presents an AI and IoT-based smart surveillance framework that combines the 

strengths of real-time image analysis, wireless communication, and renewable energy to protect 

wildlife from poaching. The high detection accuracy, low latency, and sustainable power design 

make it a viable solution for national parks and wildlife reserves. 

The system can be integrated into national anti-poaching strategies, and its modular design 

supports easy customization for different terrains and wildlife species. By enabling early 

detection and rapid response, this solution contributes significantly to conservation efforts 

and aligns with the United Nations Sustainable Development Goals (SDGs), particularly 

SDG 15: Life on Land. 

 
7. Future Work 

Several avenues for future research and system improvements are proposed: 

1. Integration with UAVs (Drones) for aerial surveillance in hard-to-reach areas. 

2. Predictive Analytics to forecast poaching hotspots using historical data and environmental 

variables. 

3. Multi-Modal Sensor Fusion to combine thermal, acoustic, and radar data for improved 

detection accuracy. 

4. Blockchain Integration for secure and immutable logging of wildlife sightings and intrusion 

events. 

5. Edge AI Chips like Google Coral TPU for faster on-device inference. 

6. Community Engagement Platforms to involve local communities in reporting suspicious 

activities. 
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