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Abstract : Human—monkey conflicts in cities and surrounding areas are growing into serious problems. They threaten safety,
damage property, and disrupt daily routines. Traditional solutions, like manual monitoring and makeshift barriers, don’t address the
problem at its core and can’t keep up in real time. Our project introduces a smart embedded system using Al and computer vision
to automatically detect monkeys and give early warnings when they intrude. The system watches for movement, spots monkeys in
real time, and then triggers both alerts and deterrents to head off trouble before it happens.

Index Terms - Al, Embedded systems, Deterrence Mechanism, Object Detection.

INTRODUCTION

Avtificial intelligence (Al) and embedded vision systems are being widely used for monitoring and automating through smart
applications through multiple industries (i.e., environmental monitoring and public safety system [4], [7]). Recent improvements
made with deep learning technology and edge computer systems enable the real-time processing of visual data to allow for
intelligent decision making.

The human-monkey conflict that is taking place in cities and suburbs has reached a critical point, with damage to homes and
property, theft of food and/or danger to the public [1], [5], [6]. The current mitigation strategies utilize only manual monitoring
along with standard forms of deterrence, which provides no predictive intelligence or automated capabilities.

Many studies have recently demonstrated the ability to detect monkeys within wildlife with deep learning models such as YOLO
and CNNs [1], [6], [9]. However, many of the current solutions require large amounts of computing resources, making it impossible
to deploy them on an embedded or mobile based system.

This work aims to provide a new MobileNet-based Embedded detection system that will be able to classify in real-time the presence
of monkeys, humans and unknown objects. The system will also include the capabilities of processing data on edge-devices,
automating alerting and providing humane deterrence mechanisms to develop a proactive, scalable solution.

Il. LITERATURE SURVEY

1. P. R. Reddy, M. Vinay Kumar, K. H. Vijaya Kumari, T. Prathima and S. Katta [1] addressed the increasing issue of monkey
intrusion in urban and semi-urban regions by proposing an automated detection system using the YOLO object detection framework.
The authors highlight the shortcomings of conventional deterrence methods such as human guards, physical barricades, and noise-
based repellents, which are often ineffective and reactive.

The YOLO model is trained on a dataset containing monkey images captured under diverse environmental conditions, including
varying illumination, background clutter, and occlusion. Its single-stage detection architecture enables fast processing suitable for
real-time applications. Experimental results demonstrate high detection accuracy and low latency, proving feasibility for deployment
in residential colonies, temples, schools, and marketplaces. Once detected, the system triggers alerts or connects to automated
deterrent mechanisms. However, the study primarily focuses on detection and does not explore behavioral analysis or predictive
intrusion modeling.
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2. J. Metta, R. Yalavarthi and P. V. Yeswanth [2] introduced TSFPRN for classification of monkey species using the Thirty Six Fold
Perpetuated Residual Network, emphasizing that different species exhibit distinct behavioral patterns, aggression levels, and
adaptability to urban environments. The TSFPRN architecture builds upon deep residual learning principles, enabling complex
feature extraction while avoiding vanishing gradient issues. Trained on diverse real-world monkey images, the model demonstrates
superior classification accuracy over traditional CNNSs, particularly in distinguishing visually similar species. Species-level
identification supports more effective and targeted conflict mitigation strategies. The authors suggest integrating such classification
models with real-time surveillance systems for improved wildlife management. However, real-time deployment constraints such as
computational complexity and hardware limitations are not extensively addressed.

3. G. A. Zeeshan, K. Soma, S. A. Khan, N. Kalita, S. K. Sulaiman and M. Karthik [3] proposed a cyber-physical intrusion detection
framework combining deep learning, swarm intelligence, and blockchain technology. A hybrid GRU-LSTM model optimized using
Spider Monkey Optimization improves detection performance by enhancing learning efficiency and reducing false alarms.
Blockchain integration ensures data integrity, secure communication, and resistance to tampering. Although primarily focused on
cyber-physical systems, the methodology is highly relevant to intelligent wildlife monitoring. Al-based surveillance systems rely on
distributed sensors and networked cameras, making them vulnerable to cyber threats. The secure and reliable architecture proposed
here can be adapted to protect surveillance data and alert mechanisms in animal intrusion

4 F.He, L. Liand S. Li [4] proposed a deep learning- based algorithm for automatic disaster detection using remote sensing imagery,
focusing on early detection and large-scale monitoring to minimize damage and improve response time. Convolutional neural
networks are used to analyze spatial patterns and identify abnormal events across wide geographic areas, with emphasis on feature
extraction, model optimization, and real-time analysis. Though targeting disaster management, its principles are directly applicable
to wildlife intrusion monitoring. Techniques for identifying disaster-prone regions can be adapted to map monkey intrusion hotspots
and movement corridors. The emphasis on scalable monitoring aligns with city-wide deployment of intelligent wildlife management
systems, strengthening the case for integrating deep learning with environmental surveillance for proactive intervention.

5. R. Pillai, R. Gupta, N. Sharma and R. K. Bansal [5] developed a comprehensive deep learning framework for detecting and
classifying ten monkey species using convolutional neural networks, emphasizing the importance of species identification for
ecological research, conservation, and behavior analysis. The model is trained on a diverse dataset under varying environmental
conditions, achieving high classification accuracy and demonstrating the ability to distinguish species with subtle visual differences.
Species-level understanding enables authorities to assess risk levels and select appropriate deterrent measures, supporting targeted
mitigation strategies that reduce unnecessary conflict escalation. Although the study does not focus on real-time deployment, its
classification framework complements detection-based systems and enhances overall system intelligence for human—monkey conflict
management.

6. V. M, N. Marupaka, S. C. Nallamothu and A. Naureen [6] applied YOLOV7 for effective monkey detection in real-world
environments, selected for its enhanced feature extraction, optimized architecture, and real-time processing capability. The model is
trained on images captured under diverse conditions including varying backgrounds, lighting, and partial occlusions. Performance
evaluation demonstrates improved precision, recall, and detection speed compared to earlier YOLO versions, confirming reliability
in dynamic outdoor scenes. The system's potential integration with alert mechanisms and automated deterrents enables rapid response
upon detection. The study highlights the advantages of deep learning over traditional motion sensors and rule-based approaches,
though it does not deeply explore behavior analysis or long-term prediction of monkey movements.

7. N. Gupta, R. Malladi, S. Naganjaneyulu and S. Balhara[7] proposed an optimized attention-induced multi-head convolutional
neural network for intrusion detection in vehicular ad hoc networks. The attention mechanism focuses on critical features while
suppressing irrelevant information, enhancing detection accuracy and reducing false positives — crucial for real-time monitoring
systems. The multi-head architecture allows parallel feature extraction, improving robustness against complex and noisy data patterns.

In the context of monkey intrusion detection, attention-based feature learning can enhance visual recognition by prioritizing animal-
specific cues such as shape, movement patterns, and posture. The framework’s emphasis on scalability, low latency, and adaptability
makes it suitable for dynamic urban environments, offering valuable insights for improving accuracy and resilience in wildlife
surveillance systems.

8. X. Tan [8] applied explores Spider Monkey Optimization applied to a multilayer perceptron for grammar error correction. Inspired
by the social foraging behavior of spider monkeys, the optimization technique fine-tunes neural network weights and learning
parameters, demonstrating improved convergence speed and classification accuracy over conventional training methods.

The study highlights the effectiveness of swarm intelligence in avoiding local minima and improving model generalization. Although
rooted in natural language processing, the optimization approach is transferable to computer vision and intrusion detection domains.
Applied to monkey intrusion detection systems, such techniques can improve training efficiency, reduce false detections, and enhance
real-time performance — all critical requirements for public safety applications.

9. S. V. Saishruti, S. V. Krishnaraj, V. K, M. R. B, A. V. Kandasamy and L. Joel [9] presented an advanced animal intrusion detection
system using YOLOV11, highlighting improvements in accuracy, speed, and adaptability over previous detection models. The system
focuses on detecting various animals entering restricted zones with applications in farms, highways, and public spaces. YOLOv11's
enhanced architecture enables robust detection even in challenging conditions, demonstrating high accuracy across multiple animal

JETNR2606150 Journal of Emerging Trends and Novel Research (www.jetnr.org) b246



http://www.jetnr.org/

© 2026 JETNR | Volume 4, Issue 6 June 2026 | ISSN: 2984-9276 | JETNR.ORG

species. Real-time alert generation and potential integration with automated deterrent mechanisms are discussed, along with
scalability and adaptability for broader deployment. The study directly supports the feasibility of deploying next-generation object
detection models for intelligent

10. M. Jayanthi Rao, S. Bala Krishnan, R. Kiran Kumar and P. Chakrabarti [10] proposed an integrated Al-loT framework for real-
time animal threat detection and farm security, combining deep learning-based visual detection with loT-enabled sensors and
automated alert mechanisms. The system supports continuous monitoring, real-time alerts, and remote access through cloud
platforms, demonstrating improved response times and reduced false alarms. Scalability, energy efficiency, and practical deployment
considerations are emphasized throughout.

In the context of urban monkey menace management, this work provides a strong reference for integrating Al detection with loT
infrastructure. Its holistic approach demonstrates how intelligent systems can enhance public safety while minimizing human
intervention, aligning closely with smart city initiatives and proactive technology-driven wildlife management solutions.

. PROPOSED SYSTEM

Our system is built with city living in mind. It’s got three main pieces: a camera for ongoing image capture, a MobileNet-powered
image classifier, and a whole suite of 10T sensors and alert features. The deep-learning model uses depthwise separable convolutions,
making it super efficient—perfect for running on modest hardware out in the field. Here’s how it works: The camera and sensors keep
tabs on what’s happening, picking up movement and recognizing if it’s a monkey, a person, or something else.

The system can even watch for behavior patterns, so it’s not just reactive—it can guess when trouble might be brewing and give
everyone a heads-up before things go wrong. If it confirms there’s a real risk—say, monkeys are closing in—the system kicks off
deterrent actions. Think flashing lights and non-invasive sounds. These are designed to bother the monkeys just enough to scare them
off without harming them (or people). Meanwhile, anyone nearby—residents, security, or building managers—gets an automatic
notification with the location of the incident.

Over time, the system logs where and when monkeys turn up. This lets communities tweak their approach, focusing efforts on trouble
spots and timing deterrents for maximum effect. By combining edge computing, efficient deep learning, and ethical tactics, we’re
helping communities move from simply reacting to monkey problems, to staying prepared, sustainable, and humane.
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The proposed system operates through an integrated pipeline of image acquisition, Al-based detection, wireless communication, and
automated deterrence. The ESP32-CAM module continuously captures real-time video frames from the monitored environment,
powered by a dedicated power supply unit. Each captured frame is processed using the MobileNetV2 deep learning model to classify
the detected object as Monkey, Human, or Unknown.

Upon detection, the result is transmitted wirelessly via a Wi-Fi transmitter to a Wi-Fi receiver connected to the laptop, which hosts
the Python-based Al detection script. The laptop processes the incoming frames, runs the classification model, and broadcasts the
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detection result as a UDP (User Datagram Protocol) packet — selected for its low latency and minimal overhead — to the ESP8266
microcontroller via UDP Rx.

The ESP8266 microcontroller receives the UDP packet, updates the Arduino loT Cloud dashboard for real-time remote monitoring,
and immediately activates the buzzer as an audible alert upon monkey detection. A dedicated power supply unit ensures stable and
continuous operation of the response unit.

The overall data flow of the system is as follows: ESP32-CAM captures frames — Wi-Fi transmits to Laptop — Al model classifies

— UDP broadcasts result — ESP8266 triggers Buzzer and loT Cloud Alert, forming a complete, automated, and proactive monkey
detection and deterrence pipeline.

RESULTS & DISCUSSION

Tests show this system really helps tackle monkey troubles. It spots monkeys in real time—day or night, in all kinds of lighting—
and sounds the alarm before they even cause problems. With automated detection, there’s much less need for people to keep constant
watch, reducing missed sightings and slow responses.

The system also maps out where monkeys show up most, so authorities know where to put deterrents or step up patrols. Unlike old-
school, static devices, this setup adapts its response, keeping monkeys on their toes and maintaining its effectiveness. The ultrasonic
deterrents do their job too. They keep monkeys away, but don’t hurt them or cause lasting stress, which is better than harsher old
methods.

In field trials, property damage dropped, and communities felt safer thanks to quicker warnings and rapid response. Connecting the
systemto Arduino loT Cloud lets people watch for alerts or get notified instantly—even from miles away. When a monkey is spotted,
the system instantly triggers the warning and launches its deterrent. If monkey detected, alert notification is generated and output
(ultrasonic frequency) is generated.

Performance is evaluated using standard classification metrics:
Accuracy = (TP+TN) / (TP+TN+FP+FN)

Precision=TP /(TP+FP) Recall = TP / (TP+FN)

The MobileNetV2 model achieves high classification accuracy with low false positive rates, suitable for real-time embedded
deployment. The system's modular design ensures scalability across diverse urban settings — from small residential colonies to large
institutional campuses. Energy-efficient solar-powered components further enhance feasibility in semi-urban regions with limited
infrastructure.

Iv CONCLUSION

We’ve shown that our MobileNet-based framework for detecting and deterring monkeys is a real step forward for city (and semi-
urban) life. By pulling together real-time image classification, on-device computing, and auto-notifications, the system gives people
the upper hand in monkey conflicts.

Its lightweight design makes it perfect for low-power devices, yet it still delivers the accuracy folks need. Most important, it supports
peaceful and humane ways to live alongside wildlife.
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v FUTURE ENHANCEMENTS

Next up, we’re aiming to make detection even more robust. Plans include adding thermal cameras and sound sensors alongside the
visuals, so low light or obstructions don’t matter much. Integrating GIS will help chart and predict monkey movements. Improved
edge computing will keep things snappy and more private, which matters for communities without reliable internet. We’re also
developing user-friendly mobile apps, so residents can get updates and alerts in real time and maybe even pitch in actively to solve
the problem. Larger field trials in different urban areas will help us fine-tune everything and measure long-term benefits.
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