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ABSTRACT  

 Post-harvest grain losses caused by birds are the 

major challenge in agricultural storage facilities, resulting 

in reduced grain quality, contamination, and significant 

economic losses. Conventional bird deterrence 

techniques such as scarecrows, reflective tapes, and 

continuous sounds emitters gradually become ineffective 

because birds adapt to these static methods over time. To 

address these limitations, this research proposes an AI-

Powered Bird Detection and Deterrence System that 

integrates deep learning with the Internet of Things (IoT) 

to provide intelligent and automated grain storage 

protection. The proposed system employs the YOLO 

object detection algorithm to identify birds in real time 

using live video captured through a camera. Once a bird 

is detected, the system immediately activates a deterrence 

mechanism consisting of a buzzer connected to an ESP32 

microcontroller while simultaneously sending 

notifications to the user through the Blynk IoT platform. 

This Automation minimizes the need for continuous 

human monitoring and enables timely intervention. The 

proposed system is designed to achieve high detection 

accuracy, rapid response time, and low operational cost 

while promoting environmentally friendly crop 

protection practices. Experimental implementation 

demonstrates that integrating artificial intelligence with 

IoT enhances the efficiency of bird detection, reduces 

grain losses, and provides a scalable solution suitable for 

warehouses, grain storage facilities, and agriculture 

technologies for sustainable post-harvest grain 

management.  
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1.INTRODUCTION  

 

Birds cause significant post-harvest grain losses by 

consuming and contaminating stored grains. Traditional 

deterrent methods such as scarecrows and sound devices 

become ineffective over time because birds adapt to them. 

Therefore, an intelligent and automated solution is 

required to improve grain storage security. 

This paper proposes an AI-powered Bird Detection 

and Deterrence System that combines the YOLO object 

detection algorithm with IoT technology. The system 

detects birds in real time using a camera, activates a buzzer 

through an ESP32 microcontroller, and sends instant 

notifications via the Blynk platform. The proposed system 

reduces manual monitoring, minimizes grain losses, and 

provides a cost-effective, reliable, and environmentally 

friendly solution for smart agricultural storage.  

1.1 Problem Statement  

Birds cause significant damage to stored grains, leading 

to economic losses and reduces grain quality. Traditional 

bird deterrence methods become ineffective over time 

and require continuous monitoring. Therefore, an AI and 

IoT-based automated system is needed to detect birds in 

real time and effectively protect grain storage facilities. 

1.2 Objectives  

The objective of this research is to develop an AI-

powered bird detection and deterrence system that uses 

the YOLO model to identify birds in real time with 

approximately 95% detection accuracy. The system 

integrates an ESP32-based IoT module to provide non-

lethal bird deterrence by activating a buzzer and sending 

instant notifications through the Blynk platform. It aims 

to reduce post-harvest grain losses while providing a 

reliable, cost-effective, and environmentally friendly 

solution for grain storage security.  
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Fig 1: Sample birds which affect the Post harvesting     grains 

Birds such as pigeons, parrots, sparrows and hens are 

major pests affecting post-harvest grain storage. They 

consume stored grains, contaminate them with dropping 

and feathers, and damage storage bags, resulting in 

reduced grain quality and economic losses. The proposed 

AI-based system detects these bird species with 

approximately 95% accuracy and employs a non-lethal 

deterrence mechanism to safely repel them, ensuring 

effective and environmentally friendly grain protection. 

2. RELATED WORK 

[1] Redmon and Farhadi, 2018, proposed YOLO3, a real-

time object detection algorithm based on the Darknet-

53 ARCHITECTURE. The model introduced multi-

scale feature extraction, enabling fast and accurate 

object detection in complex environments. Its high 

processing speed makes it suitable for real-time 

surveillance and agricultural monitoring applications. 

[2] Jocher et al. 2023, introduced YOLOv8, an advanced 

object detection model that provides improved 

detection accuracy, faster inference, and simplified 

architecture compared to previous YOLO versions. 

The model performs efficiently in real-time 

applications, making it suitable for bird detection and 

smart agriculture systems. 

[3] He et al. 2016, developed the Residual Network 

(ResNet) architecture, which uses skip connections to 

overcome the vanishing gradient problem in deep 

neural networks. ResNet significantly improved 

image classification performance and has been widely 

adopted for feature extraction in computer vision 

tasks. 

[4] Oliveira et al. 2018, proposed a CNN-based bird 

detection system for agricultural fields. Their research 

demonstrated that convolutional neural networks can 

accurately identify bird species under different 

environmental conditions, reducing crop damage 

through timely detection. 

[5] Chlingaryan et al. 2018, reviewed the application of 

Artificial Intelligence and IoT in precision 

agriculture. Their study emphasized the importance of 

real-time monitoring, automated decision-making, 

and sensor-based technologies for improving 

agricultural productivity and minimizing manual 

intervention. 

[6]  Tracey et al. 2017, reviewed conventional bird 

deterrence techniques, including scarecrows, 

reflective tapes, nets, and acoustic devices. The study 

concluded that birds gradually adapt to these 

traditional methods, reducing their long-term 

effectiveness and highlighting the need for intelligent 

automated solutions. 

[7] Kellenberger, Marcos, and Tuia 2020, presented deep 

learning techniques for wildlife detection and 

monitoring using aerial and ground-based imagery. 

Their study demonstrated that object detection models 

can accurately identify birds and animals in complex 

outdoor environments, supporting biodiversity 

monitoring and agricultural protection.  

[8] Zhang et al. 2021, developed an IoT-enabled 

intelligent monitoring system for smart agriculture 

that integrates cameras, wireless communication, and 

cloud computing. The system provided real-time 

monitoring, automated alerts, and remote 

management, improving crop protection and resource 

utilization. 

RESEARCH GAP 

Existing bird detection systems mainly focus on 

monitoring and often lack automated deterrence, real-

time IoT notifications, and non-lethal bird control. 

Traditional deterrence methods become ineffective over 

time as birds adapt to them. To address these limitations, 

the proposed system integrates YOLO, ESP32, and the 

Blynk IoT platform to provide approximately 95% 

detection accuracy, real-time alerts, and a non-lethal 

deterrence mechanism for effective post-harvest grain 

protection. 

3. METHODOLOGY 

The development of the proposed AI-Powered Bird 

Detection and Deterrence System follows a systematic 

methodology consisting of requirement analysis, system 

design, coding, implementation, testing, and maintenance 

to ensure reliable and efficient operation. 
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Phase 1: Data Acquisition & AI Model Development 

 

Data Collection: Gather thousands of images and video 

clips of target pest species (e.g., sparrows, rats, pigeons, 

squirrels) in various lighting conditions and angles. Also, 

collect "negative" data (empty scenes, farm workers, etc.) 

to reduce false positives. 

 

Data Preprocessing: Label the data (a process called 

annotation) to train the model. Augment the dataset by 

flipping, rotating, and altering images to improve model 

robustness. 

Model Selection & Training: Choose a suitable real-time 

object detection model (e.g., YOLO (You Only Look 

Once), SSD (Single Shot MultiBox Detector)). Train the 

model on the labeled dataset using a powerful computer 

with a GPU. 

Model Validation: Test the trained model on a separate, 

unseen validation dataset to measure its accuracy, 

precision, and recall. Fine-tune the model until it meets 

the target performance metrics. 

 

Phase 2: Hardware Integration & Deterrence 

Mechanism 

 

Sensor Suite Selection: Choose appropriate hardware 

components: 

Camera: A Raspberry Pi Camera Module or an IP camera 

with good low-light performance. 

Processing Unit: A single-board computer like a 

Raspberry Pi 4 or Jetson Nano for edge computing, 

capable of running the AI model locally. 

 

Deterrent Actuators: Select humane, non-lethal deterrents 

such as: 

Audible: High-frequency, ultrasonic speakers or recorded 

predator calls. 

Visual: High-intensity strobe lights or laser patterns. 

Physical: A brief, targeted burst of air or water (if 

appropriate for the storage environment). 

 

System Integration: Connect the camera to the processing 

unit. Write code (e.g., in Python) to capture video, run the 

AI model on each frame, and trigger the deterrent 

mechanisms via relays or motor drivers when a pest is 

detected. 

 

 

 

 

Phase 3: Testing & Deployment 

 

Lab Testing: Test the integrated system in a controlled 

environment to ensure all components work together 

seamlessly. 

Field Pilot Program: Deploy the prototype at a working 

grain storage facility (e.g., a silo, warehouse). Collect 

data on its performance, reliability, and effectiveness in a 

real-world setting. 

Iterative Improvement: Use feedback and data from the 

field test to refine the AI model and improve the system's 

hardware and software. 

 

4. SYSTEM ARCHITECTURE 

 

 
Fig 2: system architecture 

 

The proposed system uses a camera module to capture 

real-time images of the grain storage area. The captured 

images are processed by the YOLO model to detect 

birds, and the ResNet100/CNN model classifies the 

detected bird species with approximately 95% accuracy. 

The detection result is sent to the ESP32 controller, 

which activates a non-lethal buzzer to scare the birds 

away and simultaneously sends real-time alerts through 

the Blynk platform. Users receive notifications on the 

Blynk mobile application, enabling remote monitoring 

and effective protection of post-harvest grain storage. 
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5. TOOLS AND TECHNOLOGY 

 

The proposed system integrates Artificial Intelligence 

(AI), Deep Learning, Computer Vision, and the 

Internet of Things (IoT) to automate bird detection and 

deterrence. It uses YOLO for real-time bird detection 

with approximately 95% accuracy, Python and 

OpenCV for image processing, an ESP32 

microcontroller to control the non-lethal buzzer, and the 

Blynk IoT platform to send instant notifications for 

remote monitoring. This integration provides an efficient, 

reliable, and environmentally friendly solution for post-

harvest grain storage protection. 

 

Python 

Python is the primary programming language used to 

develop the bird detection system. It provides libraries 

such as OpenCV and Ultralytics YOLO for image 

processing, object detection, and system integration. 

Python also enables communication between the AI 

model and the ESP32 microcontroller. 

 

YOLO (You Only Look Once) 

YOLO is a deep learning-based object detection 

algorithm used to detect birds in real time. It identifies 

bird species such as pigeons, parrots, sparrows, and hens 

with approximately 95% detection accuracy, making it 

suitable for real-time monitoring applications. 

OpenCV 

OpenCV is an open-source computer vision library used 

for image capture, preprocessing, and video frame 

analysis. It processes live camera input and prepares 

images for the YOLO detection model. 

ESP32 Microcontroller 

The ESP32 is the central control unit of the system. It 

receives bird detection signals from the AI model, 

activates the non-lethal buzzer, and communicates with 

the Blynk IoT platform through Wi-Fi for real-time 

monitoring. 

Blynk IoT Platform 

The Blynk platform enables remote monitoring by 

sending instant notifications to the user's smartphone 

whenever bird activity is detected. It allows users to 

monitor the grain storage system from anywhere. 

Non-Lethal Buzzer 

The buzzer serves as a safe bird deterrence mechanism. 

Once a bird is detected, the ESP32 activates the buzzer to 

produce sound that scares birds away without causing any 

harm, protecting stored grains in an environmentally 

friendly manner. 

Camera Module 

The camera continuously captures live images of the 

grain storage area. These images are provided as input to 

the YOLO model for real-time bird detection and 

monitoring. 

 

 

 6. TRAINING AND TESTING 

 

The proposed bird detection system was trained using a 

labeled dataset containing images of bird species such as 

pigeons, parrots, sparrows, and hens. The YOLO 

object detection model was trained to accurately identify 

birds in real time with approximately 95% detection 

accuracy. Image preprocessing techniques, including 

resizing and normalization, were performed using 

OpenCV to improve model performance. During training, 

issues such as dataset loading, parameter configuration, 

and computational limitations were addressed to achieve 

better accuracy and faster detection. 

 

The developed system was validated through Unit 

Testing, Integration Testing, System Testing, and 

User Acceptance Testing (UAT). Unit testing verified 

the functionality of individual modules, while integration 

testing ensured proper communication between the 

camera, YOLO model, ESP32 microcontroller, buzzer, 

and Blynk IoT platform. System testing evaluated the 

overall performance of real-time bird detection, non-

lethal deterrence, and notification delivery. Finally, User 

Acceptance Testing confirmed that the system met user 

requirements by providing reliable bird detection, timely 

alerts, and effective protection of post-harvest grain 

storage in real-world conditions. 
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RESULTS 

  
 

Fig 3. ESP32-Based IoT Bird Deterrence Hardware 

Prototype 

shows the hardware implementation of the proposed bird 

deterrence system. The ESP32 microcontroller is 

interfaced with a buzzer on a breadboard to provide a 

non-lethal deterrence mechanism. When the AI model 

detects a bird, the ESP32 automatically activates the 

buzzer to safely scare the bird away while simultaneously 

sending a real-time notification through the Blynk IoT 

platform. The experimental results confirm the successful 

integration of AI and IoT for protecting post-harvest grain 

storage with minimal human intervention. 

 

 

 

 
        

      Figure 1. Real-Time Bird Detection Using YOLO 

 

Illustrates the experimental setup of the proposed AI-

powered bird detection system. A bird image is displayed 

in front of the camera, and the YOLO model processes 

the input in real time to identify bird species such as 

pigeons, parrots, sparrows, and hens with approximately 

95% detection accuracy. Once a bird is detected, the 

detection result is transmitted to the ESP32 controller for 

further action. This experiment demonstrates the 

effectiveness of the AI model in accurately detecting 

birds under real-time conditions. 

 

Experimental Results 

The demonstration validates the complete workflow of 

the proposed system. The camera continuously monitors 

the storage area, the YOLO model detects birds in real 

time with approximately 95% accuracy, and the ESP32 

immediately activates the non-lethal buzzer while 

sending alerts to the Blynk mobile application. The 

system responded reliably during testing, demonstrating 

fast detection, automated deterrence, and effective 

protection of post-harvest grain storage. This confirms 

that the proposed AI–IoT framework is suitable for smart 

agricultural storage applications. 

 

Working Steps 

1. The camera captures live images of the grain 

storage area. 

2. The YOLO model detects birds and the 

ResNet100/CNN model classifies them with 

approximately 95% accuracy. 

3. The detection result is sent to the ESP32 

microcontroller. 

4. The ESP32 activates a non-lethal buzzer to scare 

the birds away. 

5. A real-time alert is sent to the Blynk mobile 

application for remote monitoring. 

6. The system continues monitoring the storage area 

to provide continuous grain protection. 

 

CONCLUSION 

 

The proposed AI-Powered Bird Detection and Deterrence 

System offers an intelligent and automated solution for 

protecting post-harvest grain storage from bird intrusion. 

By integrating the YOLO object detection model, 

ResNet100/CNN classification, ESP32 microcontroller, 

and the Blynk IoT platform, the system detects bird 

species with approximately 95% accuracy and provides 

real-time monitoring. Upon detection, the system 

activates a non-lethal buzzer and sends instant 

notifications to the user, reducing the need for continuous 

human supervision. 

The developed system effectively minimizes grain losses, 

improves storage security, and provides a cost-effective, 

reliable, and environmentally friendly approach to bird 

deterrence. Its integration of AI and IoT demonstrates the 

potential of smart technologies in modern agriculture and 

offers a scalable solution for enhancing post-harvest grain 

protection and sustainable farming practices. 
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