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ABSTRACT :

The increasing demand for sustainable and efficient farming has driven the integration of artificial intelligence (AI) and robotics in modern agriculture. This paper
presents the design and development of an Al-enabled autonomous spraying robot capable of performing precision pesticide and fertilizer application in
agricultural fields. The system integrates computer vision, Al-based plant recognition, and autonomous navigation to reduce chemical wastage and environmental
contamination. The robot employs an embedded microcontroller, machine learning algorithms, and ultrasonic sensors for terrain navigation and target detection. A
convolutional neural network (CNN) model classifies crop regions and detects weed or pest-infected zones for selective spraying. The hardware framework consists
of a four-wheeled rover equipped with a spray nozzle system, a camera module, and a pump unit controlled via a real-time Al inference engine. Experimental
evaluation demonstrates an accuracy of 93.8% in crop classification and a 27% reduction in pesticide consumption compared to conventional spraying methods.

This work highlights the potential of Al-driven robotics to enhance productivity, minimize resource utilization, and support sustainable agricultural practices.

Keywords—Artificial Intelligence, Precision Agriculture, Autonomous Robot, Spraying System, Machine Learning, Computer Vision, Convolutional
Neural Network.

1. Introduction

The agricultural industry is undergoing technological transformation, with automation and artificial intelligence (AI) emerging as essential tools for
improving efficiency and sustainability. One of the major challenges in modern agriculture is the inefficient use of pesticides and fertilizers, which not
only increases costs but also negatively impacts soil health, biodiversity, and human health. Traditional spraying techniques lack precision, leading to
excessive chemical use and uneven distribution.
To address these issues, autonomous spraying robots have gained significant attention in recent years. These robots can autonomously navigate through
farmlands, identify crop health conditions, and spray chemicals only where necessary. The integration of Al, computer vision, and IoT sensors allows
such robots to make intelligent, data-driven decisions in real-time.
The main objective of this research is to design an Al-enabled autonomous spraying robot capable of detecting crop types, identifying infected areas,
and performing targeted pesticide application. The system aims to:

1. Improve spraying accuracy and efficiency.

2.  Minimize chemical wastage.

3. Reduce human exposure to harmful pesticides.

4.  Enhance crop yield through precision treatment.

2. Literature Review

Numerous studies have explored automation in agriculture, particularly focusing on robotic spraying systems and Al-based crop analysis.

In [1], Ryu et al. developed an autonomous agricultural robot equipped with image sensors for row detection. Similarly, [2] introduced a vision-based
spraying system capable of recognizing crop leaves using machine learning. A CNN-based weed detection model proposed in [3] achieved high accuracy
but lacked autonomous mobility.

Al and deep learning have proven particularly effective in disease detection. As shown in [4], convolutional neural networks can classify crop diseases
with over 90% accuracy. However, these systems often require large datasets and high computational resources, which can be challenging for low-cost
embedded systems.
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In [5], a Raspberry Pi-based smart spraying system was proposed, which could detect weed patches and selectively spray chemicals. While this system
reduced pesticide usage, it lacked terrain adaptability and full autonomy. Recent advancements in robotics, such as SLAM (Simultaneous Localization
and Mapping) algorithms [6], allow robots to autonomously navigate in complex environments.

Other studies, such as [7]-[9], integrated IoT-based monitoring with Al for smart farming. However, these implementations often relied on stationary
sensors rather than mobile robotic platforms. Our proposed system combines these technologies to achieve autonomous mobility, intelligent decision-
making, and adaptive spraying using Al-driven perception.

3. System Architecture
The proposed Al-enabled autonomous spraying robot consists of three major subsystems:

1. Perception Layer (Vision and Sensors)
2. Control and Processing Layer (Al and Embedded System)
3. Actuation Layer (Mobility and Spraying Mechanism)

3.1 Perception Layer

The perception layer captures real-time data from multiple sensors. A high-resolution camera module mounted on the front captures live video frames,
which are processed through a CNN model to identify crops, weeds, and infected regions. Ultrasonic sensors are used for obstacle detection and distance
measurement, while GPS provides global positioning for navigation.

3.2 Control and Processing Layer

This layer integrates Al algorithms and embedded control. A Raspberry Pi 4 acts as the main controller, handling Al inference and communication. A
secondary microcontroller (Arduino Mega) manages low-level actuation such as motor control and pump activation.

The CNN model is trained on an agricultural dataset containing images of healthy and diseased plants. It classifies each frame into one of three
categories:

(] Healthy crop area
®  Weed area
(] Infected crop area

3.3 Actuation Layer
The actuation system includes:
DC motors for wheel movement.

Servo motor for nozzle direction adjustment.
Water pump connected to a chemical container.

Solenoid valve for controlling spray flow.

The robot’s chassis is built with lightweight aluminum to ensure stability and mobility. The pump activation is triggered based on Al classification results.

4. Methodology
4.1 Dataset Preparation

A custom dataset of 10,000 images was collected from agricultural fields and open repositories such as PlantVillage. Each image was labeled for crop
type and infection category. Data augmentation techniques—rotation, brightness adjustment, and flipping—were applied to increase robustness.

4.2 CNN Model Architecture

The model consists of:

Input layer: 128x128 RGB images
Convolutional layers: Extract spatial features
Pooling layers: Reduce dimensionality
Dense layer: Fully connected classifier

Softmax output layer: Predicts class probabilities
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The model was trained using Adam optimizer, learning rate = 0.001, and cross-entropy loss for 50 epochs. The final accuracy achieved was 93.8%
on the validation dataset.

4.3 Navigation Algorithm

The navigation system is based on PID control and sensor fusion.

o  Ultrasonic sensors detect obstacles at multiple angles.
(] A line-following algorithm enables the robot to stay aligned with crop rows.
®  GPS assists in coverage tracking and field mapping.

4.4 Spraying Mechanism

The robot’s spraying system activates automatically when the AI model identifies infected or weed zones. The spray intensity and duration are
dynamically adjusted based on the severity score estimated by the CNN output confidence.

4.5 Power Management

The system is powered by a 12V Li-ion battery pack with a solar charging module for field sustainability. Power regulation ensures consistent operation
for up to 4 hours of continuous spraying.

5. Experimental Setup

5.1 Hardware Components

Raspberry Pi 4 (4GB)

Arduino Mega 2560

Ultrasonic Sensors (HC-SR04)
GPS Module (NEO-6M)

Motor Driver (L298N)

DC Motors (300 RPM)

Servo Motor (SG90)

Water Pump and Solenoid Valve
12V Battery and Solar Charger

5.2 Software Components

Python 3.9, Open CV, Tensor Flow, NumPy
Arduino IDE for motor control
MQTT for communication

TensorFlow Lite for edge inference

6. Results and Discussion

The system was tested in both controlled lab conditions and outdoor agricultural fields. Performance metrics included accuracy, precision, and
chemical consumption.

Parameter Conventional Spraying Proposed System
Spraying Accuracy 70.2% 93.8%
Chemical Usage (L/acre) 4.2 3.1

Crop Damage Risk High Low
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Parameter Conventional Spraying Proposed System

Average Coverage Time (min/acre) 15 11

6.1 AI Model Performance

The CNN achieved:

(] Precision: 92.7%
Recall: 91.5%

F1 Score: 92.1%
The model demonstrated resilience against lighting variations due to augmentation.

6.2 Navigation Efficiency

The robot successfully avoided obstacles with a 97% success rate. The average deviation from predefined paths was within +5 ¢m, ensuring reliable
field coverage.

6.3 Chemical Savings
By selectively spraying only infected zones, chemical use was reduced by 27%, improving cost efficiency and environmental safety.

6.4 Discussion

The integration of Al and robotics achieved autonomous spraying without manual intervention. However, real-world challenges such as uneven terrain
and poor lighting affected accuracy slightly. Future versions can integrate LIDAR and multispectral imaging for enhanced detection.

7. Applications
®  Precision Pesticide Spraying: Reduces human exposure and chemical waste.
®  Crop Health Monitoring: Detects stress or disease early.
®  Weed Detection and Targeted Control: Minimizes herbicide usage.
®  Data Logging and Cloud Integration: Enables long-term farm analytics.

8. Conclusion

This paper demonstrates the successful implementation of an Al-enabled autonomous spraying robot for precision agriculture. The integration of CNN-
based image classification and real-time embedded control provides intelligent and efficient spraying. Experimental results confirm significant
improvements in accuracy and resource conservation compared to traditional methods.

Future work will focus on enhancing autonomy through LiDAR-based navigation, edge Al optimization for faster inference, and cloud connectivity
for large-scale deployment. The system marks a step forward toward sustainable and data-driven smart farming.
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