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Abstract— For many countries, like India with large numbers of its people dependent on the
land to sustain them in some way or another, agriculture is a key part of their economy. An
important current question in agriculture is the conclusion of timely and accurate pest and
disease diagnosis by humans. These diseases negatively impact both crop outcome as well as
product quality We address this issue in this paper by proposing a total system for early leaf
disease detection and targeted spraying based on artificial intelligence (AI). We hold the belief
that this study can bring forward an effective way for disease management which cares less
about chemicals, and therefore reduces the environmental burden. The methods also provide an
alternative approach to agricultural sustainability hidden away in common sense. The ultimate
goal is to develop a system that combines computer vision, deep learning, and robotic platforms
into a completely automated diagnosis and treatment system. Learning based approaches
usually utilize CNNs (convolutional neural networks) to distinguish between different plant leaf
diseases using high-resolution images provided by board-mounted cameras. The system is
capable of detecting early-stage infections effectively by providing the model with a trained data
set of labeled sick and healthy leaf samples. Once a disease is discovered, the robot switches on
smart spraying that sprays only infected areas, minimizing the use of pesticides and harm to the
environment--while an app interface allows for real-time alerts on diseases and remote
monitoring from anywhere. This project offers a cost-effective yet scalable solution to the
agricultural industry that can be effectively used to alleviate and ultimately eliminate disease
related health hazards for farmers, whilst making the most of sustainable crop handling
practices.

Index Terms— Deep Learning, Leaf Disease Detection, CNN, Smart Spraying Robot, Artificial
Intelligence, Precision Agriculture, Image Processing.

1. INTRODUCTION

Agriculture is essential to global food security, particularly in developing countries where a large part of the
population depends on it for their livelihoods. As the world population continues grow, demands for higher
levels of agricultural productivity is putting new pressure on traditional farming methods. These methods, often
both labor-intensive and time-consuming, Beijing produces complex relationships among disease problems that
are still unsolved even after years of struggle. One of the biggest dilemmas facing farmers is to recognize and
control diseases early enough; with this done too late the result can be catastrophic reduction in crop yield and
quality.
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At present in traditional farming practice disease detection typically depends on manual methods and requires
well-trained personnel to carry out regular monitoring of fields -- this approach becomes impracticable,
particularly when the scale of cultivation increases greatly. In addition, not only does the indiscriminate use of
pesticides cause increased production costs but also it results in environmental pollution and health risks for both
farmers and consumers alike without proper diagnosis. Expert knowledge and frequent monitoring are required
for manual disease detection. Because this process becomes unsustainable — especially in large agricultural fields
— when insect pests attack the crop they must be controlled with no prior response. As a result, even though
production of food per unit area increases farmers' profits are paid for by future generations in terms of greatly
reduced water resources. With its possible impact on the environment and health people must not use anything
else. Recent advances in artificial intelligence (AI) and robotics hold the potential to change this situation.
Although Al-driven systems for plant disease detection have made great strides in the laboratory, there remains
an immense challenge in combining disease detection with automated pest control. Prior works have mostly
focused either on disease detection or spraying. Our research aims to bridge this gap by integrating these two
aspects into a single system--a system which will be able to perform both early-stage disease diagnosis and
targeted pesticide application.

We present an Al-powered autonomous system that incorporates image processing with deep learning and
robotics for the detection of leaf diseases, as well as smart pesticide spraying. High-resolution images of plant
leaves are taken, from which diseases are classified as shipped to a remote personal computer. Once recognized,
an intelligent platform triggers a robot specifically aimed at infected areas only and sprays pesticide. This results
in reduced chemical use, less potential environmental harm, and lower operating costs. Finally, the system
includes a mobile interface for real-time monitoring and provides disease alerts. This keeps farmers informed of
their conditions, helping them make data-driven decisions remotely.

Through the development and testing of this system, the paper indicates the feasibility and benefits of a unified,
intelligent approach to precision agriculture. Not only does the proposed system significantly improve both
efficiency and accuracy in disease management; it also helps promote sustainable practices with less chemical
pesticide usage as well as reduced labor costs and environmental hazards for future generations. Filling a major
gap in agricultural technology, this research provides scalable solutions that integrate disease diagnosis and
treatment into a single, automated system.

II. RELATED WORK

Jagtap et al. [1] proposed an Al-powered agribot that detects leaf diseases using deep learning and automatically
sprays pesticides, offering real-time solutions to farmers through a user interface. Similarly, Kanade et al. [2]
developed a Raspberry Pi-based system integrating smart detection and targeted pesticide application, reducing
manual intervention and improving efficiency in disease control.

The application of deep learning models for plant disease classification has been widely explored. Nachtigall and
Araujo [3] utilized convolutional neural networks (CNNs) to classify apple tree disorders, demonstrating high
accuracy in disease identification. Nagale et al. [4] implemented a deep learning framework for detecting various
plant diseases through leaf image analysis, reinforcing CNN’s utility in feature extraction and classification
tasks.

Al-Hiary et al. [5] introduced a fast and accurate method based on color and texture feature extraction for
classifying plant diseases, laying groundwork for lightweight detection models. In addition, Hassan et al. [6]
adopted transfer learning with CNNs to enhance classification accuracy across different plant species with
limited data.

On the hardware integration front, Chaitanya et al. [7] designed a smart pesticide spraying robot that
autonomously navigates crop fields and applies pesticides, offering a mechanical solution to labor shortages.
Ibrahim et al. [8] advanced this concept further by combining Al and IoT to develop a smart agriculture system
that detects diseases and initiates treatment using a cloud-integrated pivot mechanism.

Al implementation for precision agriculture tasks such as optimized irrigation and herbicide application was also
discussed by Talaviya et al. [9], highlighting the role of data-driven models in sustainable farming. Mohanty et
al. [10] and Sladojevic et al. [11] built robust deep learning architectures for disease detection using large
datasets, improving early-stage detection accuracy significantly.

The foundational work of Krizhevsky et al. [12] on AlexNet laid the basis for modern deep CNN models, widely
adopted for image classification tasks in agriculture. Lee et al. [13] applied image processing techniques to
enable early disease symptom detection, which is crucial in minimizing yield loss.
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Robotic systems for in-field smart treatment were explored by Patel et al. [14], who designed a mobile robot
integrated with Al for real-time disease classification and pesticide dispensing. Saleem et al. [15] validated a
CNN-based detection model with high precision, further supporting the scalability of deep learning for
commercial farming.

Despite substantial research in plant disease detection and smart agriculture systems, most efforts either focus on
disease classification or on spraying mechanisms individually. This work aims to bridge that gap by proposing
an integrated, low-cost Al-based robotic system capable of real-time disease detection and automated pesticide
spraying using advanced deep learning and image processing techniques.

III. PROPOSED SYSTEM

The proposed system is an autonomous robotic platform designed to detect plant leaf diseases using artificial
intelligence and apply targeted pesticide treatment through a smart spraying mechanism. It aims to support
farmers by reducing manual intervention, optimizing pesticide usage, and improving crop health through early
disease detection. The system architecture integrates deep learning models, image processing techniques, and
robotic control systems as shown in figure 1.
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Figure 1. Proposed system of leaf Detection

A. System Architecture

The system is composed of the following key modules:

Image Acquisition Unit
A high-resolution camera mounted on the robotic platform captures real-time images of plant leaves as the robot
navigates the field. The camera is positioned to focus on the leaf region for optimal disease visibility.

Processing Unit

A Raspberry Pi or similar embedded computing device processes the captured images. It executes a trained
Convolutional Neural Network (CNN) model capable of classifying multiple types of plant diseases.
Lightweight architectures such as MobileNetV2 or EfficientNet are used to ensure real-time performance with
limited computational resources.

Disease Classification Module

The pre-trained CNN model analyzes the images to detect symptoms like discoloration, lesions, or unusual
patterns. It then classifies the input image into one of the known disease categories or marks it as healthy.
Transfer learning techniques are employed to enhance accuracy even with limited training data.

Decision Control System
Once a diseased leaf is identified, the system activates the spraying mechanism. This module is responsible for
localizing the affected region and sending actuation signals to the spraying hardware.

Smart Spraying Mechanism

The robot is equipped with a precise, automated sprayer that targets only the infected leaf area, thereby reducing
pesticide waste and environmental contamination. Solenoid valves controlled by the embedded system regulate
the pesticide flow.
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Navigation and Movement
The robotic platform uses motor drivers (e.g., L293D) to move autonomously through the field. Obstacle
avoidance and path-following algorithms can be optionally integrated to enhance autonomy.

User Interface
The system includes a mobile application or dashboard that displays disease status, robot location, and spraying
logs. This allows farmers to monitor field conditions remotely and receive alerts for detected diseases.

B. Workflow of the System

The proposed workflow follows these steps:

Field Monitoring: The robot moves across the crop rows, capturing leaf images continuously.

Image Processing and Analysis: Captured images are fed to the CNN model for disease prediction.
Disease Identification: If the leaf is Disease Identification infected, its type is classified.

Targeted Spraying: The robot activates the sprayer for localized pesticide application.

Data Logging and Reporting: All data is recorded and can be accessed through a connected application.

YVVVY

IV. RESULTS AND DISCUSSION

The proposed system was implemented and tested in a controlled agricultural environment to evaluate its
performance in leaf disease detection and precision pesticide spraying. The system was tested on various crop
types including tomato, grape, and apple leaves—commonly prone to fungal and bacterial infections.

A. Model Performance

The Convolutional Neural Network (CNN) model was trained using a publicly available plant disease dataset
augmented with field-collected images.

The dataset included over 30 classes, encompassing both diseased and healthy leaves. The model architectures
evaluated include:

» MobileNetV2

» EfficientNet-BO

» InceptionV3 (with depthwise separable convolutions)

The best-performing model, MobileNetV2, achieved:

» Accuracy: 98.9%

» Precision: 98.7%

» Recall: 99.1%

» Fl-score: 98.9%

These results are consistent with the literature, such as patel et al. [14], who reported similar levels of accuracy
using lightweight CNNs suitable for embedded devices. The model effectively distinguished between multiple
disease types and healthy states with minimal false positives.

B. Smart Spraying Mechanism Evaluation

The robotic spraying mechanism was tested for responsiveness and precision. Key metrics included:

» Spraying Delay (Detection to Action): 0.8—1.2 seconds

» Targeting Accuracy: 93.5% (spray applied within +2 cm of detected infection)

» Pesticide Savings: Up to 60% reduction in usage compared to manual blanket spraying

The selective spraying system significantly reduced chemical consumption by focusing only on affected leaf
areas, supporting the findings by H. M. Saleem et al. [15] and Patel et al. [14]. Moreover, the robot avoided
overexposure of healthy plants to pesticides, promoting more sustainable farming practices.

C. System Efficiency and Field Testing

The complete robotic unit was able to cover a 10m x 10m test plot in under 30 minutes while continuously
scanning, classifying, and treating infected plants. The system's performance was benchmarked across different
lighting conditions and angles.

The use of real-time preprocessing (including contrast enhancement and background filtering) contributed to
high model robustness in field settings.

The field results show that the integration of deep learning with autonomous spraying not only enhances disease
detection efficiency but also substantially reduces farmer effort and pesticide misuse. The overall system
demonstrated high practical applicability, particularly for small to medium-sized farms.
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D. Comparison with Existing Methods

TABLE I. COMPARISON OF PROPOSED SYSTEM WITH EXISTING SYSTEM

Parameter Manual Detection [9] Traditional Spraying [8] Proposed System
Detection Accuracy ~60-70% Not Applicable 98.9%

Pesticide Usage High Very High Low

Labor Dependency High High Low
Environmental Impact High High Minimal
Real-Time Monitoring No No Yes

The proposed system outperformed traditional approaches in all major areas, aligning with the direction
proposed by Talaviya et al. [9] and Amin Ibrahim et al. [8] on the future of Al-powered precision farming.
Figure 2 shows the steps involved in leaf detection using proposed model. the process starts by matching the IP
address and checking the camera’s status. Once confirmed, the path to access the ESP CAM is configured, and
the leaf is captured through the ESP CAM (e.g., for detecting Apple Scab). The captured image is then analyzed
to detect the disease, and if detected, the system triggers an automatic spraying mechanism to control the
infection effectively.
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Figure 2. Steps involved in process of Leaf Detection using Proposed System

V. CONCLUSION

In this article, we present a new Al-driven autonomous system for early disease detection and precise pesticide
application to plant leaves within the agriculture sector. The system uses Convolutional Neural Networks
(CNNGs) for disease classification and real-time data from images for identifying leaves infected with disease.
The MobileNetV2 and EfficientNet-based CNN model is capable of accurately identifying plant leaf diseases in
98.9% of cases, with a precision rate as high as 98.7% and recall also reaching an impressive 99.1%. This
demonstrates the robustness and reliability of this system in distinguishing between infected and healthy leaves.
A direct consequence of this state-of-art accuracy rate is that we can detect infections at an early stage, which is
vital in determining what steps to take next.

In this way, precision agriculture combined with intelligent spraying of chemicals cuts back on the amount of
pesticide employed. Compared with traditional techniques, the precision of the system has resulted in a 60%
reduction in the amount of pesticides used. At the same time, it is not only environmentally harmless but also
reduces costs for producers themselves. In field tests, it took less than 30 minutes for this autonomous mobile
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platform to cover an experimental plot measuring 10mx10m, while continuously scanning and hygienically
treating infected plants. This shows that our handy work can be put into practice on the small and medium farms.
The system has a number of advantages over more traditional farming methods, ranging from automation to
precision and environmental probity. By eliminating the need for manual labor in addition to halving pesticide
consumption, it also tallies with principles of precision agriculture and supports the current trend towards
sustainable farming. This system, blending Al and robotics, has the potential to revolutionize crop disease
control, increase yields and practice environmentally responsible agriculture.

Future work will concentrate on broadening the scope of the system to encompass other vegetables and diseases,
improving robot navigation on uneven terrains and large-scale field deployments via remote monitoring network
based IoT scheduling integration. Given further optimization, this intelligent system could well turn out to
become a radical tool for farmers trying to improve yields and sustainable agriculture throughout the world.
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