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ABSTRACT

Agriculture remains the backbone of food security and economic stability, yet crop losses due to plant diseases continue to
pose a significant global challenge, reducing annual yields by 10% to 40%. Traditional monitoring relies heavily on manual
field scouting, which is labor-intensive, subjective, and often too late for effective target intervention, leading to excessive
chemical usage. This research paper presents an integrated automated edge solution combining computer vision, deep
learning, and robotic precision spraying mechanisms. Deployed on a resource-constrained Raspberry Pi 3 platform, a
trained lightweight YOLOv8-Nano model processes real-time leaf images captured via a high-resolution camera module
to identify fungal, bacterial, and viral infections. Upon disease confirmation with a confidence score exceeding 0.90, the
synchronized on-board system triggers a multi-channel relay array and high-speed solenoid valves, delivering localized
pesticide doses tailored to affected foliage sections. Empirical validation confirms a disease classification accuracy of
97.5% on the test dataset and a dramatic 75% reduction in chemical consumption compared to traditional broadcast
methods, showcasing an affordable and ecologically sustainable approach toward precision smart farming.
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I. INTRODUCTION

The agricultural sector faces a continuous, escalating battle against plant diseases, which directly threaten regional food stability
and market predictability. The standard commercial protocol for plant health monitoring relies on visual inspection, which is
inherently time-consuming, highly subjective, and prone to human error—especially during early stage symptom development when
structural discolorations are subtle. Delayed detection typically triggers a severe over-reactive countermeasure: the indiscriminate,
broad-acre broadcast application of high-concentration pesticides.

This continuous blanket chemical spraying presents extensive environmental crises, including chemical contamination of
groundwater tables, degradation of soil microbial health, and high biological chemical resistance across destructive target
pathogens. Financially, it forces an unsustainable overhead burden on small-to-medium scale farming groups due to massive product
waste.

The motivation of this research is to leverage modern advancements in Edge Artificial Intelligence (Al) and automated
electromechanical systems to instantiate an autonomous ‘see-and-spray' robotic vehicle. By shifting treatment paradigms from field-
wide broadcast logic to plant-level localized spot-spraying, the system ensures optimal ecological protection, maximized crop
survival, and minimized chemical deployment cost.

Project Objectives:

Design and assemble an agile, four-wheel autonomous differential platform optimized for field row navigation.
Deploy a highly optimized deep learning architecture (YOLOv8-Nano) onto an edge device (Raspberry Pi 3 Model B+) for
real-time plant leaf diagnosis.

e Integrate a high-speed spraying control assembly (submersible DC pumps and solenoid valves) to execute real-time targeted
pesticide release.
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e Target a minimum threshold classification performance accuracy of 95% under varying real-world field illuminations.

e Achieve a quantifiable, verifiable drop in active pesticide volume utilization compared to conventional broadcast metrics.

Il. LITERATURE REVIEW

Deep Learning in Plant Disease Detection

Agricultural monitoring has rapidly transitioned from manual feature extraction frameworks (such as Scale-Invariant Feature
Transform—SIFT, and Histograms of Oriented Gradients—HOG) toward robust Convolutional Neural Networks (CNNS).
Benchmark research by Mohanty et al. (2016) utilized deep architectures including AlexNet and GoogLeNet on the standardized
PlantVillage dataset, verifying classification metrics exceeding 99% accuracy under strict laboratory contexts.

However, traditional image classification models lack localized awareness—they classify an entire image block rather than
identifying specific micro-regions of infection on an individual leaf. Consequently, modern precision agriculture has integrated
real-time object detection models. The You Only Look Once (YOLO) framework series, specifically YOLOvV8-Nano, offers an
optimized mathematical topology providing high mean Average Precision (mAP) alongside rapid inference speeds, making it
uniquely qualified for low-power edge microprocessors.

Precision Spraying Robotics

Automated site-specific agrochemical application has advanced from baseline sensor configurations (such as standard chlorophyll
sensors) to advanced vision-guided intelligence. Early structural frameworks utilized static preset GPS boundaries and predefined
prescription mapping indices to alter flow rates across broad fields. Modern paradigms emphasize active real- time visual
synchronization. Realizing this 'see-and-spray' concept requires minimizing latency gaps between image execution, algorithm
processing, and physical actuator triggering. Research highlights that vehicle ground speed, camera line- of-sight orientations, and
valve response rates must form a structurally cohesive loop to ensure fluid drop accuracy hits the identified infected surface zone
exactly.

1. METHODOLOGY

The operational infrastructure of the proposed system is segmented into three interconnected structural units: the Robotic Mobility
Platform, the Vision Processing Engine, and the Precision Actuation Array.
A. Hardware Infrastructure & Component Interfacing

The hardware ecosystem centers around a Raspberry Pi 3 Model B+, balancing compute resource requirements with energy
conservation. Because the microprocessor's native GP1O lines output at a low-current 3.3V logic ceiling, specialized high- isolation
interface electronics are leveraged to safely bridge control signals to high-power mechanical nodes.

Component Element Interface Node / Protocol System Functionality

Raspberry Pi Camera Module v2 CSI (Camera Serial Interface) Port Real-time high-resolution image
stream acquisition.

L298N H-Bridge Motor Driver 4 Digital GPIO Pins (PWM Enabled) Directional and velocity control for
DC Geared Motors.

Multi-Channel Relay Module (5V) 3 Digital Output GPIO Pins Isolated electronic switching for the
fluid pump units.

Submersible DC Pumps (x3) Relay Interfaced Output Line Fluid draw from dedicated pesticide
storage tanks.
High-Speed Solenoid Valve (12V) Power MOSFET / Relay Connection Millisecond-level precision spray

gating control.
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Li-Po Battery (11.1V, 5000mAnh) Main Power Distribution Bus High-current discharge source for
mobility and spraying.

Table 1: Hardware Component Interfacing and Node Configuration Matrix

B. Software Architecture and Control Flow

The operational control loop runs continuously on-device using a Python-based implementation optimized with the OpenCV and
TensorFlow Lite runtime engines. The execution logic proceeds through the following sequential algorithmic pipeline:

Frame Capture: The camera pulls an active RGB video frame via the high-speed CSI interface link.
Pre-processing: Spatial dimension rescaling reshapes the incoming matrix to an optimized resolution of 416 x 416 pixels,
followed by float normalization.
TFLite Inference Execution: The matrix is evaluated through the embedded YOLOV8-Nano TFLite network structure.
Threshold Decision Matrix: If a targeted disease state matches with a prediction confidence threshold exceeding 90%
(C_score > 0.90), the bounding box coordinates are mapped.

e Dynamic Spray Computation: The system automatically extracts the current forward locomotion velocity index, determines
the spatial area offset, and calculates the target solenoid gating opening time window (T_spray).

e Actuator Release: The GP1O signal changes state, causing the relay to close and firing a highly targeted spray burst onto the
infected region without halting forward movement.

IV. DESIGN CALCULATIONS

Mathematical precision across design variables is mandatory to ensure that the robotic platform's movement matches the vision
computation pipeline, ensuring zero fluid distribution misalignment.
A. Mobility, Kinematics, and System Latency Tracking

To preserve image frame clarity and eliminate motion-induced spatial blur, the linear movement velocity must be structurally bound
by both the inference loop period and camera Field-Of-View (FOV) limits.

Given a predefined maximum design linear field speed of v = 0.5 m/s and an outer wheel diameter specification of Dw = 0.065 m
(radius r = 0.0325 m), the wheel's required angular parameters are computed as follows:

Angular Velocity: @ =v/r=0.5 m/s / 0.0325 m = 15.38 rad/s
Rotational Speed: RPM = (® / 27) x 60 = (15.38 / 6.283) x 60 = 146.9 RPM

The system loop performance index defines the maximum distance the physical robot can traverse during an active computational
cycle. With an empirical on-board edge inference delay tracked at T_inference = 0.2 seconds (producing a real-time output scale of
roughly 5 FPS), the maximum forward distance offset per cycle (d_max) yields:

d max=v x T_inference =0.5m/sx0.2s=0.1 m=10cm

Because the camera module's target lens Field of View covers a longitudinal ground path span of 20 to 30 cm at operational height,
a cycle travel window of 10 cm ensures substantial frame-to-frame spatial overlap, ensuring zero plant areas are skipped during
forward travel.

B. Spray Volume Dosage and Actuator Duration Tuning

The core goal is to apply a minimal fluid volume (\VV_{dose}) to the infected target region (A_{detect}), achieving uniform droplet
coverage while eliminating chemical runoff.

The integrated DC pump maintains an operational delivery ceiling of Q_{max} = 1.5 L/min. Accounting for internal line pressure
drops and nozzle design restrictions, the effective continuous discharge rate through the spray tip is fixed at Q_{spray} = 1.0 L/min,
which translates to:

Q _{spray} =1000 mL / 60 s =16.67 mL/s

For a representative infected leaf cluster area measuring A_{leaf} = 50 cm?2 demanding an agronomic target pesticide concentration
profile of D_{target} = 0.05 mL/cm?, the target dosage volume and required valve open duration (T_{spray}) are calculated as:

Target Delivery Volume: V_{dose} = A {leaf} x D_{target} =50 cm2 x 0.05 mL/cm2=2.5 mL

Required Solenoid Open Time: T {spray} =V _{dose}/ Q {spray} =2.5 mL/16.67 mL/s = 0.15 s (150 ms)
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This millisecond-level precision timing is directly enforced via GPIO pin state timing control, producing an extremely focused,

localized burst of pesticide targeted to the infected region.

V. RESULTS, TESTING, AND VALIDATION

A. Al Model Diagnostic Performance

The model pipeline was trained off-board utilizing public PlantVillage image arrays augmented with local real-world crop leaf
profiles, and compiled into a localized TFLite structure. Evaluation on a dedicated validation set confirms strong classification
metrics across all target categories.

Crop & Disease Precision Profile Recall Index F1-Score Metric Overall Accuracy
Class Category

Tomato - Healthy 0.98 0.99 0.98 98.5%
Tomato - Early 0.96 0.95 0.95 95.8%
Blight

Tomato - Late Blight  0.95 0.97 0.96 96.2%
Tomato - Leaf Mold  0.97 0.94 0.95 95.5%
System Test 0.965 0.962 0.960 97.5%
Average

Table 2: Deep Learning Confusion Matrix and Model Validation Metrics Breakdown

B. Integrated System Synchronization and Chemical Conservation Profile

Field testing focused on validating physical spray alignment accuracy during active forward travel. The geometric distance offset
between the center of a simulated leaf disease spot and the actual center of the fluid spray impact zone was precisely mapped.

The physical spatial nozzle alignment offset was configured at 10 cm behind the optical lens center line. This geometric offset
serves as an internal mechanical buffer, compensating for the 200 ms computational processing latency and internal solenoid valve
activation delays. Across repeated operational trial runs at full field velocity, the physical droplet targeting deviation error was
consistently bound within a tight error margin of 1.5 + 0.5 cm.

Treatment Methodology Pesticide Volume Used Average Targeting Runoff & Eco-Waste
per Plot Precision Error Index

Traditional Manual 4.0 Liters N/A (Total Blanket High / Severe Runoff Risk

Broadcast Method Application)

Al-Powered Precision Spot 1.0 Liter 1.5 cm Spatial Tracking Negligible / Confined to

Spraying Margin Target Leaf

Net Improvement Summary  75.0% Volume Reduction Centimeter-Level Targeting Elimination of Broad Soil
Control Toxicity

Table 3: Agro-Chemical Consumption and Efficiency Validation Matrix
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VI. CONCLUSION AND FUTURE SCOPE

This research successfully demonstrates an automated, cost-efficient, edge-computing agricultural solution for automated leaf
disease identification and precision pesticide application. By compiling an optimized YOLOv8-Nano framework into an active
TensorFlow Lite model deployed on a Raspberry Pi 3 microcontroller, the prototype achieved a high disease classification accuracy
of 97.5%. More importantly, under real field constraints, the system maintained an exceptionally tight 1.5 cm physical spray impact
alignment margin. The resulting 75% drop in total pesticide volume consumption proves the massive economic and environmental
value of transitioning toward localized computer-vision-driven crop care.

Future system enhancements will focus on deploying multispectral camera assemblies to detect internal crop tissue degradation
before symptoms become visible to the naked eye. Additionally, integrating RTK-GPS modules and LIDAR sensors will enable
autonomous row navigation across complex farm terrains, and cloud-linked 10T modules can automatically map real- time field
disease outbreaks for large-scale farm management.
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