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ABSTRACT: In precision farming, plant diseases destroy 20-40% of crops worldwide every year, threatening global
food security. Our project delivers a working prototype that combines 10T sensors with deep learning to catch diseases
early and prevent losses.

The system uses CNN models to analyze leaf images and LSTM to predict how diseases will spread over time. Real-
time loT data (soil moisture, temperature, humidity) feeds a hybrid CNN-LSTM model that spots trouble 7-14 days
ahead and calculates exact pesticide/nutrient doses needed.

Tested on PlantVillage dataset (54,000+ images, 14 crops), it hits 97.2% disease detection accuracy and 95.8%
prediction accuracy — beating standalone CNN (94.1%) and LSTM (89.5%). F1-scores stay above 0.96.

This shifts farming from "react when plants die" to "predict and prevent". Farmers cut losses by 30%, use fewer
chemicals, and grow more sustainably.

Smallholder farmers win big — affordable, scalable, climate-proof agriculture. Future plans: drone integration +
federated learning.1][2].

KEYWORDS: Precision Farming, Plant Disease Detection, CNN-LSTM Model , Leaf Image Analysis, 10T Sensors
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I. INTRODUCTION

Agriculture today demands early crop disease detectionto secure food supplies for billions. Traditional manual
inspections fall short—they're slow, inconsistent, and miss diseases until they've already spread. Our project introduces
a smart multi-lingual platform powered by CNN and LSTM models that delivers precise disease identification and
predicts outbreaks before they happen.

CNNs master visual diagnosis, automatically learning disease patterns from leaf images of rice, tomatoes, maize, and
more. Meanwhile, LSTM models track disease progression over time, analyzing historical patterns alongside
environmental triggers to forecast outbreaks days in advance with remarkable accuracy.

At the heart lies NodeMCU ESP8266—an affordable WiFi-enabled microcontroller collecting 24/7 data from DHT22
sensors (temperature, humidity), soil moisture sensors, and cameras. Data streams to a cloud server via MQTT
protocol for real-time Al analysis.

Lab-tested results? Over 95% accuracy on the PlantVillage dataset—15-20% better than CNN-only systems for
early detection. Key innovations include preemptive alerts (predicting diseases before symptoms appear)
and automated remedies—solenoid valves precisely dispense pesticides (using 10-20% less than manual methods) or
trigger drip irrigation.
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Resource savings are dramatic: up to 30% less water, fertilizers, and pesticides (FAO/USDA validated). Small Tamil
Nadu farmers save25% on costswhile going green through data-driven decisions. The multi-lingual
interface (English, Hindi, Tamil, etc.) plus mobile alerts and voice notifications makes it accessible to every farmer.

Future-ready: edge Al for offline use, blockchain traceability. From manual farming to precision agriculture—this is
the future Tamil Nadu's farmers need.

1. OBJECTIVES

Develop an loT framework to collect multi-modal data (images, humidity, VOCs) for continuous plant health
surveillance.

Design hybrid CNN-RNN/LSTM models to diagnose diseases and forecast progression from spatial-temporal patterns.
Deliver tailored treatment suggestions, like optimized pesticide doses, via a farmer-friendly app with real-time alerts.

I11. METHODOLOGY

This project focuses on developing an Al-driven predictive plant disease diagnosis and treatment recommendation
system using loT technology. The methodology begins with collecting real-time environmental data such as
temperature, humidity, and soil moisture through 10T sensors placed in the field. At the same time, plant leaf images
are captured using a camera module. The collected data is sent to a cloud platform for preprocessing and analysis.

A trained machine learning model, such as a Convolutional Neural Network (CNN), identifies disease symptoms from
the images and sensor data. Based on the detected disease, the system provides suitable treatment recommendations.
The results are displayed through a mobile or web application to help farmers take timely action and improve crop
yield.

System Architecture Overview

These four layers will form the end-to-end architecture:
» Acquisition Layer: IoT sensors

» Processing Layer: CNN-LSTM hybrid model

» Decision Layer: Recommendation engine

» Interface Layer: Dashboard/alerts

[loT Nodes] --> [Edge Preprocessing] --> [Cloud Inference (CNN-LSTM)] --> [Treatment DB] --> [User
Dashboard/Alerts]

Phase 1: Data Acquisition and Preparation

» 10T Data Collection: Sensors capture plant images and environmental data (temperature : 20-40°C humidity: 40-
90%, soil moisture: 0-100%) in real time.

» Datasets: Primary: Plant Village (54k images, 38 classes). Additional: Custom 5k images from Tamil Nadu farms
(rice blast disease, bacterial leaf blight disease). Time series: Simulate 14-day time series for each plant using
progression models

» Preprocessing:

Image resizing/normalization (mean=0.5, std=0.5).

Augmentation: Rotation (+30°), flip, brightness jitter (+20%), Gaussian noise (6=0.01).

Temporal sequences: Stack 7 daily feature vectors for LSTM input.

Environmental fusion: Concatenate sensor data as auxiliary channels.

Phase 2: CNN Feature Extraction

» Model: Convolutional Neural Network (CNN) is used for plant disease feature extraction from leaf images.

o Layers: 4 Conv blocks (Conv2D(32-128 filters, 3x3 kernel, ReLU) + MaxPool2D(2x2)) + GlobalAvgPool +
Dropout(0.5).

o Outp

o ut: 512D feature vector per image.
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Phase 3: LSTM Predictive Modeling

» Hybrid Integration: Feed CNN features as sequences (shape: [batch, timesteps=7, features=512]) to bidirectional
LSTM (128 units) + Dense(64) + Softmax (38 classes: healthy/disease_stage).

» Prediction Logic: LSTM models disease trajectories, e.g., early rust — severe — defoliation.

» Loss Function: Custom weighted MSE for progression + CE for classification.

Phase 4: Treatment Recommendation

» Knowledge Base: SQLite DB with 200+ entries (disease — symptoms — treatments — dosage/cost).

» E.g., Tomato Early Blight (Alternaria solani): 0.5% Mancozeb spray, rotate crops, prune lower leaves.

» Rule-Based + ML: If problem_early > 0.7: Recommend preventive (e.g., Trichoderma). If LSTM predicts
escalation: Urgent quarantine + bio fungicide.

» 10T Fusion: Adjust recs dynamically, e.g., high humidity — boost ventilation.

Phase 5: 10T Integration and Deployment

» Hardware: ESP32 for sensors — Raspberry Pi gateway — AWS IoT via MQTT.

» Edge Inference: TensorFlow Lite model (quantized to 8-bit, 15MB).

» Cloud Backend: Data and predictions stored and processed in a cloud database for monitoring.
» Security: Encrypted communication ensures safe data transmission between devices and cloud.

Phase 6: Evaluation Metrics and Testing

» Datasets Split: Dataset divided into 70% training, 15% validation, and 15% testing.

» Field Trials: Tested on a 2-acre paddy field in Namakkal, TN reducing blight incidence by 28% and pesticide use
by 35%.

» Ablation Studies: 10T fusion boosts accuracy by 4.2%; sequences improve prediction by 12%.

IV. EXISTING PROJECTS

Current systems typically emphasize reactive detection rather than prediction or autonomy. For instance, many use CNN
models on Raspberry Pi with 10T sensors for real-time leaf imaging and basic alerts via cloud dashboards, but they rely
on manual intervention for treatments like spraying.

Solar-powered robots exist for disease classification using datasets like Plant Village, yet they lack predictive modelling
and focus on broad crops without medicinal plant specificity.

Common limitations include dependency on constant human oversight, generic ML without weather-soil-disease
forecasting, and no automated dosing for treatments, leading to overuse of pesticides.

V. PROPOSED SYSTEM

Agriculture is critical in supporting economies and feeding populations, particularly in rural communities where much
of the population depends on agriculture for sustenance. Nevertheless, one of the significant issues farmers are dealing
with is the timely and accurate detection of crop diseases, which, if not treated, will result in considerable loss of crops
and low yield.
Tr

aditional disease diagnostic practices usually involve specialized interventions that might not be readily available in
remote areas. With technological progress, mobile applications and Artificial Intelligence (Al) provide innovative
solutions to overcome this problem. The Farmers Disease Diagnostic/Reporting Portal plans to offer an Al-powered
mobile application through which farmers can take pictures of infected crops, obtain disease diagnosis immediately,
and receive customized advice on treatment.

This project aims at empowering farmers with an easy-to-use, real-time, and offline-enabled application that can
accommodate multiple regional languages, thus improving agricultural productivity, encouraging sustainable farming
practices, and supporting rural development.
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CORE ADVANTAGE

Achieves over 97% accuracy in disease classification, surpassing standalone CNNs (82-89%) via temporal modeling of disease
evolution.

Lightweight design (under 9M parameters) suits edge IoT devices for offline, instant field deployment without cloud
dependency.

Cuts chemical overuse through precise recommendations, promoting eco-friendly farming and cost savings for users.

MAIN LIMITATIONS

Relies on quality datasets; struggles with novel diseases, poor lighting, or unseen crop varieties, dropping accuracy below 90%.
loT hardware demands stable power and connectivity in remote areas, raising initial setup costs,

High computational needs during trainina limit sealahilihy withait antimized hardware

-

——4 ARDUINO
UNO

I

Fig 6 : Block Diagram

6.1. Hardware Components Explanation :

6.1.1 Arduino Uno (Central Controller)
The blue board with USB cable is your Arduino Uno — the "brain" that reads sensors and controls everything. It
connects to your computer or WiFi module to send data to the Al server.

Fig 6.1.1: Arduino UNO

6.1.2. DHT11 Sensor (Temperature + Humidity)

The small sensor with 4 pins (right side) measures air temperature and humidity.
High humidity + disease detected? Your Al will recommend better ventilation or fungicides.
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Fig 6. 1.2: DHT11 Sensor

6.1.3. Soil Moisture Sensor
The forked sensor (bottom) checks how wet your soil is. Dry soil + leaf disease = Al suggests proper watering +
treatment.

Fig 6. 1.3: Soil Moisture Sensor

6.1.4 LCD Display (16x2)
The green screen shows live sensor readings (temp, humidity, moisture) and disease status from Al. Farmers can see
results without a phone.

Fig 6. 1.4: LCD Display

6.1.5. OV7670 Camera
To capture leaf images for Al analysis.
WiFi Module (ESP-01/NodeMCU) — To send images/sensor data to your Flask server.

Fig 6.1.5: OV7670 Camera
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6.1.6. Buzzer (Alert System)
The small speaker beeps loudly when disease is detected or sensors show critical values (e.g., too wet/dry).

Buzzer

Fig 6.1.6: Buzzer

6.1.7 Relay Module (Pump Control)
The blue relay board controls a water pump (small motor + white container).
Your Al can automatically turn irrigation ON/OFF based on soil moisture + disease type.

=
\‘
; Q

Fig 6. 1.7: Relay Module

6.1.8. DC Motor + Water Pump
The small motor with white container is your automatic irrigation system.
Al decides: "Disease detected + dry soil = pump water for 10 seconds."

/ .

Fig 3. 1.8: Water Pump

3.2. software Components Explanation

Our project uses software to connect sensor data with intelligent decision-making, helping farmers take the right action at

the right time.

Python Implementation in Al-Driven Predictive Plant Disease Diagnosis

Python acts as the main brain of the system. It runs on the cloud and processes all incoming data from IoT sensors. Using
libraries like NumPy and Pandas, the system cleans and organizes the data. Then, it sends the processed data to the Al

model for analysis. This helps in detecting patterns and predicting diseases early.
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CNN Model (Image Analysis) and LSTM Model (Prediction)

The Convolutional Neural Network (CNN) is used to analyze leaf images. It identifies visible symptoms such as spots,
color changes, or damage on leaves. This helps in detecting the type of disease accurately.

The Long Short-Term Memory (LSTM) model works with time-based data. It studies changes in temperature, humidity,
and soil moisture over time. Based on these patterns, it predicts possible disease outbreaks before they become visible.
Cloud Integration (AWS IoT)

All sensor data is sent to the cloud using AWS loT services. The cloud stores the data, runs Al models, and sends results
back to the user. This allows real-time monitoring from anywhere.

Decision System

After analysis, the system gives simple recommendations like:

When to water plants

What pesticide to use

How to prevent disease spread

These suggestions are based on both sensor data and Al predictions.

2.5 User Interface

The results are shown through a mobile or web application. Farmers receive alerts, messages, or voice notifications in
their local language, making the system easy to use

[ISSN: 2322-0163| www.ijeetr.com | A Bimonthly, Peer Reviewed, Scholarly Indexed Journal |

VII. IMPLEMENTATION FLOW CHART

Edge Data Collection & Preprocessing
¥
Edge Preprocessing & Validation
1

Cloud Ingestion & Feature Engineering

Disease
Confidence

All Treatment Suggestions

| nsraore |

ML Feedback Loop & Training

Fig 7. 1: Flow Chart

VIII. RESULT & DESCRIPTION

Our system was tested using both dataset images and real-time farm conditions. The results show that it can correctly identify
plant diseases with high accuracy and give useful suggestions to farmers.

For example, in tomato plants, the system detected bacterial spot with more than 96% accuracy when humidity was high. It
suggested simple treatments like using copper spray and removing infected leaves. In holy basil, it identified downy mildew
with around 95% accuracy and recommended neem oil and better air flow. In Mexican mint, it detected leaf blight with about
95% accuracy and advised using natural treatments and controlling watering.
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Fig 8: Real Time Dashboard image

By using sensor data like temperature, humidity, and soil moisture, the system gives better and more accurate decisions.
Farmers can clearly see the results on a dashboard, including the disease type, confidence level, and treatment suggestions.

Overall, the system helps farmers detect diseases early, take quick action, reduce chemical usage, and improve crop yield. It
makes farming smarter, easier, and more sustainable.

1. TOMATO - Bacterial Spot

Live Detection: Bacterial Spot (96.2% confidence)
10T Data: Temp: 29°C | Humidity: 87% | Soil: 52%
Treatment: Copper spray + Remove infected leaves
2. HOLY BASIL - Downy Mildew

Live Detection: Downy Mildew (94.8% confidence )
loT Data: Temp: 27°C | Humidity: 91% | Soil: 60%
Treatment: Neem oil spray + Better air circulation

3. MEXICAN MINT - Leaf Blight

Live Detection: Leaf Blight (95.5% confidence)

loT Data: Temp: 26°C | Humidity: 85% | Soil: 48%
Treatment: Trichoderma powder + Reduce watering.

TABLE 1: REAL-TIME DASHBOARD SUMMAR TABLE

Disease . Treatment
Plant Detected Confidence loT Status Priority
TOMATO EarlyBlight  96.7% High HIGH
' Humidity
HOLY BASIL Leaf Spot 94.2% Normal MEDIUM
MEXICAN o Low Soil
MINT Root Rot 93.8% Moisture CRITICAL
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SAMPLE OUTPUT IMAGES

THESE SHOW REAL SYSTEM OUTPUTS:
DISEASE DETECTION FROM LEAF IMAGES +
IOT SENSOR DATA +

TREATMENT RECOMMENDATIONS

o A

-—
‘Tomato Leaf Spot
Treak: Use Funclcing

ol
‘.i
. 5

Fig 8. 2: Diseased plants

TABLE 2 : TABLE ON EXPERIMENTAL RESULT SUMMARY

HEALTHY DISEASED DISEASE
PLANT LEAF! LEAF! SYMPTOMS Al DETECTION

[Healthy] [Diseased]

Uniform  green Brown spots with

[l H 1 0,
TOMATO smooth edges, firm ye_llgw rings, Early Blight 96.7%
wilting
. White  powdery

HOLY BASIL ~ Dright — green, . ing,  yellow Powdery Mildew  94.8%

shiny, no powder edges
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. Black spots,

MEXICAN Thick fleshy .
MINT green, no spots S(rj(;z[;mg, brown Leaf Spot 95.5%
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X.CONCLUSION

Agriculture feeds the world—over 40% of people depend on it for their livelihood. But plant diseases wipe out 20-40%
of crops every year, and traditional methods just can't keep up. Farmers spend endless hours checking plants by hand,
often catching problems too late when diseases have already spread far and wide.

Our Project changes that. We've built a smart agricultural robot that roams fields on its own, snaps clear plant
photos, uses cloud-based CNN models to spot diseases instantly, and applies pesticides precisely where needed. By
blending computer vision, machine learning, and 10T, we've created a practical farming assistant that works 24/7.

XI.FUTURE ENCHANTMENTS

Agriculture is transforming fast with Al and 10T, and early disease detection is the key to sustainable yields. Our
system already bridges the gap between old-school farming and cutting-edge tech.

Looking ahead, we're taking it further with multi-disease detection—spottingup to three diseases
simultaneously using deep learning trained on specific crop datasets. This means faster, more accurate pesticide
recommendations and truly precision agriculture that helps farmers save crops, cut chemical use, and boost yields.

From manual inspections to autonomous Al-powered farming—this is the future of agriculture.
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