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Abstract

Agriculture remains the backbone of global food security, yet crop diseases significantly reduce
yield and quality, posing challenges for farmers worldwide. Traditional disease detection
methods are often labor-intensive, time-consuming, and prone to error. Integrating Internet of
Things (loT) technology with machine learning (ML) algorithms offers a revolutionary solution
for early disease detection and precision farming. loT devices such as sensors, drones, and smart
cameras continuously collect environmental and crop data—including temperature, humidity,
soil moisture, and leaf imagery—while machine learning models analyze this data to identify
disease patterns accurately.

This paper reviews current advances in ML-integrated loT systems for crop disease detection,
presents a conceptual architecture for Indian farming contexts, and highlights challenges,
practical applications, and potential benefits. Case studies demonstrate that such systems
enhance detection accuracy, optimize pesticide usage, reduce crop losses, and promote
sustainable agriculture. By combining real-time monitoring with predictive analytics, ML-loT
systems represent a crucial tool for modernizing agriculture and supporting food security in India
and globally.
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1. Introduction

Agriculture continues to face significant challenges due to climate variability, increasing pest
infestations, and the prevalence of fungal, bacterial, and viral crop diseases. In India, crops such
as wheat, rice, potatoes, tomatoes, and grapes are particularly vulnerable to diseases like late
blight, downy mildew, leaf spot, and bacterial wilt, which collectively cause economic losses

estimated at 10-30% annually. Early detection and timely intervention are crucial to mitigate
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these losses. Traditional methods rely heavily on manual inspection by agricultural experts,
which is labor-intensive, slow, and limited in scale. Moreover, visual inspections may fail to
detect early-stage infections, reducing the effectiveness of remedial measures.

Recent technological advancements provide an alternative solution. The integration of 10T and
machine learning (ML) enables the development of smart farming systems capable of real-time
monitoring, predictive analytics, and automated decision-making. 10T devices—including
environmental sensors, drones, multispectral cameras, and RFID-based monitoring systems—
continuously collect large volumes of data related to crop health.

Machine learning algorithms, particularly convolutional neural networks (CNNs) and ensemble
classifiers, process this data to detect disease patterns, classify infection severity, and generate
actionable insights. By providing early alerts, these systems allow farmers to apply interventions
selectively, optimize pesticide usage, and prevent widespread crop loss.

This paper explores the integration of ML and 10T for crop disease detection, emphasizing Indian
agricultural contexts. It discusses system architecture, sensor types, machine learning
approaches, performance evaluation, and practical applications.

Data analysis tables demonstrate the effectiveness of ML-loT systems in improving early
disease detection, supporting the adoption of technology-driven solutions in precision
agriculture. Through this research, we aim to highlight how emerging technologies can
revolutionize Indian agriculture, improve yields, and support sustainable farming practices.

2. Literature Review
2.1 10T in Agriculture

The Internet of Things (10T) refers to a network of interconnected devices that can sense, collect,
and transmit data for analysis. In agriculture, 10T devices have been deployed to continuously
monitor environmental parameters, including temperature, humidity, soil moisture, and leaf
wetness, as well as crop imagery for phenotypic assessment.

Indian farmers have increasingly adopted IoT devices in pilot programs and research farms,
providing real-time insights into field conditions. For instance, LoRaWAN-based soil moisture
sensors in Maharashtra have enabled optimized irrigation scheduling, reducing water waste and

improving crop health (Tripathi, 2023).
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2.2 Machine Learning for Disease Detection

Machine learning enables automated processing of complex datasets collected by 10T devices.
Deep learning models, particularly CNNs, have shown exceptional performance in detecting leaf
lesions, discoloration, and disease-specific patterns. Ensemble classifiers and hybrid approaches
combine multiple algorithms to improve detection accuracy.

In India, CNNs trained on images of potato, tomato, and wheat leaves have achieved accuracy
rates exceeding 90%, highlighting their practical utility for early disease intervention (Kumar &
Verma, 2021).

2.3 Integration of 10T and ML

The integration of 10T and ML creates a closed-loop system capable of real-time disease
detection and automated alerts. 10T sensors collect continuous data, which ML algorithms
analyze to predict disease onset, classify severity, and recommend interventions.

Studies in Indian research farms demonstrate that integrating temperature, humidity, and leaf
imagery enhances detection accuracy, reduces reliance on manual inspection, and enables
scalable monitoring of large fields (Deswal & Ahlawat, 2020).

3. Proposed System Architecture

The ML-integrated 10T system for crop disease detection generally consists of four layers:

1. loT Sensing Layer: Includes environmental sensors (temperature, humidity, soil
moisture), cameras (RGB, multispectral), and drones to capture real-time crop data.

2. Data Transmission Layer: Uses wireless protocols such as Wi-Fi, LoRaWAN, ZigBee,
or cellular networks to transmit data to cloud or edge servers.

3. Data Processing Layer: Cloud computing or edge devices process incoming data using
ML models, including CNNs for image recognition and random forests for environmental
feature analysis.

4. Decision-Making Layer: Generates real-time alerts, dashboards, and recommendations

for farmers, including disease type, severity, and suggested interventions.
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Figure 1: Conceptual Architecture of ML-loT Crop Disease Detection System
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4. Data Analysis and Model Evaluation Table 1: Performance of Machine Learning
Models for Crop Disease Detection
ML Model Accuracy Precision Recall (%) F1-Score Dataset Size
(%) (%) (%)
CNN 94.5 93.8 94.0 93.9 5000 images
Random 88.2 87.5 88.0 87.7 5000 images
Forest
SVM 85.3 84.7 85.0 84.8 5000 images
KNN 81.6 80.9 81.0 80.9 5000 images

Discussion: CNN models outperform traditional classifiers due to their ability to extract
hierarchical features from crop images. Random forest and SVM models perform well on
sensorbased environmental features, suggesting hybrid approaches can improve overall system

performance.

Special Issue - Vol. 16 No. S1 (2026) 4



International Conference on Multidisciplinary Perspectives in
Education, Science, and Technology (ICMPEST)

Organized by- Jeevan Jyoti College of Commerce Management & Technology, Dayalpur, Purkaji
Lakshar Road, Block Khanpur, Haridwar (09 May 2026)
In IJESH ISSN: 2250-3552

Performance of Machine Learming Models for Crop Disease Detection

www.ijesh.com

100

-~ Accuracy
= Precision

—a— Recall

——&— Fl-Score

Percentage (%)

85 -

80 -

5

CNN Random Farest sSVM KNN
Machine Learning Model

Table 2: 10T Sensor-Based Data Analysis for Early Disease Prediction

Crop Type | Sensor Type | Parameter | Threshold Detection Sample Size
Measured for Alert Accuracy
(%)
Wheat Soil Moisture | Volumetric | <30% 90% 100 plots
Water
Content
Potato Temperature/ | Leaf wetness | >28°C &| 92% 80 plots
Humidity & temp >85% RH
Tomato RGB Camera | Leaf Spot| >5% leaf| 94% 60 plants
Area coverage
Grapes Multispectral | NDVI &| NDVI<0.6 |91% 50 plants
Camera chlorophyll
index
Rice Temperature | Field >32°C 88% 100 plots
Sensor Temperature
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Discussion: 10T sensor data enables early detection of crop disease, even before visual

symptoms appear. Timely alerts allow targeted interventions, reducing pesticide usage and
increasing yield.
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5. Challenges and Limitations
Despite the promise of ML-10T systems, several challenges remain:

e Data Quality: Poor calibration or noise in sensors and images can reduce detection
accuracy.

e Connectivity: Remote rural farms often lack reliable network infrastructure for real-time
data transmission.

e Cost: The deployment of 10T devices and cloud computing resources may be expensive
for small-scale farmers.

e Model Generalization: Machine learning models trained on specific crop varieties or
regions may not generalize to all Indian agro-climatic conditions.

e Farmer Training: End-users need training to interpret system alerts and implement
timely interventions effectively.

6. Practical Implications

e |oT-ML systems enable precision spraying of fungicides and pesticides, reducing
chemical overuse and cost.

e Government agricultural agencies can monitor disease outbreaks regionally, aiding
policy and resource allocation.
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Mobile applications integrated with 10T systems provide real-time alerts and actionable
insights to farmers.
These systems support sustainable agriculture, improve yield, and reduce environmental

impact.

7. Conclusion

Machine learning integrated 10T systems are transforming crop disease management by enabling

early detection, predictive insights, and precision intervention. In India, such systems have

shown high accuracy in identifying diseases in wheat, potatoes, tomatoes, rice, and grapes. CNN-

based image processing combined with environmental sensor data offers an effective solution to

traditional crop monitoring challenges. Adoption of ML-loT technology can enhance

productivity, optimize resource usage, reduce crop losses, and promote sustainable farming

practices. Despite challenges such as cost, connectivity, and training, these systems represent a

crucial step towards modern, data-driven agriculture in India and globally.
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