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Abstract—The increasing global demand for food, 
combined with climate variability and resource scarcity, has 
intensified the need for intelligent, automated farming systems. 
Traditional agri- cultural practices depend heavily on manual 
observation, which is often slow and inaccurate, leading to delayed 
detection of dis- eases, excessive water usage, and reduced crop 
yields. To address these challenges, this study presents a 
comprehensive Internet of Things (IoT) and Machine Learning 
(ML)–driven smart farming architecture for real-time crop 
disease detection, environmental monitoring, and automated 
irrigation control. The proposed system integrates sensor-based 
environmental data acquisition, Random Forest–based 
environmental classification, YOLOv8- based disease detection, 
and automated actuator responses con- trolled through 
microcontrollers. This paper significantly extends the existing 
research by offering an in-depth literature review, mathematical 

modeling, a detailed technical architecture, com- munication 
protocols, evaluation metrics, ablation studies, and error analysis. 
Experimental results demonstrate that YOLOv8 achieves an 
mAP@0.5 of 0.921 for disease detection, while Ran- dom Forest 
achieves 96.2% accuracy in environmental condition 
classification. The system effectively reduces water consumption 
and enhances early disease intervention. This extended research 
provides a scalable, low-cost, and practical framework suitable for 
real-time smart agriculture. 

Index Terms—IoT, Machine Learning, Smart 
Farming, Ran-dom Forest, YOLOv8, Precision Agriculture, 
Disease Detection. 

 
 

I. INTRODUCTION 

Agriculture is the backbone of the global economy, with 

more than 60% of the population in developing countries 

relying on farming for livelihood. However, modern agri- 

culture faces severe challenges: unpredictable climate, water 

scarcity, decreasing soil fertility, and frequent outbreaks of crop 

diseases. These issues significantly reduce crop produc- tivity, 

leading to food insecurity. 

Manual crop monitoring is labor-intensive, error-prone, and 

inefficient. A farmer may fail to detect early symptoms of 

disease, resulting in rapid spread and irreversible damage. 

Similarly, inadequate irrigation practices often lead to either 

waterlogging or drought-like conditions, both harmful for crop 

growth. 

The emergence of IoT and Machine Learning presents un- 

precedented opportunities to automate monitoring and control 

processes in agriculture. By integrating sensors, microcon- 

trollers, and predictive ML models, a smart farm enables real- 

time decision-making, accurate disease detection, and efficient 

water management. 

A. Motivation 

The major motivations for this work are: 

• To design a low-cost, scalable smart agriculture system 

suitable for small and marginal farmers. 

•   To use ML and deep learning for early disease detection 

to prevent large-scale crop loss. 

•   To automate irrigation based on real-time sensor data and 

ML predictions. 

•   To provide a unified framework combining both sensor- 

driven and image-driven intelligence. 

B. Contributions 

The major contributions of this extended 10-page work are: 

1) A deeply detailed literature review covering IoT, ML, 

smart agriculture systems, and deep-learning-based dis- 

ease detection. 

2) A comprehensive architecture integrating sensors, ML 

models, hardware control, and cloud monitoring. 

3) Mathematical modeling for Random Forest entropy, 

YOLOv8 loss functions, and severity estimation. 

4) A complete communication protocol for Python–

Arduino command synchronization. 

5) Extensive experimental results, ablation study, error 

analysis, limitations, and future directions. 

II. LITERATURE  REVIEW 

A. IoT in Precision Agriculture 

IoT has revolutionized agriculture by enabling continuous 

monitoring of environmental parameters such as soil 

moisture, soil pH, temperature, humidity, sunlight, and 

nutrient concen- tration. Several works have implemented 

IoT-based irrigation systems that automatically activate 

pumps whenever moisture drops below a threshold. Patel et 

al. [2] demonstrated that IoT-enabled irrigation reduces 

water consumption by nearly 40–50%. 

However, most IoT systems only perform rule-based 

control using fixed thresholds. They fail to incorporate ML-

driven pre- dictions, multi-sensor fusion, or image-based 

disease detection 
— limiting their long-term adaptability. 
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B. Machine Learning for Environmental Classification 

Classical ML models such as Logistic Regression, SVM, 

Decision Trees, and Random Forests have been widely used in 

agriculture for: 

• soil classification, 

• moisture prediction, 

• nutrient-level prediction, 

• irrigation scheduling, 

• crop yield forecasting. 

Among them, Random Forest has proven highly effective 

due to: 

1) robustness against noisy data, 

2) ability to handle non-linear relationships, 

3) strong interpretability through feature importance, 

4) high accuracy due to bootstrap aggregation. 

Breiman’s Random Forest [1] is particularly suitable for 

sensor data due to environmental variability. 

C. Deep Learning for Crop Disease Detection 

Deep learning has shown remarkable performance in plant 

disease classification. CNN-based models (AlexNet, VGG, 

ResNet) have been used for leaf disease detection on datasets 

such as PlantVillage. However, classification-only CNNs lack 

spatial localization. YOLO (You Only Look Once) introduced 

by Redmon et al. revolutionized object detection by enabling 

real-time bounding-box prediction. 
YOLOv8, the latest architecture by Ultralytics, provides: 

• decoupled heads for classification and regression, 

• stronger CSP backbone, 

• improved feature fusion, 

• higher FPS and mAP. 

Unlike traditional ML approaches, YOLOv8 can detect 

multiple diseases within the same leaf image with bounding 

boxes. 

D. Gap Analysis 

Existing works do not combine: 

• IoT sensor analysis, 

• ML environmental prediction, 

• real-time YOLO-based disease detection, 

• automatic irrigation and alert control, 

• a unified dashboard for real-time monitoring. 

This paper fills the gap by designing a complete end-to-end 

smart farming system. 

III. SYSTEM  ARCHITECTURE 
 

 
Fig. 1. Complete system architecture integrating IoT sensing, ML inference, 
YOLO detection, and actuator control. 

 

                   Fig. 2.  Smart Agricultural System architecture     

    The architecture consists of: 

• IoT sensors for environmental data collection, 

• Arduino/ESP32 microcontroller for real-time acquisition, 

• Python ML server for Random Forest prediction, 

• YOLOv8 engine for visual disease detection, 

• severity estimation module, 

• actuator control system (pump, buzzer, relays), 

• cloud dashboard for live monitoring. 

A detailed, multi-stage breakdown is provided below. 

A. Data Acquisition Layer 

This layer captures environmental parameters: 

Temperature, Humidity, Soil Moisture, pH 

B. Processing Layer 

       The Python ML engine receives: 

Sensor Data + Leaf Images Random Forest 

predicts environmental state: 

Dry, Normal, Wet, Waterlogged YOLOv8 

detects diseases like: 

Leaf Spot, Blight, Rust, Pest Damage 

 

C. Actuation Layer 

Based on inference: 

• pump turns ON/OFF, 

• alerts are triggered, 

• logs are stored, 

• disease reports are generated. 

IV. DATASET  AND  PREPROCESSING 

A. Image Dataset 

The image dataset consists of: 

• 3,200 images, 

• 6 disease classes, 

• bounding-box annotations, 

• field images with variable lighting 
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conditions. Augmentation: 

• rotation, 

• horizontal/vertical flip, 

• contrast enhancement, 

• Gaussian noise, 

• random cropping. 

B. Sensor Dataset 

Collected over 6 months:   

25, 000 sensor records 

Each record includes: 

{ SM, pH, Temp, Humidity} 

              V.   Methodology 

A. Random Forest Mathematical Modeling 

Random Forest combines multiple decision 

trees: 

Entropy: 

yˆ = mode(h1(x), h2(x), ..., h T (x)) 

Entropy ( D ) = −∑pi log2 (pi ) 

Information Gain: 

IG ( D, A ) = Entropy ( D ) −∑ |Dv|Entropy(D) 

                                            

                                                   |D| 

YOLOv8 Architecture 

 

Fig. 3. YOLOv8 architecture used for disease detection. 

YOLOv8 predicts for each bounding box: 

(xc, yc, w, h, C, p)                                                                                                                                        

Loss:   L = Lbox + L c l s + Lobj  

CIoU loss is used for bounding box                                                              

regression. 

C. Severity Estimation 

        Given detection boxes: 

    S=∑ area (b) 

        area(leaf) 

    Ranges:  

• Mild:  S<0.15 

• Moderate: 0.15 ≤ S < 0.40 

• Severe: S ≥ 0.40 

        VI.    Implementation 

A. Hardware 

• Arduino Uno, 

• ESP32-CAM, 

• Soil Moisture Sensor (Capacitive), 

• pH Probe, 

• DHT11, 

• 5V Relay Module, 

• DC Pump. 

B. Software 

• Python 3.10, 

• Scikit-learn, 

• Ultralytics YOLOv8, 

• OpenCV, 

• Flask, 

• Arduino IDE. 

Flow Chart 
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Fig. 4.Flowchart of Proposed Smart Agricultre System 

VII.  Results  and  Evaluation 

A. Model Accuracy Comparison 

               

 TABLE I 

  YOLOV8 EVALUATION RESULTS 

 

 

 

 

B. Confusion Matrix for Random Forest 

TABLE II 

         RANDOM FOREST CONFUSION MATRIX 

 

 

 

 

VIII. ABLATION  STUDY 

TABLE III 

ABLATION RESULTS FOR YOLO VARIANTS 

Model mAP@0.5 FPS 

YOLOv5n 0.812 61 

YOLOv7-tiny 0.865 52 

YOLOv8n (ours) 0.921 78 

IX. Error Analysis 

A. False Positives 

Some diseases such as rust were incorrectly detected in 

shadow regions. 

B.   False Negatives 

Small lesions under low light were missed. 

C.  Sensor Drift 

pH sensor drift caused misclassification in borderline data. 

X. DISCUSSION 

The integration of both image and sensor modalities sig- 

nificantly improves accuracy. YOLOv8’s low latency enabled 

real-time detection. 

XI. LIMITATIONS 

• Limited dataset size. 

• Variable lighting affects detections. 

• pH sensor needs weekly calibration. 

• System requires stable power supply 

XII. CONCLUSION 

This research introduced a complete IoT and ML–driven 

smart farming system capable of real-time sensing, environ- 

mental classification, disease detection, and automated 

control. YOLOv8 demonstrated superior accuracy for disease 

detection, while Random Forest effectively classified 

environmental conditions. Together, they enable a unified 

decision-making framework for precision agriculture. 

XIII. FUTURE  WORK 

• Integration of NPK sensors. 

• Deployment on NVIDIA Jetson Nano/Edge TPU. 

• Deep learning–driven irrigation prediction models. 

• Large-scale dataset collection across farms. 

• Mobile app with regional language support. 
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