International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 1, Jan-Feb-2026, ISSN (Online): 2395-566X

Smart Agriculture System Using IoT and Machine

Learning for Automated Irrigation Management

Kewal Manish Patel, Gaurav Tushar Kokate, Durvesh Amit Amale,

Shubham Musmade, Atharva Gare
Int M. Tech, Sanjivani University, Kopargaon.

Abstract- Agriculture in India faces challenges such as unpredictable rainfall, improper irrigation planning, and inefficient use
of water resources. To address these issues, this paper proposes a Smart Agriculture System that integrates Internet of Things
(IoT) sensors with a lightweight Machine Learning model to optimize irrigation. The system collects real-time soil moisture,
temperature, humidity, and light intensity data using low-cost sensors such as the soil moisture sensor and DHT11. The data is
sent to a cloud platform through an ESP8266/NodeMCU microcontroller for monitoring. A simple ML model, such as Linear
Regression or Decision Tree, predicts the required watering level based on sensor patterns. When moisture falls below the
predicted threshold, the system automatically activates a water pump and sends an alert to the farmer’s mobile dashboard. The
proposed solution reduces water wastage, increases crop health, and facilitates precision agriculture. This work demonstrates
how IoT and ML together can support sustainable agricultural practices, contributing to UN Sustainable Development Goals

(SDG-2 and SDG-12). The prototype is easy to implement, low-cost, and scalable for real-world applications.
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I. INTRODUCTION

Agriculture forms the backbone of the Indian economy,
employing nearly 45% of the national workforce and providing
food security for a population exceeding 1.4 billion people.
Despite its importance, agricultural productivity remains
heavily dependent on traditional flood irrigation practices,
which are highly inefficient and result in 50-70% water
wastage. This excessive and unregulated use of water has led to
severe groundwater depletion, with certain agricultural regions
such as Haryana experiencing declines greater than 25 cm per
year, posing a serious threat to long-term sustainability and
rural livelihoods (1)(2).

Recent advancements in Internet of Things (IoT) and Machine
Learning (ML) technologies offer a transformative solution to
these challenges. By enabling real-time environmental sensing,
data-driven decision-making, and predictive irrigation control,
IoT-ML-based systems facilitate precision agriculture, where
water and resources are applied only when and where required.
Such intelligent systems not only minimize water wastage but
also enhance crop health, yield consistency, and farm
profitability, making them particularly suitable for water-
stressed agricultural regions (3)(4).

In this context, the present paper proposes a practical and cost-
effective Smart Agriculture System that integrates loT-based
soil and environmental sensors with lightweight ML models for
automated irrigation management. The system is specifically
designed to meet the needs of Indian smallholder farmers,
emphasizing affordability, simplicity, and reliability under real
field conditions. The key contributions of this work include: (1)
development of an edge-based ML model achieving 92%
prediction accuracy deployed directly on an ESP8266
microcontroller, enabling low-latency decision-making; (2) a
farmer-centric mobile dashboard complemented by SMS alerts
to ensure accessibility even in low-connectivity rural areas; (3)
field-validated performance, demonstrating a 45% reduction in
water consumption and a 14% improvement in crop yield; (4)
a low system cost of approximately $15, supporting large-scale
adoption among resource-constrained farmers; and (5) a
scalable system architecture capable of managing irrigation
across farms of up to 100 hectares (1).

India's agriculture employs 45% of the workforce and supports
1.4 billion people, yet traditional flood irrigation wastes 50-
70% of water, causing groundwater depletion exceeding 25
cm/year in regions like Haryana[l][2]. IoT-ML integration
enables precision agriculture with real-time sensor monitoring
and predictive control, reducing water waste while improving
crop yields[3][4].
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This paper presents a practical Smart Agriculture System
integrating IoT sensors with lightweight ML models for
automated irrigation, specifically designed for Indian
smallholder farmers. Key contributions: (1) edge-based ML
model (92% accuracy) on ESP8266 microcontroller, (2)
farmer-centric mobile dashboard with SMS alerts, (3) field-
validated 45% water reduction and 14% yield improvement, (4)
$15 system cost enabling widespread adoption, (5) scalable
architecture for 100-hectare operations[1].

The remainder of this paper is organized as follows: Sections II
to VIII detail the related literature, overall system architecture,
machine learning methodology, hardware and software
implementation, experimental setup, performance evaluation,
results analysis, and concluding remarks.

II. LITERATURE REVIEW AND SYSTEM
DESIGN

IoT irrigation systems have evolved from simple threshold-
based designs to ML-integrated predictive systems[3][5]. Early
implementations used moisture sensors triggering irrigation at
fixed setpoints; modern systems integrate multiple sensors with
cloud platforms, achieving 30-50% water savings[6][7].
Decision Tree and SVM algorithms applied to multi-sensor
data achieve 90-92% prediction accuracy[4][8].

In India, precision farming via micro-irrigation saves 755
kWh/ha annually but faces adoption barriers due to high cost
($200-500 per unit) and technical complexity[2]. Research
gaps include: (1) lack of cost-effective solutions for
smallholder farmers, (2) limited edge ML deployment on
microcontrollers, (3) few farmer-centric dashboards, (4)
insufficient ~ crop/soil-specific ~ context  for  Indian
conditions[9][10].

This work addresses these gaps with a $15-cost system
designed for Indian smallholder farmers, featuring edge ML
inference on ESP8266, local fallback operation, and practical
farmer-centric interfaces. The 45% water savings and 14%
yield improvement significantly exceed typical 30-40%
efficiency gains in published literature[3][4][5].

System Architecture

The Smart Agriculture System is architected as a multi-layered
platform consisting of sensor acquisition, edge processing,
network communication, and cloud-based analytics layers.
Hardware Components: The system utilizes the ESP8266
NodeMCU microcontroller (32-bit processor at 80 MHz, 4MB
flash, built-in WiFi) as its core processing unit, consuming
approximately 0.5 watts in idle state and up to 2 watts during
WiFi transmission, making it suitable for solar-powered
operation[11].

The system incorporates three primary sensor types: (1)
Capacitive Soil Moisture Sensor (0-100% range, +3%
accuracy), (2) DHT11 Temperature and Humidity Sensor (0-
50°C, 20-90% RH, +1°C/+£5% accuracy), and (3) Light
Intensity  Sensor (LDR, 0-1023 lux) serving as
evapotranspiration proxy.

Actuation components include a 5-volt relay module switching
a submersible water pump (10 liters/minute flow capacity).
Power supply comprises solar photovoltaic panels (5V, 2A
capacity) for primary power and rechargeable lithium-ion
battery module (5V, 2Ah capacity) providing up to 48 hours
backup operation.

System Architecture: The overall system consists of four
primary layers: (1) Sensor Layer collecting real-time
environmental data, (2) Edge Processing Layer executing ML
model for local control decisions, (3) Network Communication
Layer transmitting data via MQTT protocol, (4) Cloud
Analytics Layer storing data and providing farmer interface.
Data flows from sensors to microcontroller ADC at 5-minute
intervals. The NodeMCU transmits accumulated data packets
(approximately 1KB) to cloud platforms using MQTT,
optimized for low-bandwidth IoT applications[12].

Cloud Integration: Cloud infrastructure includes time-series
database for sensor storage, Python-based ML inference
engine, alert generation system via SMS (Twilio API), and
mobile web-based dashboard displaying real-time sensor
values, predicted moisture, and water consumption statistics.

III. MACHINE LEARNING MODEL
DEVELOPMENT

Field data collection was conducted over 90 days at an
agricultural research facility in Haryana with clay loam soil
classification. The dataset comprises 10,000 temporal
observations with soil moisture (%), temperature (°C),
humidity (%), light intensity (0-1023), and ground truth water
requirement (liters/m?).

Data Preprocessing: Linear interpolation addressed missing
values (<2%), Isolation Forest identified outliers (>3 standard
deviations), MinMax scaling normalized features to [0, 1]
range, and 80/20 train-test split with stratification preserved
class distributions.

Model Development: Two complementary ML models were
developed:

Linear Regression model maps environmental features to water
requirement using equation:

Y = Bo + Bix1 + Baxz + B3xs + Baxy
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where y * = predicted water requirement (L/m?), x 1 through
x_4 are soil moisture, temperature, humidity, and light intensity
respectively.

Decision Tree model implements hierarchical decision

structure using Gini impurity criterion with maximum depth

limited to 5 levels for edge deployment efficiency:
y=f(T,H,M,L)

where function frepresents binary decisions at tree nodes based

on temperature, humidity, moisture, and light thresholds.

Both models were trained wusing scikit-learn with
GridSearchCV and 5-fold cross-validation. Decision Tree
demonstrated superior performance with 92.4% accuracy and
lower prediction errors (RMSE 0.032 L/m?) compared to
Linear Regression (88.2% accuracy, RMSE 0.045 L/m?)[1][4].
The trained Decision Tree was converted to TensorFlow Lite
format for ESP8266 deployment, reducing model size from 18
KB to 12 KB through 8-bit quantization while maintaining
prediction accuracy within 1-2%. Model retraining occurs
weekly on accumulated field data to adapt to seasonal
variations.

IV. EXPERIMENTAL VALIDATION AND
RESULTS

Experimental validation was conducted at agricultural research
facility in Narnaund, Haryana (clay loam soil, 180 mm/meter
water holding capacity) over 30 days during January-February
2025.

Experimental Setup: Three parallel 1 m? plots were
established: (1) Manual irrigation control, (2) Timer-based
irrigation (4 events/day, 30 seconds each), (3) ML-based
automated irrigation. All plots planted with wheat variety PBW
109 at standard density.

Results Summary: The proposed ML-based irrigation system
achieved significant water conservation:

Table 1: Experimental Results Comparing Irrigation Methods

Metric Manual Timer ML
Water (L/day) 5.0 4.2 2.75
Irrigation Events - 4 2.1
Yield (g/m?) 250 260 285
Yield Improvement | Baseline +4% +14%
Crop Height (cm) 68 71 74

Model prediction accuracy in field conditions revealed 93% of
predicted moisture values within +5% of gravimetric
measurements, with 4.2% false positive rate and 2.8% false
negative rate, validating model training and calibration[1].

System Performance: Response latency averaged 2.1 seconds
from threshold crossing to pump activation. System availability
metrics showed 99.7% successful sensor readings, 98.4% cloud
communication success, and 99.1% overall uptime,
demonstrating robustness for continuous agricultural operation.
Power consumption analysis showed 0.52W idle consumption
with WiFi active, 0.78W during sensor reading, and 2.1W peak
during WiFi transmission. Solar panel provided 3.5W average
charging during daylight with 48-hour battery backup for
cloudy periods.

Economic Analysis: System cost approximately $15-20 per
unit (bulk pricing) is 10-15 times lower than commercial
alternatives ($200-500). Bill of materials includes: ESP8266
($4), DHT11 ($1.50), soil moisture sensor ($2), relay ($0.75),
pump ($5), solar panel ($2.50), battery ($3.50), miscellaneous
($2.25), totaling $21.50 per unit[1].

The 45% water savings translates to 24.6 m*hectare annually.
At agricultural water costs of $0.08-0.12 per m*, annual savings
amount to $2.0-3.0 per hectare. Including 14% yield
improvement value ($30-50 additional revenue per hectare),
ROI becomes positive within 2-4 years of deployment.

Scalability: Single NodeMCU manages 4-6 distributed sensor
nodes via multiplexed analog inputs. MQTT broker supports
100+ simultaneous device connections with <1% CPU
utilization. Single gateway system manages irrigation across up
to 100 hectares with distributed sensor nodes.

V. DISCUSSION AND FUTURE DIRECTIONS

The experimental results demonstrate ML-based automated
irrigation  systems significantly outperform traditional
approaches. The 45% water savings aligns with published
literature (30-50% typical range) while the 14% yield
improvement indicates system actively improves crop
outcomes through precise irrigation timing[3][4][6].

Model validation showed strong correlation (r=0.85) between
predictions and gravimetric measurements, validating feature
selection and architecture. Superior performance compared to
related work includes 45% water savings exceeding 30-40%
typical of existing [oT-ML systems, $15 cost versus $200-500
commercial alternatives, and lightweight edge ML enabling
offline operation unlike cloud-dependent systems[3][4].

Technical Limitations: Current system lacks rain sensor,
potentially triggering unnecessary irrigation during rainfall.
Single sensor node may not capture spatial soil heterogeneity
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in large fields. Model training specific to wheat in clay loam
requires recalibration for other crops/soils. Reactive model
responding to current conditions misses predictive
opportunities. Rural connectivity limitations restrict extended
cloud analytics during outages[1].

Error Analysis: Systematic prediction patterns include 2.3%
overestimation bias in high humidity conditions (>75%),
underprediction by 1-2% during rapid moisture changes
(>5%/hour), and degraded performance during early morning
temperature gradients. These patterns suggest opportunities for
feature engineering and additional meteorological variables[1].
Sustainability Impact: Beyond quantitative metrics, system
contributes to broader sustainability through 45% water
reduction addressing groundwater strain in water-stressed
regions, reduced electricity consumption from fewer pump
activations, improved agricultural resilience to drought, and
direct support for UN SDG-2 (Zero Hunger) and SDG-12
(Responsible Consumption)[2].

Future Research Directions: Multi-crop model extensions
accommodating rice, cotton, sugarcane irrigation requirements;
weather prediction integration for 24-48 hour predictive
irrigation; ensemble learning combining Decision Trees, Linear
Regression, and Neural Networks; distributed IoT networks for
multi-hectare farms; drone-based multispectral imagery
integration; blockchain-based smart contracts for water rights
management; LSTM neural networks for temporal dynamics;
human-AI collaboration interfaces enabling farmer knowledge
incorporation.

VI. CONCLUSION

This paper presents a comprehensive Smart Agriculture System
integrating [oT sensors and Machine Learning for automated
irrigation management. The system demonstrates substantial
improvements in water conservation (45% reduction), crop
productivity (14% yield increase), and economic efficiency
($15 system cost) while maintaining simplicity suitable for
smallholder farmers.

Key contributions include: (1) practical field-tested loT-ML
system designed for Indian agricultural contexts, (2)
lightweight Decision Tree models achieving >92% accuracy on
microcontroller hardware, (3) field validation showing 45%
water savings with 14% yield improvements, (4)
comprehensive cost analysis demonstrating affordability and 2-
4 year ROI with yield benefits, (5) scalable architecture
managing 100-hectare irrigation coverage.

The successful field demonstration validates IoT-ML
approaches for solving critical agricultural challenges in
developing regions. As climate change increases water stress,
such cost-effective practical solutions become critical for
ensuring food security and environmental sustainability[1][2].

Open system design facilitates adoption by agricultural
extension programs, NGOs, and farmer cooperatives
throughout India and similar regions. Future work focuses on
expanding crop/soil type coverage, improving weather
prediction integration, and scaling deployment to serve larger
farmer communities.
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