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Abstract - The rapid depletion of global freshwater resources,
coupled with the increasing demands of a growing population,
necessitates a paradigm shift in agricultural practices.
Traditional irrigation methods are notoriously inefficient,
often leading to overwatering, soil degradation, and massive
water wastage. This paper proposes a comprehensive Smart
Irrigation System leveraging the Internet of Things (IoT) and
Machine Learning (ML) algorithms to optimize water usage in
precision agriculture. The proposed architecture integrates a
network of low-cost sensors to monitor real-time
environmental parameters, including soil moisture,
temperature, humidity, and pH levels. Data collected by the
sensor nodes is transmitted via wireless communication
modules to a centralized cloud platform for processing. To
enhance decision-making beyond simple threshold-based logic,
the system employs predictive modeling using algorithms such
as Random Forest (RF), Support Vector Machines (SVM), K-
Nearest Neighbors (KNN), and Artificial Neural Networks
(ANN). The integration of ML allows the system to forecast
irrigation needs based on historical data and weather
predictions, achieving predictive accuracies exceeding 95%.
Simulated results and real-world deployment scenarios
demonstrate that the proposed system can reduce water
consumption by up to 40% compared to traditional timer-
based systems, while simultaneously improving crop yield.
Furthermore, this paper addresses current deployment
challenges such as  scalability, connectivity, and
implementation costs, and explores future trends including 5G
integration, Edge Computing, and Artificial Intelligence of
Things (AloT).
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I. INTRODUCTION

Agriculture is the backbone of the global economy, yet it
remains the largest consumer of the world's freshwater
resources, accounting for approximately 70% of total usage.
With climate change inducing unpredictable rainfall patterns
and prolonged droughts, water scarcity has emerged as a
critical global challenge. Traditional irrigation techniques,
such as surface and sprinkler irrigation, rely heavily on
manual intervention or static timer-based controllers. These
methods fail to account for the dynamic micro-climatic
conditions of the farm, resulting in severe water wastage,
nutrient leaching, and suboptimal crop yields.

The advent of the Internet of Things (IoT) has revolutionized
various industrial sectors, and its application in agriculture—

often termed precision agriculture or smart farming—offers a
promising solution to the water crisis. By deploying a network of
interconnected sensors, actuators, and microcontrollers, IoT enables
real-time monitoring of the agricultural environment. When
combined with Data Analytics and Machine Learning (ML), these
systems can transition from merely automated setups to truly
"smart" cognitive systems capable of autonomous decision-making.

The primary objective of this research is to design, implement,
and evaluate a scalable, cost-effective Smart Irrigation System using
loT and ML. The system aims to minimize human intervention by
automating the irrigation process based on precise, real-time
agronomic data. The specific contributions of this paper include:

1. The development of an end-to-end loT architecture
utilizing low-power microcontrollers and cloud integration.

2. The implementation of a hybrid decision-making logic that
combines immediate threshold-based actuation with ML-
driven predictive scheduling.

3. A comprehensive evaluation of various ML algorithms
(KNN, SVM, ANN, RF) to determine the most accurate
model for soil moisture prediction.

4. An analysis of the system's impact on water conservation
and operational efficiency.

Il. LITERATURE REVIEW

The integration of 10T in agriculture has been widely researched
in recent years, with a significant surge in literature post-2020
focusing on optimizing communication protocols and
integrating artificial intelligence. Recent studies have explored
various architectures for smart irrigation. For instance, research
by Smith et al. [1] in 2022 demonstrated the efficacy of
LoRaWAN for long-range, low-power sensor networks in large-
scale farms, overcoming the range limitations of traditional Wi-
Fi. However, their system relied on basic rule-based logic,
which lacked predictive capabilities. Similarly, Patel and
Sharma [3] proposed an MQTT-based lightweight
communication framework for greenhouse irrigation, achieving
significant reductions in data latency, though the
implementation cost remained a barrier for smallholder farmers.
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The shift toward Al-driven irrigation is evident in the
works of Chen et al. [5], who utilized Artificial Neural
Networks (ANN) to predict soil moisture dynamics.
While the ANN achieved high accuracy, the
computational overhead required cloud reliance, raising
concerns about system latency during network outages.
In 2023, Kumar et al. [8] introduced an edge-computing
paradigm using Raspberry Pi to run Support Vector
Machine (SVM) models locally, significantly improving
response times but increasing the per-node hardware
cost.

Despite these advancements, several gaps remain in the
existing literature. Most proposed systems suffer from a
lack of scalability, as expanding the sensor network often
leads to network congestion and power management
issues. Furthermore, high implementation costs prevent
widespread adoption in developing nations.

Ref. No. | Year | Communicatio Decision advantage Limitation
n Logic s
[1] 202 LoRaWAN Rule- Long No
2 based range, low predictive
power capability
[4] 202 Wi-Fi/MOTT Fuzzy Easy High power
3] Logic integratio consumptio
n n
[8] 202 zighee SVM Low High node
3 (Edge) latency cost
[12] 202 GSM/GPRS ANN Remote Recurring
4 (Cloud) access data costs
anywhere
propose 202 Hybrid (Wi- Threshol High Moderate
d 6 Fi/LoRa) d+RF accuracy, initial setup
scalable

1 PROPOSED SYSTEM AND METHODOLOGY

The proposed Smart Irrigation System is built upon a robust,
three-tier IoT architecture: the Perception Layer, the
Network Layer, and the Application Layer.

A. System Architecture

The core architecture is designed to be modular and
scalable. At the field level, multiple sensor nodes are
deployed. Each node consists of a microcontroller interfaced
with a suite of sensors. These nodes act as edge devices,
collecting raw data and performing basic filtering. The data
are then transmitted to a central gateway, which bridges the
local network to the internet, forwarding the telemetry to a
cloud server for storage and advanced analytics.

B. Hardware Components

I Microcontroller Unit (MCU): An ESP32 is utilized
as the primary processing unit for the sensor nodes
due to its dual-core processor, low power
consumption, and integrated Wi-Fi and Bluetooth
capabilities. For the central gateway, a Raspberry Pi
4 is employed to handle heavier computational loads
and edge ML inference if cloud connectivity is lost.

Il.  Sensors: - Capacitive soil moisture sensor: Preferred over
resistive sensors to prevent corrosion.

a. DHT22: Measures ambient temperature and
relative humidity with high precision.

b. pH Sensor: Monitors soil alkalinity and acidity to
ensure optimal nutrient absorption.

Ill.  Actuators: A 5-volt relay module interfaces with the MCU
to control 12-volt dc water pump or solenoid valves,
directing water flow to specific field zones.

C. Communication Protocols

To balance range, power, and bandwidth, a hybrid
communication strategy is proposed. Sensor nodes communicate
with the local gateway using LoRa protocols, allowing for a range
of up to 10 kilometres in rural settings with minimal power draw.
The gateway then utilizes Wi-Fi or a 4G/LTE cellular module to

push

aggregated data to the cloud via the MQTT protocol.

Iv. ALGORITHM AND DECISION LOGIC

The decision-making process is a hybrid system combining
immediate reactive logic and proactive predictive logic.

A. Threshold-Based Reactive Logic

At the edge level (ESP32), a fail-safe threshold logic is continuously
executed. This ensures that if cloud connectivity drops, the crop will
not perish. The required volumetric water content, 6, is calculated
as,

Vw

6 = —
vt

where ¥, is the volume of water and V; is the total volume of the
soil sample. When 6 drops below the critical 30 percent
threshold, the MCU bypasses the cloud and triggers immediate
actuation.

B. Machine Learning Predictive Logic:

For routine operation, the cloud server processes the incoming
data streams alongside external APIs. We evaluated four ML
algorithms: K-Nearest Neighbours (KNN), Support VVector Machine
(SVM), Artificial Neural Network (ANN), and Random Forest (RF).
The system was evaluated over a three-month crop cycle. The
primary metrics assessed were water consumption, algorithm
accuracy, and overall system reliability.

The ML model takes the feature vector [Current Moisture,
Temperature, Humidity, Predicted Rainfall, Crop Stage] as input.
The output is a binary classification: 1 (Irrigate) or 0 (Do not
irrigate). Random Forest was selected as the primary algorithm due
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to its high resistance to overfitting and excellent performance
with nonlinear agricultural data.

V. IMPLEMENTATION

The physical implementation of the system was carried out
in a controlled greenhouse environment spanning 500 square
meters, divided into four irrigation zones.

Each zone was equipped with a sensor node powered by
a 5-volt solar panel and a lithium-ion battery. The capacitive
soil moisture sensors were buried at a depth of 15 centimetres.
The ESP32 microcontrollers were programmed using the
Arduino IDE in C++, Python was utilized on the cloud server,
and the scikit-learn library was used to train and deploy the
ML models. Data were formatted as JSON payloads and
transmitted via MQTT.

VI. RESULTS AND DISCUSSION

The system was evaluated over a three-month crop cycle. The
primary metrics assessed were water consumption, algorithm
accuracy, and overall system reliability.

A. Water Conservation

Compared to an adjacent control plot utilizing a
traditional timer-based irrigation system, the loT-enabled
plot demonstrated significant resource efficiency. The
traditional system consumed approximately 4500 litres of
water over the test period. The IoT system, utilizing the
hybrid ML logic, consumed only 2750 litres. This translates
to a 38.8 percent reduction in water usage, while maintaining
identical crop health and yield.

B. Machine Learning Model Performance

A dataset of 10,000 historical agronomic readings was
used to train (80 percent) and test (20 percent) the ML
models. The performance of the algorithms was evaluated
based on accuracy, precision, recall, and F1-Score.

ML Algorithm Performance Comparison

Algo | Accuracy Precision Recall F1-
Score

KNN | 88.5% 0.86 0.89 0.87
SVM | 92.1% 0.90 0.91 0.90
ANN | 95.4% 0.94 0.95 0.94
RF 97.8% 0.97 0.98 0.97
As shown in Table Il, the Random Forest algorithm

outperformed the others, achieving an accuracy of 97.8 percent.

VII. ADVANTAGES AND LIMITATIONS

A. Advantages

1. Maximized water efficiency: Real-time monitoring
prevents overwatering, conserving a critical natural
resource.

2. Automated farm management: Reduces the manual labour
required for field monitoring.

3. Enhanced crop yield: Maintaining soil moisture within the
precise optimal band prevents plant stress.

B. Limitations

1. Initial setup cost: The procurement of microcontrollers,
high-quality sensors, and network gateways presents a
significant upfront financial barrier.

2. Connectivity issues: In remote rural areas, achieving stable
internet connectivity remains a persistent challenge.

VIIL FUTURE SCOPES

The landscape of agricultural technology is rapidly evolving.
Future iterations of this system can be expanded through 5G
integration for ultra -reliable, low-latency communication.
Transitioning from cloud-based ML inference to running
lightweight dependency on internet connectivity. Furthermore,
integrating aerial IoT drones equipped with multispectral cameras
can provide macro-level crop health data.

IX. CONCLUSION

The integration of IoT and Machine Learning in agriculture
provides a robust, scalable solution to the pressing issue of global
water scarcity. This paper successfully demonstrated a Smart
Irrigation System that automates water dispensing based on precise
environmental data and predictive algorithms. By leveraging a
Random Forest classification model, the system achieved a
predictive accuracy of 97.8 percent and realized a water savings of
nearly 40 percent compared to traditional methods. While
challenges such as initial capital costs and rural connectivity
remain, the continued advancement of low-power communication
protocols and edge computing will further democratize these
technologies.

X. REFERENCES

J. Smith, A. Brown, and L. Wang, “LoRaWAN-based smart
irrigation system for precision agriculture,” IEEE Internet of
Things Journal, vol. 9, no. 5, pp. 34563465, 2022.

"I M. Patel and R. Sharma, “MQTT-based greenhouse monitoring
and irrigation control system,” International Journal of Smart
Agriculture, vol. 11, no. 2, pp. 120-130, 2023.

IJCRT2604606 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 187


http://www.ijcrt.org/

www.ijcrt.org

© 2026 IJCRT | Volume 14, Issue 4 April 2026 | ISSN: 2320-2882

S. R. Nandurkar, V. R. Thool, and R. C. Thool, “Design
and development of precision agriculture system using
wireless sensor network,” IEEE International Conference
on Automation, pp. 1-6, 2021.

[l A. Kumar, P. Singh, and S. Gupta, “loT-based smart
irrigation system using fuzzy logic,” IEEE Access, vol. 11,
pp- 22345-22356, 2023.

Y. Chen, X. Li, and H. Zhang, “Artificial neural network-
based soil moisture prediction for irrigation scheduling,”
Agricultural Water Management, vol. 250, pp. 106-115,
2022.

(1 R.K.Jain and S. K. Gupta, “Wireless sensor networks in
agriculture: A survey,” Computers and Electronics in
Agriculture, vol. 165, pp. 104115, 2020.

P. Kumar, M. Singh, and D. Verma, “loT-based smart
irrigation using soil moisture sensors,” International Journal
of Engineering Research & Technology, vol. 9, no. 7, pp.
678-682, 2020.

'l A. Kumar, S. Tiwari, and N. Mishra, “Edge computing-
based irrigation system using SVM,” IEEE Sensors Journal,
vol. 23, no. 4, pp. 3450-3460, 2023.

[l L. Ruiz-Garcia, L. Lunadei, P. Barreiro, and I. Robla, “A
review of wireless sensor technologies in agriculture,”
Sensors, vol. 9, no. 6, pp. 4728-4750, 2019.

'] S. K. Balaji and R. Kumar, “Smart irrigation system
using loT and cloud computing,” Procedia Computer
Science, vol. 133, pp. 915-922, 2018.

1 N. Gondchawar and R. S. Kawitkar, “loT-based smart
agriculture,” International Journal of Advanced Research in
Computer and Communication Engineering, vol. 5, no. 6,
pp- 838-842,2019.

[l T. Ojha, S. Misra, and N. S. Raghuwanshi, “Wireless
sensor networks for agriculture: The state-of-the-art,”
Computers and Electronics in Agriculture, vol. 118, pp. 66—
84,2019.

A. D. Vyas, M. Sharma, and P. Patel, “GSM-based smart
irrigation system using ANN,” International Journal of
Computer Applications, vol. 182, no. 45, pp. 12-17, 2024.
[l K. Liakos et al., “Machine learning in agriculture: A
review,” Sensors, vol. 18, no. 8, pp. 2674, 2018.

B. K. Sagar, P. Kumar, and S. Roy, “Cloud-based IoT
framework for smart irrigation,” IEEE Cloud Computing,
vol. 7, no. 3, pp. 52-60, 2020.

{1 M. Ayaz et al., “Internet-of-Things (IoT)-based smart
agriculture: Toward making the fields talk,” IEEE Access,
vol. 7, pp. 129551-129583, 2019.

S. Wolfert, L. Ge, C. Verdouw, and M. J. Bogaardt, “Big data in
smart farming,” Agricultural Systems, vol. 153, pp. 69-80, 2017.

"I D. Zhang, G. Li, K. Zheng, X. Ming, and Z. Pan, “An energy-
balanced routing method based on forward-aware factor for
wireless sensor networks,” IEEE Transactions on Industrial
Informatics, vol. 10, no. 1, pp. 766773, 2018.

"] H. Kim, J. Evans, and W. Iversen, “Remote sensing and control
of an irrigation system using a distributed wireless sensor
network,” IEEE Transactions on Instrumentation and
Measurement, vol. 57, no. 7, pp. 1379-1387, 2019.

"I F. A. Awan, M. Saleem, and A. A. Minhas, “Smart irrigation
system using loT and machine learning techniques,” IEEE Access,
vol. 10, pp. 45678-45689, 2022.

IJCRT2604606 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | f188


http://www.ijcrt.org/

