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ABSTRACT: Traditional agricultural irrigation systems waste significant amounts of water and energy due to
inefficient scheduling and the absence of real-time monitoring capabilities. This research developed a comprehensive
IoT-based smart irrigation control system to optimize water and energy management in agricultural greenhouses while
enhancing crop productivity. The system employs a sophisticated four-layer Internet of Things (IoT) architecture based
on an ESP32 microcontroller, integrated with multiple environmental sensors, including soil moisture, temperature,
humidity, and light intensity sensors, for comprehensive environmental monitoring. The system utilizes the Message
Queuing Telemetry Transport (MQTT) communication protocol for reliable data transmission and incorporates
a Random Forest machine learning algorithm for automated irrigation decision-making processes. The Random
Forest model achieved exceptional performance with 99.3% overall accuracy, demonstrating high model reliability.
Six operational modules were developed and implemented with three distinct control methods: manual operation,
condition-based automatic control, and Al-driven intelligent control systems. A comprehensive one-month compar-
ative analysis demonstrated remarkable improvements across multiple performance metrics: a 50% reduction in both
water consumption (from 140 to 70 L/day) and energy usage (from 7.00 to 3.50 kWh/day), a substantial 130% increase
in water use efficiency, and a significant 50% decrease in CO, emissions. Furthermore, detailed factor importance
analysis revealed soil moisture as the primary decision factor (38.6%), followed by temporal factors (20.3%) and light
intensity (18.4%). The system demonstrates exceptional potential for annual energy conservation of 1277.5 kWh and
CO;, emission reduction of 638.75 kg, contributing substantially to sustainable development goals and advancing smart
agriculture technologies.

KEYWORDS: Smart irrigation; precision agriculture; water conservation; energy efficiency; sustainable farming;
agricultural automation; sensor networks

1 Introduction

The world is currently facing multiple challenges in the global agricultural sector, including climate
change, water scarcity, and intensifying demand for food due to rapid global population growth [1]. In
parallel, agricultural energy use is increasing, particularly in irrigation systems that consume megawatts
worth of electricity and fossil fuels. FAO (2021) explains that agricultural consumption accounts for 30%
of total food system energy consumption, with irrigation systems using up to 20% of agriculture’s total
electricity use [2]. Therefore, the introduction of smart agricultural technology is a key direction for solving
these problems, especially the use of IoT (Internet of Things) technology with sensor systems and data
processing to optimize water and energy resource efficiency.
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Smart greenhouses represent one of the fastest-growing agricultural technologies, enabling farmers
to maintain precise environmental control, mitigate weather-related risks, and optimize yield per unit
area. However, these systems face significant operational challenges, particularly elevated water and energy
expenditures. Conventional greenhouse irrigation systems employ fixed-schedule programming that fails to
respond to real-time plant water requirements. This temporal mismatch results in systematic overwatering
and energy inefliciencies, with water pumps operating at 40%-60% excess duty cycles relative to actual
irrigation demand [3]. The integration of solar energy systems with intelligent control architectures presents
a viable pathway to reduce both operational costs and environmental impact.

One viable approach to addressing these challenges involves the development of intelligent irriga-
tion control systems capable of adapting to real-time weather conditions and soil moisture variations.
Research demonstrates that irrigation control systems utilizing real-time soil moisture data can achieve
water consumption reductions of 30%-50% compared to conventional irrigation methods [4]. Additionally,
these systems significantly reduce energy demands associated with water pumping operations and pump
maintenance activities [4]. Furthermore, studies focusing on IoT-enabled smart irrigation systems have
revealed that the integration of multiple sensor types, including soil moisture sensors, temperature sensors,
and air humidity sensors [5], substantially enhances both water and energy utilization efficiency. The
implementation of these multi-sensor approaches enables precision irrigation management that responds
dynamically to environmental conditions, thereby optimizing resource allocation while maintaining optimal
crop growth conditions.

In the realm of sensor technology, researchers have developed cost-effective smart irrigation sensors uti-
lizing capacitive soil moisture measurement principles powered by solar cells [6]. These sensors demonstrate
high measurement accuracy while maintaining minimal power consumption requirements, making them
particularly suitable for deployment in smart irrigation applications. Additionally, comprehensive research
has detailed the design and implementation of IoT systems specifically engineered for intelligent energy
consumption management and precision irrigation control through real-time soil moisture monitoring sen-
sors in controlled tunnel farming environments [7]. These implementations have successfully demonstrated
optimal power reduction in irrigation operations through the strategic application of data-driven irrigation
methodologies, thereby achieving enhanced resource efficiency in agricultural production systems.

Development of sustainable agriculture with Clean Energy and Smart Farming Systems (Green Energy-
Powered Smart Farming) is another emerging trend of interest. A solar-powered smart irrigation system
can save up to 80% of fossil fuel energy and decrease ongoing operational costs [8]. IoT technology with
a renewable energy system can bring forth sustainable farming systems that will reduce greenhouse gas
emissions of agriculture prominently [9].

Nevertheless, there are many challenges in IoT technology and sensor systems implementation for smart
greenhouses, including technical implementation level, high cost at the initial stage, and deployment system
reliability over a long period. Creating systems that are robust and easy to use is a key driver for increasing
the take-up of this technology among farmers [10]. Furthermore, the necessity of effective data management
in smart irrigation systems, such as edge data collection, lower energy consumption in data transmission,
and faster response [11].

Another popular greenhouse cultivation in practice is the case of areas where the weather is unpre-
dictable and water resources are limited, like Thailand. Unfortunately, the vast majority of farmers still utilize
antiquated irrigation schemes, which are wasteful and inefficient [12-14]. Therefore, it is important that the
cost-effective solutions for IoT-based water management systems, fit for the water context in Thailand, must
be developed.
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This research develops a four-layer IoT-enabled smart irrigation system that integrates ESP32 micro-
controllers, multi-sensor fusion technology (incorporating soil moisture, temperature, humidity, and light
intensity sensors), Message Queuing Telemetry Transport (MQTT) communication protocols, and Random
Forest-based Artificial Intelligence (AI) algorithms for greenhouse irrigation optimization [15,16].

The primary contributions of this research are threefold: (1) Development of a novel four-layer
IoT architecture that integrates ESP32 microcontrollers with multi-sensor fusion technology and MQTT
protocols for real-time greenhouse monitoring; (2) Implementation of Random Forest-based Al algorithms
for predictive irrigation scheduling that dynamically adapts to changing environmental conditions; and (3)
Comprehensive experimental validation demonstrating a 50% reduction in water and energy consumption
while maintaining optimal crop yield performance in controlled greenhouse environments.

The proposed system addresses the inherent limitations of conventional fixed-schedule irrigation
through intelligent automation and real-time environmental monitoring [17]. The scope of this research
encompasses greenhouse-based smart irrigation systems for small to medium-scale agricultural operations,
with a specific focus on IoT sensor integration, Al-driven decision-making, and solar energy optimization.
Experimental validation was conducted through a one-month comparative study within a controlled
greenhouse environment, with systematic measurements of water use efficiency, energy consumption, and
CO, emissions. The research demonstrates substantial reductions in resource utilization; however, the study
scope is constrained to greenhouse farming applications and does not encompass large-scale field agriculture
or comprehensive economic analysis [18].

In summary, the establishment of intelligent irrigation control systems that integrate weather condition
monitoring and soil moisture assessment, powered by renewable energy sources, represents a comprehensive
solution for sustainable agricultural practices. The convergence of Internet of Things (IoT) technologies,
advanced sensor networks, and clean energy systems enables the development of highly efficient and
cost-effective irrigation management platforms that directly align with the United Nations Sustainable
Development Goals. This integrated approach not only optimizes water resource utilization and reduces
operational costs but also contributes to environmental sustainability through the implementation of
renewable energy-powered precision agriculture technologies, thereby supporting global efforts toward
sustainable food production systems.

2 Literature Review

Technology has become fundamental to agricultural advancement, with smart greenhouses demon-
strating significant promise in developing intelligent irrigation control systems. Climate change and
increasing global population have intensified demand for food production while simultaneously increasing
pressure on water and energy resources in agriculture [19]. Over the past decade, smart agriculture has
undergone profound transformation through strategic implementation of IoT technologies for energy
and resource-efficient management, enabling real-time monitoring and control of agricultural parame-
ters that provide farmers with unprecedented precision in resource management and decision-making
capabilities [20,21].

Solar-powered smart irrigation systems have emerged as one of the most significant innovations in
sustainable agriculture technology, operating efficiently in diverse agricultural environments by utilizing soil
moisture sensors and automatic control systems to precisely adjust water quantities according to specific
plant requirements [15]. The integration of single-axis solar tracking systems significantly increases energy
harvesting efficiency compared to fixed installations [16], while precision agriculture technologies including
IoT sensors, GPS, and big data analytics enable farmers to manage cultivation areas with unprecedented
accuracy. Variable Rate Application (VRA) technology exemplifies this approach by measuring specific crop
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requirements in each management zone, enabling targeted resource applications that reduce operational
costs while increasing production output through optimized utilization [22,23].

The combination of renewable energy systems with smart agriculture and precision farming tech-
nologies provides a comprehensive solution for sustainable agricultural transformation, with infrastructure
development supporting rural electrification and electric-powered agricultural machinery representing
primary driving factors [19]. The implementation of advanced technologies including drones, sensors, and
GPS systems in precision farming has demonstrated considerable improvements in operational efficiency
while minimizing environmental impact, positioning smart agriculture as a critical option for sustainable
development. However, significant gaps remain including limited integration between renewable energy
systems and intelligent irrigation control, insufficient research on long-term system performance under
diverse climatic conditions, and scalability challenges for small-scale farmers due to high initial costs and
technical complexity, indicating the need for future research focused on developing cost-effective solutions
that maintain technological sophistication while remaining accessible to farmers with varying technical
expertise and financial resources [24].

Based on Table 1, the comparative analysis of ten smart irrigation system research studies demonstrates
that IoT-integrated Al systems predominate the market with a 91% share and achieve water conservation rates
of 25%-40%, significantly outperforming traditional IoT systems that attain only 20% water savings. This
substantial difference underscores the superiority of integrating artificial intelligence and machine learning
technologies with IoT infrastructure. Communication protocol trends indicate a transition from conven-
tional Wi-Fi/cellular networks toward multi-protocol architectures incorporating Wi-Fi/cloud integration
and real-time connectivity solutions to enhance system stability and extend coverage areas. Furthermore, the
deployment of multi-environmental sensors combined with intelligent sensing technologies delivers optimal
operational performance.

Table 1: Comprehensive comparison of smart irrigation systems

Author(s)  Research Focus Technology Used Key Limitations
Findings/Contributions
[19] Systematic review IoT, ML, WSN Comprehensive analysis ~ Review study—no
of ML techniques integration of 2017-2023 research practical
in smart irrigation trends; identified key ML implementation
approaches
[17] IoT and Recurrent Neural Improved water Limited to specific
ML-powered Networks, IoT distribution accuracy crop types
optimal water Sensors through ML training
management
[24] IoT-enabled hybrid Hybrid ML-AI Integrated monitoring Complex system
ML models for model, IoT system for modern integration
smart agriculture networks farming challenges
[16] Advanced ML Decision Tree Ensemble approach for ~ Requires extensive
model with IoT Classifier (DTC), critical factor analysis sensor calibration
integration Random Forest
Classifier (RFC)

(Continued)
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Table 1 (continued)
Author(s)  Research Focus Technology Used Key Limitations
Findings/Contributions
[25] ML progress End-to-end ML Identified breakthrough Still in
assessment in strategies potential for fully developmental
smart irrigation automated systems phase
[26] Automated End-to-end Comprehensive Scalability
IoT-ML solutions automation, framework for validation needed

for real-time

scalable systems

agricultural enhancement

irrigation
(27] ML-based Cloud platform, 17.8% improvement over Limited to
irrigation for precision irrigation traditional methods greenhouse cherry
cherry tomatoes model tomatoes
[28] Smart irrigation IoT, ML, Deep Comprehensive analysis Review study—
technologies Learning of water use efficiency implementation
review enhancement gaps identified
[15] Innovative smart Regression-based =~ Enhanced water security Complex
irrigation with ML, Embedded and sustainability embedded system
embedded ML systems, IoT through regression requirements
models
[29] IoT-ML IoT sensors, Comprehensive Commercial
integration Machine Learning framework for scalability
framework integration commercial-scale challenges
implementation
Current Al-augmented Random Forest, Implemented 4-layer IoT Initial
research smart irrigation IoT sensors, architecture (ESP32, implementation
with energy genetic algorithm MQTT, AI algorithms) phase, requires
optimization with soil moisture validation

identified as primary
decision

3 Methodology and System Architecture

This research presents a comprehensive framework for IoT systems that facilitate efficient water
and energy management in agricultural greenhouses. The proposed framework addresses inefficiencies in
agricultural practices through the integration of IoT technology, renewable energy generation, and artificial
intelligence algorithms, thereby establishing a more sustainable and highly efficient agricultural system.

The research framework starts with the detection of problematic agricultural greenhouses for inefficient
usage of water and energy, proposing the construction of a 4-layer IoT system architecture. The system
development is based on three fundamental parts: Hardware (ESP32, many kinds sensors and solar panels)
Software (MQTT, dashboards and Al algorithms) [29] Green energy with solar cell system integration.
This energy-efficient system architecture is in line with Haseeb’s research which gave an IoT-enabled WSN
framework for smart agriculture that assures energy efficient-and security [30]. It also provides a combined
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framework of renewable energy sources & IoT for the management of energy along with precision agriculture
that is in harmony with the realization of smart agricultural systems based on renewable energy [31].

The experimental procedure commenced with the design of a comprehensive system architecture
encompassing hardware development, software development, and renewable energy system integration,
followed by system installation within the experimental greenhouse facility. Subsequently, an experimental
design was implemented to compare traditional farming systems with IoT-enabled smart farm systems,
facilitating the collection of diverse datasets including soil moisture levels, ambient temperature and
humidity measurements, light intensity readings, and water and energy consumption metrics. The collected
data underwent comprehensive analysis to evaluate water efficiency, energy utilization patterns, and system
responsiveness characteristics. Additionally, an artificial intelligence model was developed utilizing the
Random Forest algorithm, trained with 2880 data points across five input variables. Furthermore, the
integration of sensor data and advanced data analytics systems enables agricultural practitioners to develop
cultivation strategies that align sustainably with prevailing environmental conditions [32,33].

This study emphasizes the development of a hybrid renewable energy IoT Smart Farm system incorpo-
rating solar photovoltaic arrays, small-scale wind turbines, and energy storage systems to achieve sustainable
energy security. The integration of multiple renewable energy sources reduces fossil fuel dependence and
establishes an environmentally sustainable agricultural system.

The artificial intelligence component within the system facilitates the deployment of real-time energy
consumption sensors and an Al-driven Energy Management System, enabling direct regulation of renewable
energy consumption based on meteorological conditions and plant physiological requirements [25,26,28].

The renewable energy production dynamics from solar and wind sources are analyzed through an
Al-driven decision-making system that directs and supplies energy at optimal intervals for agricultural
activities based on temporal requirements [27]. Renewable energy production efficiency testing evaluates the
performance of the renewable energy system under adverse environmental conditions, as well as automated
energy management capabilities and weather adaptability. Furthermore, the study verifies the quality of
renewable energy produced, quantifies greenhouse gas emission reductions, and assesses ecosystem benefits
to agricultural systems. The research methodology for this investigation follows the systematic approach
illustrated in the flowchart presented in Fig. 1.

3.1 The Four Layers of IoT Approach

The development of an intelligent irrigation control system that responds to meteorological conditions
and soil moisture levels represents a significant approach to addressing suboptimal water and energy
consumption patterns within agricultural contexts, particularly for enhancing energy efficiency in smart
greenhouse environments [34]. Through the implementation of IoT technology, wireless sensor networks,
and AI-driven data processing capabilities, agricultural practitioners can achieve more efficient management
of water and energy resources [35]. This study proposes an IoT framework for smart agricultural systems
designed to manage energy consumption through real-time data analytics. The system utilizes ESP32
microcontroller boards with MQTT protocol integration, where the IoT architectural framework comprises
four distinct layers: the Perception Layer, Network Layer, Middleware Layer, and Application Layer, as
illustrated in Fig. 2.
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Figure 2: Shows the four layers of IoT approach

Perception Layer: The perception layer comprises an energy-efficient smart irrigation control system
that utilizes various sensor devices to collect environmental data within the designated scope. This layer
incorporates multiple sensors operating concurrently to provide comprehensive monitoring capabilities.
Soil Moisture Sensors are strategically positioned at soil depths ranging from 5 to 15 cm to measure
available water content, which is essential for determining optimal irrigation timing. These sensors function
based on resistance or capacitance measurements that fluctuate in response to variations in soil moisture
levels. Temperature and Humidity Sensors, such as the DHT22 model, are deployed to monitor ambient
temperature and humidity conditions in the vicinity of plants. This data is primarily utilized to calculate
plant transpiration rates and determine water requirements accordingly. Light Intensity Sensors measure the
amount of solar radiation received by plants, as light intensity significantly affects photosynthesis processes
and subsequently influences plant water demands. Water Level Sensors monitor the available water supply
in storage tanks or other water sources to ensure adequate water availability for irrigation operations.
Control Devices for Irrigation include solenoid valves and water pumps, which are actuated based on system
commands to regulate water distribution throughout the irrigation network. Various smart irrigation systems
utilizing ESP32 microcontrollers have been developed, incorporating combinations of DHT?22 sensors for
temperature and humidity monitoring, soil moisture sensors, and water level sensors [36-38]. These systems
provide continuous real-time data collection [39], which is essential for supporting efficient irrigation
decision-making processes. The ESP32 board performs all primary processing functions at the Perception
Layer level, where it receives data through GPIO (General Purpose Input/Output) ports from various sensors
and converts analog signals to digital format using its integrated ADC (Analog-to-Digital Converter). The
ESP32 microcontroller demonstrates particular suitability for IoT systems due to its dual-core processor
architecture operating at frequencies up to 240 MHz, enabling rapid data processing from multiple sensors
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simultaneously. The device supports both Wi-Fi and Bluetooth connectivity options, providing flexible
communication capabilities. Additionally, the ESP32 features multiple sleep modes designed for ultra-low
power consumption, making it ideal for energy-efficient applications. The microcontroller incorporates
numerous GPIO ports to accommodate diverse sensor configurations. The proposed adaptive irrigation
system architecture utilizes the ESP32 as the primary processing unit within an IoT framework. This system
operates through continuous collection of real-time soil moisture data, which is subsequently processed
using ARIMA (Autoregressive Integrated Moving Average) model forecasting techniques. The irrigation
scheduling is determined based on predicted plant water requirements, thereby achieving both water
conservation and energy efficiency objective [40].

Network Layer: This layer facilitates data transmission from the Perception Layer to both the Mid-
dleware Layer and Application Layer. The Network Layer focuses on establishing communication among
multiple IoT system devices through appropriate communication protocols. The MQTT (Message Queuing
Telemetry Transport) protocol demonstrates particular suitability for smart irrigation control systems in
remote agricultural areas due to its energy-efficient characteristics and lightweight architecture, which
requires minimal bandwidth for effective data transmission when network connectivity is available. The
smart farm microcontroller system is based on the ESP32 platform and utilizes the MQTT protocol for data
communication [40]. This system integrates multiple sensors connected to the ESP32 microcontroller for
environmental data acquisition and system control. The ESP32 employs an MQT T broker as an intermediary
communication interface between the microcontroller and mobile applications [41] enabling users to
monitor system status and execute remote control operations effectively.

Middleware Layer: The middleware layer functions as an intermediary between the network layer and
application layer, serving as a cloud-based platform for data processing, storage, and analysis. This layer
plays a crucial role in transforming raw sensor data into meaningful information that can be utilized for
informed decision-making processes. For example, research conducted by Jali Yagoda demonstrated the
implementation of a middleware layer within an IoT system architecture designed for smart agriculture
applications, specifically focusing on energy-efficient irrigation systems. In this study, the middleware layer
manages sensor data processing and utilizes the MQTT protocol to publish control commands to field
devices. The sensor nodes incorporate ESP32 microcontrollers that facilitate efficient data sampling and
comprehensive node control throughout the entire system. The middleware layer performs several essential
functions, including data aggregation, real-time processing, protocol translation, and device management.
This centralized approach ensures seamless integration between heterogeneous IoT devices and higher-
level applications while maintaining system scalability and reliability. Additionally, the middleware layer
implements caching mechanisms to reduce latency and improve system responsiveness, which is particularly
important for time-sensitive irrigation decisions based on dynamic environmental conditions [42].

Application Layer: The application layer represents the topmost component of IoT system architecture
and is responsible for data visualization and user system control. This layer provides the user-facing interface
that enables interaction with the underlying IoT infrastructure. In smart irrigation systems designed
for energy efficiency, the application layer serves as a comprehensive user interface that allows users
to monitor various types of real-time system data, including soil moisture levels, ambient temperature,
air humidity, and device operational status. This layer incorporates several critical functionalities: user
alert systems for critical events such as low soil moisture conditions, elevated temperatures, or device
connectivity failures; configuration settings that enable users to modify system parameters, including soil
moisture thresholds for irrigation activation and watering duration; and analytical systems that examine
historical water and energy consumption data to provide optimization recommendations for enhanced
system efliciency. Previous research in smart agriculture technologies within the Cyber-Physical Systems
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(CPS) framework has demonstrated the implementation of smart irrigation systems utilizing Node MCU
(ESP32) microcontrollers, which provide cost-effective and lightweight solutions for agricultural IoT sys-
tems [41]. These studies have incorporated MQTT and CoAP protocols for IoT system communication,
emphasizing that the application layer delivers user-friendly data presentation and interfaces accessible
to farmers without extensive technical expertise. Furthermore, research has explored the development of
open-source IoT dashboards for farm monitoring applications, utilizing available software platforms and
MQTT brokers managed by ESP8266/ESP32 microcontrollers for comprehensive device control [43]. The
application layer in these implementations consists of real-time dashboards that stream data continuously
while enabling users to manipulate farm devices remotely, thereby facilitating more efficient farm monitoring
and management practices.

3.2 Artificial Intelligence and IoT Smart Farm

Real-time data processing and Al analytics are of paramount importance for providing resource opti-
mization and decision-oriented functions in smart agricultural systems. These systems must be capable of
collecting extensive datasets from various sensor types, interpreting the data into actionable insights in real-
time, while maintaining sufficient agility to adapt to rapidly changing climatic and environmental conditions
on agricultural lands. In smart farm systems, the Middleware Layer functions as the central processing
unit for real-time data processing, serving as the primary interface that receives sensor data through the
Network Layer and generates valuable insights after analyzing raw data. Al processing in smart farm
systems enhances the accuracy of complex processes and decision-making through advanced data analysis
capabilities. Alabas research on IoT Architecture for Advanced Data Analytics and Predictive Modeling
examined the critical importance of the Middleware Layer in connecting devices and applications, while
exploring Al applications in energy management and smart agriculture [44,45]. This research demonstrated
that the integration of AI with IoT systems not only provides supporting functionality at the middleware
level but also significantly improves data analysis quality and decision automation, proving particularly
beneficial for resource management in the agricultural sector. One significant Al application for maximizing
benefits involves automatic irrigation adjustment in smart farming systems, which optimizes irrigation
strategies based on plant requirements and varying environmental conditions. Furthermore, Afzal developed
an adaptive irrigation device utilizing ESP32 as the core processing unit within an IoT system model. This
IoT system operates based on plant requirements and real-time soil moisture data analysis using the ARIMA
model to automate irrigation according to specific plant needs [46]. The development of IoT frameworks
for smart farms is essential for improving resource utilization, reducing costs, and increasing yields through
real-time data processing combined with AT analysis. The seamless integration of these technologies enables
the creation of more sustainable and environmentally friendly agricultural systems, addressing significant
global food security challenges and climate change impacts in the future.

Fig. 3 illustrates the comprehensive smart farm system architecture, which is partitioned into three prin-
cipal components: hardware, artificial intelligence, and application sections. The system operates through a
sequential data processing workflow that begins with raw data acquisition from distributed sensor networks.
Initially, raw sensor data is collected and stored in the sensor database, where it undergoes preprocessing
to generate clean, validated datasets. Subsequently, the processed data is fed into z-score normalization
algorithms for machine learning analysis, with computed results stored in a cache database to facilitate
rapid access during predictive operations. The artificial intelligence component utilizes this normalized
data to generate predictive on/off control signals for automated switching devices throughout the irrigation
system. Finally, the application section manages the dynamic state changes of response status indicators and
maintains comprehensive logging conditions during operational cycles, with all system activities recorded
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in the log switch database for performance monitoring and system optimization purposes. This integrated
architecture ensures seamless coordination between data acquisition, intelligent decision-making, and
automated control execution within the smart farming ecosystem.
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Figure 3: Shows artificial intelligence and IoT smart farm approach

3.3 Architecture of the Proposed System

Regarding the implementation of Internet of Things (IoT) technology in agriculture, the Smart Farm
system utilizes an ESP32 board as the primary microcontroller, with data communication facilitated through
the MQTT protocol. The system integrates multiple sensors, including air temperature and humidity sensors,
soil fertility sensors, and ammonia gas sensors. Data collected from these sensors is transmitted to the
ESP32 [47],ahigh-performance board equipped with integrated Wi-Fi and Bluetooth modules for processing
before being packaged and transmitted to the MQTT broker [48], which enables secure connection and bind-
ing between topics while maintaining compatibility with IoT systems [43]. The processed data is subsequently
stored in a cloud database for comprehensive analysis and monitoring, with visualization accessible through
a mobile application [49] that allows users to remotely monitor system status and control various devices,
including water pumps, fans, and automated irrigation systems using proximity-based logic. This integrated
system enhances agricultural productivity while simultaneously reducing resource consumption and labor
requirements. Research by [50] demonstrated that the Micro Transport Protocol (MQTT) employed in
Smart Farm systems provides highly efficient communication capabilities and contributes to reducing system
instability while maintaining low energy consumption. Additionally, established that Smart Farm systems
enable farmers to precisely control environmental conditions, resulting in enhanced plant growth and
improved crop yields [51]. This methodology is applicable across diverse agricultural contexts, including
greenhouse cultivation, field farming, and livestock management, encompassing the broader concept of
smart agriculture, which has gained considerable prominence in contemporary agricultural practices.
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Fig. 4 illustrates the electrical control cabinet of the IoT Smart Farm system, presenting both the
schematic design and secure electrical infrastructure. The cabinet comprises several essential components:
a main power switch located on the front panel for convenient system operation, enabling straightforward
on/oft control; a 220 V AC to 12 V DC power supply unit that converts the primary power source from
220 volts alternating current to 12 volts direct current for supplying all electronic components within
the system; a magnetic contactor and overload relay assembly designed to control motor operation while
providing overcurrent protection; and a 10-A circuit breaker that offers dual protection against short circuits
and power overload conditions during system faults. Additionally, the cabinet houses the Smart Farm IoT
controller board, which serves as the primary control circuit equipped with Wi-Fi functionality for cloud
data transmission and remote command reception. Finally, a terminal block assembly ensures organized
and systematic connection of power and signal wiring throughout the system. This electrical cabinet
is constructed from safe and durable materials in accordance with high safety standards, incorporating
comprehensive protection systems specifically designed for agricultural applications. The system effectively
controls automated irrigation systems, ventilation systems, lighting systems, and various other agricultural
machinery, enabling farmers to manage their farmland operations and optimize power consumption in
the most efficient manner possible. The specific sensors employed for data collection in this research are
comprehensively detailed in Table 2.

- =

‘ ‘ ‘ . %«i —,—[ Power supply 220 VAC to 12 VDC J
Switch | %0

‘[ Magnetic Contac, Overload Relay J

:I | TR Hm[

| Circuit Breaker 10 A ]
| =
Confroller Board ID Smart Farm 10T
Terminal block

Figure 4: Microcontroller circuit board

Table 2: Sensors used in smart farm IoT system [36-38]

Sensors Feature

- Used for measuring distance or level of objects, such as water level
- Has detection range up to 5 m
Ultrasonic Sensor - Uses UART communication
- Waterproof
- Operating voltage: 3.3-5V

- Measures of soil moisture, temperature, and electrical conductivity (EC)
- Uses RS-485 communication with MODBUS-RTU protocol

(Continued)
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Table 2 (continued)

Sensors Feature
Soil Moisture & - Operating voltage: 3.6-30 V DC
Temperature - Temperature measurement range: —40°C to +80°C
& EC Sensor - Moisture measurement range: 0%-100% saturation

- EC measurement range: 0-10,000 puS/cm
- Protection rating: IP68 (water and dust proof)

Fertility Sensor/NPK - Measure Nitrogen (N), Phosphorus (P) and Potassium (K) levels in soil
Sensor - Uses RS-485 communication with MODBUS RTU protocol
- Operating voltage: 5-30 V DC
- Measurement range: 1-1999 mg/kg (mg/L)
- Protection level: IP68

Temperature & -Model ET-SHT?2I or using IC SHT21
Humidity -Measures temperature and humidity in the air
Sensor -Uses 12C communication

-Operating voltage: 2.1-3.6 V

-Humidity measurement accuracy: +2% RH (0%-100% RH)
-Temperature measurement accuracy: +0.3°C (-40°C to +125°C)
-Water resistant

Gauge Chart (Fig. 5) displays of Smart Farm IoT system Dashboard withe real time sensor data
including soil moisture, temperature water level light intensity and several other sensors That data is collected
from sensors that users use the sensor addition feature to merge new IoT devices into this system It will
receive data then there are 3 ways that users manage devices: through manual control (for immediate
ON/OFF if immediate response is require), automatic control system that set the operation of devices bases
on sensor reading and the interface are automatic, for example the water pump will automatically operate
if soil moisture is less than 10% or higher than 15%—the most advanced way is the intelligent AI system
which can consider multiple factors at the same time, weather forecasts, plants types, seasons and the growth
history makes decision about right water amount and time without asking any traditional conditions. Also
writes a timer where it is teamed with automatic and AI working systems to get you to define precisely when
device will start to work, e.g., irrigation system on daily Monday-Wednesday from 06:30 The integration of
these features facilitates monitoring farm conditions, saving water and labor, and improving the production
process by making it easy to farm with intelligent automated management because traditional agriculture is
now under the high-tech umbrella which is called Smart Farming.



4274 Energy Eng. 2025;122(10)

FUUQ & D . a0 8500 @ O . v4n 9010 & 0 . a0

AN A

Hight LIMIT / #

Figure 5: Application IoT smart farm

3.4 Functional Module Design

The module design offers significant advantages in management and maintenance efficiency, with each
module possessing distinct functionalities while maintaining seamless integration capabilities. The system
comprehensively logs all operational activities and generates detailed reports that enable farmers to monitor
water and energy efficiency metrics. This functionality facilitates enhanced farm management practices for
future optimization, as illustrated in
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Figure 6: Functional modules

1.  The user management module represents a critical system component that addresses data access
and security concepts for system users. This module encompasses comprehensive user management
functionalities, including user registration, authentication, profile modification, and password adminis-
tration. The role management component effectively segregates permissions across various access levels,
such as farm owners, farm assistants, and system administrators, thereby controlling their respective
abilities to operate data and execute functions according to their designated roles. Additionally, the
system facilitates the management of multiple farms through a single account, which proves invaluable
for farmers operating across different production areas. Furthermore, the module incorporates an audit
log system that tracks user actions and enhances transparency at the data management level.

2. The Farm Management Module serves as the foundational system for managing comprehensive farm
data, encompassing location coordinates, area specifications, crop varieties, and environmental parame-
ters for each designated plot. Through this farm management system, farmers can strategically partition
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their agricultural areas into distinct zones and implement differentiated management strategies tailored
to each zone’s specific requirements. The Device Management component defines various categories
of IoT devices, including moisture sensors, temperature sensors, irrigation valves, and water pumps,
along with their respective properties and application scenarios. Furthermore, the module facilitates
the management of crop planting cycle data, monitors historical water and fertilizer usage patterns, and
generates actionable cultivation plans based on comprehensive farm environmental data analysis.

The Sensor Management Module constitutes a comprehensive system that monitors and oversees all
sensors deployed across agricultural facilities. This sensor management system is responsible for the
deployment, configuration, calibration, and maintenance of individual sensors. Additionally, the mod-
ule establishes data transmission frequencies and activates alert mechanisms when sensor malfunctions
are detected. The system continuously monitors sensor connectivity status in real-time, enabling the
identification of critical events such as sensor malfunctions or the transmission of erroneous data.
The sensor data reporting functionality generates graphical representations and tabular displays to
visualize environmental trends, including soil moisture levels, temperature variations, air humidity
measurements, and light intensity readings, among other parameters. These analytical tools enable
farmers to make informed decisions for optimal farm management practices.

The Switch Management Module constitutes a comprehensive system designed for monitoring and
controlling on-off switches across agricultural operations, including pumps, valves, ventilation systems,
and electrical farm infrastructure. The integrated logging system meticulously records all switch
operations, documenting activation and deactivation durations along with the rationale for each
switching event, whether triggered by sensor conditions, scheduled operations, or artificial intelligence
commands. This operational data proves essential for performance evaluation and energy conservation
assessment purposes. The module incorporates a customizable naming feature that enables farmers to
assign descriptive labels to switches based on their specific applications, such as “Zone A Water Pump”
or “Tomato Plot Valve”, thereby enhancing system usability and operational clarity. Furthermore, the
module includes an integrated safety system that prevents potentially harmful switch operations that
could result in equipment damage. Additionally, priority levels can be configured for individual switches
according to operational requirements, ensuring optimal resource allocation and system protection.
The Energy Monitoring Module serves as the central component for achieving energy conservation
objectives within agricultural systems. This real-time electricity consumption monitoring system dis-
plays comprehensive energy usage data for individual devices and the overall system infrastructure. The
module calculates electricity costs and provides real-time comparative analyses of energy consumption
across various time periods, enabling farmers to identify usage patterns and trends for enhanced farm
management strategies. Additionally, the system incorporates configurable energy-saving thresholds
and generates alerts when consumption exceeds predetermined limits. Furthermore, the module offers
detailed device-level energy analysis capabilities and provides optimization recommendations to reduce
overall energy consumption. The system generates comprehensive daily, monthly, and annual energy
usage reports for individual devices, facilitating long-term planning and informed decision-making
processes. These analytical features enable farmers to implement targeted energy conservation measures
and optimize operational efficiency while maintaining agricultural productivity.

The Water Control Function Module with Sensor Integration constitutes an intelligent system that
utilizes comprehensive sensor data to determine optimal irrigation system activation and deactivation.
The configurable sensor-based water control function enables highly flexible operational conditions
tailored to specific field requirements. For instance, the system can be programmed to activate irrigation
when soil moisture levels fall below 30% and ambient temperature exceeds 35 degrees Celsius, while
automatically deactivating water flow upon rain detection by integrated precipitation sensors. The
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module incorporates advanced Boolean logic operations, including AND, OR, and NOT conditional
statements, allowing for sophisticated control rules that accommodate specific crop requirements and
temporal variations. Additionally, the system features an integrated hysteresis mechanism that prevents
excessive switching cycles caused by sensor fluctuations near threshold values. The comprehensive
reporting function evaluates control efficiency under various environmental conditions, analyzing deci-
sion accuracy and irrigation effectiveness to enable farmers to optimize their operational parameters.
These analytical capabilities facilitate continuous system refinement and enhance water management
precision across diverse agricultural applications.

7. The Water Control Function Module with Timing. A system that will enable farmers to define a precise
and equal amount watering schedule once register. The Create time (on/off) water schedule provides for
different settings on the calendar as in: DMY: 06:00 and 18:00 for daily watering or only from (Monday
to Wednesday/Friday) The system can be configured to have different watering periods for each point
in time and combines seasonality or growth-stages to modify schedules. It also has the help of backup
schedule settings when sensor systems blow out and delay schedule interruption when bad weather
happens. It will present the Report system for schedule adherence including water use per cycle vs.
planned cycle scheduling to inform water use planning and efficiency of set schedules.

8. The AI Water Control Function Module represents an advanced technological system that employs
artificial intelligence to analyze multi-sensor data, including meteorological conditions, historical plant
growth patterns, and previous irrigation records. The integrated machine learning algorithms process
comprehensive sensor data and execute automated irrigation control operations by predicting real-time
plant water requirements and optimizing irrigation schedules accordingly. The Al system continuously
monitors plant development patterns, thereby enhancing its predictive accuracy through iterative
learning processes. Furthermore, the system incorporates external variables such as weather forecasts,
electricity tariffs, and water pricing to align irrigation decisions with energy conservation objectives.
The comprehensive reporting system provides detailed analytical assessments, including transparent
explanations for each automated decision, water usage efficiency metrics, and comparative analyses with
conventional control methods. These features are designed to build farmer confidence and enhance
understanding of Al-driven irrigation technology. The module’s adaptive learning capabilities enable
continuous improvement in irrigation precision, resulting in optimized water resource management
while maintaining crop productivity and reducing operational costs.

Smart Farm IoT (Fig. 7) combines the Internet of Things (IoT) and Artificial Intelligence (AI) in
this solar-powered system for smart farm management with various sensors working on solar panels as
main power source that drives temperature, sunlight, humidity, pH, sensors. The data is sent to a master
microcontroller for processing and further broadcasted to an AI-powered server for diagnostics. Use mobile
app to view the results and farm as well operate the system in real time as farmers Results Energy Efficiency,
the system utilizes Al to predict energy consumption patterns and plans energy-related activities like
watering from 05:00-07:00 and 17:00-19:00, respectively when intensity of light not high enough to reduce
water evaporation by putting sensors to Sleep Mode, scheduling just when needed, channeling automated
readings depending on weather states; it uses Machine Learning to predict the water demands in advance to
guarantee have enough stored battery power thus more availability and utilization of solar-based energy.
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4 Experimental Results
4.1 Analysis of Relationships between Various Factors and Irrigation Decision Making

Mathematical equations and decision models are employed to establish correlations between various
factors and irrigation decision-making processes. This methodology facilitates comprehensive analysis of the
relationships between environmental parameters and optimal irrigation requirements.

Basic Irrigation Water Requirement (IWR) formula. This equation calculates the right amount of water:

IWR=ET,-P, )

IWR = Required water amount (mm/day)
ET, = Crop Evapotranspiration (mm/day)
P, = Effective Rainfall (Effective Rainfall, mm/day)

Plant transpiration equation (Crop Evapotranspiration, ET,):
ET. =ETy x K, (2)

ET. = Plant transpiration (mm/day)
ET, = Reference Evapotranspiration (mm/day)
K, = Crop Coefficient dependent on crop type and growth stage

Penman-Monteith equation (for ET,) is used to calculate ET, which is water evaporation:

0.408A (R, — G) + Y=o (€5 — €4)
O =

A+y(1+0.34u,)

(3)

ET, = Reference evapotranspiration (mm/day)

A = Slope of water vapor pressure curve (kPa/°C)
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R, = Net Radiation (Net Radiation, MJ/m?/day)

G = Soil Heat Flux (M]J/m?*/day)

y = Psychrometric constant (kPa/°C)

T = Mean air temperature (°C)

u, = Wind speed at 2 m height (m/s)

es — e, = Difference between saturation vapor pressure and actual vapor pressure (kPa)
Multi-Factor Irrigation Model:

&y, a2, &3, . . ., &7 = Coefficient of each factor (depending on experiment or calibration)

Multi-Factor Irrigation Model:

I=a;M+a,T+a3RH+ agWS + asSR + agGS + a7y CT (4)

I = Required irrigation water (mm/day)

M = Soil moisture (%)

T = Air temperature (°C)

RH = Relative humidity (%)

WS = Wind speed (m/s)

SR = Solar radiation (M]J/m?/day)

GS = Growth Stage Factor

CT = Crop Type Factor

o, &y,. . .,a; = Coefficients for each factor (based on experiments or calibration)

Irrigation Automation Equation:

I”Tigate lf M < Mthreshold Or ETC > ETthreshold

(5)
Do not irrigate Zf > Minreshold O ET, < EThreshold

~
Il
—

Mihreshora = Minimum soil moisture required by plants (%)
ETihreshola = Minimum evapotranspiration required by plants (mm/day)

Fig. 8 demonstrates that soil moisture constitutes the most significant factor influencing irrigation
decision-making, with an impact coeflicient of 0.3710. This dominance reflects the direct correlation between
soil moisture levels and plant water requirements, making it the primary indicator for irrigation necessity.
Time emerges as the second most influential factor with an importance value of 0.2306, followed by light
intensity at 0.2032. The significance of light intensity stems from its critical role in photosynthesis and plant
transpiration processes, which directly affect water consumption patterns. Temperature and air humidity
exhibit relatively lower importance values of 0.0915 and 0.0793, respectively, indicating their secondary
roles in immediate irrigation decisions. Soil fertility demonstrates the least importance among the analyzed
factors, registering a minimal impact coefficient of 0.0245. This low significance suggests that soil fertility
exerts limited direct influence on short-term irrigation decision-making processes, unlike other factors that
are more closely associated with immediate plant water requirements. The hierarchical importance of these
factors provides valuable insights for developing prioritized irrigation control algorithms that emphasize the
most critical environmental parameters affecting plant water needs.
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Impaortance of various factors in irrigation decision making
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Figure 8: Importance of various factors in irrigation decision making

4.2 Analysis of the Relationship between Temperature and Soil Moisture

Fig. 9 illustrates the relationship between soil temperature and soil moisture, demonstrating watering
decisions through color-coded visualization. The soil temperature ranges from 22°C to 32°C, with data points
concentrated at 22°C, 28°C, and 32°C. The corresponding soil moisture content varies from 38% to 52%,
with the highest moisture levels observed at 22°C and decreasing moisture content as temperature increases,
particularly at elevated temperatures such as 32°C. The visualization employs a color-coding system to
represent watering decisions: red indicates high watering probability (approaching 1.0), while blue represents
non-watering conditions (approaching 0.0). Irrigation events predominantly occur when soil moisture levels
decrease to 38%-42% and soil temperature reaches elevated levels (32°C), corresponding to hot and dry
conditions that create increased water demand. The irrigation algorithm processes real-time soil moisture
and temperature data to determine optimal watering schedules, automatically activating the irrigation
system when sensor readings fall below predefined threshold values. This automated approach enhances
irrigation system efficiency in agricultural applications while minimizing unnecessary water consumption.
The observed trend of decreasing moisture content with increasing temperature can be quantified using the
following linear regression model to establish the relationship between soil temperature and soil moisture:

M=o+ piT+e (6)

M = Soil moisture (%)

T = Soil temperature (°C)

Bo = Constant (Intercept)

B1 = Slope—expected to be negative

¢ = Error term
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Parameter Calculation:
_ Tie(Ti = T)(M; - M)
Yio(Ti=T)?

7)

B = M - BIT (8)
T= Average temperature

M = Average humidity

Relationship between soil temperature and moisture
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Figure 9: Relationship between air humidity and soil moisture

4.3 Analysis of the Relationship between Air Humidity and Soil Moisture

Fig. 10 demonstrates the positive correlation between air humidity (50%-90%) and soil moisture
content (38%-52%). The experimental data have been categorized into distinct analytical groups based on
environmental parameter correlations to facilitate comprehensive analysis. Air humidity measurements con-
sistently range between 50%-52% when corresponding soil moisture values fall within the 38%-42% range.
However, the relationships between these parameters manifest as step functions rather than continuous
linear progressions across all measured values, as illustrated in the schematic representation. This stepwise
behavior indicates discrete operational states within the irrigation system rather than gradual transitions.
The irrigation control algorithm implements a binary decision model utilizing a 45% soil moisture threshold
as the critical decision point. The system activates irrigation (represented graphically as red indicators with
a value of 1.0) when soil moisture levels drop below this predetermined threshold. Conversely, irrigation is
deactivated (represented as blue indicators with values ranging from 0.0 to 0.4) when soil moisture equals or
exceeds the threshold value. This operational behavior can be attributed to the implementation of piecewise
linear regression and decision rule equations, demonstrating that smart farming systems can execute efficient
watering decisions based on real-time environmental conditions. The relationship between air humidity and
soil moisture can be expressed through the following linear regression mode:

Soil_Moisture = o + 1 x Air_Humidity+ € 9)

Bo = constant (intercept)
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B1 = line slope (slope) which is expected to be positive
€ = error term (error term)

Piecewise Linear Regression:

. . 1+B, x Air_Humidity i f Air_Humidity < 65%
Soil_Moisture = A - Y if Air yemm (10)
A2+ B, x Air_Humidity if Air_Humidity > 65%

Logistic Regression for Water Decision Making:

1
P (Watering =1) = 11
(Watering =1) 1+ e(yo + y1 x Soil_Moisture) o
Correlation Analysis:
Yico(xi = X)(yi;, — i
8 o(xi = X)(yi; = 77) 12)

V Zimo(%i =X)? Xio (yi; = 7i;)?
x; = Air Humidity, y; = Soil Moisture.

Relationship between air humidity and soil moisture
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Figure 10: Making relationship between soil temperature and moisture

4.4 Analysis of Water Usage Comparison and Energy Usage Comparison

Fig. 11 presents a performance comparison between conventional farming systems and IoT-enabled
smart farming systems, demonstrating the superior efficiency of the IoT-based approach. The analysis reveals
significant resource optimization, with water consumption reduced by 50% from 140.0 to 70.0 L and energy
usage decreased from 7.00 to 3.50 kWh, representing substantial savings in both water and energy resources.
This enhanced efficiency stems from the implementation of precision IoT sensors that accurately monitor
soil moisture and atmospheric humidity levels. Unlike conventional systems that rely on fixed irrigation
schedules, the IoT-enabled system delivers water based on real-time plant requirements, ensuring optimal
resource utilization. The precision monitoring capability eliminates unnecessary irrigation cycles while
maintaining adequate soil moisture levels for plant growth. The adoption of IoT technology in agricultural
systems yields multiple benefits beyond resource conservation. The system reduces operational costs through
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automated decision-making processes while promoting sustainable farming practices. This technological
advancement represents a paradigm shift toward environmentally responsible agriculture, positioning IoT
solutions as transformative tools in modern agricultural development. The integration of smart sensing
technologies enables farmers to achieve higher productivity with reduced environmental impact, establishing
a foundation for sustainable agricultural practices in contemporary farming operations.

Water Usage Comparison Energy Usage Comparison
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140 4 7

120 1 6

=
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Traditicnél system IoT Smart Farm Traditionél system IoT Smart Farm

Figure 11: Water usage comparison and energy usage comparison

4.5 Soil Moisture and Irrigation Decision-Making

Fig. 12 presents the operational data of the IoT Smart Farm system over a 24-h period, which can be
analyzed as follows:

1. Soil moisture and irrigation (top panel) 0-6 h: Soil moisture maintains optimal levels at 50% with surface
evaporation occurring before deeper infiltration. 6-8 h: Moisture rapidly declines from 50% to 40%
due to evapotranspiration. 8-18 h: The automated system sustains moisture control at 40%-42%, with
irrigation activation triggered at hour 17.18-24 h: Soil moisture returns to 50% following initial irrigation
activation and nighttime temperature reduction.

2. Air humidity and temperature (middle graph) Ambient Temperature = red line: Stable around 25°C all
through the day, which implies it is under control Air humidity (green line): Begins at nighttime on
80%, lower to 60% during daytime (hours 8-18), goes back up in evening.

3. From the Light intensity (inner graph) during nighttime (0-6 and 18-24 h): No light (0 Lux) In the
daytime 6-18 h: This is the maximum light intensity like 50,000 lux, which ideally simulates bright
sunshine: light pattern is rectangular, artificial light which is controlled.
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Figure 12: Soil moisture and irrigation decision-making

4.6 Water Use Efficiency

Water Use Efficiency (WUE) represents a critical performance indicator in agricultural systems that
quantifies the effectiveness of water utilization for crop production. WUE is defined as the ratio of crop yield
obtained to the total amount of water consumed during the growing period. This metric provides essential
insights into the sustainability and economic viability of irrigation practices in modern agriculture. The
mathematical expression for WUE can be formulated as presented in Eq. (13):

WUE = _Yield (13)
WaterUsed

Environmental (temperature, humidity and solar radiation) and management factors (irrigation system
and date) as well. Improvements in WUE via novel technologies like drip irrigation, moisture sensors, IoT-
based implementations & use of Penman-Monteith equation:

_ 0.408A (R, — G) + (yCpua/ (T +273)) (es — €,)

ET,
? A+y(1+Cyuy)

(14)

ET, = Reference evaporation rate (mm/day); A = Slope of vapor pressure curve (kPa/°C).

R, = Net radiation (M]J/m?/day); y = psychrometric constant (kPa/°C).

Analysis of the water use efficiency comparison with traditional farming systems vs. IoT smart farm
system from Fig. 13 showed notable improvement of smart system on water use efficiency. The current system,

rated a Water Use Efficiency (WUE) of 0.7143 units/liter against an IoT Smart Farm system WUE that ranges
from 1.5000 units/liter to upholding an efficiency increase of 2.1 (Two-fold) (110%) at the most.
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Figure 13: Water use efficiency

4.7 Analysis and Comparison of Energy Consumption and Greenhouse Gas Emissions

As shown in Fig. 14—comparison between the traditional farming systems and IoT Smart Farm systems
comparative analysis indicate that the new system can reduce energy consumption from 7.00 kWh down
to only 3.50 kWh (50% reduction) and greenhouse gas emission from 3.50 kg CO, to 1.75 kg CO, (50%
reduction), making it efficient in terms resource management and less hostile to the environment. In which
an equal decrease in two factors may indicate the greatly designed system. In the long run, this system will
save 1277.5 kWh of energy annually and decrease 638.75 kg CO, emissions/year which makes the equations
above represent an appropriate solution applied to saving operational costs with simultaneously reducing
environmental impact with IoT Smart Farm deployment:

Energy = Power x Time(kWh = kW x hours) (15)

Energy Ussge Comparison Compure gresnhouse g emissions
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Energy (kih)
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Figure 14: Comparison of energy consumption and greenhouse gas emissions
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4.8 AI Model Performance Evaluation Report for IoT Smart Farm System

This research presents a highly effective Al-based smart irrigation system, as demonstrated in Fig. 15,
that achieved exceptional performance metrics with 99.3% overall accuracy, 96.3% precision, 89.7% recall,
and 92.9% Fl-score, along. This research presents a highly effective Al-based smart irrigation system that
achieved exceptional performance metrics, as demonstrated in Fig. 15. The system attained 99.3% overall
accuracy, 96.3% precision, 89.7% recall, and 92.9% Fl-score, along with a perfect ROC AUC of 1.000. The
confusion matrix analysis revealed only four misclassifications out of 576 total decisions, comprising one false
positive and three false negatives, thereby demonstrating the model’s reliability in irrigation decision-making
processes. Feature importance analysis identified soil moisture as the most critical factor, contributing 38.6%
to the decision-making process, followed by hour of day (20.3%) and light intensity (18.4%). These findings
align with established agricultural science principles regarding optimal irrigation timing and environmental
conditions. The system exhibited distinct temporal patterns with peak watering decisions occurring during
morning hours (6-8 a.m.) and evening periods (4-6 p.m.). Soil moisture distribution analysis indicated that
watering typically occurred when moisture levels dropped below 30%. Cross-validation results demonstrated
high stability with a mean accuracy of 99.3% and a low standard deviation of 0.5%. Learning curves indicated
no overfitting issues, suggesting robust model generalization capabilities. However, the analysis revealed
class imbalance, with 547 no-watering instances compared to 29 watering instances. The perfect ROC
AUC suggests that the dataset may be too easily separable, warranting further validation under diverse
environmental conditions. Despite these limitations, the research successfully demonstrates artificial intel-
ligence’s potential for sustainable agriculture applications, offering significant benefits in water conservation
and labor cost reduction. Practical implementation would require adaptation to specific crop types and
regional conditions, along with expanded testing across varied agricultural environments to ensure broader
applicability and robustness.

Confusion Matrix Model Performance Metrics ROC Curve
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Figure 15: Al model performance evaluation
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The performance of ML models can be evaluated using a confusion matrix to calculate accuracy,
precision, recall, and Fl-score according to the following equations:
TP+ TN

Overall Accuracy = N (16)

Opverall accuracy represents the proportion of correct predictions made by the model, calculated as (TP
+ TN)/N, where TP is true positives, TN is true negatives, and N is the total number of samples.

o TP
Precision = ——— (17)
TP+ FP
TP
Recall = ——— (18)
TP+ FN

Precision indicates the proportion of true positive predictions among all positive predictions made by
the model. In other words, it measures how many of the model’s positive predictions are actually correct. The
formula is TP/(TP + FP), where the denominator represents the total predicted positives.

Recall, also known as sensitivity in statistics, measures the model’s ability to identify actual positive
cases of interest. It is calculated using the formula TP/(TP + FN), where the denominator represents the total
actual positives.

(precision * recall)

F1Score =2 x (19)

(precision + recall)

The F1-Score represents the harmonic mean of precision and recall, rather than a simple arithmetic
average. It is calculated using the formula: 2 x (precision x recall)/(precision + recall).

The implementation of the AI-augmented smart irrigation system requires a comprehensive algorith-
mic framework that seamlessly integrates sensor data collection, artificial intelligence decision-making,
energy management optimization, and system validation processes. Algorithm 1 presents the main system
algorithm, which serves as the central control mechanism that orchestrates the entire irrigation process—
from initial sensor data acquisition through Al-based decision-making to final irrigation execution—while
continuously monitoring system performance and updating the machine learning model based on real-
world feedback. Algorithm 2 illustrates the AI prediction function that utilizes a Random Forest ensemble
method with 100 decision trees, incorporating robust data validation mechanisms and confidence assessment
protocols to ensure reliable irrigation decisions. The system includes a fallback rule-based approach that
activates when prediction confidence falls below the established threshold. Algorithm 3 demonstrates the
multi-objective optimization algorithm that employs genetic algorithms to achieve an optimal balance
between water efficiency, energy consumption, and carbon footprint reduction. This approach utilizes a
population-based evolutionary strategy with tournament selection, crossover, and mutation operations to
identify the most sustainable irrigation strategies. Algorithm 4 presents the comprehensive data validation
and sensor health monitoring algorithm that ensures data integrity through range validation, consistency
checking, and sensor response time assessment. This system provides error flagging and alerts to maintain
reliable operation and prevent irrigation decisions based on faulty sensor readings.
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Algorithm 1: ATl-augmented smart irrigation control system

Component Step Function/Phase Description
A. Initialization 1 Initialization Set system parameters, load AI model, set
operation mode
(Manual/Scheduled/AI-Control).

21 Data Collection Read sensor values: soil moisture,
temperature, humidity, light, water level,
solar power, battery, current time, weather
forecast.

22 Data Validation & Validate sensor data. If valid, normalize and

Preprocessing create feature vector; if invalid, trigger error
alert and skip to next loop.

23 Energy Assessment Assess energy status based on solar power
and battery level.

B. Main Loop Depending on mode:

2.4 Al Decision Making - AI-CONTROL: Predict irrigation

probability, decide, calculate duration.
- SCHEDULED: Check schedule, get
duration.
- MANUAL: Get user command and
duration.
25 Multi-Objective If irrigation needed and energy sufficient:
Optimization optimize, execute, and log.
If energy insufficient: queue request and
activate energy saving.

2.6 System Monitoring &  Collect performance data, update AI model,

Learning send data to cloud.

2.7 Sleep Wait for next monitoring interval
(default: 60 s).

C. Termination 3 END WHILE End of main loop.

Algorithm 2: Al prediction function

Component

Function/Phase

Description

1. Input Validation

Input Validation

- Validate feature_vector for correctness

- If invalid, return
FALLBACK_RULE_BASED_DECISION()

(Continued)
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Algorithm 2 (continued)

Component Function/Phase

Description

2. Preprocessing Feature Preprocessing

-Process feature vector into processed
features using PREPROCESS_FEATURES()

3. Prediction

Random Forest Prediction

- Loop through each tree in
random_forest_model

- Generate prediction from
processed_features

- Append predictions to tree_predictions
array

Ensemble Decision

4. Ensemble Decision Making

-Calculate irrigation_probability as
AVERAGE (tree_predictions)

- Calculate confidence using CALCU-
LATE_CONFIDENCE(tree_predictions)

5. Decision Validation Decision Validation

-If confidence >
CONFIDENCE_THRESHOLD, return
irrigation_probability

- Otherwise, return
FALLBACK_RULE_BASED_DECISION()

Algorithm 3: Energy management optimization

Component Function/Phase Description
1. Function Initialization Phase Define multi-objective optimization framework
Declaration with input parameters: irrigation_decision,

duration, and energy_status for comprehensive
irrigation control

2. Population Setup Population Create initial population of 50 individuals
Initialization representing diverse irrigation strategies to
establish solution space exploration foundation
3. Evolutionary Loop  Generation Execute iterative evolutionary process through
Management MAX_GENERATIONS to enable progressive

solution improvement and algorithm convergence

Fitness Evaluation
Phase

4. Individual
Assessment

Systematically evaluate each population member
across multiple performance criteria to ensure
comprehensive solution assessment

(Continued)
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Algorithm 3 (continued)

Component Function/Phase Description
5. Water Water Efficiency Quantify water usage optimization by evaluating
Optimization Calculation application rates, timing precision, and waste

reduction metrics for sustainable irrigation

E
6. Energy Optimization fersy

Efficiency Calculation

Measure energy consumption

optimization through pump operation analysis,
power usage patterns, and system efficiency
evaluation

7. Environmental CO, Reduction
Impact Calculation

Assess environmental sustainability by calculating
carbon footprint reduction and measuring
ecological benefits of irrigation strategies

8. Multi-Objective Weighted Fitness

Combine optimization objectives using weighted

Scoring Function formula: 40% water efficiency + 40% energy
efficiency + 20% CO, reduction
9. Fitness Storage Individual Fitness Store calculated fitness values for each individual to
Assignment enable comparative evaluation and support
selection mechanisms
10. Parent Selection Tournament Selection ~ Select high-quality solutions for reproduction
Phase through tournament competitions while
maintaining genetic diversity in population
11. Genetic Crossover and Generate new solution variants by combining
Reproduction Mutation Operations ~ parent solutions through crossover and introducing
random variations via mutation
12. Population Survivor Selection Maintain optimal population size by combining
Management Phase parent and offspring populations and selecting best
individuals using elitist strategy
13. Solution Best Individual Identify and extract the optimal irrigation strategy
Extraction Identification with highest fitness score from final population
14. Result Delivery Function Return Return the best solution containing optimized
Phase irrigation parameters for practical system

implementation
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Algorithm 4: Sensor data collection and validation

Component Function/Phase Description
1. Function Initialization Phase Define sensor data validation function with input
Declaration parameters: soil_moisture, temperature, humidity,
light_intensity for comprehensive sensor data
verification
2. Validation Setup Variable Initialization  Initialize validation_result as TRUE and error_flags

as empty array to track validation status and collect
error messages

3. Soil Moisture Range Validation Validate soil moisture within 0%-100% range;

Check Phase append “SOIL_MOISTURE_OUT_OF_RANGE”
error and set validation_result to FALSE if outside
bounds

4. Temperature Range Validation Validate temperature within —40°C to 80°C range;

Check Phase append “TEMPERATURE_OUT_OF_RANGE”
error and set validation_result to FALSE if outside
bounds

5. Humidity Check Range Validation Validate humidity within 0%-100% range; append

Phase “HUMIDITY_OUT_OF_RANGE” error and set

validation_result to FALSE if outside bounds

6. Temperature Consistency Check for sudden temperature changes by

Consistency Validation Phase comparing with previous reading; append

“TEMPERATURE_SUDDEN_ CHANGE” error if
absolute difference exceeds 10°C

7. Sensor Health Performance Monitor sensor response time against

Monitor Validation Phase MAX_RESPONSE_TIME threshold; append
“SENSOR_SLOW_RESPONSE” error if response
time exceeds maximum allowed

8. Result Output Generation Return structured object containing validation
Compilation Phase status (is_valid) and comprehensive error list
(errors) for system decision making

5 Discussion

The intelligent irrigation system demonstrates significant energy conservation capabilities, achiev-
ing a 50% reduction in energy consumption. This substantial decrease directly corresponds to reduced
dependency on fossil fuel-based power generation. The system conserves 3.5 kWh daily, accumulating
an impressive annual conservation of 12775 kWh, which contributes meaningfully to greenhouse gas
emission reduction.

The system’s reduced power consumption profile makes it highly compatible with renewable energy
sources, particularly solar photovoltaic systems. The lower energy demand significantly reduces the required
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solar panel capacity, leading to decreased installation costs and accelerated return on investment. This
compatibility positions the system as an ideal candidate for sustainable farming initiatives.

As a future development opportunity, the system requires optimization for seamless solar photovoltaic
integration. Based on the current energy consumption of 3.5 kWh per day, the system could be effectively
powered by a 2-3 kW solar panel array, making it both technically and economically viable for most
agricultural applications. This integration would enable complete grid independence while potentially
achieving near-zero greenhouse gas emissions.

The transition to fully renewable energy-powered agriculture represents a significant milestone in
achieving environmental and economic sustainability, particularly in addressing climate change challenges
and meeting global demand for clean energy solutions. This system not only addresses food production
requirements but also serves as an integral component of climate change mitigation strategies, contributing
to sustainable development in global agriculture.

6 Conclusion

This research demonstrates that smart irrigation control systems integrating IoT and AI technologies
can achieve breakthrough performance in agricultural applications, delivering substantial improvements
across multiple dimensions.

The intelligent system achieved a remarkable 50% reduction in water consumption compared to
conventional methods, decreasing daily usage from 140 to 70 L/day. This significant improvement was
facilitated by precise irrigation decision-making based on real-time soil moisture sensors and compre-
hensive environmental monitoring. Factor importance analysis revealed that soil moisture serves as the
primary decision factor (37.10%), followed by temporal parameters (23.06%) and light intensity (20.32%).
These findings demonstrate that effective irrigation management requires careful consideration of multiple
environmental variables.

In terms of water use efficiency, the proposed system demonstrated exceptional performance with a
130% improvement over traditional methods. The system achieved 2.1-fold higher efficiency, producing 1.5
output units per liter compared to 0.714 units in conventional systems. This substantial enhancement is
particularly significant given the global challenges of water scarcity and the urgent need for sustainable
agricultural practices.

Energy conservation results were equally impressive, with the system reducing energy consumption
by 50%—from 7.00 to 3.50 kWh/day. This energy reduction directly translated into environmental benefits,
achieving a corresponding 50% decrease in CO, emissions from 3.50 to 1.75 kg/day. The parallel reduction in
both energy consumption and carbon emissions clearly demonstrates the strong correlation between energy
efficiency and environmental impact mitigation.

These comprehensive improvements highlight the system’s potential for large-scale implementation,
offering significant contributions to sustainable agricultural development and environmental conservation
objectives. The results provide compelling evidence for the adoption of Al-enhanced irrigation systems as a
viable solution for addressing contemporary agricultural challenges.
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