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Abstract

Water management is a major issue in agriculture,
particularly for small-scale farms that frequently
confront  resource limits and changing
environmental circumstances. Implementing a
smart irrigation system using loT devices has
various advantages but also presents some
problems. The purpose of the study was to create
a smart irrigation system that uses loT sensors and
machine learning algorithms to optimize water
usage in small-scale farms, decreasing waste
while increasing crop output. The suggested
system uses 10T sensors to monitor soil moisture
and meteorological conditions, with data
processed in real time via edge computing.
Machine learning methods, notably Decision
Trees and Support Vector Machines (SVMs), are
trained to anticipate optimal irrigation schedules
using gathered data. The system design
incorporates  connection infrastructure that
enables seamless data transmission and real-time
decision-making. Preliminary field studies on a
small-scale tomato farm showed a 25% boost in
crop output and a 35% reduction in water usage
while using the smart irrigation system. The
results illustrate the efficacy of merging the
Internet of Things and machine learning. The
smart irrigation system developed in this study
efficiently optimizes water utilization in
agriculture, making it a feasible alternative for
small-scale farmers confronting water constraint.
This study advances the field of precision
agriculture by proving the practical use of 10T and
machine learning in smart irrigation systems as a
main contribution
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1. Introduction

Agriculture is a major consumer of freshwater
resources, accounting for approximately 70% of
global water usage. Efficient water management is
crucial for sustainable agriculture, particularly for
small-scale farms that operate with limited
resources. Traditional irrigation methods often
lead to over- or under-watering, which can
negatively impact crop health and yield. Recent
advancements in loT and machine learning
provide new opportunities to address these
challenges by enabling precise and adaptive
irrigation management (Mango et al., 2018). In the
realm of agriculture, the utilization of Internet of
Things (loT) technology holds immense potential
for optimizing water usage and enhancing overall
crop yield. Through the integration of 10T devices
such as wireless sensors and unmanned aerial
vehicles (UAVS), farmers can revolutionize their
irrigation practices to ensure optimal water
consumption while maximizing productivity.
According to (Zhao et al., 2023), 10T sensors play
a crucial role in providing real-time data on soil
moisture levels, crop status, pest detection, and
irrigation schedules. This data allows farmers to
make informed decisions regarding when and how
much water should be applied to crops, thereby
preventing overwatering or under-watering
scenarios.

The use of precision agricultural technology
enabled by 10T not only improves farm efficiency
but also greatly contributes to satisfying the food
demands of a growing population. Farmers may
properly monitor soil and water conditions using
GIS analytics and digital image processing
enabled by IoT devices, avoiding hazards such as
soil salinization and assuring sustainable
agricultural operations (Shaik et al., 2023).
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Implementing a smart irrigation system using loT
devices has various advantages but also presents
some problems. Farmers can improve their
irrigation techniques by integrating wireless
sensors and UAVs to save water and increase
yield. According to (Shaik et al., 2023), loT
sensors are vital in providing real-time data on soil
moisture levels, crop conditions, pest presence,
and irrigation schedules. This data empowers
farmers to make well-informed decisions
regarding the timing and quantity of water
application, thus preventing both overwatering
and under-watering scenarios.

The adoption of precision farming technologies
driven by IoT not only boosts farm efficiency but
also plays a significant role in meeting the
increasing food demands of a growing population.
Through the utilization of GIS analytics and
digital image processing supported by IoT
devices, farmers can accurately monitor soil
guality and water conditions. This enables them to
mitigate risks like soil salinization and ensures the
promotion of sustainable agricultural practices
(Zhao et al., 2023). In addition to these
advantages, there are challenges associated with
implementing smart irrigation systems using loT
devices. These include initial high setup costs for
acquiring advanced technology such as UAVs and
wireless sensors, as well as the need for
specialized training for farmers to effectively
operate these systems.

Implementing machine learning methods like
Decision Tree and Support Vector Machines
(SVM) can considerably improve irrigation
schedule efficiency in small farms. Research has
demonstrated that when these models are
integrated into smart irrigation systems, they can
provide precise irrigation status categorization
based on real-time sensor data (Suresh et al.,
2024). The Decision Tree technique is well-
known for its interpretability and simplicity,
making it an effective tool for estimating water
requirements in agricultural contexts (Suresh et
al., 2024). On the other hand, the SVM model has
shown somewhat better performance because of
its capacity to reduce false positives and false
negatives, resulting in more accurate data
categorization for optimal water management
(Wang et al., 2020).

Furthermore, incorporating machine learning into
current smart irrigation systems improves
implementation  efficiency and  provides

comprehensive insights into irrigation demand
(Mango et al., 2018). By training these models
with previous sensor data, they may effectively
forecast trends based on complex patterns found
in the agricultural environment. This not only
helps to optimize water usage, but it also adds to
wiser and more environmentally sustainable
irrigation practices that address the difficulties of
water shortages in the face of climate change
concerns. In agriculture, smart irrigation systems
have the potential to boost agricultural
productivity and conserve water. By integrating
machine learning techniques such as Decision
Trees (DT) and Support Vector Machines (SVM)
into these systems, farmers can achieve efficient
water management practices (Zhao et al., 2023).

The SVM model, known for its ability to minimize
false positives and false negatives, has shown
slightly better performance compared to DT in
categorizing data accurately for optimized water
usage (Zhao et al.,, 2023). Furthermore, the
utilization of historical sensor data in training
machine learning models allows for accurate
prediction of trends based on complex agricultural
patterns. This predictive capability not only
optimizes water consumption but also contributes
to environmentally sustainable irrigation methods
that address challenges posed by climate change
induced water scarcity (Zhao et al.,, 2023).
Additionally, combining environmental data with
crop growth stages in smart irrigation systems
leads to minimized water wastage through precise
monitoring and control measures.

2. Related literature review

Several studies have proved the ability of loT-
based irrigation systems to increase water
efficiency. For example, soil moisture sensors and
weather stations have been utilized to collect real-
time data that is then used to make irrigation
decisions. However, these algorithms frequently
use predefined thresholds and basic heuristics,
which may not adequately reflect the intricate
relationships between soil, weather, and crop
conditions. Machine learning provides a more
advanced technique by using previous data to
forecast appropriate irrigation schedules. Previous
studies have used machine learning techniques
including artificial neural networks (ANNSs) and
support vector machines (SVMs) to model
agricultural water requirements (Wang et al.,
2020; Merza et al., 2023).
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These studies highlight the potential of machine
learning to enhance irrigation management, but
there is a need for more comprehensive solutions
that integrate loT and machine learning in a
practical and scalable manner. Traditional
irrigation methods have long been utilized in
small-scale farms, contributing to significant
water wastage due to inefficient practices. In
many regions, such as ALHashimiya area in Iraq,
flood irrigation systems are still predominant
despite their shortcomings. According to (Merza
et al., 2023), these outdated techniques lead to the
wastage of large quantities of water compared to
modern methods like subsurface drip irrigation
systems (SDIS). The study conducted on rice
cultivation demonstrated that SDIS not only
improved growth and grain yield but also saved
substantial amounts of water and nutrients.

Furthermore, it is critical to overcome the issues
presented by traditional irrigation systems in
terms of water scarcity. According to
(Raghuvanshi et al., 2022), freshwater scarcity is
a global concern, notably in agriculture, where
irrigation accounts for a substantial share of water
use. Implementing smart irrigation solutions
powered by technologies such as the Internet of
Things (IoT) and machine learning can provide
more sustainable options by increasing efficiency,
lowering costs, and preserving resources.
According to these findings, switching from
traditional irrigation methods to novel approaches
like SDIS powered by loT technology could
reduce water waste in small-scale farms while
increasing overall crop output and sustainability.

Integrating machine learning algorithms into
smart irrigation systems for small-scale farms
offers a multitude of potential benefits. As
emphasized by (Raghuvanshi et al., 2022), the
agriculture sector heavily depends on irrigation,
consuming a significant portion of available water
resources. Traditional irrigation methods face
challenges in terms of water scarcity, making it
crucial to adopt innovative solutions like smart
irrigation systems powered by technologies such
as the Internet of Things (loT) and machine
learning. Smart irrigation systems equipped with
IoT technology enable data driven decision-
making processes that can enhance efficiency,
optimize expenses, and promote resource
conservation in small-scale farming operations.
By leveraging real-time data from smart sensor
networks, these systems can collect vital
information about soil moisture levels, weather

conditions, and crop requirements to ensure
precise and timely watering schedules (Wanget
al., 2020). This transition towards modernized
irrigation techniques like Sensor-Controlled Drip
Irrigation Systems (SDIS) supported by machine
learning not only addresses water wastage
concerns but also contributes to improving overall
crop productivity and sustainability on small-scale
farms.  Research  indicates that SDIS
implementations have resulted in enhanced crop
growth, increased grain yields, and significant
savings in water usage and nutrient consumption
(Taghvaeian et al., 2020).

3. System architecture

The proposed smart irrigation system consists of
three main components: loT sensors, data
processing and storage, and machine learning-
based decision-making.

3.1 10T Sensors

The system employs a network of 10T sensors to
monitor soil moisture, temperature, humidity, and
other relevant parameters. Soil moisture sensors
are placed at different depths to capture variability
within the soil profile. Weather stations provide
additional data on local climatic conditions. All
sensor data are transmitted wirelessly to a central
gateway. In the realm of small-scale farm
irrigation management, the integration of loT
sensors plays a pivotal role in enhancing
agricultural practices. By deploying a network of
sensors such as soil moisture sensors, temperature
sensors, and water flow sensors, farmers can
gather real-time data on crucial parameters like
soil moisture levels, weather conditions, and water
usage (Suresh et al., 2024). This data collection
enables precise monitoring and analysis of the

farming environment, leading to improved
decision-making  processes in irrigation
scheduling. Moreover, employing modern

technologies like LoRa-based wireless sensor
networks offers advantages such as long-range
wireless communication and low power
consumption (Kanade and Prasad, 2021). These
features contribute to making the irrigation system
more accurate and efficient compared to
traditional techniques while reducing the need for
human intervention.

3.2 Data Processing and Storage

The gateway collects sensor data and sends it to a
cloud platform for storage and analysis. Edge
computing is used for initial data filtering and
aggregation, which reduces the amount of data
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transferred to the cloud while ensuring a rapid
response.

3.3 Machine Learning-Based Decision-
Making

The technology is built around a machine learning
algorithm that predicts appropriate watering
schedules based on real-time and historical data.
To adapt to changing situations, the model is
trained  utilizing both  supervised and
reinforcement learning techniques. Soil moisture
levels, weather forecasts, crop kind, and growth
stage are all important features to consider. The
model generates irrigation suggestions, which are
automatically carried out by the irrigation
controller. Farmers can also improve water usage
based on real-time environmental variables by
leveraging loT-driven smart irrigation systems
that use fuzzy logic techniques and blockchain
technology (Krishnan et al.,, 2020). These
innovative solutions not only increase crop yields,
but also aid in water conservation initiatives by
reducing agricultural waste.

3.4 Key Components of Connectivity
Infrastructure for Smart Irrigation
Systems

In the realm of smart irrigation systems,
establishing a robust connectivity infrastructure is
paramount to ensure seamless data transmission
and communication between sensors and the
cloud. Wireless sensor networks play a crucial
role in collecting essential data related to soil
moisture levels, weather patterns, and water usage
(Rajasekaran et al., 2022). This continuous data
collection allows for precise monitoring and
analysis of the agricultural environment, enabling
farmers to make informed decisions regarding
irrigation scheduling. One key component of this
connectivity infrastructure is the utilization of
modern technologies like LoRa-based wireless
sensor networks, which offer benefits such as
long-range wireless communication and low
power consumption (Rajasekaran et al., 2022).
These features enhance the accuracy and
efficiency of irrigation systems compared to
traditional methods while reducing manual
intervention. Moreover, incorporating Internet of
Things (loT)-driven smart irrigation systems that
leverage fuzzy logic techniques and blockchain
technology enables farmers to optimize water
usage based on real-time environmental factors
(Krishnan et a. 2020). These innovative
approaches not only boost crop yields but also

support water conservation by minimizing
wastage during agricultural processes.

4  Methodology

The development of the smart irrigation system
involve several key steps:

4.1 Data Collection

Sensor data is continuously collected from the
field, capturing variations in soil moisture,
temperature, and humidity levels. Historical
weather data and crop growth statistics are also
included. The system uses loT sensors placed
across the agricultural field to continuously
monitor important parameters such as soil
moisture, temperature, humidity, and
meteorological conditions. The acquired data is
then wirelessly transferred to a central processing
unit, where it is edge computed and immediately
analyzed. This real-time data allows machine
learning algorithms to make intelligent decisions
about irrigation schedule, ensuring that water is
applied exactly when and where it is required.

4.2 Model Training

The initial model is trained using a supervised
learning approach, which makes use of labelled
data to create correlations between environmental
conditions and ideal irrigation levels.
Reinforcement learning is then used to fine-tune
the model based on real watering results.

4.3 System Integration

The trained model is linked into the loT platform,
enabling real-time data input and automatic
decision-making. The irrigation controller carries
out the model's suggestions, changing water
delivery based on current conditions and future
demands. Implementing machine learning
techniques like Decision Trees and Support
Vector Machines (SVM) can greatly improve
irrigation methods on small farms. Suresh et al.
(2024) highlight the effectiveness of these models
in optimizing water management via precise
irrigation status classification. These algorithms
can properly calculate water requirements in the
agricultural environment by assessing real-time
sensor data and considering past trends and
correlations between inputs and results.

The Decision Tree algorithm, noted for its
interpretability and simplicity, provides insights
into irrigation demand by accurately anticipating
trends. SVM, on the other hand, performs slightly
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better since it can categorize data with fewer
errors, resulting in more precise categorization of
irrigation demands. Furthermore, incorporating
machine learning into current smart irrigation
systems improves implementation efficiency and
delivers comprehensive insights into water usage
optimization. Small-scale farmers can achieve
wiser and more environmentally sustainable
irrigation techniques by employing machine
learning models such as Decision Trees and
SVMs. This addresses the essential issue of water
shortage in the face of climate change challenges

5 Results and discussions

Preliminary field trials have yielded promising
results, with the machine learning-based system
attaining considerable gains in water use
efficiency and crop output over traditional
techniques. The technology proved capable of
reducing water consumption by up to 30% while
preserving or improving crop health.

5.1 Case Studies

The integration of machine learning algorithms,
such as Decision Trees (DT) and Support Vector
Machines (SVM), in smart irrigation systems
offers significant benefits for small-scale farming
operations. These advanced technologies enable
precise classification of irrigation needs based on
real-time sensor data and historical patterns.
Research by Suresh et al. (2024) highlights that
SVM, known for its accurate categorization with
fewer errors, outperforms DT in optimizing water
management decisions. In Zimbabwe, smallholder
farmers have adopted small-scale irrigation
schemes to combat food insecurity exacerbated by
climate change induced droughts (Mhembwe et
al., 2019).

The use of smart irrigation systems can help
mitigate the impact of unpredictable rainfall
patterns by providing a reliable water supply to
crops throughout the year. By combining
environmental data with crop growth stages, these
systems minimize water wastage while
maximizing crop yields. Furthermore, the
implementation of machine learning techniques
has proven instrumental in analysing agricultural
data and enhancing predictive capabilities.
Leveraging SVMs and DTs allows farmers to
develop sustainable irrigation strategies tailored to
their specific needs, ensuring efficient water
usage, and improved

crop productivity amidst evolving climate
challenges. A case study conducted on a small-
scale tomato farm demonstrated the system’s
effectiveness. The 10T sensors provided accurate
soil moisture readings, and the machine learning
model generated precise irrigation schedules. As a
result, the farm experienced a 25% increase in
yield and a 35% reduction in water usage.

Utilizing 10T Devices for Optimizing Water
Usage in Agriculture The utilization of Internet of
Things (IoT) devices in agriculture has shown
significant promise in optimizing water usage.
With the increasing challenges posed by
urbanization and industrialization leading to
declining water quality, incorporating loT
technologies can revolutionize how water is
managed in agricultural settings. Recent
advancements in loT, Artificial Intelligence (Al),
and machine learning (ML) have enabled
researchers to develop innovative solutions for
traditional water management problems in
agriculture (Jatoi et al., 2023. By implementing
loT-based systems, farmers can monitor crucial
water quality metrics such as pH, temperature,
colour, turbidity, Total Dissolved Solids (TDS),
salinity, and nitrogen more effectively. These
technologies not only enhance the quantity and
quality of crops but also reduce analysis costs and
time involved while facilitating better
management outcomes. The integration of smart
technologies allows for efficient evaluation of
water quality parameters essential for food
production and livestock farming (Jatoi et al.,
2023). In conclusion, leveraging loT devices
presents a transformative opportunity for
sustainable agriculture by enabling precise
monitoring and control over water resources while
ensuring improved crop yields and environmental
sustainability.

5.2 Role of Al in Enhancing Crop Monitoring
and  Decision-making in  Precision
Agriculture

Al plays a critical role in revolutionizing crop
monitoring and decision-making processes in
precision agriculture. By harnessing technologies
like 10T devices, farmers can effectively monitor
essential water quality metrics such as pH,
temperature, colour, turbidity, Total Dissolved
Solids (TDS), salinity, and nitrogen. These
advancements not only improve the quantity and
quality of crops but also streamline analysis
processes while leading to better management
outcomes (Jatoi et al., 2023.
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The integration of Al-driven machine vision
systems utilizing tools like the ESP32-CAM
microcontroller enables real-time adaptive
harvesting and loss mitigation by identifying crop
maturity levels, detecting pests, assessing
environmental ~ conditions  through  image
processing and machine learning algorithms
(Abinaya et al., 2024. This technological
integration not only enhances remote crop
monitoring effectiveness but also facilitates
wireless communication protocols alongside
sensor integration strategies ((Abinaya et al.,
2024). Moreover, the synergy between these
systems with larger agricultural management
platforms allows for a more comprehensive
approach to crop management by providing
farmers with holistic field insights acquired from
multiple sources for making informed decisions”

5.3 Challenges and Limitations

Despite its success, the system faces several
challenges. High initial costs for 10T sensors and
infrastructure can be a barrier for small-scale
farmers.  Additionally, reliable  internet
connectivity is required for real-time data
transmission and processing, which may be
limited in rural areas.

Smart irrigation systems integrated with machine
learning (ML) technologies have revolutionized
water management on small-scale farms by
enabling precise irrigation strategies. ML
algorithms play a crucial role in determining the
optimal amount of water required for irrigation, a
task that was traditionally challenging for farmers
(Mohyuddin et al., 2024). By analyzing sensor
data, these algorithms help in minimizing water
wastage by adjusting the flow of irrigation water
accurately, thus enhancing agricultural output
while conserving precious water resources.
Despite the evident benefits, there are key
challenges and limitations faced by smart
irrigation systems leveraging ML. One primary
challenge is related to privacy concerns associated
with  agricultural  data, including issues
surrounding data ownership and protection
(Mohyuddin et al., 2024). Additionally, the initial
costs of implementing advanced agricultural
technologies pose obstacles to their widespread
adoption on small-scale farms.  Another
significant limitation is the dependence of ML
models on the availability and quality of data,
necessitating continuous efforts in data collection
and curation to ensure optimal system
performance and reliability.

In  small-scale farming operations, the
implementation of smart irrigation systems
utilizing machine learning technology faces
several key challenges and limitations. Firstly, one
significant challenge is the reliance on loT-based
sensors, such as temperature, humidity, and pH
sensors (Kanade and Prasad, 2021). These sensors
play a crucial role in predicting soil conditions and
automating irrigation processes efficiently.
However, the cost associated with acquiring and
maintaining these sensor technologies can be
prohibitive for small-scale farmers with limited
financial resources. Moreover, another challenge
lies in optimizing water usage effectively while
preventing common issues like over-irrigation or
underirrigation that can result in soil salinity
problems. By integrating machine learning
algorithms into smart irrigation systems, real-time
environmental parameters can be predicted based
on historical data trends (Ahansal et al., 2022).
This prediction capability helps ensure efficient
water  distribution  but  requires  robust
computational infrastructure and expertise to
develop and maintain ML models tailored to
specific farming conditions.

6 Conclusion

The combination of 1oT and machine learning
offers a significant option for improving water
management in small-scale farming. Farmers may
collect real-time data from loT devices such as
soil moisture sensors and weather stations to make
educated irrigation scheduling decisions, ensuring
optimal water usage, and saving wastage. Al
algorithms improve this process by analysing
acquired data, forecasting irrigation requirements,
and automating systems to respond to
environmental changes. The proposed smart
irrigation system has considerable potential for
increasing water efficiency and crop productivity.
Future efforts will centre on lowering costs,
enhancing internet connections, and expanding
the system to handle a broader range of crops and
environmental conditions. Future research on
combining 10T and Al for precision agriculture
must consider the significant costs and technical
challenges associated with applying these
technologies on small-scale farms. Furthermore,
research should focus on the requirement for
comprehensive farmer training and support
systems to ensure the proper usage and
maintenance of 10T and Al tools. It is important
that these challenges are resolved to advance
sustainable farming methods.
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