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Annotation

Wireless sensor networks (WSN) represent a change in accurate agriculture, offering real -time
environmental monitoring and intelligent decision -making skills. It checks the distribution of
WSN in agricultural settings to improve and increase research efficiency, reduce and increase
resource consumption. Sustainability. WSN consists of distributed sensorism that collects data on
the most important environmental variables such as soil moisture, temperature, humidity and
light intensity. These figures are transferred to wirelessly centralized processing units, where
artificial intelligence (Al) and machine learning (ML) algorithm algorithm patterns are used to
analyze patterns, detect and predict optimal agricultural functions.

Integration of WSN -R with Internet of Things (loT) platforms enables continuous connections,
distance monitoring and automation of water, fertilization and insect control processes. In
addition, the use of renewable energy sources, such as sunscreen, addresses, challenges related to
power consumption and location in remote areas. This report also investigates the integration of
wireless sensor networks with drones and blockchain technology, and examines data security and
the use of blockchain for scalable agricultural networks .

Conclusions suggest that the WSN-based smart agricultural system significantly improves crop
productivity, reduces water and chemical use and contributes to long-term environmental
stability. As climate change and food security become global concerns, the implementation of the
intelligent sensor network appears as an important solution for the construction of flexible
agricultural systems.

Keywords: Wireless Sensor Network (WSN), Internet of Things (loT), Artificial Intelligence (Al),
Machine Learning (ML).
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1. Introduction

Smart agriculture must deliver sustainable and effective productivity, in the wake of the world's
needs to address food security and climate change. It is an estimated prediction that world
agricultural output will increase by 2050 in order to cater to the requirements of increasing the
population. In this case, new technologies such as Wireless Sensor Network (WSN) and artificial
intelligence (Al) appear to be key drivers to create a revolutionary breakthrough for the
agricultural sector.
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Wireless sensors play a vital role in allowing farmers to monitor probability monitoring, reduce
water and resource consumption at high accuracy, environmental factors, improve crop yield for
intelligent farming decisions. Artificial intelligence also provides advanced analysis features to
convert huge volumes of data received by these networks into models of the future that improve
crop care and reduce loss from diseases and insects .

Despite significant progress in the region, there is a clear interval in integrated distribution of
WSN and Al technologies in different agricultural environments, especially in limited resources
and infrastructure areas. The purpose of this research is to design and evaluate a smart agricultural
system, and maintain this difference that benefits from the wireless sensor network supported by
artificial intelligence algorithms increases the accuracy and efficiency of agricultural operations
and increases productivity to reduce waste in a permanent way.

» To develop an integrated model combining WSN and Al to improve monitoring and
management of agricultural resources.

» To evaluate the system’s effectiveness in enhancing yield and reducing water and fertilizer
consumption.

» To study implementation challenges and provide practical solutions applicable in various
agricultural settings.

2. Theoretical Framework (Literature Review)
2.1 Wireless Sensor Networks (WSNSs) in Agriculture

Wireless Sensorn Network (WSNS) represents a state -species technology, which enables
continuous and accurate collection of real -time environmental data and brings revolution in
modern agriculture [6]. These networks include several sensors distributed in agricultural sectors
that measure important parameters such as temperature, humidity, soil quality, nutritional level
and water accessibility [7].

This real -time data gives farmers the right to make informed decisions on watering, fertilization
and insect control, which controls with better accuracy and efficiency, resulting in an increase in
crop and reducing resource waste [8]. However, challenges such as energy consumption are
important as sensors often work in remote areas without continuous power sources. Therefore,
advanced protocols are designed to adapt energy use and long sensor battery life [9].

2.1.1 Components of Wireless Sensor Networks

» Sensors: Devices that gather environmental data.

> Nodes: Includes integrated sensors with small processing devices.

> Base Stations: Collect data from the nodes and get it to reach the processing centers.
>

Communication Network: Low effect communication protocols such as Zigabi, Lura and
NB-IIT [10].

2.1.2 Communication and Energy Protocols

To reduce energy consumption and expand networking, protocols such as adaptive grouping of
low energy are used. Leach Base Station enables data aggregation in the cluster before transfer,
optimizing power use [11].
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Figure 2.1 A typical wireless sensor network architectiure showing
sensor distribution and data flow paths

2.2 Artificial Intelligence and Machine Learning in Smart Agriculture

With the exponential growth of data generated by WSN -R, advanced analytical techniques are
required to remove meaningful insights and support decision -making processes [12]. Artificial
Intelligence (Al) and Machine Learning (ML) techniques completing this role effectively.

2.2.1 Definitions

> Atrtificial Intelligence (Al): A set of technologies that enable computers, performs the
necessary work on human intelligence, including learning, analysis and decisions [13].

» Machine learning (ml): AIS one that is using the algorithm huge dataset to identify patterns

and make predictions.

2.2.2 Applications of ML in Agriculture

>

>

>
>

Profe for crop: Forecast the amount and quality of crops through models vs. environmental

and agricultural conditions.

Prevention of Pests and Disease at Early Stages: Plant image analysis and sensor data to

identify early warning signals for disease or infection.

Resource Management Optimization: Estimate optimal watering and

Fertilization requires reducing waste and maximizing efficiency [17].

2.2.3 Popular Machine Learning Algorithms

v

v
v
v

Artificial Neural Networks (ANN)
Decision Trees
Support Vector Machines (SVM)
Deep Learning, especially Convolutional Neural Networks (CNNs) for image analysis
[18][19].
Algorithm Approximate [_)ata Computational Remarks
Accuracy | Requirements Speed
Loaistic Low to Suitable for binary
gist Medium . High (Fast) | classification; easy to
Regression Medium .
interpret
Decision Tree Medl_um 0 Medium Medium Easy 1o understand
High but prone to
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overfitting
. . Slow to High accuracy and
Random Forest High High Medium robust to overfitting
Effective for
Support Vector Hiah Medium to complex
Machine (SVM) g High classification but
requires tuning
Artificial Neural Powerful for image
Networks Very High Very High Very Slow and time-series
(ANNSs) analysis
K-Nearest corilrzfaltggﬁgll
Neighbors Medium High Very Slow putat y
expensive at
(KNN) A
prediction time
Linear Low to Suitable for
. . Low High (Fast) | continuous data with
Regression Medium . . .
linear relationships

Table 2.1: It is suggested to include a comparative table that summarizes the accuracy, data

requirements and calculation rate of the main ML algorithm applied to agriculture.

2.3 Internet of Things (l1oT) Integration with WSNs and Al

The Internet of Things (loT) serves as the enabling framework that connects WSNs with
intelligent analysis platforms, creating an integrated smart agriculture ecosystem [20]. This

integration facilitates remote sensor control, real-time alerts, and efficient farm management.

2.4 Practical Applications and Field Studies of Smart Sensor Networks
2.4.1 Case Study: WSN-Based Smart Irrigation in India

A study conducted in India demonstrated that a WSN-based soil moisture monitoring system
reduced water consumption by 30% while increasing crop yields [21].

2.4.2 Case Study: Smart Greenhouses in the Netherlands

A smart greenhouse system equipped with sensors connected to Al algorithms resulted in a 20%

yield increase and reduced pesticide use [22].

Data Collection

Gather data from sensors
in agricultural fields

-

Data Preprocessing

Clean and normalizate
the data

+

Model Training
Train machine learning
models using preprocess

data

&

Model Evaluation
Assess the performance
of the models

Figure 2.1: Architecture diagram of a typical wireless sensor network in agriculture, showing

sensor placement and data flow to base stations.
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Average Analysis
Algorithm Accuracy Data Requirements y Additional Notes
(%) Speed
Good for simple
Logistic 75.85 Medium-sized datasets, Fast classification, less
Regression limited features effective with
complex data
.. Medium-sized and Fast to Easy to interpret,
Decision Tree 80-90 diverse datasets Moderate | prone to overfitting
High performance
Large. high- with overfitting
Random Forest | 85-95 , ge, nig Moderate | resistance, suitable
dimensional datasets .
for crop yield
predictions
. Excellent for image
Convolutional
. and complex data
Neural Large-scale, complex | Relatively . .
90-98 ; analysis, requires
Networks sensory or image data Slow . .
high computing
(CNN)
power
Support Vector Medium-sized datasets, Effegt.lve _for
. . classification,
Machine 80-92 requires good Moderate .
(SVM) preprocessing sensitive to
parameter tuning
Simple
K-Nearest . . . implementation,
Neighbors (K- 70-85 Small t%;?aegétus m-sized Relse:g\\llvely sensitive to noise
NN) and high
dimensionality
Suitable for
Reinforcement Continuous and Moderate . dynamic
) 85-95 . agricultural process
Learning dynamic data to Slow
control and
optimization

Table 2.1: Comparative summary of machine learning algorithms used in agriculture (accuracy,
data needs, processing speed).

.

| Predictions
Recommen-

5
S
<

Control Actions

g

Base
Station

Figure 2.2 (Optional): Integrated system model illustrating the connection between WSNs, Al,
and IoT in smart farming.
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Crop . Experiment
Study/Source Type Location Objective Key Results Notes
S Reduced water Use of
Zhang et al., . hi Imp]:]rcp\{e |rr|gat(|jon consumption by precise soil
2022 [1] Rice China etriciency an 28% and increased moisture
reduce water use .
yield by 12% Sensors
Significant Integration
. . . of sensors
Kumar & Monitor plant improvement in with
Singh, 2021 | Tomato | India health and early plant health; 20% .
. : S machine
[2] disease detection reduction in learni
. e earning
disease incidence .
algorithms
- - Reduced fertilizer Integr_ated
. Optimize fertilizer sensing
Garcia et al., . use by 15% and .
Wheat | Spain use and reduce . : system with
2020 [3] increased yield by
waste advanced
10% :
data analysis
Monitor Use of high-
: environmental Improved fruit precision
Ahmed et al., M'X.ed Egypt conditions and quality by 18% and wireless
2019 [4] Fruits . L .
improve product | increased shelf life sensor
quality networks
Automate Reduced water .
Lietal, Corn USA irrigation system consumption by (I)?tle(?{a\;'l%?]
2023 [5] and optimize 30% with a 15%
o Al systems
water usage yield increase

Table 2.2 (Optional): Summary of various field experiments and their impact on resource
optimization and yield improvement.

3. Research Methodology
3.1 Research Design

This research adopts a quantitative experimental design aimed at evaluating the effectiveness
and performance of Wireless Sensor Networks (WSNSs) integrated with Al algorithms in
improving agricultural practices. The study focuses on collecting real-time environmental data
from sensor nodes deployed in agricultural fields and analyzing this data using machine learning
models to optimize irrigation and crop management.

3.2 Study Area and Period

The experimental setup was established in a pilot agricultural field located in [specify region],
chosen for its representative crop type and climatic conditions. The data collection spanned a full
crop season, approximately 6 months from April to September 2024, to capture variations in
environmental conditions and crop growth stages.

3.3 Equipment and Materials

» Wireless Sensor Nodes: Consisting of soil moisture sensors, temperature and humidity
sensors, and nutrient sensors, using low-power communication protocols such as LoRaWAN
[23].

> Base Station: A data aggregator equipped with a GSM module for real-time data
transmission to cloud servers.
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» Computing Platform: Cloud-based infrastructure supporting Al algorithms and data
visualization dashboards.

» Software Tools: Python programming environment with libraries including Scikit-learn,
TensorFlow for machine learning; and MATLAB for sensor data preprocessing.

Device Type | Manufacturer Operating Accuracy Communication Notes
Range Protocol
Soil 0 - 100% Low power,
Moisture Decagon volumetric oy ZigBee, suitable for
Devices water =70 LoRaWAN | long-term field
Sensor
content deployment
High
00 precision,
Temperature Sensirion 40 (;“,to +0.3°C 12C, Bluetooth suitable for
Sensor 125°C Low Energy . )
microclimate
monitoring
Wide dynamic
. TSL2591 0.0001 to 0 range, good
Light Sensor (AMS) 88,000 lux 5% 12C for sunlight
monitoring
Measures soil
Nutrient Variable 0 Wireless nutrient
Sensor Yara N-Sensor (NPK levels) 5% (proprietary) content in
real-time
Up to 2 km . . —. | Central node
Base Station Libelium (depending N/A ZlgBee, Wi-Fi, collecting data
4G/5G
on setup) from sensors

Table 3.1: Detailed specifications of the sensors and equipment used, including manufacturer,
range, accuracy, and communication protocols.

3.4 Data Collection Procedure
3.4.1 Sensor Deployment

Sensors were strategically installed in a grid pattern across the experimental field to ensure
spatially representative data collection. The placement density was approximately one sensor
node per 100 square meters, enabling high-resolution environmental monitoring [24].

3.4.2 Sampling Frequency

Each sensor node collected data every 15 minutes, transmitting aggregated data every hour to
conserve energy. This high temporal resolution allows for capturing rapid changes in
environmental factors affecting crop health [25].

3.4.3 Data Transmission and Storage

Data collected by sensor nodes was transmitted wirelessly to the base station, which forwarded it
securely to a cloud database for storage and further processing. Data integrity and security were
maintained through encryption protocols [26].
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Figure 3. Example of farm field-based Internet of Things (IoT) and provided by a solar cell battery
charger: (a) Agriculture sensor node with related sensor and solar cell, (b) Sink and actuator nodes,
and (c) Gateway node and cloud computing.
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3.5 Data Processing and Analysis

3.5.1 Preprocessing

Raw sensor data underwent preprocessing steps including:

> Noise filtering: To remove errors or missing data points using projection methods [27].
» Normalization: Scale to the data value in a uniform area suitable for ML algorithms.

» Feature extraction: To get relevant properties such as soil moisture trend slope and
temperature variation indices.

3.5.2 Machine Learning Model Development

Many guided teaching algorithms were developed and trained to predict the optimal irrigation
program and explore early signs of crop stress:

» Random Forest (RF): For handling nonlinear relationships in the environmental data.

» Support Vector Machines (SVM): For classification of crop health status.

> Artificial Neural Networks (ANN): For multi-variable regression tasks in yield prediction.
3.5.3 Model Training and Validation

» The dataset was split into 70% training and 30% testing subsets using stratified sampling to
ensure class balance.

» Cross-validation with 5 folds was applied to reduce overfitting and improve model
generalization.

» Performance metrics included accuracy, precision, recall, F1-score, and root mean square
error (RMSE) [28].

American Journal of Technology Advancement 89



( American Journal of Technology Advancement)

Accuracy | Precision | Recall F1- | Training
Model Key Parameters y Score | Time Notes
(%) (%) (%)
(%) | (seconds)
Robust and
widely used
Random Trees=100,
Forest Max Depth=20 91.5 90.8 89.7 | 90.2 120 fdo_r crop
isease
detection
Effective in
Support high-
Vector | Kemel=RBF, | gq 5 875 | 86.0 | 867 | 95 | dimensional
Machine C=1.0 data
(SVM) classification
Atrtificial _ Good for
Neural Layers=3, complex
Neurons=64 per 93.2 92.5 91.8 | 92.1 300 ;
Network laver nonlinear
(ANN) y relationships
. High
Gradient Estlmator_s:150, perforr%ance
) Learning 92.8 92.0 905 | 91.2 250 L
Boosting _ in yield
Rate=0.1 .
prediction
K-Nearest esf;‘r;crt)il\e/ea?gr
Neighbors | Neighbors=5 85.7 84.3 839 | 84.1 40
small
(KNN) q
atasets

Table 3.2: Summary of machine learning model parameters and evaluation matrix.

INTEGRATED FRAMEWORK FOR
WSNs, 1oT, AND Al FOR Al
SMART AGRICULTURE SYSTEMS
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Preprocessing
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Results
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Figure 3.1: Flochart reflects data collection, pre -processing, model training and verification

process.
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3.6 Ethical Considerations

This research data follows moral standards on privacy and environmental impact:

» Data collected from fields did not include any personally identifiable information.

> Sensor installation was non-invasive and complied with local agricultural regulations.

» Energy-efficient protocols were prioritized to minimize environmental footprint [29].
3.7 Limitations and Challenges

» Sensor battery life constraints limited continuous data collection beyond the crop season.

» Environmental interference such as heavy rainfall and electromagnetic noise occasionally
affected data quality.

» Machine learning model accuracy depends heavily on the quality and volume of data
collected.

4. Results and Discussion
4.1 Results

Data collected from the wireless sensor network, which was equipped with sensors to measure
soil moisture, temperature, humidity and nutritious levels, discovered the following
conclusions:

4.1.1 Data Accuracy and Reliability

The sensor network demonstrated a high level of dataability, with the conclusions reported in
[Zhou et al., 2020] with a high level of dataability, with less than 3% loss of data in the
experimental period of six months.

The accuracy of the soil moisture sensor was within 2%, while the temperature sensor maintained
an accuracy of £ 0.5 ° C, in line with agricultural monitoring standards [Kumar and Patel, 2019].

These performances confirm the suitability of sensor hardware for calculations in real -time
agricultural applications.

Sensor Type Accuracy Range Stability (Data Loss Rate) Reference
Soil Moisture +2% volumetric content < 3% over 6 months Zhou et al.,
Sensor 2020

Temperature +0.5°C < 29 fluctuation Kumar & Patel,
Sensor — 0 2019
Humidity Sensor +3% RH <2.5% Lietal., 2021

Nutrient Level 0 . 20 Singh &
Sensor +5% (NPK concentration) 3% Sharma, 2022

Table 4.1: Statistical summary of the sensor's accuracy and stability measurements.
4.1.2 Impact on Irrigation Management

» Trained machine learning models on sensor data enabled a reduction of up to 28-30% in
water consumption compared to traditional irrigation methods by optimizing irrigation
planning based on real -time field data [32].

» The yield of crops improved by approximately 12-15%, thanks to enhanced water and
nutrient management facilitated by the sensor network.
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Descriptive Summary:

This bar chart shows the fluctuation between two major indicators before and after distribution of
the smart wireless sensor network in agricultural operation:

Category Water Consumption (m?/hectare) (tgg/ph;gg i)
Before Smart Sensor System 7200 4.8
After Smart Sensor System 4600 6.7

Analysis:

» Usage of water has been reduced by about 36% after adopting smart systems through
makeshift irrigation planning and real-time monitoring.

» The crop yield has increased by approximately 39%, which indicates optimal resource
management and targeted fertilization in sensor-grated insight.

» These reforms point out the effectiveness of combining WSN with Al into precise agriculture
and pursuing stability.

Il Before
I After

30+

25

20 A

154

10

5_

0 .
Water Consumption Yield

Figure 4.1: Comparison of water consumption amd yield
before and after implementing the smart network system.

4.1.3 Machine Learning Model Performance

» Random Forest and Support Vector Machine (SVM) Model scored classification accuracy
above 90% by distinguishing crop health condition.

» Atrtificial Nervous Network (Ann) was found to have a promising future in crop prediction,
approximately. 0.11 to 0.13 [33] through route -angent year (RMSE).

Accurac | Precisio | Recall | F1 Score | Processing
ML Model v (%) n (%) (%) %) Time (s) Notes
Decision Tree | 895 | 873 | 881 | 877 035 | E&Sylointerpret,
overfits on noise
Random Forest 94.2 92.6 93.5 93.0 1.10 High accuracy,
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longer training
time
Effective in high-
SVM 914 90.1 89.6 89.8 0.95 dimensional
space
Sensitive to
outliers
Requires large
96.1 94.8 95.2 95.0 2.30 dataset, best
accuracy
High
XGBoost 95.4 93.7 94.2 93.9 1.80 performance,
well-optimized

KNN 86.7 84.5 85.0 84.7 0.60

Neural
Network

Table 4.2: Detailed performance for each machine learning model calculation.

“r 100
T 90
"t 80

*r 70
B Accuracy (%) 4 &0
B Precision (%) 4 so
= Recall [36) )
T 40

30

B Fl Score (%)

B Processing Time (5)
+ 20

r 10

>+ 0

XGBoost Neural KNMN SvM Random Decdision
Network Forest Tree

4.2 Discussion
4.2.1 Effectiveness of Wireless Sensor Networks in Agriculture

The results postpone the promise of the wireless sensor network (WSN) as the effective method of
accurate environmental data in real time, which enables the decision that is well made in the
management of resources. The findings agree with the results of previous studies, and confirm the
role of WSN in monitoring of crops and improvement of control in irrigation.

4.2.2 Role of Artificial Intelligence in Resource Optimization

The integration of the Al algorithm is instrumental in irrigation schemes and improvement in
crops and assists in promoting smart agriculture. It corresponds to recent research and emphasizes
the benefits of machine learning Accurate agriculture and resource efficiency .

4.2.3 Technical and Practical Challenges

The study faced challenges such as signal intervention and delay in data transfer during severe
rain, which sometimes affects data quality and the accuracy of prophecy. In addition, the lifetime
of the limited sensor battery forced long -term data collection [37].

4.2.4 Future Recommendations

» Develop ultra-low-power sensors with self-charging capabilities to address battery life
limitations.
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» Incorporate 5G technology to enhance data transmission speed and reliability.

> Expand research scope to include diverse crops and geographical regions for broader
applicability.

> Explore advanced deep learning models to further improve predictive accuracy.
5. Summary and Recommendations
5.1 Summary

The purpose of this research is to find and evaluate the role of wireless sensor network (WSN) in
increasing the agricultural processes by collecting accurate environment and physical data in real
time. The results show that the use of these networks can provide significant benefits in accurate
agriculture, such as reducing water consumption, adaptation of resource management and
increasing crop dividends.

The system achieved a 30% reduction in water use with an increase of 15% in crop productivity.
Planned machine learning models proved to be able to take the exact prediction of the crop
situation, able to make smart decisions based on the exact field data. The sensor confirms the
reliability of data and its practical feasibility for the stability of the system for an extended period
of time.

Despite these successes, the study faced some technical challenges, including adverse weather
conditions and limited sensor batteries, including data transfer problems during their lifetime, and
vulnerable areas to further technological development.

5.2 Recommendations

Based on the results and challenges identified throughout the study, the following
recommendations are proposed:

5.2.1 Development and Improvement of Hardware and Components

» LOW-SHAKTI Sensor: Investment will focus on developing high efficiency sensors and
very low power consumption, as well as renewable energy sources such as solar energy to
remove self-charging skills or limited battery life problems.

» Enhanced communication capabilities: Adopt Fifth Generation (5G) Networks or other
advanced communication technologies to improve data transfer rate and reliability, especially
in rural areas Limited infrastructure.

5.2.2 Enhancement of Analytical Models and Software

» Use of advanced deep learning algorithms: Such as Convolutional Neural Networks (CNN)
or Recurrent Neural Networks (RNN) to improve prediction accuracy and analyze complex
sensor data.

> Development of user -friendly intelligent interface: To ensure The system is available to
farmers with different technical backgrounds,Provide simplified notice and analysis that helps
in daily decision -making.

5.2.3 Expansion of Application Scope

» Applying the system to multiple crop types and agricultural varieties: To ensure wider
applicability and adaptability to different environmental conditions.

> Integration of other technologies: Such as drones and infrared imaging technology for
whole-field and integrated crop health assessment.
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5.2.4 Environmental and Social Considerations

>

>

Training and awareness: Organizing training programs and workshops to enlighten the
farmers about the importance of embracing sophisticated agricultural technologies and using
them effectively

Environmental impact assessment: The carbon emissions assessment is reduced and to make
new technologies' resource stability stronger to undertake more in-depth studies.

5.3 Conclusion

The future of smart agriculture in terms of applying to food security and long-term management
of water and the environment is the era of wi-fi sensors supported by artificial intelligence.
Investment in improving this era and expanding its usage can revolutionize the world agriculture
sector and empower farmers to overcome climate exchange and increase international demand
challenges.
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