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Abstract

Precision agriculture has been proposed as a novel technique to enhance agricultural productivity
while minimizing the wastage of resources. The integration of Artificial Intelligence (Al), Internet
of Things (loT), and data analysis has been proposed to develop an intelligent system for
monitoring and managing agricultural activities. This paper presents an Al-based precision
agriculture system to enhance crop production while optimizing the usage of agricultural
resources. The proposed system uses IoT sensors to collect data, machine learning algorithms for
yield prediction, and decision support tools to effectively utilize resources. Environmental factors
such as soil moisture, temperature, humidity, rainfall, and crop health are analyzed using machine
learning models such as Random Forest, Support Vector Machine (SVM), and Artificial Neural
Networks (ANN). The proposed system is evaluated using experiments, showing enhanced
prediction accuracy and reduced resource usage compared to conventional farming. The proposed
system presents an intelligent solution for precisionagriculture to enhance productivity.
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I. Introduction

Agriculture plays a vital role in meeting global food security and economic growth. Nevertheless,
conventional agricultural practices are often associated with inefficient utilization of resources,
lower productivity, and environmental degradation. With an increasing global population and
climate change, agricultural efficiency has become a critical challenge. Precision agriculture
technology has been identified as a promising solution to improve agricultural efficiency by
employing advanced technologies like artificial intelligence, Internet of Things, and data analytics.
Artificial intelligence has greatly impacted different areas in the sense that it offers predictive
analytics, automation, and intelligent decision-making. For instance, in the agricultural sector,
artificial intelligence can be used to analyze a large amount of data concerning the environment
and crops in order to forecast the yield and detect plant diseases. Machine learning algorithms such
as Random Forest, SVM, and neural networks have shown promising results in crop yield
prediction and agricultural monitoring systems [5], [14]. Research indicates the potential use of
Al and the integration of the Internet of Things in smart agriculture [1], [17].

loT sensors are widely used in the current agricultural sector to obtain data on soil moisture,
temperature, humidity, and environmental factors. These sensors are used for the continuous
monitoring of the fields, and valuable information is obtained for the betterment of decisions.
Smart agricultural technologies are based on IoT sensors and machine learning models for the
betterment of decisions for the farmers [8], [10].
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In addition, recent research has also investigated the application of remote sensing, satellite
imagery, and unmanned aerial vehicles (UAVs) for crop monitoring and yield prediction. These
techniques can facilitate large-scale monitoring of agricultural fields, which can be very beneficial
for predictive modeling [9], [20]. Moreover, explainable artificial intelligence (XAIl) techniques
have also been applied for improving interpretability in crop yield prediction models [13].
Despite these advancements, there are still challenges associated with implementing intelligent
agricultural systems. For instance, many of these systems have been designed to handle specific
tasks, for example, crop monitoring or irrigation control, but lack an integrated approach for yield
prediction and optimization. Data integration from different sources is another challenge
associated with implementing smart agriculture systems [6].

To overcome the challenges, this paper proposes an Al-based precision agriculture system that
incorporates loT-based sensing, machine learning-based crop yield prediction, and intelligent
resource management. The proposed precision agriculture system collects environmental
parameters using loT-based sensing and predicts crop yields using machine learning models. This
aims at improving agricultural productivity and resource efficiency.

The main contributions of this paper are:

1. Development of an Al-based framework for precision agriculture.

2. Integration of 10T sensor technology for real-time environmental monitoring.

3. Implementation of machine learning models for crop yield prediction.

4. Design of an intelligent decision support system for irrigation management.

5. Performance evaluation using agricultural datasets.

The proposed system showcases the promise of Al and 10T technologies for the implementation
of sustainable agricultural practices.

Il. Related Work

Recently, the application of artificial intelligence in agricultural fields has received considerable
attention from researchers. Various studies have been conducted to explore the applications of
machine learning and deep learning for crop yield prediction, disease detection, etc.

Significant research attention has been given to the application of artificial intelligence in the
agricultural sector in recent years. Various studies have been conducted to apply machine learning
and deep learning models for crop yield prediction, disease detection, etc.

The review article by Miller et al. [1] discussed the increasing trend of the use of Al and loT
technologies for monitoring environmental conditions and improving crop productivity in
agriculture. Another article by Liakos et al. [17] discussed the survey of machine learning
techniques for agriculture, specifically for crop prediction and data analytics.

Deep learning methods have been extensively employed in agricultural applications as well.
Kamilaris and Prenafeta-Boldi conducted a survey on the applications of deep learning methods
for agricultural applications such as the detection of plant diseases, crop classification, and
prediction of crop yields. From their survey, it is evident that the accuracy of prediction could be
significantly improved by the use of deep neural networks.

Several research works have been conducted to explore machine learning-based crop yield
prediction models. Shawon et al. [5] analyzed various machine learning algorithms, including
Random Forest, Support Vector Machine, and gradient boosting techniques, for crop yield
prediction. Their results indicated that ensemble machine learning model techniques can perform
better compared to individual model techniques in agricultural-related predictions.
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loT-based smart agriculture systems have also been proposed for better monitoring and resource
management. Alahmad et al. proposed an loT-based monitoring system for precision agriculture,
which collects environmental data and transmits it to cloud platforms for better analysis. Another
loT-based agricultural monitoring system has been proposed by Ahmed et al., which offers real-
time environmental data to the farmer.

Remote sensing techniques have improved precision agriculture techniques. Khan et al. [9]
presented the utilization of UAV and loT sensor technology for crop monitoring and yield
prediction. This technique has enabled the monitoring of agricultural lands on a large scale.
There are also explainable Al methods that have been proposed to help in the improvement of
transparency in machine learning approaches used in agricultural prediction. Najjar et al. [13]
proposed a framework in explainable Al that can be used in sub-field crop yield prediction.
Recent studies have also examined the use of sophisticated machine learning approaches, such as
federated learning and multimodal learning, for agricultural applications. In their study, Mukherjee
et al. [23] examined the use of federated learning approaches for crop yield prediction, which
enables the collaboration of data sources without the need to access the data. Liu et al. [19] also
proposed a multimodal learning approach for data integration, which combines various data
sources such as satellite and environmental data for prediction.

Although these developments are promising, existing solutions are often limited to specific aspects
of smart agriculture. Hence, they are not a comprehensive solution that encompasses all aspects of
environmental monitoring, yield estimation, and resource optimization. Thus, with these
objectives inmind, this work aims to develop a comprehensive precision agriculture solution based
on artificial intelligence.

I11. Proposed Methodology

3.1 Proposed system Architecture

The proposed Al-based precision agriculture system combines loT sensors, cloud-based data
processing, and machine learning models for optimizing crop yields. The Al-based precision
agriculture system collects environmental data from the fields using IoT sensors and sends the data
to a cloud-based platform using wireless communication networks. Machine learning models are
used to analyze the collected data for optimizing crop yields.

Figure 1 illustrates the an Al enabled smart agricultural architecture that integrates IoT sensing,
communication network,data processing ,Machine Learning and decision support system to
optimize the framing operations. The architecture is organized into five major layers,each
responsible for a specific task in collecting,processing, analyzing and utilizing agricultural data for
intelligent farm management.

www.ijamrsd.com | Journal of Advanced Multidisciplinary Research | [225]
Studies and Development



JAMRSD | Volume No.: 05, Special Issue No.: 03, 2026 | ISSN: 2583-6404

Gomuicaten Layer 8 OsiaProcessng Laper = Machine Learing Laper Dacsis Suppart Lays:
Sl Moktes ﬁ ﬁlﬂcv Forest ba
'] ¥ — :
Sereins = O )
W/ LR « Data Sorage
»

Tepestare 6 “Whprucesing ) E AN Vedd =
(1.0 nu, |

N -,

* —p {*3 ok ey
g <
Light Sermons Vi Poedicton
| Fam Dashboxd terthaw Optimzztn

o ’9,
Py &

Crog Hedth Naviereg

§ haigits & Recommesdation &

\4 \

Figure 1. Architecture of the Al-Based Precision Agriculture System

IOT sensing Layer

This layer comprises environmental sensors placed in the agricultural field. These sensors, such as
the soil moisture sensor, temperature sensor, humidity sensor, and light sensor, gather data on the
environment.

Communication Layer

The collected data is sent to the cloud-based processing system using wireless communication
technologies such as Wi-Fi or LoRa.

Data Processing Layer

Data processing layer includes data storage, prepossessing, and feature extraction. Finally, the
preprocessed data is sent to machine learning models.

Machine Learning Layer

Machine learning algorithms like Random Forest, Support Vector Machine, and Artificial Neural
Networks are applied to analyze the data and predict crop yield.

Decision Support Layer

Decision support layer includes recommendations for irrigation control, fertilizer optimization,
and crop health.

3.2 System Workflow

The system workflow of the proposed framework is depicted in figure 2 in the beginning,
environmental data such as soil moisture, temperature, humidity, rainfall, soil nutrients, and crop
type are collected by IoT sensors deployed in agricultural fields. After collecting the data,
preprocessing is applied to remove noise and handle missing values, and normalization and feature
scaling are applied to improve the performance of the model. The processed data set is utilized to
train the machine learning models such as Random Forest, Support Vector Machine (SVM), and
Artificial Neural Network (ANN) for the purpose of crop yield prediction. Based on the predicted
data, the resource optimization is achieved by the system, and recommendations are provided for
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the irrigation and fertilizer usage. For instance, if the soil moisture level goes below a certain
threshold value, the irrigation process is started. The performance of the models is checked using
metrics such as accuracy, Mean Squared Error (MSE), Root Mean Square Error (RMSE), and R2
score for the effectiveness of the proposed system.
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Fig.2 Proposed system Flow chart

3.3 Machine Learning Models

The following machine learning models are implemented for crop yield prediction.

Random forest

Random Forest is an ensemble method that combines multiple decision trees for improving the
accuracy of the predictions.

Support Vector Machine

SVM is used for regression and classification purposes in data analysis for the agricultural sector.
Artificial Neural Network

ANN models are used for modeling the nonlinear relationship between environmental factors and
crop yields.

3.4 Resource Optimization

The predicted yield values are used to generate irrigation and fertilizer recommendations.
Example

If soil moisture < Threshold value-> Irrigation is activated
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3.5 Performance Evaluation
Model performance is evaluated using standard metrics like Accuracy, Mean Squared
Error(MSE),Root Mean square Error(RMSE), R-square score.

IV. Experimental Results
The propopsed system was evalauted using agricultural datasets containing environmental
parameters and crop yeild data.

Table 1 comparison of experimental result with existing system

Method Model Accuracy % | MSE | RMSE R? Score
[12] SVM 88.4 - - -

[15] Decision Tree 89.7 - - -

[18] Random forest | 92.1 - - -
Proposed SVM 91.5 0.028 | 0.167 0.91
Model

Proposed Random forest | 93.8 0.021 | 0.145 0.94
Model

Proposed Artificial Neural | 95.2 0.018 | 0.13 0.96
Model Network

From the results of the comparison table 1 , it can be observed that better results are obtained with
the proposed machine learning framework compared to existing ones. Among all the implemented
models, the Artificial Neural Network model shows the highest accuracy of 95.2%, with the lowest
error values. Also, the Random Forest model shows better results due to its ability to perform
ensemble learning, whereas the results obtained with the SVM model are lower. Therefore, it can
be concluded that the proposed system can effectively support crop yield prediction and intelligent
agricultural resource optimization.

Table 2 Resource Optimization Results

Parameter Improvent

Water usage 30% Reduction
Fertilizer Usage 20% Reduction
Crop vyield 15 % improvement

These results demonstrate from table 2 that the proposed Al based system improves prediction
accuracy, and resource utilization with traditional framework.

V. Discussion

The integration of Al and loT helps to improve the monitoring and decision-making process in
agriculture. From the experiment, it is clear that machine learning algorithms can be used to make
predictions regarding crop yields based on environmental conditions.The use of IoT helps to
collect data in real time, which improves the management of resources.The challenges facing the
implementation of smart agriculture include the cost of deploying the sensor, the complexity of
integrating data, and the lack of access to technology.
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The focus of the study in the future should be to come up with a cost-effective solution for the
large-scale implementation of the system.

VI. Conclusion

In this paper, an Al-based precision agriculture system is presented for crop yield optimization. In
the proposed system, 10T technology, machine learning models, and smart decision-support
systems are used for improving crop productivity. The experimental results have demonstrated the
accuracy of the proposed system in predicting crop yield while reducing resource consumption. It
is believed that the proposed framework is an efficient tool for precisionagriculture.

In the future, the proposed system will be extended by incorporating satellite images, drone
technology, and deep learning models.
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