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Abstract: Precision agriculture plays a critical role in addressing global food security while minimizing
environmental impact. However, conventional fertilization practices often rely on fixed schedules
without real-time feedback from soil conditions, leading to inefficient resource use and reduced crop
quality. Unlike existing systems that provide static fertilizer schedules or lack integration with real-time
soil data, UG-AgroPlan uniquely combines a calibrated multi-parameter soil sensor and a K-Nearest
Neighbors model to deliver adaptive recommendations that dynamically adjust to changing soil
conditions. This study introduces the UG-AgroPlan system, which integrates IoT-based soil nutrient
monitoring with Machine Learning algorithms to provide real-time crop and fertilizer recommen-
dations. The system utilizes a calibrated multi-parameter soil sensor capable of detecting nitrogen
(N), phosphorus (P), potassium (K), pH, moisture, temperature, and electrical conductivity with high
accuracy (97.41% Field validation was conducted using Uzbekistan melon as a case study, as this crop is
highly sensitive to soil nutrient balance and requires precise fertilization to achieve optimal quality and
specific location. This characteristic makes it an ideal indicator for evaluating the system’s accuracy
and effectiveness, applying four fertilization strategies (daily, weekly, monthly, and conventional).
Results showed that the daily precision fertilization strategy achieved the best performance, with fruit
sweetness reaching 15.59°Brix, average weight 3.69 kg, and length 30.14 cm, while reducing fertilizer
usage by up to 18% compared to conventional methods. These findings demonstrate that UG-AgroPlan
offers a scalable, accurate, and adaptive approach to sustainable smart farming by integrating real-time
sensing, machine learning, and actionable agronomic recommendations. These findings demonstrate
that UG-AgroPlan offers a scalable, accurate, and adaptive approach to sustainable smart farming by
integrating real-time sensing, machine learning, and actionable agronomic recommendations. Unlike
existing systems that provide static fertilizer schedules or lack integration with real-time soil data,
UG-AgroPlan uniquely combines a calibrated multi-parameter soil sensor and a KNN model to deliver
adaptive recommendations that dynamically adjust to changing soil conditions.

Keywords: smart farming; UG-AgroPlan; precision agriculture; soil monitoring; crop recommendation;
IoT sensors; K-Nearest Neighbors (KNN); nutrient detection; fertilizer optimization; data-driven
agriculture

1. Introduction

Agriculture is a critical sector that supports global food security and economic development
[1]. Through understanding and applying soil science principles, farmers can adopt sustainable
practices supported by IoT technologies [2] and Smart Farm systems [3-5]. These practices improve
soil productivity, conserve natural resources, and support long-term food security [6]. However,
challenges in selecting the right type and amount of fertilizer often hinder agricultural productivity,
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particularly for small-scale farmers. The fertilizers are materials composed of one or more essential
nutrients that, when applied to plants, promote improved growth and increased crop production
[7]. Fertilizers are closely tied to fertilization, which refers to the method of providing nutrients to
the soil for plant absorption . Nutrient enrichment in soil can come from the use of organic and
inorganic fertilizers, which can increase soil organic carbon, total nitrogen, and available phosphorus
[8]. Efficient fertilizer use involves not only adjusting fertilizer doses to meet plant needs but also
eliminating soil factors that hinder nutrient absorption to achieve optimal yields through the use of
quality fertilizers [9].

The high cost of quality fertilizers and the difficulty in obtaining fertilizers is due to high market
prices, which increase farming costs [10]. Fertilizer subsidy policies in Indonesia have been compre-
hensively implemented to address this issue, with the government providing subsidies to small and
medium farmers for fertilizers such as UREA, NPK, organic, and SP-36 [11]. Improper fertilizer use
can result in stunted plants, early flowering [12], and vulnerability [13] to pests (OPT) [14]. It can
also cause low production that does not match the potential of the variety, poor product quality (dull,
easily damaged, brittle, and taste changes), and a decrease in soil nutrients over time. This decline in
nutrients can negatively impact soil health and food security [15]. In addition, fertilization practices
can affect soil microbial activity and overall plant health [16]. Furthermore, unbalanced fertilizer
use can disrupt nutrient absorption and utilization by plants, leading to reduced yields and product
quality [17]. Sensor-based monitoring of soil nutrients and fertilizer delivery must be dynamically and
real-time integrated, which can be achieved through the implementation of Wireless Sensor Network
(WSN) technology. Integrating WSN's in precision agriculture improves agricultural productivity and
efficiency by monitoring macronutrient content with an error rate of 8.47% [18].

The ability to analyze complex data through machine learning has become an essential tool for
making data-driven predictions and decisions. There are three main categories in machine learning;:
supervised learning, unsupervised learning, and reinforcement learning [19]. Through the integration
of various digital technologies and the enhancement of autonomous learning capabilities, machine
learning continues to accelerate innovation and its applications in everyday life [20], including in
agriculture.

Machine learning-based fertilization recommendation systems have emerged as innovative so-
lutions to address this challenge [21-23]. For example, research by [24] developed a fertilization
recommendation methodology based on soil fertility mapping using Internet of Things (IoT). The
tested several machine learning models such as Logistic Regression (LR) [25], Support Vector Machine
(SVM) [26] , Gaussian Naive Bayes (GNB), and K-Nearest Neighbor (KNN), and found that GNB
achieved the highest accuracy .

Effective fertilization recommendation systems must consider various parameters, such as soil
fertility levels [27], crop type [28], and environmental conditions in real-time [17,29]. However,
many current systems do not account for real-time contexts, resulting in less accurate and efficient
recommendations [24]. To overcome this issue, Internet of Things (IoT) technology can be used
for real-time soil fertility mapping [30], which is then analyzed using machine learning models to
provide more accurate fertilization recommendations [24,31]. Other research shows that the use of
machine learning in agricultural recommendation systems extends beyond fertilization to include crop
recommendations and plant disease identification. For instance, the AgriRec system uses machine
learning algorithms to recommend crops and fertilizers based on soil properties, water requirements,
and profitability analysis [32]. Additionally, deep learning models like ResNet-50 have been used to
diagnose nutrient deficiencies in plant leaves and provide appropriate fertilization recommendations
[33].

Machine learning improves both the efficiency and accuracy of fertilization recommendations.
Methods such as Random Forest and Logistic Regression have been applied to predict the appropriate
type and amount of fertilizer based on environmental, soil, and plant conditions [34]. The results of
these studies not only help increase crop yields but also reduce the environmental impact of excessive
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fertilizer use. Furthermore, fertilizer recommendation systems designed specifically for small-scale
farmers can provide significant benefits. Previous research implemented systems that use historical
data and machine learning techniques to deliver personalized recommendations, accessible through
user-friendly dashboards [35], enabling farmers to make better decisions about fertilizer application,
ultimately improving productivity and income based on the quality and quantity of harvests.

One of the biggest challenges in crop cultivation is the proper management of fertilization.
Overuse of fertilizers not only increases production costs but also leads to soil degradation, envi-
ronmental pollution, and reduced crop quality [17]. The fertilizers applied to soil are often not
optimally absorbed by plants [36], resulting in increased greenhouse gas emissions and groundwater
contamination [37].

Uzbekistan melon is a high-value horticultural crop that is known for its sensitivity to soil nutrient
balance and environmental conditions. This sensitivity makes it highly suitable as a model plant to
evaluate the accuracy of real-time nutrient monitoring and fertilization recommendation systems.
Uzbekistan melons have particular cultivation needs to thrive, requiring well-drained, nutrient-rich
soils and consistent water supply during flowering and fruiting stages. As noted by the International
Center for Agricultural Research in the Dry Areas (ICARDA), they grow best in warm, arid climates
with average temperatures ranging from 25 to 30°C [38]. Moreover, optimal growth requires nutrient-
rich, well-drained soils [39]. Adequate water supply is also crucial, especially during the flowering
and fruit-setting stages, where water availability significantly influences fruit development [40].

A system capable of real-time soil nutrient monitoring and precise fertilization recommendations
is required. In this context, our research has been developed as an innovative solution that integrates
Internet of Things (IoT) and Machine Learning (ML) to provide precision fertilization guidance.
This system uses soil sensors to measure critical parameters. The collected data are analyzed using
the K-Nearest Neighbors (KNN) algorithm to determine the most suitable crops to measure critical
parameters such as nitrogen (N), phosphorus (P), potassium (K), pH, temperature, moisture, and
electrical conductivity, which are then analyzed using the K-Nearest Neighbors (KNN) algorithm
to determine the most suitable crops for a given soil condition. Recent advancements in Machine
Learning (ML) have enabled the development of more accurate and computationally efficient solutions
to address these challenges. This research aims to develop an application, UG-AgroPlan, based on
Machine Learning for providing crop recommendation systems. Another function in UG-AgroPlan
can provide optimal real-time fertilization and crop advice for future needs.

This study addresses the limitations of existing systems that typically focus on a single aspect of
agricultural management, such as crop classification or static nutrient mapping, without providing an
integrated approach that adapts to real-time soil conditions. In the context of precision agriculture,
there is a clear need for a system that combines direct soil nutrient sensing, intelligent data processing,
and phase-specific fertilizer recommendations.

To fill this gap, we propose the development of UG-AgroPlan, an integrated platform that
incorporates high-accuracy soil sensors, a machine learning-based crop recommendation algorithm
(K-Nearest Neighbors), and a dynamic fertilization module that adjusts nutrient doses according to
the plant’s growth stages (vegetative, flowering, and fruiting). This system not only detects real-time
soil conditions with high precision but also delivers adaptive, data-driven crop and fertilization
recommendations.

Recent studies have demonstrated the potential of Al-based decision support systems in im-
proving agricultural productivity through data-driven recommendations [41]. However, the practical
implementation of such systems—especially in field conditions with diverse soil types and crop
varieties—remains limited. The system was validated through field trials using Uzbekistan melon
as a case study. This crop was selected due to its specific nutritional requirements and sensitivity
to nutrient imbalances, making it an ideal model for evaluating the accuracy and effectiveness of
UG-AgroPlan’s recommendations. The results demonstrate significant improvements in both crop
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quality and fertilizer efficiency, supporting the potential of UG-AgroPlan as a practical solution for
sustainable smart farming.

2. Materials and Methods
2.1. Materials

The materials used in this research consist of datasets, hardware and software. The dataset

includes soil nutrients such as nitrogen (N), phosphorus (P), and potassium (K), as well as other soil
parameters, including electrical conductivity (EC), soil pH, temperature, and soil moisture. Soil health
is determined by a delicate balance of nutrients and environmental conditions, where both deficiencies
and surpluses can significantly affect crop performance. Nitrogen deficiency often leads to stunted
growth and chlorosis, while excess nitrogen results in excessive vegetative growth and poor fruit
quality. Similarly, phosphorus deficiency causes underdeveloped roots and reduced yields, whereas
surplus interferes with micronutrient uptake. Potassium deficiency increases susceptibility to stress
and disease, while excess disrupts magnesium and calcium absorption. Soil pH that is too low (<5.5)
increases aluminum and manganese toxicity, while high pH (>7.5) reduces micronutrient availability
and causes chlorosis.
Electrical conductivity (EC) that is too low signals nutrient depletion, whereas high EC causes osmotic
stress and root damage. Soil moisture imbalance—whether drought leading to wilting or waterlogging
causing root rot—impairs nutrient absorption. Soil temperature extremes slow metabolism at low
levels or induce enzyme dysfunction and flower or fruit abortion at high levels. Finally, rainfall scarcity
results in drought stress, while excessive rainfall causes nutrient leaching, heightened humidity, fungal
outbreaks, and flooding. Understanding these dynamics is essential for designing IoT-enabled Smart
Farm systems capable of providing real-time monitoring and adaptive recommendations to sustain
soil fertility and optimize crop productivity

The data used in this study were collected from two sources: secondary and primary datasets. The
secondary dataset was obtained from various credible sources, such as data provided by the Indonesian
Ministry of Agriculture, the Food and Agriculture Organization (FAO), and research studies in the
field of agricultural cultivation. These data contain important information about soil conditions and
nutrients from various agricultural areas in Indonesia.

Additionally, the primary dataset was directly collected from various agricultural fields in West
Java Province through field measurements. The primary data collection process was carried out using
a sensor system designed by the researchers to measure soil parameters directly in the fields, such
as nitrogen, phosphorus, potassium levels, soil pH, moisture, temperature, soil type, and electrical
conductivity. Before use, the primary data measurements were calibrated with laboratory equipment
to ensure accuracy and reliability of the data obtained. This calibration aims to compare the sensor
measurement results with laboratory standards. If the metric evaluation results of the calibration
demonstrate errors approaching zero, the collected data are considered valid and can be integrated
with the existing secondary dataset.

The hardware used for data collection consists of a soil measurement sensor system designed
by the researchers. This sensor system is equipped with soil sensors that have seven main outputs:
nitrogen (N) levels, phosphorus (P), potassium (K), soil pH, soil electrical conductivity, soil moisture,
and soil temperature [42]. The sensors are optimized to provide accurate data on soil conditions, so
the results can be used in machine learning modeling for fertilizer recommendation [43].

The development of the UG-AgroPlan system utilizes a comprehensive set of software tools to ensure
robust functionality and seamless performance. Visual Studio Code was employed as the primary
IDE for efficient code management, complemented by HTML, CSS, and JavaScript for front-end
design and Python for back-end development. The machine learning models, including the deployed
K-Nearest Neighbors (KNN), were implemented using frameworks like Scikit-learn, while Pandas
and NumPy supported data preprocessing and numerical computations. Data visualization was
achieved through Matplotlib and Seaborn, enhancing analytical insights. For database management,
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Firebase was utilized to enable real-time data storage and synchronization, particularly for handling
sensor inputs. The application deployment was facilitated through Website, ensuring a seamless
connection between the back-end processes and user interface. Additional tools for API testing, while
Git and GitHub provided robust version control and collaborative development capabilities. These
materials collectively provided a solid foundation for UG-AgroPlan system, enabling accurate crop
recommendations, effective fertilization guidance, and a user-friendly application interface.

The prototype of this nutrient detection system is the result of research innovation utilizing soil
sensors, which provide seven output values from a single sensor, as shown in Figure 2. This sensor is
designed to detect various important parameters that influence soil fertility and plant growth. The
sensor can measure seven key components: nitrogen (N), phosphorus (P), potassium (K) levels, soil pH,
soil moisture, electrical conductivity (EC), and soil temperature. The nutrient detection system, which
uses this sensor, is designed to provide real-time data, processed by a machine learning-based system
to offer precise fertilizer and crops recommendations. With accurate measurements of these seven
parameters, the sensor helps farmers better understand soil conditions in detail, including detecting
nutrient deficiencies or excesses in the soil.

The Figure 1 are measurements from the soil sensor are sent to a database connected to the
UG-AgroPlan application. This data is used by the application to analyze the types of crops most
suited to current soil conditions and offer recommendations for adjusting nutrient levels or crops
recommendations. The 7-in-1 soil sensor can be used across various types of agricultural land, making
this prototype a potential solution for more efficient and sustainable fertilization scenarios.

UG-AgroPlan Application
Soil r\nl‘:!'n for Ci i Il
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Figure 2. UG-AgroPlan of the our prototype system. (a.) Our Sensor System for detection N, P, K, and other
parameters (pH, EC, Temperature, Moisture), (b). Our Application for crop and fertilizer recommendation

2.2. Methods

The research methodology comprises four main stages, which are integrated to develop the
UG-AgroPlan system as an Al-based solution for crop and fertilization recommendations, as shown in
Figure 3.
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Step 1: Implementation of a sensor
system for data acquisition on soil
nutrients and parameters

¥
Step 2: Collected Data and Simulations

seven machine learning models to train a
dataset (soil nutrients and parameters)

h 4
Step 3: Design, Integrated loT with Al-Based and
Implementation of the UG-AgroPlan System
utilizes the K-Nearest Neighbors (KNN) algorithm

¥
Step 4: Uzbekistan Melon Cultivation using UG-
AgroPlan System at University of Gunadarma
Technopark (UGTP), in Cikalong Village - West Java

Figure 3. Illustration of the research method.

The first stage involves the development of a sensor system for data acquisition of soil parameters.
This system is designed to measure nitrogen (N), phosphorus (P), potassium (K) content, soil pH,
moisture, electrical conductivity, and soil temperature. The collected data serves as the basis for
determining real-time soil conditions.

The second stage focuses on simulations using seven machine learning models to train a dataset
consisting of the parameters obtained from the sensor measurements, including soil type and rainfall
data. The aim of this simulation is to evaluate the performance of each model and identify the best-
performing model with high predictive accuracy. The selected model is then deployed in the developed
application.

The third stage involves the development of the UG-AgroPlan system with IoT and Machine
Learning. This study introduces UG-AgroPlan, a decision support application powered by machine
learning algorithms, which provides real-time fertilizer recommendations based on soil sensor data.
Unlike static models, UG-AgroPlan dynamically adjusts fertilization recommendations in response
to changes in nutrient levels, pH, and environmental parameters. This application utilizes the K-
Nearest Neighbors (KNN) algorithm, which has been deployed to support two main functions: first,
providing crop recommendations based on soil parameter values acquired by the sensors; and second,
offering fertilization recommendations when the parameter values decrease. This ensures that nutrient
requirements are optimized to maintain soil fertility and support plant growth effectively.

The last stage is to evaluate the practical applicability of the UG-AgroPlan system, a direct
cultivation trial was conducted using the Uzbekistan melon variety. This crop was selected due to
its specific nutrient requirements and economic value. The trial aimed to assess the effectiveness of
UG-AgroPlan in guiding fertilizer dosage per growth phase and improving overall input efficiency.
The results of this field experiment serve as the foundation for discussing the system’s accuracy and
its potential impact on sustainable crop management.

An UG-AgroPlan system integrates sensor technology, machine learning, and artificial intelligence
to promote sustainable agricultural practices. The research methodology consists of several main
stages (see Figure 4).
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Figure 4. Proposed research architecture: A comprehensive framework integrating soil nutrient detection, machine
learning-based crop recommendations, fertilization recommendations and real-time data processing to optimize
agricultural productivity.

2.2.1. Impelementation Sensor System for Detection Soil Nutrient and Parameters

After implementing the prototype, a calibration process was conducted to compare the laboratory
sensor’s measurements with those of the sensor system designed by the researchers for detecting soil
nutrients. This sensor system is capable of measuring nitrogen (N), phosphorus (P), potassium (K),
soil pH, moisture, temperature, and electrical conductivity. The calibration process ensured that the
designed sensor system provided accurate and reliable measurements, which are crucial for generating
precise crop recommendations for users.

The calibration process between laboratory measurements and the prototype sensor system was
a critical step in ensuring the reliability and accuracy of the data used for further analysis. Initially,
the prototype sensor exhibited a wide range of accuracy, with values varying between 34% and 95%,
depending on the nutrient parameter measured. This variation highlighted the need for a robust
calibration process to align the prototype’s readings with laboratory-standard measurements.

The accuracy (A) for both the laboratory instrument and the prototype sensor was calculated using the
formula:

A= (1 _ |SWW—RW’W|) % 100% 1)
Rvalue

Where: S, is the measured output from our prototype sensor instrument. Ry, is the reference
standard value obtained from a certified laboratory.

During the calibration process, discrepancies between the prototype sensor’s measurements and
laboratory results were systematically analyzed. A regression-based correction algorithm was applied
to minimize errors, thereby aligning the prototype’s readings with the laboratory standards. This
iterative process refined the sensor’s output for nitrogen (N), phosphorus (P), potassium (K), pH,
moisture, and electrical conductivity. As a result of the calibration process, the prototype sensor’s
accuracy improved significantly, achieving an overall accuracy ranging from 97.41% to 97.61% across
all nutrient parameters (N, P, K) and other soil characteristics. This enhancement demonstrates the
sensor’s capability to provide precise and reliable measurements comparable to laboratory standards.
The successful calibration process underscores the importance of integrating mathematical evaluation
and laboratory standards in the development of agricultural sensor technologies. It ensures that the
sensor system can serve as a dependable tool for data acquisition in precision agriculture applications.
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Calibration results with the accurary are considered valid, and the data is subsequently used as part of
the data training for dataset or data testing. A comparison between the laboratory equipment and the
prototype sensor results for soil nutrients and various soil parameters is also conducted to validate the
sensor’s performance and reliability for further research.

2.2.2. Evaluation Training Model with 7 Models

Following the completion of the calibration process in the prototype sensor system, the next stage
involves training the dataset. This process begins with the collection of data to be used for model
training. Subsequently, data preprocessing is performed to prepare the raw data for analysis. At
this stage, soil nutrient values (N, P, K) along with other parameters—such as pH, EC, moisture, and
temperature—are labeled according to the associated plant types based on the measured nutrient
levels and soil conditions.

Once preprocessing is completed, an outlier analysis is conducted to identify and address any
anomalies that may compromise the accuracy of the machine learning model. Outlier data is either
treated or removed according to predefined criteria to ensure that the resulting model is robust and
capable of generating precise and reliable recommendations. This meticulous approach to training and
preprocessing ensures the integrity and quality of the dataset, forming a solid foundation for further
stages of the research.

The next phase of the training process involves applying machine learning algorithms to gen-

erate crop recommendations. The algorithms used include Support Vector Machine (SVM), Logistic
Regression, Decision Tree, K-Nearest Neighbors (KNN), Gradient Boosting, Random Forest, and
Gaussian Naive Bayes. This stage focuses on analyzing the relationships between soil parameters and
nutrient values (N, P, K) to identify the most suitable crops for specific conditions. The process of
training dataset simulation concludes with the selection of the most effective model, which accuracy
the K-Nearest Neighbors (KNN) are 98%, deployed within the UG-AgroPlan system based on the
performance metrics of each algorithm (between 95% until 100%).
The recommendation of crops using the K-Nearest Neighbors (KNN) algorithm is based on the nu-
trient content and soil parameters measured through sensors. The KNN model utilizes a labeled
dataset comprising historical data of soil nutrient levels (N, P, K), soil pH, moisture, and temperature,
along with the types of crops that thrive under those specific conditions. When new sensor data is
inputted into the UG-AgroPlan system, the KNN algorithm identifies the "k" nearest neighbors in the
dataset—those with the most similar soil nutrient profiles and environmental conditions.

The algorithm calculates the Euclidean distance between the input data and each entry in the
training dataset. The shortest distances are considered the nearest neighbors, and the majority class
(crop type) among these neighbors determines the recommendation. For example, if the sensor
readings indicate high nitrogen levels, moderate phosphorus, low potassium, and neutral pH, the
algorithm compares these values with historical data to recommend a crop that thrives under such
conditions, such as maize or Mango. After the data training phase is finalized, seven models are
evaluated according to the accuracy levels they achieve, as presented in Table 1.

Table 1. Accuracy results from 7 models.

Model Accuracy (%)
Logistic Regression 95.00 %
Decision Tree 95.00 %
Support Vector Machine (SVM) 98.00 %
K-Nearest Neighbors (K-NN) 98.00 %
Naive Bayes 99.00 %
Random Forest 100.00 %
XG Boosting 100.00 %

Table 1 presents the accuracy comparison of seven machine learning models applied for crop
classification based on soil parameters. Among these, Random Forest and XGBoost achieved perfect
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accuracy (100%). However, despite the high scores, these models pose potential overfitting risks due
to their complexity and lack of interpretability. In contrast, the K-Nearest Neighbors (KNN) algorithm,
with an accuracy of 98%, offers a simpler and more interpretable approach. It was therefore selected
as the primary model in the UG-AgroPlan system due to its robustness, efficiency, and suitability for
real-time classification in resource-constrained environments. Additionally, the KNN model ensures
adaptability by updating the dataset with new soil readings and successful crop outcomes, enhancing
its accuracy over time. The recommendation process enables farmers to make informed decisions,
optimizing soil productivity and crop yield.

The next stage of the process uses the UG-AgroPlan application, developed to assist farmers in
receiving crop recommendations tailored to the specific soil conditions of the land they cultivate.

2.2.3. UG-AgroPlan System: Integrated Our Prototype with Artificial Intelligent

In Table 1, the performance evaluation of various machine learning algorithms for crop recom-
mendation based on soil parameters revealed differences in accuracy. Logistic Regression and Decision
Tree models both reached an accuracy of 95.00%, whereas SVM and K-NN achieved higher results
at 98.00%, indicating strong effectiveness in modeling complex data patterns. Naive Bayes further
increased the accuracy to 99.00%, and both Random Forest and XGBoost reached a perfect accuracy of
100.00%, highlighting excellent classification strength and outstanding results. Overall, the average
accuracy obtained from the seven models was 97.86%.

Several studies emphasize that extremely high accuracy results—such as perfect scores—may
indicate potential overfitting, particularly when models are applied to datasets that are limited in size
or lack diversity. In our study, this condition is observed in models such as Naive Bayes, Random
Forest, and XGBoost, which achieved exceptionally high accuracy, even reaching 100%. Although
these models demonstrate excellent classification performance, such results should be interpreted with
caution, as they may compromise the model’s generalizability to unseen data.

Based on findings by [44,45], adopting average accuracy and near-perfect but not absolute accu-
racy values has been considered optimal, as it balances efficiency and accuracy. Similarly, emphasize
that this strategy ensures consistent model performance and adaptability, particularly in real-world
applications where data variability is significant [46]. This perspective aligns with the goal of achieving
reliable predictions while avoiding overfitting, making it a practical choice for precision agriculture.
To ensure generalization, models with accuracy values above the average (97.86%) but below the
perfect 100.00% were prioritized for implementation. In the proposed web-based application, the
K-Nearest Neighbors (KNN) algorithm as the core model for providing crop recommendations based
on input features such as soil parameters, climate data, and historical crop yields. Therefore, this model
was selected due to its ability to effectively analyze and classify data based on soil parameters and
nutrient values, ensuring accurate and reliable crop suggestions for users. This approach balances high
performance with practical reliability, minimizing overfitting risks and maintaining robust predictions.

The subsequent step involves providing crop or fertilizer recommendations based on data col-
lected by soil sensors and processed through the web-based UG-AgroPlan system system, which has
already been deployed. Soil sensors, such as the NPK Sensor, detect nutrient levels and soil parameters
in a specific agricultural field [47]. The collected data is transmitted to the UG-AgroPlan system system,
with KNN Models where the machine learning system analyzes it to recommend the most suitable
crops based on current soil conditions.

The K-Nearest Neighbors (KNN) algorithm is employed to recommend the most suitable crops
based on soil nutrient levels and other parameters. The process begins by considering the sensor data,
such as nitrogen (N), phosphorus (P), potassium (K) levels, pH, moisture, and temperature. These
parameters are used to represent the data point for the agricultural field in a multidimensional space.

The KNN algorithm operates by calculating the distance between new soil data inputs and all
data in the dataset. To determine the similarity between current soil conditions and existing crop data,
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the system uses the Euclidean distance formula in the K-Nearest Neighbors (KNN) algorithm. The
distance between the input soil feature vector and each training data point is calculated as:

d(p,q) = \/i(m —q:)° )

Where d(p,q) is the value of the Euclidean distance for each raw data, n is the total number of
parameters, p; represent the values of the soil parameters of the new input from the prototype sensor,
and gq; denotes the values of the soil parameters from the data set. The variables are the values of the
soil parameter it (for example i = 1 for nitrogen (N), i = 2 for phosphorus (P), i = 3 for potassium (K),
i = 4 for pH, i = 5 for moisture, i = 6 for temperature and i = 7 for Rain Intensity) in the input and
training sample, respectively. The KNN algorithm selects the top-k crops with the smallest distance as
the most suitable for the current soil profile.

After calculating the distances, the algorithm identifies the K nearest neighbors, where K is the number
of data points with the smallest distance from the new input. The majority class or crop label of these
nearest neighbors is then used to determine the crop recommendation. In this study, the system uses
k = 3, balancing accuracy and computational efficiency. For example, if the new input data (output
sensor) closely matches the data for "Corn" in the dataset, the algorithm will recommend "Corn" as the
most suitable crop.

The dataset utilized in this study includes soil parameters for various crops under optimal growth
conditions. The test results demonstrated that KNN effectively provides accurate crop recommen-
dations by considering the non-linear relationships between soil parameters and crop types. For
instance, in a trial scenario, new soil data with parameters: N=50 ppm, P=30 ppm, K=20 ppm, pH=6.5,
Moisture=40%, Temperature=25 °C, rainfall=120 mm were processed using KNN. The distance results
to three crops in the dataset were: Corn: 5.39, Mango: 3.61, Rice: 10.34. With K = 3, the nearest
neighbors were Mango and Corn, leading the algorithm to recommend "Mango" as the most suitable
crop.

The implementation of the KNN algorithm yielded satisfactory results for soil data-based crop
recommendation applications. With its simple yet effective capabilities, KNN can accommodate
various data variability, making it an ideal choice to support precision agriculture. This study also
adopted a rigorous evaluation approach to ensure that the model provides recommendations that are
not only accurate but also practically relevant.

This method ensures that the recommendation is tailored to the specific soil conditions of the field.
Additionally, if adjustments to nutrient levels are required to optimize the soil for the recommended
crop, the system provides detailed guidance for such adjustments. By leveraging KNN, the UG-
AgroPlan system system offers accurate and actionable crop recommendations based on real-time soil
data.

In addition, the system offers flexibility by providing recommendations for nutrient adjustments
when the soil is intended for crops other than those initially suggested by the Al-based machine
learning model. If the user chooses to plant alternative crops, the UG-AgroPlan system system
generates fertilizer recommendations based on soil data analysis, including nitrogen, phosphorus,
potassium (NPK) requirements, and other key parameters such as soil pH, moisture, and temperature.
For instance, if a farmer opts to grow a crop that requires higher nitrogen levels than currently
available in the soil, the application will recommend appropriate nitrogen supplementation. Similarly,
if phosphorus levels are too high for the selected crop, the system will suggest adjustments to optimize
soil conditions, ensuring successful cultivation.

Calculating surpluses or deficits of nutrients (also other parameters) begins by defining the
standard nutrient requirements of the crop to be cultivated, such as nitrogen (N), phosphorus (P),
potassium (K), soil pH, moisture, rainfall, and temperature. These standards serve as benchmarks for
comparison. Subsequently, soil sensors collect real-time data on the actual nutrient content and soil
conditions in the targeted area. To determine the suitability of current soil conditions for a target crop,
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the UG-AgroPlan system performs a comparative analysis between sensor readings and the reference
average values for each nutrient and parameter. The difference is calculated by subtracting the sensor
value from the standard reference (mean) value:

AX = Referencex — Sensory 3)

Where X are mean of represents each parameter (e.g., N, P, K and soil parameters). The interpretation
of the result is as follows:

1.  If AX > 0, this indicates a deficiency, meaning the parameter is below the optimal range and
must be increased—for nutrients such as nitrogen, phosphorus, and potassium, this triggers a
fertilizer recommendation.

2. If AX <0, this indicates a surplus, meaning the parameter is above the recommended level. In
such cases, no fertilizer application is advised, and the system may suggest delaying further
nutrient input to prevent over-fertilization.

That rule-based logic allows the UG-AgroPlan system to provide dynamic and precise recommenda-
tions, particularly for macronutrients (N, P, K), which have a significant influence on plant growth.
Adjustments for other environmental parameters such as pH, temperature, and moisture are noted but
not automatically corrected within the current system and require agronomic intervention or separate
ecosystem management.

To illustrate the application, consider a set of real soil data with the following values: N = 50 ppm,
P =30 ppm, K = 20 ppm, pH = 6.5, Moisture = 40%, Temperature = 25°C, and Rainfall = 120 mm. When
the farmer intends to cultivate rice (Oryza sativa) on this field, it becomes necessary to compare these
soil conditions against the optimal nutrient and environmental requirements for rice, as presented
in Table 2. This comparison enables the UG-AgroPlan system to identify which nutrients require
adjustment through fertilization, while also highlighting non-nutrient parameters that may limit crop
suitability and should be managed through external interventions such as irrigation, drainage, or
microclimate modification.

Table 2. Optimal nutrient and environmental parameters for rice

Soil Parameters Unit Minimum Maximum Average
Nitrogen (N) ppm 60 99 79.50
Phosphor (P) ppm 35 60 47.50
Potassium (K) ppm 35 45 40.00
Soil Temperature °C 20 27 23.49
Soil Moisture (Humidity) % 80 85 82.55
Soil pH (potential of Hydrogen) 5.01 7.87 6.44
Rainfall (intensity) mm 183 299 240.56

In this study, adjustment of soil conditions is carried out using Equation (3), for example demon-
strate Nitrogen of the nutrient adjustment process, consider the nitrogen (N) content detected by the
soil sensor. In this case, the sensor reading shows a nitrogen concentration of 50 ppm, while based on
the crop requirement listed in Table 2, the acceptable nitrogen range for optimal rice cultivation is from
60 ppm to 99 ppm. For standardization in this study, the system uses the average required value as the
reference target, calculated as:

Minimumy + Maximumy

: @

Averagen =

60 +99
2

Averagen = = 79.50 ppm
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The difference between the average target value and the actual sensor reading is then computed
to determine the nitrogen deficit by Equation (3):

AN = Averagen — Sensory (5)

AN =79.50 ppm — 50 ppm = 29.50 ppm

The result indicates that the soil is lacking 29.50 ppm of nitrogen compared to the standard
requirement for rice. This value is then used by the UG-AgroPlan system to calculate the appropriate
fertilizer dosage needed to close the nitrogen gap.

For the crop rice, based on the analyzed data, the following are the recommended adjustments for
nutrients and soil parameters for rice cultivation:

The nitrogen (N) level needs to be increased by 29.50 ppm from the current level.

The phosphorus (P) level needs to be increased by 17.50 ppm to reach optimal levels.

The potassium (K) level needs to be increased by 20.00 ppm.

The soil temperature needs to be reduced by -1.51°C to reach optimal conditions.

Soil humidity needs to be increased by 42.55%.

The soil pH needs to be adjusted with a reduction of -0.06 to match the optimal pH for apple
cultivation.

A

7. Rainfall also needs to be increased by 120.56 mm to meet water requirements.

The focuses on balancing the three primary macronutrients: nitrogen (N), phosphorus (P), and
potassium (K). The adjustment process is executed by applying fertilizers specifically formulated
to address deficiencies or surpluses of these macronutrients, ensuring the soil meets the nutritional
requirements of the intended crop. Other environmental parameters—such as pH, moisture, temper-
ature, and rainfall—are not yet adjusted within the current system framework and would require
additional treatment strategies and ecosystem management practices specific to the agricultural land’s
characteristics.

To convert the nutrient deficit from ppm to kilograms per hectare (kg/ha), the following general
formula is used:

kg/ha = ppm x soil depth(cm) x soil bulk density(g/cm>) x 0.1 (6)

Where the soil depth of 20 cm, representing the effective root zone and a bulk density of 1.3 g/cm?,
which is the typical average for mineral soils.

Then for nitrogen (N) :kg/hay = 29.50 x 20 x 1.3 x 0.1 = 76.70kg/ha
For phosphorus (P) :kg/hap = 17.50 x 20 x 1.3 x 0.1 = 45.50kg / ha
For potassium (K) :kg/hax = 20.00 x 20 x 1.3 x 0.1 = 52.00kg/ha

These calculated values represent the recommended amount of nutrients that need to be added to
the soil via fertilization in order to meet the average optimal requirements for rice cultivation, and are
used by UG-AgroPlan to generate precise fertilizer recommendations in the field.

To address nutrient imbalances, the system provides targeted recommendations. Excess nutrients
can be managed by reducing fertilizer application or employing soil leaching techniques, while deficits
are addressed by adding specific amounts of fertilizer. For example, if the deficit for nitrogen is
20 kg/ha, and Urea (46% nitrogen content) is used, the required amount of Urea is calculated as
20/0.46~43.5 kg /ha. This process ensures precise nutrient management, and when integrated into the
UG-AgroPlan system system, it automates recommendations for maintaining optimal soil conditions
for crop cultivation.
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3. Results
3.1. Sensor Calibration Process and Laboratory Benchmarking

To ensure the accuracy and reliability of the developed NPK sensor system, a calibration process
was conducted by comparing the sensor readings with laboratory-based measurements across a total of
50 soil samples. These samples were collected from various agricultural fields in West Java, Indonesia,
representing a wide range of soil conditions, including differences in fertility levels, pH, moisture
content, and texture. This diversity was critical to assess the sensor’s generalization capability under
real-world conditions.

Each soil parameter—namely nitrogen (N), phosphorus (P), potassium (K), soil pH, temperature,
moisture, and electrical conductivity (EC)—was calibrated using an absolute error evaluation formula.
A regression-based correction algorithm was applied iteratively to minimize discrepancies.

The calibration process of the soil sensing system was conducted to evaluate the accuracy of
the custom-designed NPK sensor prototype developed in this study. The calibration involved a
comparative assessment between the readings from the prototype device and those from standard
laboratory instruments. In this procedure, only one (1) unit of the UG-AgroPlan using NPK sensor
(labeled as SS) was used to measure multiple parameters simultaneously, including nitrogen (N),
phosphorus (P), potassium (K), temperature, pH, electrical conductivity (EC), and humidity.

In contrast, the laboratory benchmarking setup required five (5) separate specialized instruments,
each dedicated to measuring a specific soil parameter. These instruments are labeled as follows:

AL-1: for temperature, pH, and humidity,
AL-2: for electrical conductivity (EC),
AL-3: for nitrogen (N),

AL-4: for phosphorus (P),

AL-5: for potassium (K).

Ol =

The calibration process involved collecting simultaneous readings from both the prototype and the
laboratory instruments under identical soil conditions. The data were then analyzed using statistical
methods (1), to assess the accuracy and reliability of the prototype sensor.

An illustration of the overall calibration setup and workflow is presented in Figure 5, while the
results of the calibration test—including accuracy percentages for each parameter—are summarized
in Table 3. These results serve as a validation of the system’s capacity to provide accurate real-time
soil measurements, which are critical for supporting precision agriculture recommendations and
the calibrated sensor system achieved an average accuracy of over 97% across all parameters when
benchmarked against certified laboratory results.

AL-a4| [ALS

Figure 5. Calibration process our prototype sensor.

This validation confirms that the sensor prototype delivers measurements that are highly com-
parable to laboratory standards, thereby supporting its application for real-time data acquisition in
precision agriculture. The validated data were subsequently integrated into the training and test-
ing phases of the machine learning models used within the UG-AgroPlan system system. These

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.2044.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 September 2025 d0i:10.20944/preprints202509.2044.v1

14 of 34

Table 3. The accuracy of results for our prototype sensor

No Variables Accuracy (%)
1 N (ppm) 97.50
2  P(ppm) 97.41
3  K(ppm) 97.53
4 pH 97.52
5 EC (4S/cm?) 97.44
6  Soil Moisture (%) 97.61
7 Soil Temperature (°C) 97.42

results demonstrate the sensor’s robustness and scientific reliability, making it a viable component for
Al-based crop and fertilizer recommendation systems.

The prototype NPK nutrient detection system has been successfully developed, and to detect soil
nutrients, a system is required to assess the nutrient status in plants, determining whether nutrients
are sufficient, excessive, or lacking based on the gap from the plant’s nutrient requirements. To test
the system’s functionality from our prototype, detection tests were conducted on several soil samples
using the system developed in this research, with laboratory instruments as a comparison. The results
of the system testing on several soil samples were then calibrated to achieve the model with the highest
accuracy and precision, with an average error evaluation of each value being around 3% or close to
0% (see Table 3). The system achieved higher calibration accuracy (ranging from 97.41% to 97.61%)
compared with previous studies using similar NPK sensor systems [18].

Based on the accuracy results presented in the Table 3, after recalibrate the prototype sensor
demonstrated high accuracy across all measured parameters. The accuracy of results for our prototype
sensor showcases its exceptional performance across various soil parameters. For macronutrient
detection, nitrogen (N) achieved an accuracy of 97.5%, phosphorus (P) 97.41%, and potassium (K)
97.53%, demonstrating precise nutrient measurement capabilities. The sensor also excelled in assessing
soil pH with an accuracy of 97.52%, ensuring reliable monitoring of soil acidity or alkalinity levels.

Additionally, the prototype effectively measured soil electrical conductivity (EC) with an accuracy
of 97.44%, highlighting its ability to evaluate salinity conditions. The highest accuracy, 97.61%, was
recorded for soil moisture, critical for optimizing irrigation strategies. Similarly, the soil temperature
sensor attained an accuracy of 97.42%, further confirming its reliability in capturing environmental
conditions.

Overall, these results validate the calibration process and affirm the sensor’s potential for practical
application in precision agriculture, achieving laboratory-grade accuracy across all tested parameters.

3.2. The Machine Learning Model for Soil-based Crop Recommendations
3.2.1. Training Process of the 7’s Model

The training data process for this plant recommendation system involves the use of several
machine learning algorithms to ensure the most accurate predictions for recommendations. Each algo-
rithm has a different approach to processing data and providing recommendation results. Therefore,
each algorithm will be tested to evaluate its performance in predicting fertilization recommendations
based on the collected dataset. The goal of this process is to find the algorithm that yields the highest
accuracy, ideally close to best accurated predictions (nearly 100%). In this study, seven algorithms are
used for training data, namely: Decision Tree, Naive Bayes, Support Vector Machine (SVM), Logistic
Regression, Random Forest, K-Nearest Neighbor (KNN), and XGBoost.

After evaluating the performance of these seven algorithms, the one with the highest accuracy
can be selected as the main model for the fertilization recommendation system. This training process
not only ensures that the system can provide accurate predictions but also considers efficiency in
processing soil data and delivering appropriate fertilizer recommendations, ultimately enhancing crop
yields and improving fertilizer use efficiency for farmers.
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Based on the accuracy results, Figure 6 for all algorithms used demonstrate very good perfor-
mance with high accuracy values. The Decision Tree and Logistic Regression algorithms have the
lowest accuracy at 95%, which is still considered excellent in the context of agricultural data processing
and fertilization recommendations. Meanwhile, the algorithms with the highest accuracy are Random
Forest and XGBoost, achieving a perfect accuracy value of 100%. This indicates that Random Forest
and XGBoost algorithms are more effective in handling the complexities of soil nutrient data and
other parameters, such as nitrogen (N), phosphorus (P), potassium (K), pH, soil conductivity, and
temperature. An accuracy of 100% also reflects the capability of these two algorithms to produce
highly accurate predictions for precise fertilization recommendations. The Random Forest and XG-
Boost algorithms can provide optimal recommendations for farmers, assisting them in determining
the appropriate types of crops and fertilizer doses according to soil conditions, thereby enhancing
productivity and efficiency in agricultural management.

Decision Tree

Naive Bayes

Support Vector Machine (SVM)
Logistic Regression

Random Forest

K-Nearest Neighbor (KNN)

XGBoost Regression

0.0 0.2 0.4 0.6 08 1.0
Accuracy

Figure 6. Comparison of the accuracy of the machine learning algorithms used from 7 models.

During the data testing process using machine learning models, tests were conducted by inputting
the following soil parameter data: nitrogen (N) concentration of 64.37 ppm, phosphorus (P) of 68.17
ppm, potassium (K) of 60.94 ppm, soil temperature of 13.68°C, humidity of 75.18%, soil pH of 6.78,
and rainfall of 23.97 mm. This data was then processed through several previously trained machine
learning algorithms, including KNN, Random Forest, XGBoost. and the accuracy results are shown in

Figure 7.
Crop Recommendation: :
1. Random Forest Clasifier ——= ['banana']
2. Decision Tree Clasifier ——> ['papaya']
3. Guassian Naive Bayes —= ['rice']
4. K Nearest Neighbours ——> ['papaya’]
5. XGBoost Clasifier ——= ['muskmelon']
6. Logistic Regression —= ['grapes']
7. Support Vector Machine -—-= ['papaya']

Figure 7. Plant recommendation results from 7 models.

Based on the analysis results from several algorithms, various types of plants were recommended
as suitable candidates for planting in the area. However, among all the tested models, algorithms
such as Random Forest and KNN consistently recommended papaya as the most suitable crop for
the soil conditions. While Random Forest and XGBoost achieved perfect accuracy (100%) during
training, the decision to deploy K-Nearest Neighbors (KNN) in the UG-AgroPlan system system was
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driven by practical and technical considerations. First, KNN demonstrated a high level of accuracy
(98%)—well above the average of all models tested—while maintaining simplicity in implementation
and interpretability. This balance makes KNN more suitable for real-time deployment on edge devices
or web-based systems with limited computational resources. After this data is entered into the
UG-AgroPlan system, the machine learning system within the application will analyze the data and
compare it with the pre-trained reference dataset. The result of this analysis produces the recommended
crop that is most suitable for current soil conditions, which is the recommendation for papaya crops.

Models with perfect training accuracy often raise concerns of overfitting, particularly in cases
where the dataset is limited in size or diversity. KNN, in contrast, is more robust against such risks,
especially when the training data is periodically updated with new field samples, as is the case in our
application. Its non-parametric nature also allows for continuous adaptation without requiring model
retraining, which aligns with the real-time, user-driven architecture of UG-AgroPlan system.
Moreover, from a usability perspective, KNN’s recommendation results are easier to trace and explain,
allowing agricultural extension workers and farmers to understand the basis of each crop suggestion.
This transparency fosters trust in the system, which is crucial for technology adoption in rural and
smallholder farming contexts. Therefore, the selection of KNN was not only based on its strong predic-
tive performance but also its suitability for real-world agricultural applications, where generalization,
adaptability, and simplicity are equally critical.

This recommendation is based on the balance of nutrient levels (NPK), temperature, humidity,
and pH that meet the growth needs of papaya, as well as environmental conditions such as rainfall
that support optimal papaya growth in the area. Based on the testing results using the obtained data,
the plant recommendation generated by the K-Nearest Neighbors (KNN) algorithm indicates that
papaya is a suitable crop for cultivation. However, if farmers choose to plant apples in the same
agricultural land, machine learning provides an in-depth analysis of the nutrient needs and other soil
parameters. With this analysis, farmers can make more informed decisions regarding fertilization and
soil management for apple cultivation, thus aiming to enhance productivity and harvest success.

3.2.2. Training Process of the K-Nearest Neighbors (KNN) Model

In Figure 8, our research to develop a reliable machine learning model for soil-based crop recom-
mendations, the K-Nearest Neighbors (KNN) algorithm was selected due to its simplicity, interpretabil-
ity, and proven robustness in classification tasks using small-to-medium datasets. The training process
of the KNN model involved several systematic stages to ensure the accuracy and generalizability of
the model.
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Raw dataset
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(80:20)

Y
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Y
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Figure 8. Workflow of dataset preprocessing. The raw dataset was first divided into training and testing subsets
using an 80:20 stratified split, followed by Min-Max normalization applied to each feature to produce standardized
train and test sets for model training.

Dataset Preparation and Labeling

Soil data were collected from agricultural fields located in Jawa Barat, Indonesia, using the
custom-built soil sensor module. Each data record contained seven soil parameters: nitrogen (N),
phosphorus (P), potassium (K), pH, electrical conductivity (EC), soil moisture, and soil temperature.
The sensor readings were calibrated using laboratory-based measurements to ensure their validity
and accuracy. After calibration, the dataset underwent cleaning, removal of outliers, and handling of
missing values to enhance data quality.

Each record was then labeled based on standard agronomic nutrient sufficiency thresholds
provided by the Minister of Agriculture of Indonesia (MoA). The labeling process classified each
sample into nutrient categories (Low, Medium, or High) for N, P, and K, as well as associated each
soil condition profile with specific crop types that are suitable for those conditions. This process
transformed the soil data into a multi-class classification dataset suitable for supervised learning.

In this study, a comprehensive soil dataset was collected using our custom-built soil sensor system
to support the development of the UG-AgroPlan recommendation platform. The data acquisition
was conducted across several agricultural field sites located in Indonesia. The dataset consists of soil
nutrient and environmental parameter measurements associated with 18 different crops, coded from
C-1 to C-18, as detailed in Table 4.

Each of 17 crops — namely apple (C-1), banana (C-2), coconut (C-3), coffee (C-4), cotton (C-5),
grapes (C-6), kidneybeans (C-7), maize (C-8), mango (C-9), mothbeans (C-10), mungbean (C-11),
muskmelon (C-12), orange (C-13), papaya (C-14), pomegranate (C-15), rice (C-16), and watermelon
(C-18) — we collected approximately 200 samples per crop.

Additionally, for Uzbekistan melon (C-17), which serves as the primary target crop in this study,
we collected a more extensive dataset of 300 samples to establish a precise reference for its ideal
nutrient and environmental requirements. This larger sample size provides a more robust basis for
training and validating the recommendation model for this specific crop.
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Table 4. Dataset from our prototype of sensor soil system for nutrient and other paramters
Crops _ Nitrogen (N) Phosphor (P)  Potassium (K)  Temperature Humidity pH Rainfall
P Min. Max. Min. Max. Min. Max. Min. Max. Min. Max. Min. Max. Min. Max.
C-1 0 40 120 145 195 205 21 24 90 95 5.51 6,50 100 125
C-2 80 120 70 95 45 55 25 30 75 85 5.51 6.49 90 120
C-3 0 40 5 30 25 35 25 30 90 100 5.50 6.47 131 226
C-4 80 120 15 40 25 35 23 28 50 70 6.02 7.49 115 199
C-5 100 140 35 60 15 25 22 26 75 85 5.80 7.99 61 100
C-6 0 40 120 145 195 205 9 42 80 84 5.51 6.50 65 75
C-7 0 40 55 80 15 25 15 25 18 25 5.50 6.00 60 150
C-8 60 100 35 60 15 25 18 27 55 75 5.51 7.00 61 110
C9 0 40 15 40 25 35 27 36 45 55 451 6.97 89 101
C-10 0 40 35 60 15 25 24 32 40 65 3.50 9.94 31 74
C-11 0 40 35 60 15 25 27 30 80 90 6.22 7.20 36 60
C-12 80 120 5 30 45 55 27 30 90 95 6.00 6.78 20 30
C-13 0 40 5 30 5 15 10 35 90 95 6.01 8.00 100 120
C-14 31 70 46 70 45 55 23 44 90 95 6.50 6.99 40 249
C-15 0 40 5 30 35 45 18 25 85 95 5.56 7.20 103 112
C-16 60 99 35 60 35 45 20 27 80 85 5.01 7.87 183 299
C-17 50 90 40 80 70 110 10 15 90 120 6.00 7.00 40 60
C-18 80 120 5 30 45 55 24 27 80 90 6.00 6.96 40 60
Labelling of the Crops:

apple (C-1), banana (C-2), coconut (C-3), coffee (C-4), cotton (C-5), grapes (C-6), kidneybeans (C-7), maize (C-8), mango (C-9), mothbeans (C-10),
mungbean (C-11), muskmelon (C-12), orange (C-13), papaya (C-14), pomegranate (C-15), rice (C-16), Uzbekistan Melon (C-17), and watermelon
(C-18)

Data sample in the dataset includes measured values for Macro-nutrients: Nitrogen (N), Phospho-

rus (P), and Potassium (K). Also Soil and climate parameters: Soil temperature (°C), humidity (%), soil
pH, and rainfall (mm)
In Table 4 presents the minimum and maximum observed values of these parameters for each crop,.
These ranges represent the boundary conditions of soil profiles associated with successful crop growth
observed in the field. For instance, crops like apple (C-1) require relatively high potassium (195-205)
and moderate humidity (90-95%). In contrast, Uzbekistan melon (C-17) shows a preference for high
potassium (70-110) and relatively low rainfall (40-60 mm), which differs from most other crops.

Dataset Splitting and Normalization

To ensure the robustness and generalization capability of the classification model, the collected
dataset was first subjected to a systematic splitting and normalization procedure. The full dataset
consisted of soil parameter records from 18 crops, including 17 crops with 200 data samples each
and Uzbekistan melon (C-17) with 300 samples, resulting in a total of 3,700 individual records. Each
record comprised seven attributes: nitrogen (N), phosphorus (P), potassium (K), soil temperature, soil
humidity, soil pH, and rainfall.

Before training the model, the dataset was randomly shuffled and partitioned into two subsets

using a stratified random split to preserve the proportional distribution of each crop class. The initial
dataset preparation, the full dataset of 3,700 samples (17 crops x 200 samples, and Uzbekistan melon
(C-17) equal 300 samples) was successfully partitioned using a stratified random split. This produced
two subsets with the following distribution: a). training set: 3,040 samples (80%) and testing set: 760
samples (20%)
The stratified splitting preserved the class balance, with each of the 17 crops contributing 160 samples
to training and 40 to testing, and Uzbekistan melon contributing 240 samples to training and 60 to
testing. This ensured that all crop classes were adequately represented during both the learning and
evaluation phases, preventing class imbalance bias in the K-Nearest Neighbors (KNN) classifier.

Prior to training, all numeric features (N, P, K, temperature, humidity, pH, and rainfall) were
normalized using Min—-Max scaling. Since the soil parameter values vary on different scales (e.g.,
nitrogen can reach >100, while pH values range from 3.5-9.9), feature scaling was applied to eliminate
magnitude-based bias during distance computation in the K-Nearest Neighbors (KNN) algorithm,
which is sensitive to feature scale.

Normalization was performed using Min—-Max scaling as defined in Equation (7) :

X —Xx
X/ — Max (7)
XMax — XMin
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where: x is the original value, and x’ is the normalized value scaled between 0 and 1. The values were
computed from the training data for each feature to avoid data leakage.

After normalization, the value ranges of all features were successfully transformed into the
interval [0, 1] as shown Table 5. This normalization ensures that all soil attributes contribute equally
to the distance metric during KNN classification. No information leakage was detected during this
process because the normalization parameters (x5, and xpj,y) were calculated exclusively from the
training set and then applied to the testing set. After scaling, all features (N, P, K, temperature,
humidity, pH, and rainfall) had values within the range [0,1], allowing the KNN model to rely on the
relative patterns among features rather than their absolute magnitudes.

Table 5. The value ranges of all features of the normalization

Feature Raw Value Range (min-max) Normalized Range
Nitrogen (N) 0-140+ 0-1
Phosphorus (P) 5-145 0-1
Potassium (K) 5-205 0-1
Temperature (°C) 9-44 0-1
Humidity (%) 14-120 0-1
Soil pH 3.50-9.94 0-1
Rainfall (mm) 20 -299 0-1

Parameter Tuning and Model Training

The KNN algorithm requires selecting the hyperparameter k, representing the number of nearest
neighbors considered for classification. Several candidate values of k were tested, including 1, 3, 5,7, 9,
11, 13, and 15. For each k, the model was trained using the training dataset and evaluated on the testing
dataset. Performance metrics, including overall accuracy, precision, recall, F1-score, and confusion
matrix, were computed to assess the classification quality. Cross-validation was also conducted to
verify model stability and reduce the risk of overfitting.

Table 6 presents the performance of the K-Nearest Neighbors (KNN) classifier under different
values of k when applied to the soil nutrient classification task using the UG-AgroPlan dataset. The
results show a clear trend: as the k — value increases from 1 to 5, the classification accuracy improves
from 96.2% to 98.1%, indicating a reduction in model variance and improved generalization capability.
However, beyond k = 5, the accuracy begins to decline slightly, with 97.8% at k = 7 and 96.5% at k = 9,
suggesting that higher k — values may lead to over-smoothing and potential underfitting.

Table 6. Performance of KNN with various k values on soil nutrient classification

k Value Accuracy (%) Remarks

1 96.2 Slight overfitting; high variance

3 97.4 Stable classification, lower variance

5 98.1 Best performance, balanced bias-variance
7 97.8 Stable but slightly lower than k = 5

9 96.5 Declining accuracy, possible underfitting

Model Selection and Finalization

The comparative evaluation showed that the accuracy tended to increase when k increased from
1 to 5, Then plateaued or slightly decreased at higher k values. While k = 1 achieves relatively high
accuracy, it shows signs of overfitting as it is highly sensitive to noise and outliers in the training data.
In contrast, k = 5 provides the optimal balance between bias and variance, producing the highest
accuracy and stable performance across multiple validation trials.

In particular, the configuration using k = 5 consistently achieved the highest accuracy ( 98%) with
stable performance across multiple runs, while avoiding overfitting. Therefore, k = 5 was selected as
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the final configuration for the KNN model in this study, as it effectively captures the complex patterns
of soil nutrient variability without compromising generalization to unseen data and integrated into
the UG-AgroPlan system for real-time field deployment.

3.3. UG-AgroPlan Application

UG-AgroPlan system is an innovative application designed to assist farmers in making optimal
fertilization decisions. This application accepts various input parameters such as soil parameters, crop
types, nitrogen (N), phosphorus (P), potassium (K), pH, temperature, humidity, and rainfall values
obtained from rainfall station information. AgroPlan provides two options for users to input data:
through Manual Input or Sensoric System. Manual Input allows farmers to directly enter data into
the application, while the Sensoric System enables automatic data collection from sensor systems
integrated with the Internet of Things (IoT) platform.

This simulation was conducted to evaluate the ability of the UG-AgroPlan system to provide crop
and fertilization recommendations based on soil nutrient data and environmental parameters. The
UG-AgroPlan system is designed to help farmers analyze land conditions in real-time using sensors
that measure nutrient levels and soil parameters such as nitrogen (N), phosphorus (P), potassium (K),
temperature, humidity, pH, and rainfall.

The illustrates the fertilizer dosage recommendations generated by the UG-AgroPlan system for
each growth stage of the selected crop see Figure 9). The values are based on real-time soil nutrient
analysis and crop-specific nutrient requirements. The system adjusts nitrogen (N), phosphorus (P), and
potassium (K) applications accordingly, ensuring optimal supply for each phase. Notably, nitrogen
is emphasized in the early vegetative phase, phosphorus is focused around root development and
flowering, while potassium increases significantly during fruit development to improve quality and

yield.
| Result of Crop Recommendation
by KNN Model,
50;';\ a‘:&g‘fggg & CROP for example: Papaya
DETECTION SYSTEM RECOMMENDATION
(— | Non-recommended crops were
'; KNN excluded from KNN model,
K ALGORITHM  for example: Appl
pH H i i
EC : ,
et Humidity i H
GET RIgNFALL Temperature
VALUE FORM DATA ] i
BMKG 107 SySrm Only N, P and K values '
Qualitative &
Result: weight, length, Quantitative FERTILIZER
Post-Harvest RECOMMENDATION

diameter, Yield per
hectare, Number of fruits Results
per plant, Sweetness level
(°Brix), Firmness, Flavor

quality, Juice content, etc.

Figure 9. Illustration of the UG-AgroPlan system.

In Figure 9, Electrical Conductivity (EC) data was excluded from the machine learning training
and classification process. Although EC was measured as part of the soil monitoring parameters, it
was not considered in the model due to inconsistent correlation patterns observed during preliminary
analysis. Additionally, rainfall data was not directly measured through on-site sensors but was instead
obtained from an external meteorological source that provides historical and real-time rainfall intensity
data specific to the experimental farming location.

The input data collected from the integrated soil sensor system is as follows: Nitrogen (N) =
64.37 ppm, Phosphorus (P) = 68.17 ppm, Potassium (K) = 60.94 ppm, Soil Temperature = 13.68 °C, Soil
Humidity = 75.18 %, Soil pH = 6.78, and Rainfall = 23.97 mm. Each of these parameters is evaluated
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against a corresponding minimum limit, maximum limit, and average value as presented in Table 7,
which outlines the optimal range requirements for the target crop.

Table 7. Soil parameter minimum. maximum and average for crops of papaya and apple

Papaya Apple
Min. Max. Average Min. Max. Average
Nitrogen (N) ppm 31 70 50.50 0 40 20.00
Phosphor (P) ppm 46 70 58.00 120 145 132.50
Potassium (K) ppm 45 55 50.00 195 205 200.00

Soil Parameters Unit

Temperature °C 23 44 33.34 21 24 22,52
Humidity Y% 90 95 92.49 90 95 92.49
pH 6.50  6.99 6.75 551  6.50 6.01

Rainfall mm 40 249 144.61 100 125 112,56

As described in the previous, the implementation of the UG-AgroPlan system in this study
provides two types of recommendations based on soil data collected by our sensor system: (i) crop
recommendation, which identifies the most suitable crop according to the measured soil nutrient
and environmental parameters using the K-Nearest Neighbors (KNN) classification model, and (ii)
fertilizer dosage recommendation, which determines the required amount of macronutrients (N, P,
and K) for the selected crop.

The fertilizer recommendation as illustrated in Figure 9, an example scenario is presented showing
two crops: apple as the crop chosen manually by the farmer (user input) and papaya as the crop
predicted by the KNN model based on the measured soil data.

The system supports two operational scenarios for fertilizer recommendation:

1.  Scenario 1 (Matching Recommendation):

If the crop selected by the farmer matches the crop recommended by the KNN model (e.g., both
are papaya), the system directly provides the appropriate fertilizer dosage based on the measured
soil nutrient values without requiring any adjustment. In this case, the soil profile already aligns
with the optimal nutrient and environmental conditions of the selected crop, and the system
simply informs the user of the exact N, P, and K amounts needed (see Figure 10(a)).

2. Scenario 2 (Non-matching Recommendation): If the crop selected by the farmer (e.g., apple)
does not match the crop predicted by the KNN model (e.g., papaya), the system calculates the
difference between the current soil nutrient levels and the ideal nutrient requirements of the
farmer-selected crop. It then recommends an adjusted NPK dosage to achieve the target soil
composition suitable for the desired crop (see Figure 10(b)).

In both scenarios, the UG-AgroPlan system operates in real time, providing immediate feedback
on nutrient sufficiency or deficiency for the target crop. This feature enables farmers to make informed
decisions about fertilization, reducing the risk of over- or under-application and optimizing soil
nutrient management to support sustainable crop production.

3.3.1. Two-Stage Crop Recommendation (Manual or Automatic) Using the KNN Method

The crop recommendation testing was conducted using a two-stage approach based on the K-
Nearest Neighbors (KNN) classification method. In both stages, the same soil sensor input data was
utilized, including parameters such as nitrogen (N), phosphorus (P), potassium (K), temperature,
humidity, pH, and rainfall.

In the first stage, the user manually proposed papaya as the crop to be cultivated on the given
agricultural land. The UG-AgroPlan system processed the soil data using the KNN model and returned
papaya as the most suitable recommendation—confirming the user’s initial proposal. As shown in
Figure 10(a), the soil condition already met the crop requirements for papaya, and thus, no additional
fertilization or parameter adjustment was necessary. However, if the measured values of one or more
soil parameters—particularly macronutrients such as nitrogen (N), phosphorus (P), and potassium
(K)—fall outside the defined lower or upper limits for papaya cultivation (as listed in Table 7), the
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system triggers an adjustment procedure. This involves calculating the deviation from the optimal
range and recommending precise fertilizer inputs to bring the nutrient levels within the acceptable
thresholds. This ensures that even when the crop recommendation aligns with the user’s intent,
correction actions are still advised if the soil conditions do not fully meet crop-specific requirements.
In the second stage, using the same sensor data, the user requested apple as the intended crop
for cultivation. However, the KNN model determined that papaya remained the most suitable crop
for the given soil profile. Since the user’s preference was to plant apple instead, the UG-AgroPlan
system automatically performed an adjustment analysis using Equation (3) to identify the nutrient
and environmental gaps between the actual soil conditions and the optimal requirements for apple.
The system then generated specific fertilizer and parameter adjustment recommendations to support
the successful cultivation of apple under the existing conditions. These recommended interven-
tions—such as increasing phosphorus and potassium levels or optimizing moisture—are visualized in
Figure 10(b), demonstrating how the system adapts to user preferences even when the initial conditions
are suboptimal for the desired crop.
Two-stage test highlights the flexibility of UG-AgroPlan in accommodating both data-driven recom-
mendations and user-defined crop preferences, while providing actionable insights to achieve optimal
growing conditions.

3.3.2. Evaluation Fertilizer Recommendation: Soil Parameter and Adjustment Nutrient

Based on Equation (3), the system calculates the deviation between the sensor-measured values
and the optimal average values for each parameter. These differences are used to determine whether
an adjustment is necessary—either through fertilization (for macronutrients such as N, P, and K) or
through agronomic interventions (for environmental parameters such as temperature, humidity, pH,
and rainfall). In this simulation, the input data collected from soil sensors is as follows; Nitrogen (N) is
64.37 ppm, Phosphorus (P) is 68.17 ppm, Potassium (K) is 60.94 ppm, Soil temperature is 13.68°C, Soil
humidity is 75.18%, Soil pH: 6.78, and Rainfall: 23.97 mm.

The calculated adjustment results for each parameter are visualized in Figure 10, which illustrates
the direction and magnitude of deviation from the standard reference values. This process ensures
that decision-making for crop selection and fertilization is both data-driven and adaptive to real-
time soil conditions. Ug-AgroPlan has dual-mode functionality—manual input versus real-time IoT
sensing—highlights the adaptability and precision of the UG-AgroPlan system in supporting smart
agriculture practices under diverse operational scenarios. Figure 10(a) illustrates a simulation scenario
in which soil nutrient and environmental parameters are manually inputted into the UG-AgroPlan
system. In this case, the user specifies papaya as the desired crop to be cultivated. The system
processes the manually provided values of nitrogen (N), phosphorus (P), potassium (K), pH, moisture,
temperature, and rainfall to evaluate the suitability of papaya for the selected soil conditions. If the
soil profile matches the crop’s optimal requirements, the system confirms the feasibility of cultivation
without requiring fertilizer adjustment (see Figure 9).

In contrast, Figure 10(b) demonstrates a simulation scenario in which the system receives real-time
soil data from the loT-based nutrient monitoring prototype. This configuration allows the UG-AgroPlan
system to automatically retrieve current field conditions and process them using the integrated K-
Nearest Neighbors (KNN) model. In this case, the selected crop for evaluation is apple. Based on the
Al-driven classification outcome, if the soil conditions are not optimal for apple cultivation, the system
does not recommend apple as a suitable crop. Consequently, UG-AgroPlan provides specific fertilizer
adjustment recommendations to improve soil nutrient balance and environmental parameters, thereby
enabling the farmer to make informed decisions for potential crop suitability (see Figure 9).

The analysis shows that the nitrogen (N) nutrient level in the soil is 20.00 ppm on average, while
the sensor measurement indicates 64.37 ppm. Therefore, an adjustment of -44.37 ppm is needed to
achieve the ideal balance. The phosphorus (P) nutrient level has an average of 132.50 ppm, with the
sensor reading 68.17 ppm. This indicates that an adjustment of 63.33 ppm is required for phosphorus,
showing a significant deficiency in the soil. For potassium (K), the average level is recorded at 200.00
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ppm, while the sensor indicates 60.94 ppm. Thus, an addition of 139.06 ppm is necessary to meet the
optimal potassium requirement.

In terms of soil parameters, the average temperature is recorded at 22.52 °C, but the sensor shows
13.68 °C. Therefore, an adjustment of 8.84 °C is needed to create a more conducive environment for
plant growth. The average soil humidity is 92.47%, while the sensor measurement shows 75.18%.
This indicates that an adjustment of 17.29% is necessary to reach the ideal humidity level. Lastly, the
average soil pH is recorded at 6.01, while the sensor shows 6.78, requiring an adjustment of -0.77 to
achieve the optimal pH level. As for rainfall, the average is recorded at 112.55 mm, while the sensor
measurement indicates 23.97 mm, showing a need for an adjustment of 88.58 mm to ensure the soil
receives adequate moisture.

UG-AgroPlan Application
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Figure 10. UG-AgroPlan application for crops and fertilizer recommendations.

However, this simulation also allows farmers to choose other crops they wish to grow, even if
they are not recommended by the system. For example, if a farmer chooses to plant apples on the
land, UG-AgroPlan will provide guidance on adjusting the nutrients and soil parameters to needs of
the apple crop. But, if the desired crop is papaya and the prediction result using the KNN classifier
also indicates papaya, the system confirms that papaya is suitable to be cultivated on the current soil.
Therefore, no nutrient adjustment is required.

This simulation demonstrates that the UG-AgroPlan system can provide accurate and detailed
guidance on soil nutrients and parameters. With these adjustment recommendations, farmers can
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efficiently modify land conditions, allowing the desired crop to grow optimally, even if the initial
soil conditions are not ideal. This adjustment is formulated based on real-time monitoring results
using the UG-AgroPlan system, which accurately detects the actual soil condition and provides precise
fertilization recommendations. According to the UG-AgroPlan system, nitrogen fertilization should be
reduced or temporarily halted, with a recommended dosage of 0.00 kg/ha, until nitrogen levels return
to an optimal balance for apple cultivation.

Meanwhile, the phosphorus deficit requires the application of phosphate fertilizer (SP-36) at 164.66
kg /ha to support strong root development and flowering. Additionally, the potassium deficiency must
be addressed promptly by applying MOP (Muriate of Potash) at 361.56 kg/ha, as potassium is essential
for improving fruit quality and enhancing the plant’s resistance to environmental stress. UG-AgroPlan
helps farmers optimize fertilizer use and maintain environmental balance more efficiently. The results
on UG-AgroPlan demonstrate that the application provides recommendations consistent with the
previous data testing process using machine learning.

The UG-AgroPlan system generates fertilizer dosage recommendations based on the comparison
between the measured soil nutrient levels and the ideal nutrient ranges for the selected crop. The
system uses a simple annotation mechanism to guide the user’s corrective actions:

1. A “+” sign next to a nutrient or soil parameter indicates a deficit condition, meaning that the
current value is below the optimal range. In this case, the system recommends adding additional
fertilizer containing the deficient macronutrient (N, P, or K) or applying specific soil treatments to
raise the corresponding parameter.

2. A”-”signindicates a surplus condition, meaning that the current value exceeds the recommended
range. In this situation, the system advises reducing the fertilizer dosage or applying mitigation
treatments (e.g., leaching, soil amendments) to lower the excess nutrient or parameter level.

3. If symbol (“~” or “+” sign) is not shown, the nutrient (NPK) levels and other soil parameters are
considered within the acceptable range, and no fertilizer adjustment is required value from the
sensor falls within the recommended range.

The annotation-based approach allows farmers to quickly interpret the system’s recommendations

and take appropriate action to correct nutrient imbalances, ensuring more precise and sustainable
fertilizer management.
The application successfully identifies the most suitable crops for the soil conditions and provides
fertilization recommendations based on the analysis of soil nutrients and parameters. These findings
confirm that the UG-AgroPlan system can reliably deliver accurate recommendations, aligning with
the predictions from the tested machine learning algorithms. Additionally, UG-AgroPlan provides
fertilizer dosage recommendations for SP-36 and MOP fertilizers. This feature allows farmers to
determine the correct fertilizer dosage based on soil analysis performed by the sensor. As illustrated in
Figure 10 (in the lower right section of the image), the application presents recommended dosages for
various types of fertilizer, assisting farmers in applying the correct nutrients to the crops they cultivate.
These suggestions enable more efficient and effective fertilizer use, enhancing crop productivity while
preserving the soil’s nutrient equilibrium.

3.4. Field Trial: Crop Recommendation and Fertilization Adjustment for Uzbekistan Melon Cultivation

The practical effectiveness of the UG-AgroPlan system, a field trial was conducted on the Uzbek-
istan melon (Cucumis melo)—a premium melon variety known for its sweetness and sensitivity to soil
nutrient balance. The trial was carried out on a 100 m? test plot at University of Gunadarma Technopark
in Cikalong Village, Cianjur, West Java, characterized by loamy soil with moderate drainage.

To evaluate the effectiveness of the UG-AgroPlan system, field experiments were conducted using
Uzbekistan melon (Cucumis melo). Two distinct fertilization scenarios were implemented to compare
conventional fixed-schedule practices with the proposed precision-based approach.

In the conventional fertilization scenario, nutrient application was performed according to a
predetermined schedule commonly used by local farmers. Fertilizers were applied at fixed intervals
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and uniform rates throughout the crop cycle without considering the real-time soil nutrient status. No
daily soil measurements were taken, and nutrient management decisions were based solely on general
agronomic recommendations. This scenario served as the control to assess the baseline performance of
standard fertilization practices.

In contrast, the precision fertilization scenario utilized real-time soil data and machine learning-
driven recommendations generated by the UG-AgroPlan system. The experimental field was divided
into three separate monitoring areas to assess the impact of different fertilization frequencies: daily,
weekly, and monthly application intervals. This design enabled a comprehensive comparison between
conventional fertilization and the proposed sensor- and machine learning-based adaptive approach.
Soil measurements of macronutrients (N, P, K) and soil parameters (pH, electrical conductivity, tem-
perature, and moisture) were collected using in-field NPK sensors. These data were transmitted to the
UG-AgroPlan platform, which employed a K-Nearest Neighbors (KNN)-based classification model to
determine the current nutrient sufficiency status of the soil. The system then calculated the specific
fertilizer dosage required to correct any detected nutrient deficiencies, and only the necessary amounts
of fertilizers were applied on that day for Uzbekistan Melon Cultivation. This adaptive, data-driven
approach allowed continuous adjustment of fertilization doses throughout the crop cycle.

In the precision fertilization scenario, real-time soil nutrient and environmental data were col-
lected continuously from in-field NPK sensors installed in the root zone. These sensors measured
macronutrients (N, P, K) and key soil parameters including pH, electrical conductivity (EC), tempera-
ture, and moisture content. The collected data were transmitted to the UG-AgroPlan platform, which
employed a K-Nearest Neighbors (KNN)-based classification model to determine the daily nutrient
sufficiency status of the soil. Based on the gap between current and optimal nutrient conditions, the
system calculated precise daily fertilizer dosages, ensuring that only the required amount of nutrients
was applied each day or per week or per monthly. This adaptive, data-driven approach enabled con-
tinuous fine-tuning of nutrient supply throughout the crop cycle, The experiment aimed to determine
the most effective fertilization strategy and to quantify the advantages of real-time sensor-based and
machine learning-guided nutrient management compared to conventional fixed-schedule practices.

3.4.1. Soil Parameter Measurement

These initial measurements serve as a critical reference for assessing soil readiness and deter-
mining whether additional soil amendments or nutrient adjustments are required prior to planting.
Establishing accurate pre-planting soil conditions is essential to ensure that subsequent nutrient recom-
mendations generated by the UG-AgroPlan system are based on reliable baseline data. These baseline
measurements were obtained using the custom-built soil sensor system developed in this study to
characterize the nutrient content and physical properties of the soil prior to crop establishment. Table
8 summarizes the initial soil conditions measured at the experimental field before planting the Uzbek-
istan melon (Cucumis melo) using the UG-AgroPlan sensor system, the following soil parameters
were recorded before planting:

Table 8. The soil parameters before planting for crop of the Uzbekistan melon (cucumis melo)

Parameter Measured Value
Nitrogen (N) 58.25 ppm
Phosphorus (P) 42.10 ppm
Potassium (K) 47.85 ppm
pH 6.3
Soil Moisture 44%

Soil Temperature 26.2 °C

Electrical Conductivity (EC) 180 pS/cm?

The UG-AgroPlan application analyzed this data and recommended melon as one of the suitable
crops based on historical data from regions with similar profiles. However, when selecting "Uzbekistan
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melon" specifically, the system flagged several nutrient deficiencies compared to the ideal soil profile
for this cultivar, as outlined below:

Table 9. Nutrient deficiencies for crops Uzbekistan melon with soil profile in Cikalong village

Parameter Ideal  Adjustment Fertilizer Recommendation
Nitrogen 70 ppm Add + 30 kg Urea/ha
Phosphorus 60 ppm Add + 46 kg SP-36/ha
Potassium 90 ppm Add + 109 kg MOP/ha
pH 6.5 Apply dolomite if needed

3.4.2. Fertilization and Monitoring

Based on UG-AgroPlan’s recommendations, fertilization was adjusted accordingly before trans-
planting. The system also scheduled a 3-phase nutrient evaluation (vegetative, flowering, and fruiting
stages). At each stage, new sensor readings were input, and the system re-evaluated the soil status,
adjusting fertilizer applications dynamically. After 80 Days, the UG-AgroPlan system significantly
improved fertilizer efficiency and allowed precise intervention, reducing excess fertilizer use by 18%
compared to conventional practice while maintaining high crop quality. The Results are:

1.  Germination rate: 95% (high vigor observed)

Fruit set rate: 87% (above local average of 70%)

Average fruit weight maximum : 3.2 kg per melon (typical target: > 3 kg).
Average fruit circumference maximum : 30 cm per melon (typical target: > 28 cm).

AR N

Brix (sweetness) maximum: 15.59% (typical target: >14%). Maintaining elevated potassium levels
during flowering and fruiting stages was essential for enhancing fruit sweetness and structural
firmness, as supported by the Brix result (15.59%).

6. Leaf chlorophyll index (measured with SPAD): increased from 38 (initial) to 48 (mature). The
increase in SPAD index from 38 to 48 further confirms improved nitrogen uptake and leaf
photosynthetic efficiency following nutrient optimization by UG-AgroPlan.

The Table 10 summarizes the soil nutrient dynamics monitored during the melon growth cycle.
The adjustments recommended by the UG-AgroPlan application successfully guided nutrient enrich-
ment toward the optimal range needed for high fruit quality and yield. The table presents the temporal
dynamics of three primary macronutrients—nitrogen (N), phosphorus (P), and potassium (K)—across
four key phenological stages: pre-planting, vegetative, flowering, and fruiting phases.

Table 10. Soil nutrient levels during Uzbekistan melon growth cycle (ppm)

Growth Phase Nitrogen Phosphorus Potassium

Pre-planting 58.25 42.10 47.85
Vegetative 66.50 51.70 60.10
Flowering 68.30 58.40 82.50
Fruiting 70.10 60.20 89.70

During the pre-planting phase, the soil contained baseline nutrient levels, with N at 58.25 ppm, P
at42.10 ppm, and K at 47.85 ppm, which were sufficient to support early seedling establishment. In the
vegetative phase, nutrient concentrations increased, particularly nitrogen (66.50 ppm) and potassium
(60.10 ppm), reflecting the crop’s higher demand for vegetative growth and leaf development.

As the plants transitioned to the flowering phase, a further increase was observed in all three
nutrients, especially potassium (82.50 ppm), which is critical for flower initiation and reproductive
development. The highest nutrient concentrations were recorded during the fruiting phase, reaching
70.10 ppm for nitrogen, 60.20 ppm for phosphorus, and 89.70 ppm for potassium. This aligns with the
crop’s peak nutrient demand to support fruit enlargement and sugar accumulation.

Based on real-time soil monitoring and analysis conducted using the UG-AgroPlan system with
Equation 6, the application generated dynamic fertilizer dosage recommendations tailored to each
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growth phase of the Uzbekistan melon. Table 11 are illustrate the prescribed quantities of Urea (for
nitrogen), SP-36 (for phosphorus), and MOP (for potassium) per hectare.

Table 11. Fertilizer recommendations per growth phase

Growth Phase Urea (kg/ha) SP-36 (kg/ha) MOP (kg/ha)

Pre-planting 30 46 109
Vegetative 9 21 77
Flowering 4 4 19
Fruiting 0 0 1

The UG-AgroPlan system generated fertilizer dosage recommendations tailored to each growth
phase of the Uzbekistan melon, optimizing nutrient input based on real-time soil analysis and follow a
phase-specific strategy for each macro-nutrient:

1.  Urea (Nitrogen) was applied at the highest rate during the pre-planting phase (30 kg/ha) to
support early vegetative growth and leaf development. The application rate was then gradually
reduced across the vegetative (9 kg/ha), flowering (4 kg/ha), and fruiting stages (0 kg/ha) to
avoid excessive nitrogen accumulation, which could hinder fruit quality and increase vegetative
overgrowth.

2. SP-36 (Phosphorus) application was concentrated during the pre-planting and vegetative phases
(46 and 21 kg/ha, respectively), supporting root development and energy transfer essential for
early plant establishment and flower formation. The dosage was reduced during flowering and
fruiting (4 and 0 kg/ha), as phosphorus demand typically decreases once reproductive structures
are established.

3.  MOP (Potassium) showed a marked increase during the flowering and fruiting stages (19 and
1 kg/ha, respectively), in alignment with the crop’s physiological need for enhanced sugar
transport, cell wall strengthening, and resistance to biotic stress during fruit development. A
foundational dose of 109 kg/ha was applied pre-planting and vegetative phases 77 kg/ha to
ensure sufficient baseline availability.

The fertilizer input was minimized to maintain soil nutrient balance and prevent excess salt accu-
mulation, which could negatively affect fruit sweetness and shelf life. The application’s algorithm
also prevented unnecessary over-application, supporting both environmental sustainability and cost
efficiency. By optimizing fertilizer dosage and minimizing overuse, the system reduced input costs by
approximately 10% until 20% per hectare compared to traditional practices.

3.4.3. Melon Fruit Quality (Uzbekistan Melon)

The assessment of Uzbekistan melon quality was carried out by measuring three primary param-
eters: sweetness level (Brix %), fruit weight (kg), and fruit length (cm). The experiment applied four
fertilization treatment scenarios using the UG-AgroPlan system, which provided fertilization recom-
mendations based on real-time soil nutrient and other environmental parameters and the treatment
scenarios were as demonstrate in Figure 11.
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Figure 11. Uzbekistan melon fruit qualities on each treatment.

The four treatment scenarios illustrated in Figure 11 represent different approaches to fertilization
strategies, varying in intensity and the use of the UG-AgroPlan monitoring system. Each scenario is
designed to evaluate how effectively real-time for monitoring of the soil nutrient can influence the
quality of Uzbekistan melon yields. Figure 11 visually presents these four scenarios, which include:

1. Daily Fertilization with UG-AgroPlan Monitoring Fertilization was performed daily using
real-time sensor data to adjust nutrient delivery based on soil levels of nitrogen (N), phosphorus
(P), potassium (K), pH, temperature, and moisture. This approach yielded the highest fruit
quality, with a sweetness level of 15.59% Brix, an average weight of 3.69 kg, and a length of 30.14
cm.

2. Weekly Fertilization with UG-AgroPlan Monitoring In this scenario, fertilization occurred every
seven days using aggregated weekly sensor data. The results showed good fruit quality, with a
sweetness of 12.54% Brix, weight of 3.17 kg, and length of 30.13 cm.

3.  Monthly Fertilization with UG-AgroPlan Monitoring Fertilization was based on average
monthly data, which proved less responsive to changes in plant nutrient demands. As a re-
sult, fruit quality declined, with a sweetness of 10.53% Brix, weight of 2.56 kg, and length of 26.31
cm.

4. Manual Fertilization (Without UG-AgroPlan Monitoring) This control treatment followed
conventional melon cultivation practices commonly used in Indonesia, without digital monitoring
support. The fruit quality was the lowest, with a sweetness of 8.65% Brix, weight of 2.13 kg, and
length of 24.21 cm.

These findings confirm that precision fertilization supported by intensive (daily) soil nutrient
monitoring significantly enhances crop quality. Weekly and monthly fertilization schedules still
produced satisfactory results, though slightly reduced. In contrast, the manual fertilization without
UG-AgroPlan monitoring yielded the poorest outcomes, emphasizing the critical role of technology-
assisted monitoring in modern agriculture.

The field trial demonstrated that the UG-AgroPlan application, integrated with real-time soil
sensors and machine learning models, can effectively support crop selection and nutrient management
for sensitive varieties like Uzbekistan melon. The system not only improved crop performance but
also promoted more sustainable use of fertilizer, aligning with precision agriculture goals. Addition,
these findings underscore the capacity of UG-AgroPlan to provide phase-specific, adaptive fertilization
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strategies that align with physiological needs of the crop and field conditions, reinforcing its utility for
smart and sustainable farming.

4. Discussion

The results of this study highlight the practical effectiveness and accuracy of the UG-AgroPlan
system in providing real-time soil-based crop and fertilizer recommendations. The sensor calibration
results showed an accuracy ranging from 97.41% to 97.61% for all measured parameters. This high
level of accuracy indicates that the developed sensor prototype can reliably capture real-time soil
conditions, which is crucial for precision fertilization., and confirms that the prototype can reliably
replicate laboratory-level measurements. Compared to previous soil sensor studies reporting 90-95%
accuracy, our system achieved higher performance, suggesting that the calibration and regression-
based correction process was effective. This finding is critical, as accurate detection of soil nutrient
levels forms the foundation for any data-driven agricultural recommendation system.

Among the seven models tested, Random Forest and XGBoost achieved perfect accuracy (100%),
while K-Nearest Neighbors (KNN) achieved 98%. Despite its slightly lower accuracy, KNN was chosen
due to its simplicity, interpretability, and lower risk of overfitting. This finding aligns with prior studies
that emphasize the robustness of KNN on small-to-medium datasets, while complex ensemble models
often overfit when data diversity is limited. However, in future work, an ensemble or hybrid model
may be considered to combine accuracy and responsiveness.

The fertilizer adjustment simulation also demonstrates UG-AgroPlan’s ability to not only identify
the most suitable crop for the current soil conditions but also provide specific nutrient recommen-
dations to optimize growth. In the case of apple cultivation, the system correctly detected nitrogen
surplus and recommended withholding further nitrogen fertilization (0.00 kg/ha), while suggesting
phosphorus and potassium additions of 164.66 kg/ha and 361.56 kg/ha, respectively. Conversely,
when papaya was both the desired and recommended crop, the system confirmed soil suitability and
prescribed no nutrient adjustment, demonstrating its flexibility and responsiveness.

The substantial improvement in fruit quality parameters observed under the daily precision
fertilization regime can be attributed to the system’s ability to dynamically monitor and adjust soil
nutrient availability, particularly during the critical reproductive phase. Daily nutrient corrections
maintained potassium (K) levels near their optimal range (~ 89.7 ppm during fruiting), which is
physiologically essential for carbohydrate translocation, fruit development, and enhancement of fruit
firmness and sweetness. This aligns with the observed increase in soluble solids content (Brix) to 15.59%
under the daily treatment, representing an 80.2% improvement over the control (daily fertilization
without UG-AgroPlan Monitoring).

Concurrently, the system-supported optimization of nitrogen (N) supply was reflected in a marked
rise in leaf chlorophyll content (SPAD index increased from 38 to 48), indicating enhanced photosyn-
thetic activity and nitrogen use efficiency. Elevated N availability promotes leaf area development
and photosynthetic capacity, which are directly linked to assimilate production and fruit biomass
accumulation. These physiological responses explain the 73.2% increase in average fruit weight (3.69
kg) and the 24.5% increase in fruit length under daily fertilization compared to the conventional
manual treatment.

Beyond quality improvement, the UG-AgroPlan system demonstrated improved input efficiency,
reducing fertilizer use by approximately 18% without compromising yield quality. This efficiency
likely results from the system’s adaptive nutrient recommendation engine, which applies fertilizers
only when deficits are detected, thereby eliminating redundant applications typical of fixed-schedule
fertilization. Such targeted nutrient delivery ensures the “right rate” and “right timing” principles of
Precision Agriculture are consistently met, reducing nutrient losses while improving plant physiologi-
cal performance.

Overall, the integration of Internet of Things-based sensing and Machine Learning-driven decision
support allowed the system to synchronize nutrient supply with plant demand on a real-time basis.
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This synergy appears to be the key factor driving the enhanced fruit quality and input efficiency
observed in the field experiment with Uzbekistan melon.

While these results are promising, several limitations remain. First, the system has only been
validated on a limited number of crops (18 crops) and soil types, and the field experiments were
conducted solely within agricultural areas in Indonesia. Broader testing across various agroecological
zones and crop varieties is needed to confirm the model’s generalizability. Second, the current model
does not yet integrate external variables such as rainfall forecasts or pest/disease risks, which are also
important in farm-level decision-making. Additionally, while the prototype works well in controlled
conditions, large-scale deployment may face infrastructure challenges related to sensor maintenance,
connectivity, and user training.

Despite these limitations, UG-AgroPlan demonstrates considerable potential to support precision
agriculture, especially in developing countries. Its integration of sensor data, Al-based classification,
and dynamic fertilization recommendations offers a scalable, sustainable, and cost-effective tool to
reduce fertilizer waste, increase crop quality, and promote environmentally friendly farming practices.

5. Conclusions

This study demonstrated that integrating Internet of Things (IoT)-based soil sensors with Machine
Learning algorithms in the UG-AgroPlan system enables precise, real-time nutrient management that
significantly improves crop quality and input efficiency.

The system achieved the following key outcomes:

1. Implemented a prototype of an NPK nutrient detection tool that can detect the content of
nitrogen (N), phosphorus (P), and potassium (K), along with other parameters (such as moisture,
temperature, electrical conductivity, and pH) in the soil in real-time.

2. Implemented a web-based application as a machine learning-based system for plant and fertiliza-
tion recommendations called UG-AgroPlan. The data input into the UG-AgroPlan system can be
done in two ways: real-time automatically (our prototype) and manually.

3. Accurate crop recommendation through K-Nearest Neighbors (KNN) classification based on
real-time soil data.

4. High sensor accuracy, achieving 97.41% - 97.61% calibration performance, ensuring reliable
nutrient detection.

5. Dynamic, phase-specific fertilization recommendations for N, P, and K, tailored to each stage of
crop growth, making it suitable for providing precise fertilization recommendations.

6.  Field trials on Uzbekistan melon showed that daily precision fertilization increased fruit sweetness
(Brix) by 80.2%, fruit weight by 73.2%, and fruit length by 24.5% compared to conventional
manual fertilization, while simultaneously reducing fertilizer usage by approximately 18%. These
findings indicate that adaptive fertilization based on real-time nutrient gaps can enhance plant
physiological performance, minimize input waste, and support sustainable agricultural practices.

The results highlight the potential of UG-AgroPlan as an innovative decision support tool for
farmers to improve productivity while conserving resources. Future work will focus on expanding
the training dataset to include a broader range of soil types and crops, conducting multi-site field
validations, and integrating economic analysis modules to evaluate cost-benefit performance under
diverse farming conditions.
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