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Abstract

An accurate estimation of soil fertility is needed for the purposes of nutrient management and the practice of
precision agriculture. The objective of this research is to build and test a machine learning model for the
classification of soil fertility status using seven parameters which are nitrogen (N), phosphorus (P), potassium
(K), pH, EC, soil temperature and soil moisture content. Data were collected via measuring using an Internet of
Things (IoT) based NPK Meter system. After the pre-processing of data, 91 observations were collected with 7
predictors, and they were grouped into three classes of soil fertility status, which are infertile, moderately fertile,
and fertile. The three machine learning algorithms tested were the Artificial Neural Network (ANN), Gradient
Boosting Machine (GBM) and CatBoost. The data was divided into 90% training data and 10% test data,
whereas the performance of the model was evaluated using accuracy, precision, recall, F1 score, confusion
matrix, and Area Under the ROC Curve (AUC). The test results showed that the ANN achieved an accuracy of
100 per cent, whilst the GBM and CatBoost each achieved 90 per cent using the data split employed. Feature
contribution analysis indicates that the NPK parameters, moisture content and electrical conductivity provide
predictive information for distinguishing soil fertility classes, although the magnitude of their contribution varies
across the different algorithms. These results demonstrate the potential of combining IoT-based soil sensors and
machine learning to support the classification of soil conditions.

Keywords: Soil Type Suitability, Artificial Neural Networks (ANN), Gradient Boosting Machine (GBM),
CatBoost (Categorical Boosting), NPK.

INTRODUCTION

Global food demand continues to rise as a result of population growth, climate change,
and soil degradation, increasing the need for more efficient and sustainable agricultural
practices. Soil nutrient availability plays an important role in crop growth, productivity, and
fertiliser-use efficiency (Budiman & Suhendi, 2024). Inadequate nutrient management can
reduce crop yields, increase production costs, and contribute to environmental problems
associated with excessive fertiliser application (Kabato et al., 2025). Therefore, rapid and
accurate assessment of soil nutrient status is essential for supporting the implementation of
precision agriculture.

The fertility of the soil is one of the most important factors that contribute to
agricultural productivity, as nutrient availability and soil physicochemical properties affect
plant growth and fertilizer usage effectiveness (Khechba et al., 2021; Sharma & Tomar, 2025;

Toselli et al., 2023). The soil evaluation is essential in order to define nutrient management
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practices and avoid ineffective fertilizer use (Najdenko et al., 2024; Reza et al., 2025).
Parameters like nitrogen (N), phosphorus (P), potassium (K), pH, electric conductivity,
temperature and moisture are used for evaluation of soil condition (Dattatreya et al., 2024;
Rachakonda & Stasiewicz, 2024). As a result, fast measurements and calculations of those
parameters have become an essential part of developing precision agriculture.

Conventional soil nutrient analysis is still dominated by laboratory testing based on
physical and chemical parameters, such as nitrogen (N), phosphorus (P) and potassium (K)
content, pH, organic carbon content and electrical conductivity. Although these methods
produce accurate data, they are costly to carry out, require a relatively long analysis time and
demand specialised expertise. Furthermore, due to spatial variations in soil properties, results
obtained from specific sampling points often do not accurately reflect the conditions of the
entire area. It is these factors that have driven the development of faster and more cost-
effective classification methods, which in turn enable real-time decision-making (Shin et al.,
2025; Najdenko et al., 2024; Reza et al., 2025).

Machine learning technology has been widely utilised in agricultural data management
to accurately analyse non-linear parameters, such as generating accurate soil classification and
fertility models, predicting harvests, detecting plant diseases and so on. The use of machine
learning is particularly recommended due to its adaptive nature in decision making (Liakos et
al., 2018). Some machine learning methods used for agricultural modelling include: Artificial
Neural Networks (ANN) (Castillo-Girones et al., 2025), Gradient Boosting Machines
(GBM)(Ennaji et al., 2024), Extreme Gradient Boosting (XGBoost) (Anugraha et al., 2026),
Light Gradient Boosting Machine (LightGBM), CatBoost (Fadly, 2026), Logistic Regression
(LR) (Panigrahi et al., 2022), Naive Bayes (NB) (Oktapiani & Agustin, 2024), k-Nearest
Neighbour (KNN) (Yuliyanto et al., 2025)(Yuliyanto, Y., Decision Tree (DT)(Nila Aulia et
al., 2025)., Support Vector Machine (SVM) (Tohari et al., 2023)., Random Forest (RF)
(Mahmood et al., 2025) which can be used as classification models.

Several previous works indicate that machine learning algorithms outperform the
traditional approach in terms of enhancing the soil fertility classification. Artificial Neural
Networks, Gradient Boosting Machines, and CatBoost (Categorical Boosting) have been
shown to be efficient on agricultural data (Sujatha & Jaidhar, 2024). However, even those
studies demonstrate variation in their results depending on the type of the used dataset, pre-
processing techniques and limitations of the model. Moreover, most of the previous work
considers comparison of only one or two algorithms and focuses mainly on accuracy;

evaluation of other metrics (accuracy, completeness, F1 score, recall, precision, and
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interpretability) is rather limited. Thus, this research investigates the area in more detail. On
the basis of the above literature review, the research gap found in this work is creation and
evaluation of three models. Objectives of this study include determination of the parameters'
characteristics and evaluation of the three models, as well as identification of features
responsible for classification.

Soil fertility is determined by several criteria, including soil nutrients such as organic
carbon content which consists of decomposed plant and animal matter that can influence the
physical, chemical and biological properties of the soil. Soil nutrient content includes nitrogen,
phosphorus and potassium, as well as other elements required by plants (Dattatreya et al.,
2024; Reza et al., 2025). Nitrogen is easily soluble in water and air and is therefore easily lost.
A nitrogen (N) content of less than 10 ppm is considered infertile; 10-30 ppm is classified as
slightly infertile; and 30-50 ppm as moderately infertile. Phosphorus (P) content is classified
as infertile if below 10 ppm, moderately infertile at around 10-20 ppm, and fertile at 20-40
ppm. Meanwhile, potassium content is classified as infertile at less than 150 ppm, moderately
infertile at 150-250 ppm, and fertile at over 250 ppm. In addition to nutrients, soil fertility can
be assessed by the soil’s acidity level (pH) (Neina, 2019); an ideal soil pH is between 6 and
7.5. Soil electrical conductivity (EC) does not directly determine soil fertility but is related to
the concentration of elements and ions in the soil (Simanjuntak et al., 2026).

Previous research on the classification of soil conditions using NPK, pH and soil
moisture parameters, employing GBM and Light GBM machine learning models, achieved
accuracies of 96.14 per cent and 96.82 per cent respectively. The use of ANN machine
learning for predicting soil nutrient content has also been investigated, yielding an R? value of
0.96—1 for NPK content (Witaningsih, Sulistiyanti S.R., 2025). The CatBoost model has been
applied as a crop water monitor to optimise wheat irrigation, yielding excellent performance
with an R? of 0.992 (Bingyan Dong , Shouchen Ma, 2025)(Bingyan Dong, Shouchen Ma,
2025).

An Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) refers to a computational technique designed to
mimic the human biological nervous system. The architecture of an ANN comprises of nodes
or neurons organized into three major layers; input layer, hidden layer and the output layer.
Weights and biases are the connections between neurons and they act as storage devices in the
ANNs. ANN techniques have been researched to detect complex non-linear patterns hence
they are widely used in classification and regression techniques. Learning in ANNs occurs

through the forward propagation and backpropagation (LeCun et al., 2015). In the forward
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propagation phase, the data passes through all the layers to produce an output. In the model,
the error is computed using the loss function and it is backpropagated to the previous layer for
the adjustment of the weight parameters through the gradient descent algorithm. In this model,
the activation functions, such as the non-linear sigmoid or ReLU functions make sure that the
model can detect complex patterns. The factors affecting the rate of convergence in this
model include learning rate, the number of epochs and batch size. The metrics used to
evaluate classification include Accuracy, Precision, Recall and F1-score. In ANN models, a
confusion matrix can also be calculated by comparing actual data with predictions (Ramzan
et al., 2024).

Gradient Boosting Machine (GBM)

Method for classification of objects by creating a predictive model using decision trees
in tandem. But unlike Random Forest that creates decision trees independently, GBM creates
them sequentially in such a way that each tree improves the error prediction to get a better
result (Friedman, 2001). The trees already created do not change but rather act as an error
basis and new trees are formed according to the error of the previous one. This goes on until
the condition for termination is fulfilled. GBM works on the principle of gradient descent by
using a loss function for optimizing the model direction. The creation of new decision trees
depends on the average of previous learning models until the model reaches its optimum level
and manages missing values (Qwaid et al., 2026).

CatBoost (Categorical Boosting)

CatBoost is a computational model that applies the gradient boosting algorithm. This
model uses ordered boosting and statistical coding methods to avoid overfitting problems
(Prokhorenkova et al., 2018). This model is intended to increase prediction accuracy.
CatBoost builds a symmetric tree structure with the intention of reducing memory
consumption. The steps in the process of building CatBoost are as follows: the first step is the
initialization of the model; the second step is determining the loss function to show prediction
errors; the third step is calculating the value of the negative gradient of the loss function in
order to find the right direction for model decision-making by means of ordered boosting
method, learning from the previous model; the fourth step is constructing decision trees
symmetrically (Hancock & Khoshgoftaar, 2020).

Model Evaluation

The measures of accuracy (1), precision (2), recall, F-measure (4), confusion matrix (5)

and area under the curve (AUC) (6.b) (Sokolova & Lapalme, 2009) are computed in the

process of data analysis. The variables considered here are as follows: true positive (TP), false
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positive (FP), true negative (TN), false negative (FN), true positive rate (TPR), and false

positive rate (FPR).
TP +TN
A = 1
Y = TPy TN+ FP+ FN (1)
s e TP
PT‘BC'ESZOTL = m (2)
e
Recall = TP+ FN (3)

Precision x Recall
L Precision + Recall (4)

. . TP FP
Confusion Matriz = [FN ™ (5)
a5 FP
TPR=p v * TR= 1 (6:2)
1
AUC = | TPR(FPR)d(FPR) (6.b)
0
(Latuconsina & Rahardi, 2026)
METHOD

This research adopted the use of data collected using IoT-based NPK meter. The
samples measured. The parameters that were considered to measure soil fertility included
nitrogen (N), phosphorus (P), potassium (K), soil temperature, humidity, pH, and soil
conductivity. A total of 91 data samples were used in this research. The data adopted had been
subjected to data preparation process. The data included three categories of soil fertility: 20
data samples for ‘infertile’ soil, 35 data samples for ‘poorly fertile’ soil, and 36 data samples
for ‘fertile’ soil. There was a total of 91 data samples. The classes were categorized based on
the standard set by the Ministry of Agriculture of the Republic of Indonesia. The classes
included seven parameters. The class data formed the target data (Y). On the other hand, the
prediction data involved seven parameters including nitrogen (N) content, phosphorus (P),
potassium (K), soil temperature, soil moisture, pH, and soil conductivity.

Data splitting in this study utilised the hold-out method, with a training-to-test data ratio
of 90:10, comprising 81 training data points and 10 test data points. The next stage involved
data standardisation. The data was standardised using the StandardScaler normalisation
process (Pedregosa et al., 2011). Labelling and encoding were then carried out, after which
the data was tested using ANN, GBM and CatBoost models. The models were built using the
Python programming language. The models were evaluated by making decisions based on

patterns in the training data from the seven predictors.
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Building the ANN Model

The artificial neural network (ANN) model was implemented using the TensorFlow-
Keras library. It consists of a network architecture having one input layer that is made up of 7
neurons, representing the 7 attributes. The model contains 2 hidden layers with ReLU
activation functions used to learn the non-linear relationships, apart from one output layer that
has 3 neurons. The soft-max activation function is used at the output layer in order to classify
the three soil fertility classes. In terms of training, the model uses the Adam optimizer along
with categorical cross-entropy loss function for 100 epochs. Building the GBM Model.
Building the GBM Model

This model is generated with the GradientBoostingClassifier algorithm of the Scikit-
learn library (Pedregosa et al., 2011; Friedman, 2001). This model generates decision trees in
iterations. Every newly generated decision tree improves the prediction mistakes of its
predecessor. This model uses n_estimators equal to 200 decision trees, with a learning rate of
0.1, max_depth equal to 3 and random_state is 42. Once the model is generated, the training
and testing phases of the model takes place. In this phase, the correlation between the number
of estimators and accuracy of the training and test data is measured. The next step for the
model is the evaluation phase.
Building the CatBoost Model

The model is developed using the CatBoost Classifier method using the CatBoost
library with the help of Ordered Boosting technique (Prokhorenkova et al., 2018). In the
construction of decision trees in this model, there are 200 iterations, the learning rate of 0.1,
tree depth of 6, MultiClass loss function, and random state equal to 42. To evaluate the
correlation between the number of estimators and the accuracy of the training and test data,
the process of model training is conducted. The model is trained using the training and test
data.
Model Evaluation

The next step after creating the three models was their evaluation on the basis of
training and test data. As part of the training procedure, the interaction between the number of
epochs and training and validation accuracy was examined. The performance of the model
was determined based on such parameters as Accuracy, Precision, Recall, and F1-Score. At
the same time, a Classification Report was compiled for each class. Then, the Confusion
Matrix was computed in order to evaluate the performance of soil fertility classification. The
model's discrimination power was assessed based on the Receiver Operating Characteristic

(ROC) Curve with One-vs-Rest (OvR) approach for multi-class classification (Hand & Till,
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2001). For each class, the Area Under the Curve (AUC) was also calculated and subsequently
averaged on the basis of the Macro Average AUC in order to estimate the capability of the
model to differentiate the three soil fertility classes. Moreover, the importance of each
variable N, P, K, pH, soil temperature, soil moisture and soil conductivity was evaluated
based on Permutation Feature Importance (Fisher et al., 2019).

RESULTS AND DISCUSSION

A description of the dataset can be seen in Figure 1 and Table 1. Figure 1 shows a
histogram of seven parameters nitrogen, phosphorus, potassium, pH, conductivity, soil
temperature and soil moisture which exhibit varied patterns. The blue curve represents the
density (Kernel Density Estimation) and the red dotted line indicates the mean. All parameters
exhibit a multimodal distribution pattern. The multimodal distribution pattern indicates the
presence of variations in soil characteristics among the observed samples. However, the
distribution of individual features alone cannot directly determine soil fertility classes, as
classification is performed based on the combination of multiple parameters using machine
learning models. Therefore, distribution analysis was conducted as an initial step to
understand dataset characteristics and potential patterns among different classes.

Nitrogen content ranges from 0 to 14,500 mg/kg, with an average of 6.383 mg/kg.
Phosphorus content ranges from 0 to 38.3 mg/kg, with an average of 19.2 mg/kg. Potassium
content ranges from 0 to 37.8 mg/kg, with an average of 18.5 mg/kg. The pH ranged from 3.6
to 9, with an average of 5.6. The measured soil conductivity ranged from 0 to 88.3 uS/cm,
with an average of 48.5 uS/cm. Soil temperature ranged from 26.3 to 30.4 °C, with an average
of 27.75 °C. Moisture content ranged from 9—57.4 per cent, with an average of 38.92 per cent.
The dataset distribution shows multiple peaks in the N, P, K, pH, and electrical conductivity
parameters. This pattern indicates the presence of different soil characteristic groups within
the dataset. However, the relationship between individual feature distributions and fertility
classes requires further evaluation through classification models. Similar research has also
been conducted to measure NPK levels in rice plants, for N (0-5 mg/kg), P (0-3 mg/kg) K
(04 mg/kg), as well as nitrogen (54 mg/kg), phosphorus (30 mg/kg) and potassium (40
mg/kg), which fall within the optimal range (Sinuraya et al., 2025). The relatively
homogeneous temperature distribution indicates limited variability compared with other
parameters. Therefore, the contribution of temperature to classification may depend more on
its interaction with other features, such as moisture, EC, and nutrient content. The humidity
data were predominantly in the average range, indicating that the measurements were taken

under good conditions.
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Table 1. Description of Soil Parameters

e Nitrogen Phosphorus Potassium Electric‘al. Soil S.Oil
Statistic (mg/kg) (mg/kg) (mg/kg) pH Conductivit Temperature Moisture
y (uS/cm) O (%)

Number
of 91 91 91 91 91 91 91
Samples
Mean 6.384 19.178 18.530  5.538 48.522 27.748 38.923
Standard 706 11424 11481 1412 24051 1.097 12.971
Deviation
Min 0.000 0.000 0.000 3.600 0.000 26.300 9.000
25% 2.700 10.900 10.100  4.200 31.500 26.900 32.700
50% 5.400 17.200 16.500  5.800 44.600 27.400 40.800
75% 10.150 28.050 27.500  6.450 67.150 28.400 50.100
Max 14.500 38.300 37.800  9.000 88.300 30.400 57.400

Based on Table 1, each soil parameter exhibits different levels of variability. Nitrogen,

phosphorus, potassium, and electrical conductivity show relatively higher standard deviations

compared with soil temperature, indicating variations in soil chemical characteristics among

samples. In contrast, soil temperature has the lowest standard deviation (1.097 °C), suggesting

relatively stable temperature conditions during measurement.
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Distribution Histograms of Soil Parameters

Histogram of Phosphorus (mg/kg)

Histogram of F

i (mgrkg)

Histogram of Nitrogen (mg/kg)
v
20.0 1 --

1 ’;F ——
i
]
]
0 12 14

p—- —= Mean = 1918

175

15.0

125
7125 7
]

g
£ 100
g

N

g
2 w00

i
T 75

6 8 5 15 20 25 L] a0 0 5
Nitrogen {mgrkg) Phosphorus (mgrkg)

15 20 25
Potassium (mg/kg)

Histogram of pH Histogram of Electrical C:

Histogram of Scil Temperature (°C)

H —
1

14 1
1
|

/

|

20
Electrical Conductivity (uSicm)

7

o

Histogram of Soil Moisture (%)

== Mean=3892

-

El
Soil Moisture (%]

40 50

Figure 1. Distribution Histogram of Soil Parameters

'S 29
Soil Temperature (*C)

The correlation between parameters (features) is shown in Figure 2. Analysis of the

linear relationships between features reveals correlation coefficients ranging from -1 to 1. A
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positive value close to 1 indicates a strong positive correlation; similarly, a negative value
close to -1 indicates a strong inverse correlation, whilst a value of 0 indicates no correlation.
The findings indicate that the correlation coefficients for N, P, K and electrical conductivity
show a strong positive correlation ranging from 0.99 to 1. This indicates that NPK
macronutrient levels show a strong positive association with soil electrical conductivity in the
analyzed dataset. This relationship may occur because higher concentrations of dissolved ions
in soil can increase its ability to conduct electrical current. This is because electrical
conductivity measures the soil’s ability to conduct an electric current carried by ions
(Sulaiman et al., 2021; Corwin & Lesch, 2005). Meanwhile, pH exhibits a strong negative
correlation ranging from -0.65 to -0.68 with nutrients N, P, K and soil conductivity. The
negative correlation between pH and N, P, K, and EC indicates that samples with higher
nutrient-related values tend to exhibit lower pH values in this dataset. This represents a
statistical association among parameters and does not necessarily imply a causal relationship
(Kp & Prasanna, 2025).Temperature has a strong negative correlation (—0.73 to —0.75) with
nutrient content and a correlation of —0.76 with electrical conductivity. The higher the
temperature, the lower the nutrient content and electrical conductivity. The relationship
between temperature and pH shows a strong positive correlation of 0.74. Meanwhile, the
correlation between moisture and other features has a correlation value close to 0, meaning
there is no relationship with other features.

The distribution of parameters according to the ‘infertile’, ‘semi-fertile’ and ‘fertile’
classes is shown in Figure 3. In the figure, the three data groups can be clearly distinguished.
In the ‘infertile’ class, the median NPK values and conductivity were the lowest compared
with the ‘semi-fertile’ and ‘fertile’ classes. The highest median NPK content and conductivity
values were found in the ‘fertile’ class. The infertile class has a fairly wide range of soil
moisture, indicating that soil moisture conditions in infertile soil vary between 9 and 54 per
cent at a temperature of around 29.09. In the moderately fertile class, the range of soil
moisture is also relatively wide, at around 23.4-57.4 per cent at a temperature of around
27.75°C. Meanwhile, in the fertile class, the moisture content has a relatively narrow range of
32.4-44.8 per cent at a temperature of 27°C. In infertile conditions, soil pH ranges from 6.3 to
9; in less fertile conditions, pH ranges from 4.2 to 8; whilst in fertile conditions, it ranges
from 3.6 to 7. This is consistent with previous research indicating the existence of fertility

categories (Malo, 2025).
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Figure 3. Distribution of Soil Parameters by Fertility Class

Figure 4 depicts an analysis on the relationship between the number of epochs and the

estimator concerning accuracy. In Figure 4.a, it can be observed that there is an increase in

accuracy for training as well as test data sets in case of ANN. It can be seen that as the

number of epochs increases from 0 to 20, there is an increase in accuracy from about 0.35 to

0.99 at 20. As the number of epochs increases for training data, there is stabilization of

accuracy at 1, whereas in case of test data, the accuracy tends to stabilize at 0.99 for epochs

greater than 20. Similar results were obtained when number of epochs was tested for training

as well as validation data (Uribe-tarazona & Ruiz-diaz, 2025). The relationship between the

estimator and accuracy for the GBM model (Figure 4b) and for the CatBoost model (4.c)

shows that changes in the estimator do not affect accuracy. The GBM model exhibits stable
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accuracy values of 1 for the training data and 0.9 for the test data. Similarly, stable accuracy

values of 0.9 were obtained for the CatBoost data.

The confusion matrix results for the ANN, GBM and CatBoosting algorithms are shown
in Figure 5. A confusion matrix can be used to evaluate a model’s performance in classifying
plant classes by comparing actual data with predicted data (Sokolova & Lapalme, 2009). The
ANN, GBM and CatBoosting models were able to classify the training data accurately.
Figures 2a, 2c¢ and 2e show that all training data values on the diagonal of the confusion
matrix indicate there are 91 data points for each soil class, and all elements outside the main
diagonal have a value of 0 for the GBM and CatBoosting models. This indicates that there
were no errors in the training classification process. Consequently, the Accuracy, Precision,
Recall and F1-Score values are all 1.00 (100 per cent). In contrast, for the ANN model, there
are 90 data points on the diagonal and one outlier, i.e. FN = 1. As for the test data, as shown
in Figure 2b for the ANN test data model, there are 10 data points on the main diagonal,
indicating that there were no errors in the test classification process. This achieved accuracy,
precision, recall and Fl-score values of 1.00 (100 per cent) for the test data. In contrast, for
the GBM and CatBoosting models, there were still errors in the test data; no false positives

(FP) were found in the test data for the GBM and CatBoosting models.
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Figure 5. Confusion matrix for a. ANN training data, b. ANN test data, c. GBM training data,
d. GBM test data, e. CatBoosting training data and f. CatBoosting test data
The evaluation results are clearly shown in Table 2. The findings of this study indicate

that all training and test data can be classified accurately, with the highest accuracy achieved
by the GBM and CatBoosting models, which recorded accuracy, precision, recall and F1-
score values of 1.00 (100%). Meanwhile, the ANN model achieved an accuracy of 0.98 (98%).
As for the test data, the ANN model achieved an accuracy where the distribution of NPK
parameters and environmental factors could clearly distinguish between classifications. The
parameters N, P, K, pH, temperature, humidity and rainfall are effective features in
classifying soil fertility suitability. An evaluation of the ANN, GBM and CatBoost models
shows that they can distinguish between the classifications of each plant; the relationship
between the True Positive Rate (TPR) and False Positive Rate (FPR) is illustrated by the ROC
curves, and the Area Under the Curve (AUC) values can be seen in Figures 3.a, b, ¢, d, e and f.
In these figures, the ROC curves are situated in the top-left corner of the graph for all plant
classes; this indicates a very high True Positive Rate, with an AUC value of 1.00 for each
class and an average micro-AUC of 1.00. This demonstrates that all models can distinguish
between classes perfectly. These AUC values are consistent and align with the results for
Accuracy, Precision, Recall and F1-Score, all of which are 1.00 (100 per cent). These three

models have also been tested and found to have good accuracy (Ileri, 2025).
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Table 2. Model Evaluation

Model Dataset Class Accuracy Precision Recall F1-Score Support
ANN Training Data Infertile 0.97 0.97 0.97 31
ANN Training Data Low Fertility 1 1 1 32
ANN Training Data Fertile 0.94 0.94 0.94 18
ANN Training Data  Macro Avg 0.98 0.98 0.97 0.97 81
ANN Training Data  Weighted Avg  0.98 0.98 0.98 0.98 81
ANN Testing Data Infertile 1 1 1 4
ANN Testing Data Low Fertility 1 1 1 4
ANN Testing Data Fertile 1 1 1 2
ANN Testing Data Macro Avg 1 1 1 1 10
ANN Testing Data Weighted Avg 1 1 1 1 10
GBM Training Data Infertile 1 1 1 31
GBM Training Data Low Fertility 1 1 1 32
GBM Training Data Fertile 1 1 1 18
GBM Training Data  Macro Avg 1 1 1 1 81
GBM Training Data  Weighted Avg 1 1 1 1 81
GBM Testing Data Infertile 1 0.75 0.86 4
GBM Testing Data Low Fertility 1 1 1 4
GBM Testing Data Fertile 0.67 1 0.8 2
GBM Testing Data Macro Avg 0.89 0.89 0.92 0.89 10
GBM Testing Data Weighted Avg 0.93 0.93 0.9 0.9 10
CatBoost  Training Data Infertile 1 1 1 31
CatBoost  Training Data Low Fertility 1 1 1 32
CatBoost  Training Data Fertile 1 1 1 18
CatBoost  Training Data Macro Avg 1 1 1 1 81
CatBoost  Training Data Weighted Avg 1 1 1 1 81
CatBoost  Testing Data Infertile 1 1 1 4
CatBoost  Testing Data Low Fertility 1 1 1 4
CatBoost  Testing Data Fertile 1 1 1 2
CatBoost  Testing Data Macro Avg 1 1 1 1 10
CatBoost  Testing Data Weighted Avg 1 1 1 1 10
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Figure 6. ROC Curves for the Training and Test Data for the ANN, GBM and CatBoost models

Based on the results of the analysis of contributing features from the three models
shown Table 3. it was found that soil moisture, nitrogen, phosphorus, potassium, and EC are
features that influence soil fertility levels; however, pH is a feature that has no influence, as
can be clearly seen in Table 3. Each algorithm exhibits differences in predicting soil
classification (Yulianto & Astuti, 2026).

Table 3. Feature Contributions

ANN GBM CatBoosting
Index Feature Importance Feature Importance Feature Importance
Soil Soil
0 0.035 pH 0.000 Tempera- 2.643
Temperature
ture
1 Nitrogen 0.045 Potassium 0.139 pH 3.273
Soil
2 Phosphorus 0.080 Phosphorus 0.135 Moisture 4.923
3 pH 0.100 Soil 0.165 Temperat ¢ g7
Temperature ure
4 Potassium  0.105 Nitrogen 0.152 Egosl’hor 24.368
5 EC 0.115 EC 0.183 Potassium 25.832
6 Soil Moisture 0.185 Soil Moisture  0.185 Nitrogen  29.359
CONCLUSION

Based on the research results, it can be concluded that the ANN, GBM, and
CatBoosting models demonstrate good performance in classifying soil fertility. Each model
exhibits a high level of accuracy, ranging from 0.9 to 1, with soil moisture and nitrogen

identified as the most influential features across the models.

SUGGESTIONS

Future research should utilize a larger and more diverse dataset. It is also necessary to
incorporate additional measurement parameters, such as plant species, climate, soil type, and
various physical and chemical properties. While the current model performs well, its

performance could potentially be enhanced through a hybrid modeling approach.
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