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model based on the backpropagation algorithm to identify soil N-total content using soil
Artificial Neural Network, pH, moisture content, and soil resistance as input parameters. The model was trained using
Backpropagation, the trainbr training function with variations of logsig and tansig activation functions and
SG'olz']lI}Vitrogen hidden layer structures of 55, 8—8, and 12—12 to obtain the best configuration. The training
rainbr: ’ results indicate that the tansig—tansig combination with 8—8 hidden layer structure achieved
the highest performance, with a R? training of 0.953 and a R’ testing of 0.911. The model
was implemented in the form of a Graphical User Interface (GUI) application to facilitate
field-level prediction. Validation using 40 testing data samples showed a classification
Corresponding Author: accuracy of 70% and an R? value of 0.932 for nitrogen prediction. The model correctly
D4 sr_sulistiyanti@eng.unila.ac.id classified 28 data samples out of the total 40 tested data. These results indicate that the
(Sri Ratna Sulistiyanti) proposed model is capable of predicting soil nitrogen content accurately and reliably.

1. INTRODUCTION

Soil nutrients are a fundamental component of agricultural systems because they play a direct role in supporting plant
growth and productivity. The availability of balanced nutrients in the soil significantly determines the success of
agricultural cultivation and the efficiency of land management. In practice, soil fertility is often uncertain without
adequate measurements, leading farmers to fertilize based on estimates. This situation has the potential to lead to
inaccurate fertilizer dosages, reduced crop yields, and negative impacts on the environment. Therefore, efforts are
needed to understand and predict soil nutrient content more accurately and sustainably.

Macro and micronutrients play a vital role in plant growth. One essential macronutrient is nitrogen (N), which
functions in tissue formation, metabolism, and vegetative growth (Kumar ez a/., 2021). Nitrogen deficiency can inhibit
growth, cause yellowing of leaves, and reduce yields (Agustina, 2022). Improper management of marginal land often
leads to crop failure due to a lack of knowledge about soil characteristics and nutrient content (Indraningsih, 2016). Soil
nutrient testing is rarely performed by traditional farmers due to limited funds and knowledge of land management
(Kamau et al, 2024). Measuring or identifying these nutrient levels can be done using technology such as intelligent
systems. The use of intelligent systems can shorten the time and cost of identifying soil nutrients.

Nitrogen measurement methods are generally conducted in laboratories, which are time-consuming, expensive, and
labor-intensive, making them less efficient for farmers and other agricultural practitioners. While other soil parameters,
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such as pH, water content, and resistance, can now be measured quickly using portable tools like pH meters, soil
detectors, and digital multimeters, nitrogen measurement still requires a more practical approach.

The application of modern technology is needed to predict soil nitrogen levels quickly, accurately, and efficiently.
One potential approach is artificial neural networks (ANNs), which can analyze nonlinear relationships between soil
parameters, such as pH, water content, and resistance, and can be used with portable tools in the field (Elakiya &
Keerthana, 2024). The parameters pH, water content, and soil resistance are used as input because pH affects microbial
activity and nitrification and denitrification processes. Water content plays a role in nitrogen mobility and soil biological
activity. While soil resistance is related to water content and dissolved ion content, reflecting soil chemical properties.
This method has been successfully applied in other agricultural sciences, for example, predicting organic matter levels
in soil (Hermantoro, 2011), combining ANN with NIR spectroscopy to determine macronutrient content such as nitrogen
(N), phosphorus (P), and potassium (K) in rice paddy soil (Devianti et al., 2024).

This research focuses on the design and implementation of an artificial neural network (ANN) model to predict soil
nitrogen levels based on pH, water content, and resistance parameters, as a first step towards an intelligent system that
can help farmers optimize fertilization and agricultural productivity. The purpose of this study is to develop an ANN
model that is able to predict and classify total nitrogen (N total) levels in marginal soil based on soil characteristic data,
to design a user interface application that can be used practically to predict nitrogen levels directly in the field, and to
determine the level of accuracy of the system validation results to assess the model's ability to predict soil N-total (%)
levels accurately and reliably.

2. MATERIALS AND METHODS
2.1. Research Location and Tools

This research was conducted at the Department of Electrical Engineering, Faculty of Engineering, University of
Lampung. The software tools used in this study included Microsoft Office Word, Microsoft Office Excel, and MATLAB.

The variables used as training and testing data in the Artificial Neural Network (ANN) model included soil pH, soil
water content, and soil resistance. Soil pH was measured using a pH meter, soil water content was determined using the
gravimetric method, and soil resistance was measured using an analog multimeter. Analysis of nitrogen and soil water
content was conducted at the Bandar Lampung Center for Standardization and Industrial Services (BSPJI) using the
Kjeldahl method.

2.2. Soil Sampling and Data Preparation
The data used in this study were obtained from soil sampling conducted at five different locations, namely:

e TI1: Unproductive oil palm plantation soil located in Natar District, South Lampung Regency
e T2: Ultisol soil located in Natar District, South Lampung Regency

e T3: Coastal soil located in Teluk District, Bandar Lampung City

e T4: Tin post-mining soil (tailings soil) located in Sungai Liat District, Bangka Regency

e T5: Red-yellow podzolic soil located in Rajabasa District, Bandar Lampung City

Initially, 100 soil samples were collected from different treatments. These samples were sorted from the smallest to
the largest values and then divided into four nitrogen classes. From the divided data, 25 data sets belonged to the deficient
class, 24 data sets to the suboptimal class, 27 data sets to the optimal class, and 24 data sets to the excessive class.
Because Artificial Neural Network (ANN) models require balanced training data to avoid bias during training, an
undersampling approach was applied. Therefore, the number of data points in each class was equalized to the smallest
available number, resulting in 24 data points per class.

2.3. Soil Conditioning and Nitrogen Classification

The soil samples were varied by adding urea fertilizer at specific doses and undergoing conditioning processes, including
homogenization and incubation, prior to measurement. The addition of urea fertilizer was intended to vary nitrogen
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content so that the training data covered a wider range of nitrogen values. The nitrogen values used in this study were
the actual measured values obtained after the conditioning process. A total of 96 data sets were used as training data,
while 40 data sets were used as testing data. The nitrogen classification was based on total nitrogen (N-total) content in
the soil, divided into four categories:

e Deficient: 0.001-0.149%
e Suboptimal: 0.15-0.249%
e Optimal: 0.25-0.49%

e Excessive: = 0.5%

Soil with total nitrogen content below 0.15% is categorized as deficient, indicating that nitrogen availability is
insufficient to support plant growth. Low nitrogen availability reduces plant biomass production because nitrogen plays
a critical role in protein, chlorophyll, and amino acid formation. Nitrogen deficiency also decreases microbial activity
in the soil, slowing the mineralization of organic matter.

In the suboptimal class, nitrogen is available in moderate amounts, which may support the growth of certain crops
but is not ideal for achieving maximum yield. Soil nitrogen levels between 0.25% and less than 0.5% are categorized as
optimal, where nitrogen availability supports balanced vegetative and generative plant growth. Excessive nitrogen levels
(>0.5%) may lead to nutrient imbalance and plant physiological disorders due to the accumulation of toxic compounds
such as nitrite.

2.4. Artificial Neural Network Model Development

This study used the trainbr (Bayesian Regularization) training function in the Backpropagation Neural Network
algorithm. This training method was selected because it provides better generalization performance and reduces the risk
of overfitting, especially when working with relatively small datasets. To obtain the optimal model configuration,
controlled hyperparameter exploration was performed on the Artificial Neural Network. The exploration focused on the
activation function and the number of neurons in the hidden layer, as these parameters significantly influence the
network's ability to model nonlinear relationships. The activation function combinations used in this study included:
logsig—logsig, logsig—tansig, tansig—logsig, tansig—tansig. Meanwhile, the number of neurons in the two hidden layers
was varied as follows: 5—5 neurons, 8—8 neurons, 12—12 neurons.

The purpose of these variations was to determine the best combination of activation functions and neuron numbers
that produces optimal performance during both training and testing stages. The selected model was then implemented
into a Graphical User Interface (GUI) application for predicting soil nitrogen content.

2.5. Backpropagation Neural Network Architecture

The architecture of the Artificial Neural Network used in this study is illustrated in Figure 1.

Input Hidden Hidden output
Layer Layer 1 Layer 2 Layer

kadar air
— Nilai %
Nitrogen

Resistensi

Figure 1. Backpropagation neural network architecture
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Figure 1 shows the structure of the Backpropagation Neural Network consisting of an input layer, two hidden layers,
and an output layer. The input layer receives three input variables, namely soil pH, soil water content, and soil resistance.
These inputs are processed through two hidden layers with varying numbers of neurons, depending on the tested
configuration. The output layer produces the predicted soil nitrogen class based on the trained model. This architecture
enables the network to model nonlinear relationships between soil parameters and nitrogen content.

2.6. Model Evaluation Parameters

The output of the training and testing process includes training accuracy, testing accuracy, Mean Squared Error (MSE),
Root Mean Square Error (RMSE), and Coefficient of Determination (R?). The Mean Squared Error (MSE) measures the
average squared difference between the actual and predicted values. Smaller MSE values indicate better model
performance. The Coefficient of Determination (R?) indicates how well the model explains the variability of the actual
data, where values closer to 1 indicate excellent predictive performance. The GUI application developed in this study
was validated using the same 40 testing data sets to ensure accurate and reliable output.

2.7. Classification Performance Evaluation

The nitrogen classification results produced by the ANN model and displayed in the GUI were evaluated using a
confusion matrix. Model performance was assessed using three main parameters: precision, recall, and F1-score.
Precision measures the accuracy of predicted classes, while recall indicates the model's ability to correctly identify actual
data for each class. The F1-score represents the harmonic balance between precision and recall. These parameters were
used to evaluate the reliability of the classification model. The class accuracy is calculated using Equation (1):

Cl L L 100% (1)
ass accuracy = o — b
. . TP ?)
Precision per class = TP L FP
TP 3)
R -
ecall per class TP+ FN
2(precision X recall) 4)

Class F1 score = —
(precision + recall)

where TP (true positive) represents the number of matching positive data, TN (true negative) represents the number of
matching negative data, FP (false positive) represents the number of non-matching positive data, and FN (false negative)
represents the number of non-matching negative data.

2.8. Error Analysis

To evaluate the prediction accuracy of the model, Mean Squared Error (MSE), Root Mean Square Error (RMSE), and
Relative Root Mean Square Error (RRMSE) were calculated using the following equations:

1% )
MSE = Ez i —9)°
i=1
RMSE = VMSE (6)
RRMSE=""100% ™

where n: Total number of data points., y;: Actual soil nitrogen value., ¥; : Predicted soil nitrogen value., y : Mean of
actual soil nitrogen values.
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3. RESULTS AND DISCUSSION
3.1. Relationship between Nitrogen and pH, Water Content, and Resistance

The prepared soil samples were tested for pH, water content, and resistance, which will be used as training data for the
ANN. These values were graphed to demonstrate the linearity of pH, water content, and resistance to nitrogen. The
following graph shows the relationship between pH, water content, and resistance to nitrogen.

Figure 2 shows a graph of the position of nitrogen in relation to soil pH in each soil sample from T1 to T5. Each soil
sample, differentiated by its shape, shows its own distribution of nitrogen and pH. In soil samples T1, T2, T3, and TS5,
the increase in soil nitrogen levels is consistent with the increase in soil pH. However, in soil sample T4, the increase in
soil pH occurs, but the nitrogen levels tend to remain low. In soil sample T4, a post-tin mining tailings soil with a sandy
texture, the pH increase occurred due to the addition of urea fertilizer, but was not accompanied by a significant increase
in nitrogen.

0.7 0.7
0.6 % 0.6 By o
' % G ' B feda
;{50-5 N @ BT & 0.5 B <§.‘ A mTl
504 s 8% o a2 g 04 %3 ﬁ AT2
o ] 2 '
K03 AT B eT3 103 l<> Aﬂ T3
zZ
0.2 °$ g av 0.2 ’ o 4. A s
eT5 T5
0.1 A alO A ﬁ 0.1 % i Ap o
AN ®
0 0
5 6 7 8 9 10 0 5 10 15
pH Water Content (%)
Figure 2. Graph of pH distribution in each soil sample Figure 3. Graph of water content distribution in each soil sample
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Figure 4. Graph of resistance distribution for each soil sample

Figure 3 shows that each soil sample has a fairly regular distribution, with the highest water content in soil sample
T2 and the lowest water content in soil sample T4. This is influenced by the soil texture of each sample. Soil T2 is an
ultisol with a silty clay loam texture that is able to retain water better than soil sample T4, which has a sandy texture.
The distribution of each soil water content did not follow a significant increase in nitrogen content, especially in soil
sample T4, which had a very low content.

Research by Wang ef al. (2018) explains that nitrogen uptake and utilization by plants is partly influenced by the
soil's ability to provide nitrogen. Plant-available nitrogen is produced through the mineralization of soil organic nitrogen,
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a process influenced by temperature and soil water content. At an optimum water content (neither too dry nor too
saturated), microbial activity increases, resulting in more intensive decomposition of organic matter and release of
mineral nitrogen. At excessively high water content, the nitrification process decreases due to limited oxygen in the soil,
which can reduce the availability of nitrogen in a form that can be absorbed by plants (Norton & Ouyang, 2019).

Figure 4 shows the distribution of each value in each soil sample compared to the other samples. Nitrogen values
show a decrease with increasing resistance values. However, in soil sample T4, the nitrogen value does not follow the
downward trend like the other soil samples. In soil sample T4, the nitrogen value (%) only ranges from 0.05% to 0.2%.
Soil resistance values increase with increasing density. The amount of dissolved water in the soil also influences the
decrease in soil resistance. Water in soil pores carries dissolved ions, providing a pathway for electrical conduction. The
greater the water content (humidity/volumetric water content), the greater the number of conductive pathways, resulting
in a decrease in resistivity (Sangprasat et al, 2025; Acosta et al., 2022). Therefore, soil resistance can be used as an
indirect indicator to estimate available nitrogen content in the soil, especially under adequate water content. Given that
this model only has three input parameters: water content, pH, and resistance, significant differences in each soil sample
will impact the model's bias weight calculation and the accuracy of the resulting output. If possible, soil type or texture
composition can be incorporated into the model's input parameters for greater accuracy.

3.2. Training and Testing Results of the ANN Model

The training results using 96 training data sets and 40 testing data sets, using the previously created ANN model, are
shown in Tables 1, 2, 3 and 4. It can be seen that the combination of the fansig-tansig activation function with 8-8
neurons provided the most optimal results, with a training accuracy of 71%, a testing accuracy of 73.38%, an MSE of
0.00152, and a coefficient of determination (R?) of 0.953. These values indicate that the model is capable of representing
nonlinear relationships between soil parameters with a low error rate and a strong correlation between predicted and
actual values.

The best model was selected based on the highest accuracy value, also considering the gap between training and
testing accuracy. A model with a small difference between these two values indicates a good level of generalization and
indicates the model is not experiencing overfitting. This is crucial for the system's stability when applied to new data in
the field. The best ANN model was then implemented into a MATLAB-based Graphical User Interface (GUI) application
to make it easier for users to predict soil nitrogen levels.

Table 1. System accuracy results using trainbr function and logsig—logsig activation function

Value Accuracy Number of Training Data
No  Function N;Ilmber of 2 Acc(l;racy Total Not
eurons MSE MAE R (%) Data Matched Matched

1 5-5 0.00282 0.0404 0.911 69.00% 96 67 29
2 Training 8-8 0.00279 0.0405 0.912 71.00% 96 69 27
3 12-12 0.00259 0.0393 0.919 70.00% 96 68 28
4 5-5 0.000115 0.0302 0.952 72.86% 40 33 7
5 Testing 8-8 0.00115 0.0303 0.952 72.59% 40 28 12
6 12-12 0.00159 0.0306 0.951 72.59% 40 28 12

Table 2. System accuracy results using trainbr function and logsig—tansig activation function

Value Accuracy Number of Training Data

q Number of Accuracy
WD BINEON e s MSE MAE R? (%) TD‘:ta; Matched Mﬁ:ltle 4
1 55 000262 00395 0918 70.00% 9% 68 28
2 Training 3-8 0.00312 00430  0.900 66.00% 9% 64 3
3 12-12 0.00287 00406  0.909 71.00% 9% 69 27
4 5.5 0.00162 00310  0.950 71.80% 40 28 12
5 Testing 8-8 0.00126 00269  0.958 76.79% 40 28 12
6 12-12 0.00159 00306 0951 74.16% 40 28 12
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Table 3. System accuracy results using trainbr function and tansig—logsig activation function

Value Accuracy Number of Training Data

q Number of Accuracy
D MSE MAE R? (%) IT)‘:?; Matched let\i:ltle 4
1 5-5 0.00353 0.0453 0.880 63.00% 96 61 35
2 Training 8-8 0.00330 0.0424 0.885 67.50% 96 65 31
3 12-12 0.00242 0.0380 0.923 69.50% 96 67 29
4 5-5 0.00092 0.0229 0.969 80.45% 40 29 11
5 Testing 8-8 0.00104 0.0244 0.964 76.97% 40 32 8
6 12-12 0.00137 0.0281 0.957 74.86% 40 29 11

Table 4. System accuracy results using frainbr function and tansig—tansig activation function

Value Accuracy Number of Training Data

No Function N;;‘:;f);;’f A“},}”“ Total Not
MSE MAE R? (%) . Matched /0
1 55 0.00281 0.0411 0.911 70.00% 96 68 28
2 Training 8-8 0.00283 0.0408 0.911 71.00% 96 69 27
3 12-12 0.00281 0.0411 0.911 70.00% 96 68 28
4 5-5 0.00151 0.0300 0.953 73.89% 40 28 12
5 Testing 8-8 0.00152 0.0299 0.953 73.38% 40 28 12
6 12-12 0.00151 0.0300 0.953 73.64% 40 28 12

3.3. GUI System Design and Implementation Results

The soil nitrogen content identification application system in this study was designed by defining application functions,
user navigation flows, and designing a graphical user interface. The application was designed to accept soil parameter
inputs in the form of pH, water content, and soil resistance, process the data using an ANN model, and display predicted
soil nitrogen content results. This system has two main interfaces: the home page and the identification page. The
application logo or splash screen is shown in Figure 5, the home page interface design is shown in Figure 6, and the
identification page interface design is shown in Figure 7.

| 4] Ul Figure = D X
Halaman Depan Identifikasi

Sistem Cerdas

PREDIKSI NITROGEN

Figure 5. GUI application logo and splash screen Figure 6. Interface display of the home page
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Figure 7. Interface display of the identification page Figure 8. Identification page interface after the N value appears

In the illustrated design of the home page interface, there is 1 axis and 3 static text components. In the interface
design for the Total Soil Nitrogen Content Identification page, there are 2 static text components, 3 edit text fields (pH,
moisture content, and resistance), and 4 push buttons: predict, display value, load, and reset. In the nitrogen value display
text box shown in Figure 7, there are 4 different colors that change according to the class being displayed. The color
changes in the display following the class prediction results are intended to make it easier for users to distinguish
between each class.

1. Deficient class with a red background
2. Suboptimal class with a yellow background

3. Optimal class with a green background

4 4 1l

]
[ ]
[ ]
[ 1]

4. Excessive class with a purple background

Figure 8 displays the soil nitrogen content identification page, which displays the soil's class classification and total
N (%) value. These results are displayed after entering the pH, water content, and resistance values.

3.4. ANN Model Validation

In the developed GUI application, the interface section was tested using 40 available testing datasets. This analysis was
conducted to validate the output values generated by the GUI application. The soil nitrogen prediction GUI provides
two types of predictions: nitrogen class identification (which assigns values to specific classes) and the predicted
numerical value.

From the 40 testing datasets, two types of comparisons were performed: Actual Classification — Predicted
Classification and Actual Value — Predicted Value. The actual classification/value represents the true value, while the
predicted classification/value is the result displayed on the identification page of the GUI application. The comparison
between actual and predicted values is shown in Figure 9. The class prediction results in the GUI application are
presented using a Confusion Matrix graph (Figure 10). The Confusion Matrix graph is used to evaluate the performance
of classification models, particularly in machine learning.

Figure 9 illustrates the scatter plot of actual versus predicted soil nitrogen values. Within a 15% tolerance threshold,
62.5% of the data points fall within the acceptable accuracy range. The model's performance is further validated by low
error metrics, yielding an RMSE of 0.0476 and an MAE of 0.00227. These results indicate that the model exhibits high
precision and reliable predictive capability. Figure 10 shows a class accuracy of 70%, as 28 data points were correctly
classified and 12 were misclassified out of the total 40 tested datasets.
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Table 9. Validation of Nitrogen Values Based on Class

Class Precision Recall F1-Score
Deficient 0.89 0.8 0.84
Sub-optimal 0.6 0.6 0.6
Optimal 0.55 0.6 0.57
Excessive 0.8 0.8 0.8
Average 0.71 0.7 0.7

Table 9 presents the performance evaluation results of the Backpropagation Artificial Neural Network (ANN) model
across four nitrogen content classes: Deficient, Sub-optimal, Optimal, and Excessive. The evaluation was conducted
using three main parameters: precision, recall, and F1-score, which measure the accuracy and reliability of the model in
performing classification. Based on Figure 10, the Deficient class achieved the highest precision value of 0.89 and a
recall of 0.80, with an F1-score of 0.84. This indicates that the model is highly capable and consistent in identifying
nitrogen deficiency conditions. The Excessive class also shows strong performance, with both precision and recall values
0f 0.80, resulting in F1-score 0.80. This demonstrates the model’s stable ability to identify excessive nitrogen conditions.

In contrast, the model performance for the Sub-optimal and Optimal classes is relatively lower, with F1-scores of
0.60 and 0.57, respectively. Based on the analysis of nitrogen data distribution, these two classes exhibit overlapping
distribution patterns within certain value ranges. In Figure 10, the nitrogen distribution for the Sub-optimal and Optimal
classes shows overlapping interquartile ranges and closely positioned distribution peaks (modes), resulting in no clear
numerical separation between the classes.

This condition makes it difficult for the model to distinguish samples located in the overlapping region, even though
a nonlinear network architecture was used. Therefore, the lower F1-scores in these two classes are primarily caused by
the intrinsic characteristics of the data, which are not fully statistically separable, rather than solely by limitations of the
model’s classification capability. Overall, the average precision of 0.71, recall of 0.70, and F1-score of 0.70 indicate that
the Backpropagation ANN model has fairly good and balanced classification performance across classes. These results
suggest that the model can be used to identify nitrogen levels with adequate reliability, particularly under extreme
conditions (deficient and excessive).

The research results show that the Artificial Neural Network (ANN) model developed using soil pH, moisture
content, and resistance as input parameters is capable of predicting soil nitrogen content with good performance. Based
on testing results, the model produced an RMSE value of 0.0476 and a coefficient of determination (R?) of 0.9324.
These values indicate that the ANN model effectively captures the nonlinear relationship between soil physical
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properties and nitrogen content. Compared with previous research by Liu er al. (2024), which proposed a total soil
nitrogen prediction method based on a convolutional noise reduction autoencoder (CDAE), whale optimization
algorithm (WOA), and deep residual shrinkage network (DSRN), their testing results showed that the CAE-WOA—
DSRN model achieved an R? value of 0.968, significantly higher than traditional algorithms (R? =0.873) and a simple
backpropagation neural network (R* = 0.877). Thus, it can be concluded that the ANN model developed in this study
demonstrates good accuracy and remains agronomically relevant, as it can be practically implemented through a field-
usable application.

4. CONCLUSIONS

Based on the research results, it can be concluded that this study successfully developed an Artificial Neural Network
This research successfully developed an Artificial Neural Network (ANN) model based on the Backpropagation
algorithm to predict and classify total nitrogen (N-total) levels in marginal soils using pH, moisture content, and soil
resistance as input parameters. The optimal model was obtained using the ¢rainbr training function with an 8-8 hidden
layer architecture and tansig—tansig activation functions, which was subsequently integrated into a Graphical User
Interface (GUI) application for practical field monitoring. The model's performance demonstrated high stability without
indications of overfitting, yielding a training R? of 0.953 and a testing R? of 0.911. Validation using 40 independent
datasets achieved a nitrogen classification accuracy of 70% (28 out of 40 data points correctly classified) and an overall
coefficient of determination R?of 0.932. Other statistical results showed low error rates, with an RMSE of 0.0476 and
an MAE of 0.00227, proving that the developed ANN model is reliable and efficient for rapid soil nitrogen assessment.

For future research, it is recommended to expand the scope of input parameters—such as soil texture and electrical
conductivity (EC)—and increase the volume of the training dataset to improve model generalization. Additionally,
exploring alternative machine learning algorithms is suggested to evaluate the potential for increasing classification
accuracy beyond the 70% threshold.
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