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Healthy food production for the growing population usually affected by soil nutrient imbalance is a great challenge. This
study presents a data-driven framework for predicting topsoil suitability for healthy crop production using physicochemical
soil parameters and a Deep Neural Network (DNN) model. Soil samples were categorized using agronomic threshold ranges
derived from international standards and national guidelines to group soils as suitable or unsuitable. A fully connected Deep
Neural Network was implemented to discover the nonlinear relationships between soil attributes and suitability outcomes.
To ensure robustness, the model was evaluated alongside some traditional classifiers using stratified cross-validation and
independent testing. The Deep Neural Network achieved competitive performance on noise-free data and demonstrated
superior robustness under increasing levels of Gaussian noise. The integration of threshold-based labelling with deep
learning provides a practical pre-harvest decision-support tool. The proposed framework contributes to sustainable
agriculture by enabling early detection of soil conditions that may compromise crop safety and productivity.
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Introduction

Among the key challenges of modern societies is
ensuring food security for the growing population.
Several factors affect food security. The common
ones are soil and water quality, post-harvesting loss
and climatic conditions. Different research works
have given a considerable amount of recognition to
this challenge based on the relevance of the threat,
sources and their effects in diverse ways. One area
that is catching the eyes of most researchers now is
the effect of soil pollution on healthy crop production,
which adversely affects food security. Agricultural
systems rely heavily on soil health, which directly
influences plant nutrient availability, crop yield, and
the safety of food products. Degraded soil conditions
can lead to reduced agricultural productivity and
increased vulnerability to contamination by harmful
substances.'

Soil quality is determined by biological, chemical,
and physical characteristics. Chemical composition,
however, is the crucial characteristic in regulating
nutrient availability and plant growth. Soil nutrients
can be grouped into macronutrients and
micronutrients. Macronutrients are needed in large
quantities for crop development. Micronutrients, on
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the other hand, are needed in low quantities for
enzyme activation and metabolic processes in plants.’
When the concentrations of these elements are in
excess, they adversely affect crop quality and
human health.

Apart from these nutrients, there exist other
naturally occurring metallic elements called heavy
metals, which can affect the quality of agricultural
soils. Through natural geological processes and
anthropogenic activities, these metals can accumulate
in soils. Once these metals enter the soil, they may be
absorbed by plant roots and subsequently transferred
to edible plant tissues, creating potential health
hazards for consumers.”

The presence of potentially toxic metals in
agricultural soil is an important environmental and
food-safety concern because these elements can enter
the food chain through crop uptake. To reduce the
associated risks, international and national regulatory
institutions have developed soil-quality guidelines
that specify acceptable concentrations of metals in
soil intended for agricultural use. The World Health
Organization =~ (WHO), the  United  States
Environmental Protection Agency (US EPA), and
other environmental authorities have consequently
established maximum permissible limits for selected
metals. *" These limits provide a basis for
determining whether soil conditions are suitable for
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safe agricultural production. However, such
assessments are not consistently undertaken prior to
cultivation in many farming environments.
Consequently, crops may be grown on soils whose
chemical characteristics have not been adequately
evaluated, potentially creating implications for
consumer health and the wider food supply system.'*

The growing availability of Artificial Intelligence
(Al) provides an alternative means of analysing
complex environmental and agricultural data. Unlike
conventional approaches that may depend heavily on
predefined relationships between variables, Machine
Learning (ML) and Deep Learning (DL) methods can
learn patterns directly from data. This capability has
contributed to their increasing use in agricultural
applications, including crop productivity estimation,
plant health assessment, weed identification, and
precision agriculture.” Their capacity to represent
complicated and nonlinear interactions is particularly
useful when agricultural datasets contain numerous
variables and complex relationships.

Despite these developments, research on Al
applications in agriculture has predominantly
concentrated on visual information. Deep learning
architectures such as convolutional neural networks
(CNNs) and transformer models, for instance, have
received considerable attention in tasks involving
plant disease recognition, crop surveillance, and
other image-based agricultural applications.'®™'
Furthermore, the application of EfficientNetBO an
image-oriented deep learning approach for precision
agriculture and vision transformer based plant
disease  detection, produced an outstanding
performance accuracy values of 99.51% and 90.99%
respectively.”” The same level of attention
however has not been given to the analysis of
quantitative soil chemistry = measurements.
Consequently an important research gap remains
concerning the use of deep learning to interpret
numerical soil-property data and determine the
suitability of agricultural soils. Addressing this gap
could provide a data-driven approach for identifying
potentially unsuitable soils before crop cultivation
and thereby contribute to safer and more informed
agricultural decision-making.

This study develops a fully connected Deep Neural
Network  (DNN)-based predictive  framework
for assessing the suitability of topsoil for
producing healthy crops. The model applies soil
physicochemical parameters and agronomic threshold

rules from international standards and guidelines®** to

classify soils into suitable and unsuitable categories.

The study also performs a comparative evaluation

with traditional classifiers.

The novelty of this study is not about the
architectural complexity of the neural network, but
about the integration of agronomic threshold-based
labelling, controlled synthetic data generation, and a
reproducible learning pipeline designed for soil
suitability prediction to assist in pre-harvest decision
making. The summary of the contribution of this
study is:

1. A threshold-guided soil suitability classification
framework using physicochemical parameters based
on agronomic standards.

2. A DNN model using structured soil data.

3. A comparative assessment with classical classifiers.

4. A reproducible pipeline incorporating pre
processing, augmentation, and validation.

Related Work

The focus of this section is reviewing existing
studies relevant to soil contamination and agricultural
safety, soil quality evaluation methods and machine
learning in agriculture.

Soil Contamination and Agricultural Safety

Soil is contaminated by heavy metals through
industrial activities, urban runoff, mining processes,
and irrigation with contaminated wastewater.>**
Long-term accumulation of these elements can lead to
the degradation of soil fertility and contamination of
agricultural products. This means the concentration
levels need to be monitored and controlled to prevent
potential absorption of these toxic metals from the
soil by the crops.'* Studies have shown that plants can
absorb heavy metals from soil through the roots to the
edible plant tissues, causing health complications in
humans feeding on them.**>*

Several research works have analysed heavy metal
concentrations in soil samples using chemical analysis
techniques and statistical methods. For example,
regression models have been applied to investigate
associations between soil properties and metal
absorption in crops such as rice and tobacco.® Other
studies have explored the effects of wastewater
irrigation on heavy metal mobility.”’ These studies
focused on retrospective analysis rather than
predictive modelling. Thus, there remains a need for
computational tools capable of predicting soil
suitability as part of the pre-harvest activities.
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Soil Quality Evaluation Methods

Traditional soil quality assessment methods
involve comparing measured soil parameters with
established  threshold values derived from
environmental guidelines. These parameters typically
include soil pH, electrical conductivity, and nutrient
concentrations.”

Threshold-based evaluation approaches are useful
for determining whether soil conditions fall within
acceptable ranges for agricultural production.
However, these methods often require manual
interpretation by soil experts and may not be scalable
for large-scale monitoring.

Furthermore, soil characteristics interact in
complex ways that may not be adequately captured
through simple threshold comparisons. This limitation
highlights the need for advanced computational
approaches capable of modelling multidimensional
relationships among soil parameters.

Machine Learning in Agriculture

The use of the latest techniques in machine
learning in the field of agriculture has provided great
benefits to farmers in minimizing losses due to the
critical recommendations and insights about crops,
which cover pre-harvest, harvest and post-harvest
activities, since these techniques can discover patterns
from large datasets. Applications include crop yield
forecasting, irrigation optimisation, pest detection,
and precision farming decision-support systems.'>'®

Recent studies have increasingly explored machine
learning and deep learning for soil-related prediction
and classification tasks. Sumathi et al.'’” demonstrated
the application of deep learning to soil quality
prediction for smart agriculture, highlighting the
potential of neural models for learning complex
relationships among soil attributes. Even though this
study explicitly acknowledges that advanced deep-
learning architectures, such as convolutional neural
networks (CNNs) and transformers have been widely
applied to agricultural problems®?* this research
distinguishes these image-oriented and large-scale
dataset applications from the present study, which
uses structured numerical soil physicochemical data.
A recent systematic review by Folorunso et al.'®
examined machine-learning approaches for predicting
soil nutrient properties and reported the growing
application of data-driven methods in digital soil
assessment. Similarly, El Behairy et al.*® investigated
machine-learning  approaches for soil quality
prediction in dryland environments, while Dengiz

et al*' evaluated classification and regression-based
machine-learning algorithms for assessing soil quality
in cultivated lands. These studies, including® '
demonstrate the increasing wuse of data-driven
approaches for soil assessment; however, their
objectives and modelling settings differ from the
present study, which integrates agronomic threshold
rules with a DNN to classify topsoil as suitable or
unsuitable for crop production

Research Gap

Although recent studies have demonstrated the
potential of machine learning and deep learning for soil-
quality prediction, soil-property estimation, and soil
classification, relatively limited attention has been given
to integrating agronomic threshold rules directly into a
binary learning framework for pre-harvest soil suitability
assessment. Existing studies generally focus on
predicting individual soil properties, estimating soil
quality indicators, or classifying soil types rather than
determining whether a soil sample satisfies a set of
agronomic suitability conditions for crop production

Therefore, there is a clear need for predictive
frameworks capable of integrating soil chemistry data
with regulatory standards to support early decision-
making in agricultural planning. This study handles
this gap by developing a DNN-based classification
model capable of predicting soil suitability based on
physicochemical soil parameters.

Materials and Methods

This study devises soil suitability assessment as a
supervised binary classification problem based on
agronomic threshold rules. The methodology blends
structured  dataset  construction, deterministic
preprocessing, meticulous synthetic data generation,
noise sensitivity analysis, and deep learning model
development to ensure reproducibility, robustness,
and validity.

The process pipeline involved in implementing a
Deep Neural Network Framework for predicting soil
suitability for healthy crop production is presented in
Fig. 1.

Dataset Construction and Preprocessing

The dataset used in this research consists of soil
samples characterized by physicochemical parameters
commonly used in agronomic evaluation. Each soil
sample is represented by an eleven-dimensional
feature vector containing heavy metal, macro- and
micronutrient measurements.
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Fig. 1 — Deep neural network-based healthy crop production
processes
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The dataset containing a total of 1542 record scan
be expressed mathematically as

D = {(x, y)}s (D)
where,

. N = 1542, denotes the total number of
samples

e x; € R represents the feature vector
e y; € {0,1}denotes the suitability class label
Each feature vector is defined as

x=[N,P,K,pH,EC,S,Cu,Fe,Mn,Zn, B] ... (2)

where, each variable represents a soil nutrient or
physicochemical property. All features are measured
using standard agronomic units. The elements also
assume their usual chemical symbols. Before model
development, the dataset undergoes several
preprocessing steps to ensure numerical stability and
reproducibility. Class distribution was approximately
balanced after preprocessing.

Soil suitability labels were generated based on
agronomic  threshold ranges derived from
international soil quality guidelines. A soil sample is
classified as suitable when all parameters fall within
acceptable ranges. This is the positive class category
with a class label of 1.

v, :{ L if x;j € [LU], vi
o

Otherwise
where, L;j= lower threshold and U;= upper threshold
Features scaling was performed using z-score
standardization. Given that u represents the mean of
the dataset and o denotes the standard deviation, the
z-score is given by the formula

z=2F (@

. 3)

The dataset was split into training and testing in the
ratio 80:20, respectively, using stratified sampling to

ensure that the class distribution remains consistent
across training and testing subsets. Model validation
was conducted using stratified five-fold cross-
validation. The training ensured that each fold is used
once for validation, and the remaining folds are used
for training. All numerical values are rounded to two
decimal places. The dataset is randomly shuffled
using a fixed random seed of 42 to eliminate ordering
bias.

To enhance the representation of edge cases and
unsuitable soil conditions, synthetic samples are
generated using controlled deviations from agronomic
thresholds. Synthetic data are generated by
introducing deviations beyond threshold limits:

X' =x+6 )

where, ¢ is a controlled perturbation factor with lower
deviation factor, upper deviation factor, number of
violated features and random seed parameters. The
seed value for all random tasks was set to 42.

Generated samples were categorised based on
threshold violations, in compliance with the
deterministic classification rule. To illustrate real-
world dataset scenarios, Gaussian noise was
introduced to the dataset as

Xnoise = X + N(0,02) ... (6)

Noise levels considered were 0%, 5%, 10% and
20%, which respectively represent the original
dataset, low noise, moderate noise and high noise.
This enables evaluation of model robustness under
uncertainty.

Model Development

The primary classification model evaluated in this
study was a fully connected DNN. Three established
machine-learning classifiers—Random Forest,
Support Vector Machine, and XGBoost—were
implemented as baseline models for comparative
evaluation

The models were implemented using the Python
scientific computing ecosystem, including Scikit-learn,
TensorFlow, and XGBoost libraries. GridSearch CV
with five-fold stratified cross-validation and F1-score as
the selection criterion was used to identify the best
hyperparameter configuration for each baseline model.
The resulting best estimators were subsequently
evaluated using the five-fold stratified cross-validation
procedure. The hyperparameter settings of the baseline
models are summarized in Table 1.
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Deep Neural Network Architecture

A fully connected DNN was designed to model the
nonlinear relationships between soil parameters and
soil suitability classes. The DNN architecture is
illustrated in Fig. 2.

From Fig. 2, the network consists of an input layer
with 11 neurons due to the number of soil features,
followed by two hidden layers whose neurons are
respectively 64 and 32 with the Rectified Linear Unit
(ReLU) activation function. The decreasing neuron
counts for the hidden layers enable hierarchical
feature learning. Dropout chances of 30% and 20%,
respectively, were applied in the two hidden layers.
The output layer has one neuron with a sigmoid
activation function to provide binary classification.

The DNN wused the fixed Adam optimizer
configuration provided by Keras, trained for 50 epochs,
with the specified architecture and dropout rates. The

Table 1 — Hyperparameter space for the baseline models

Model Hyperparameters searched Values
Random Forest n_estimators 100, 200
max_depth 5, 10, None
XGBoost n_estimators 100, 200
max_depth 3,5
learning_rate 0.01, 0.1
SVM C 0.1,1, 10
kernel RBF, linear
Selection criterion F1-score 5-fold CV

DNN was evaluated using the same five-fold stratified
cross-validation scheme defined for the comparative
experiments. The DNN architectural configuration for

reproducibility is presented in Table 2.

The model prediction is well-defined as y =
o(Wsf (Wof (W1 X + by) + by) + b3),

where,

Table 2 — Deep neural network architectural configuration

Parameter

Input dimension

Deep neural network configuration

11 features

Hidden layer 1 64 neurons
Hidden-layer activation ReLU
Dropout 1 0.30
Hidden layer 2 32 neurons
Hidden-layer activation ReLU
Dropout 2 0.20
Output layer 1 neuron
Output activation Sigmoid
Optimizer Adam
Loss function Binary cross-entropy
Training epochs 50
Classification threshold 0.50

Feature scaling
Cross-validation
Shuffle

Random state
Performance metrics

DNN hyperparameter
optimization

Standard Scaler within each fold
5-fold StratifiedK Fold

Yes

42

Accuracy, Precision, Recall,
F1-score, ROC-AUC

Not performed

Binary class

y =05,
Healthy soil

y <0.5,
Unhealthy

Fig. 2 — Deep Neural Network architecture for soil suitability prediction
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represent the sigmoid function and f expressed as an
activation function of the products of the weights (W),
the input values (X) and the biases (b). The loss
function is a binary cross-entropy calculated by the
formula:

L=-237" [ylog)+ A —ylog1=5)]  ..(7)

Performance Metrics

The performance of the DNN and the baseline
models was assessed using accuracy, precision, recall,
and Fl-score. Using different metrics ensures
acomplete view of how the models perform.
Accuracy represents correctly categorized samples:

(True Positive (TP) + True Negatives (TN))

Accuracy = (TP + TN + FP + FN)
.. (8)
Precision measures the proportion of correctly
predicted suitable samples among all samples
predicted as suitable:
Precision = — ... 09
TP+FP

Recall, also known as sensitivity, represents the
proportion of correctly predicted suitable samples
among all actual suitable samples:

TP
TP+FN

Recall = ... (10)

The Fl-score provides a harmonic mean of
precision and recall:

2X (Precision*Recall)

F,Score = .. (1)

These metrics provide insight into the reliability of
the proposed model compared with the baseline
traditional classifiers for soil suitability assessment.
ROC-AUC was also computed to measure how the
DNN model distinguishes between classes across
different classification thresholds.

Precision + Recall

Results

To assess the robustness of the models under
unpredictable levels of uncertainty, Gaussian noise
was introduced into the dataset at four intensities: 0%
(baseline), 5% (low), 10% (moderate), and 20%
(high). The results of the baseline data are given in
Table 3.

From Table 3, the models achieve very high
performance on noise-free data. This reveals their strong

Table 3 — Performance of 0% Gaussian noise

Model Accuracy Precision Recall F1-score
DNN 99.71 99.65 99.78 99.71
RF 99.85 99.80 99.88 99.84
SVM 99.62 99.58 99.65 99.61
XGBoost 99.88 99.84 99.90 99.87

Table 4 — Performance of 5% Gaussian noise

Model Accuracy Precision Recall  Fl-score
DNN 99.12 98.95 99.28 99.11
RF 98.64 98.40 98.90 98.64
SVM 97.85 97.60 98.10 97.85
XGBoost 98.92 89.70 99.05 98.87

Table 5 — Performance of 10% Gaussian noise

Model Accuracy Precision Recall  Fl-score
DNN 98.43 98.10 98.72 98.41
RF 97.10 96.80 97.45 97.12
SVM 95.95 95.60 96.30 95.94
XGBoost 97.65 97.30 97.95 97.62

Table 6 — Performance of 20% Gaussian noise

Model Accuracy Precision Recall  Fl-score
DNN 97.65 97.20 98.05 97.62
RF 95.60 95.10 96.20 95.64
SVM 94.20 93.80 94.70 94.25
XGBoost 96.30 95.90 96.75 96.32

ability to learn deterministic relationships from clean
soil data instead of discovering patterns. The results
when 5% Gaussian noise perturbation was done are
shown in Table 4.

From Table 4, it can be seen that there is a
marginal decline in the models’ performance,
indicating that the models are resistant to minor noise
introduction. The DNN recall of 99.28% remains
high, which is essential for avoiding false-negative
predictions. The results of 10% Gaussian noise
perturbation are given in Table 5.

From Table 5, the models’ performance is seen to
be degraded. However, the DNN model shows better
generalisation compared to traditional models. The
results of 20% Gaussian noise perturbation are given
in Table 6.

From Table 6, it can be seen that the traditional
classifiers have generalization limitations as more
controlled noise is introduced. This provides a
realistic assessment of the models. The proposed
DNN model is more robust compared to baseline
methods. The performance degradation trend of
accuracy in percentage is given in Table 7
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Table 7 — Performance degradation trend (Accuracy %)

Model 0% 5% 10% 20%
DNN 99.71 99.12 98.43 97.65
RF 99.85 98.64 97.10 95.60
SVM 99.62 97.85 95.95 94.20
XGBoost 99.88 98.92 97.65 96.30
1.000
0.995 \\
0.990
9 h
<
[} \
Q0.985
0.980
oors | . \
00 25 50 75 100 125 150 175 20.0

Noise level (%)
Fig. 3 — The deep neural network ROC-AUC values with
Gaussian noise levels

Predicted positive
Actual positive | True positive (TP) 144 | False negative (FN) 3
True negative (TN) 157

Predicted negative

Actual negative | False positive (FP) 4

Fig. 4 — Confusion matrix of deep neural network model at 20%
gaussian noise perturbation

From Table 7, with a 0% noise perturbation,
XGBoost has the highest accuracy of 99.8% but drops
to the second position when 5% Gaussian noise is
introduced. DNN, however, remains the model with
the highest accuracy when 5% and more Gaussian
noise is introduced, proving its resistance to noise.
The ROC-AUC values plotted against the Gaussian
Noise levels can be seen in Fig. 3.

From Fig. 3, the DNN AUC values reduce
gradually as the Gaussian noise levels increase from
0.999 at 0% noise to 0.975 at 20%, confirming the
strong discriminative capability of the proposed DNN
model under realistic data uncertainty conditions. The
confusion of the final DNN model at 20% Gaussian
noise perturbation is illustrated in Fig. 4.

The confusion matrix when the final DNN model
was tested using the testing dataset is presented in
Fig. 4. The DNN produces only 3 false negative result
confirming its ability to minimise misclassification of
false negatives.

Discussion

The pollution of agricultural produce by
contaminated soil, due to excessive concentration
levels of heavy metals, has been a critical challenge
that results in food loss globally and also leads to
economic loss to farmers. The aim of this research is
to find a solution to this challenge through a proposed
DNN model for the prediction of topsoil suitability
for healthy crop production. This developed DNN
model was compared with three traditional classifiers.

One of the challenges of this work was to obtain
dataset for the training of the DNN. Using
international standards and national guidelines
regarding allowable thresholds of soil nutrients and
heavy metals, a dataset consisting of 1542 records
was generated to train the DNN and the baseline
models. This dataset followed a deterministic rule,
which is not practical in real-world scenarios. A
controlled Gaussian noise of 5%, 10% and 20% were
introduced into the dataset.

The results demonstrate that the DNN is especially
effective at uncovering the complex, non-linear
relationships within soil properties. When the DNN
model was compared to the traditional classifiers used
as baseline models in this study, some important
trends were noticed. In the noise-free dataset, the
models performed exceptionally well. As noise at
varying levels was introduced, the DNN maintained
higher levels of accuracy and reliability than
traditional models, proving its suitability for practical
use. The DNN model consistently produced a high
recall rate, indicating that it is good at identifying
suitable soil, making it an ideal choice for high-
stakes decisions.

Conclusions
Most systems designed by researchers for
agricultural activities have focused much on

harvesting and post-harvesting practices, with few
concentrating on the pre-harvesting, monitoring and
evaluation stage, which is critical in determining the
quality of the end product of agricultural enterprise. In
this research, we proposed a model for predicting
topsoil suitability for agronomy based on a Deep
Neural Network (DNN) for healthy crop production.
The proposed model yielded a performance accuracy
rate of 97.65% at 20% Gaussian noise perturbation.
This study used a dataset based on established rules,
which might not capture every single quirk of nature.
Future work will need to test the DNN model on a
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much larger scale in actual fields to see how it is
affected by changing weather, different soil textures,

and

explore

microbial activity. Future research should also
integration with real-time soil sensors,

geospatial soil datasets, and explainable Al techniques
to enhance model transparency and applicability.

Conflicts of Interest: The authors declare that they
have no conflicts of interest to report regarding the
present study.
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