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Abstract: Soil-water management is fundamental to plant ecophysiology, directly affecting
plant resilience under both anthropogenic and natural stresses. Understanding Agricul-
tural Soil-Water Management Properties (ASWMPs) is therefore essential for optimizing
water availability, enhancing harvest resilience, and enabling informed decision-making
in intelligent irrigation systems, particularly in the face of climate variability and soil
degradation. In this regard, the present research develops predictive models for ASWMPs
based on the grain size distribution and dry bulk density of soils, integrating both tradi-
tional mathematical approaches and advanced computational techniques. By examining
900 soil samples from the NaneSoil database, spanning diverse crop species (Avena sativa L.,
Daucus carota L., Hordeum vulgare L., Medicago sativa L., Phaseolus vulgaris L., Sorghum vulgare
Pers., Triticum aestivum L., and Zea mays L.), several predictive models are proposed for
three key ASWMPs: soil-saturated hydraulic conductivity, field capacity, and permanent
wilting point. Mathematical models demonstrate high accuracy (71.7-96.4%) and serve
as practical agronomic tools but are limited in capturing complex soil-plant-water inter-
actions. Meanwhile, a Deep Neural Network (DNN)-based model significantly enhances
predictive performance (91.4-99.7% accuracy) by uncovering nonlinear relationships that
govern soil moisture retention and plant water availability. These findings contribute to
precision agriculture by providing robust tools for soil-water management, ultimately
supporting plant resilience against environmental challenges such as drought, salinization,
and soil compaction.

Keywords: agricultural management; computational modelling; Deep Neural Networks;
hydraulic properties; Machine Learning; mathematical modelling; soil science

1. Introduction

Crop water stress materializes when plants receive insufficient water to meet their
physiological needs, negatively affecting growth, development, and yield [1,2]. This
deficiency in water supply can be caused by drought, excessive evapotranspiration, poor
soil water retention, or inefficient irrigation practices [3,4]. Most vegetable crops are highly
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sensitive to water stress, particularly in the 2-3 weeks before harvest and during the
harvest itself, which can induce an irreversible loss of yield or product quality [1,5,6].
The preceding highlights the necessity of designing irrigation water management plans to
optimize intelligent irrigation systems and enhance crop resilience [7-9]. In order to develop
these plans, it is essential to have a detailed knowledge of the Agricultural Soil-Water
Management Properties (ASWMPs).

ASWMPs can be defined as a set of physical parameters that describe the capacity
of soils to retain, transmit, and supply water to crops within the framework of smart
irrigation systems [10-13]. Hence, properly characterizing ASWMDPs is fundamental to
ensuring the sustainability and cost-efficiency of field crops. Among the key ASWMPs,
three are particularly important: Soil Saturated Hydraulic Conductivity (SSHC), Field
Capacity (FC), and Permanent Wilting Point (PWP). Unfortunately, the comprehensive
mapping of soil hydraulic properties remains economically unfeasible in many resource-
limited agricultural regions [14-19], such as sub-Saharan Africa, rural India, Southeast
Asia, the Andean Highlands, the Sahel Region, Central America, and the Middle East.
Therefore, it is crucial to conceive indirect methods to predict ASWMPs that can be easily
implemented using only basic soil characterization [20,21]. Precisely, this study proposes
several mathematical and computational models to estimate three meaningful ASWMPs,
namely SSHC, FC, and PWP.

On the one hand, SSHC is a velocity-like quantity that defines a soil’s ability to conduct
water through its porous structure when fully saturated (i.e., when the degree of saturation
is equal to 1) [22,23]. Meanwhile, FC represents the water content that soil can retain
after undergoing saturation, followed by gravity-induced drainage, typically occurring
two to three days after rainfall or irrigation [24,25]. On the other hand, PWP refers to the
moisture level within the soil matrix that plants can no longer effectively absorb, leading to
wilting [26,27]. Figure 1 illustrates the graphical representation of the fully saturated state,
FC, and PWP. Measuring these ASWMPs in a large-scale agricultural practice presents
significant challenges due to soil complexity and the numerous factors influencing its
hydraulic behaviour [7,28,29]. Previous research has widely discussed the importance and
difficulty of field and laboratory measurements for SSHC, FC, and PWP [30-32]. Given
these challenges, there is an opportunity to develop indirect methods to estimate ASWMPs
based on fundamental soil properties.
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Figure 1. Relationship between fully saturated state, FC, and PWP. Adapted from [33].

Accordingly, this study aims to propose robust mathematical and computational
models for predicting SSHC, FC, and PWP within applications in agricultural engineering.
The proposed models use Dry Bulk Density (DBD) and grain size composition (i.e., sand,
silt, and clay contents) as input variables, which cultivators can easily determine at minimal
expense. Thus, this investigation seeks to empower agriculturists to adopt precision
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irrigation and management strategies even under substantial budget constraints, thereby
reducing resource waste and promoting sustainable agribusiness practices.

The remainder of this paper is structured as follows. Section 2 describes the adopted
database and the characteristics of the analyzed soil samples. Section 3 outlines the de-
velopment of mathematical and computational models based on statistical correlations
and Deep Neural Networks (DNNSs), respectively. Subsequently, Section 4 assesses the
precision and performance of these models. Then, Section 5 presents a detailed discussion
of the primary advantages and challenges associated with the proposed models. It out-
lines their key benefits, identifies potential limitations, and explores the implications for
practical applications in the field. Finally, Section 6 summarizes the research findings and
key conclusions.

2. Data Source

This study utilized the NaneSoil database to develop mathematical and computational
models for predicting three ASWMPs: SSHC, FC, and PWP. This open database was pub-
lished in 2023 [34]. The previously mentioned research, along with [21,35,36], provides
detailed information on data collection. NaneSoil contains 900 records detailing the ex-
perimental characterization of agricultural soils in San Juan del Rio (Querétaro, Mexico).
Table 1 classifies these soil samples based on soil texture and cultivated crops, while Figure 2
presents a ternary plot illustrating the grain size distribution of the analyzed soil samples.

Table 1. Variety of studied soil samples.

Soil Textures Crops
Type No. of Samples (-) Type No. of Samples (-)
Clay 30 Maize (Zea mays L.) 180
Clay loam 64 Alfalfa (Medicago sativa L.) 135
Loam 106 Barley (Hordeum vulgare L.) 135
Sandy clay 10 Oats (Avena sativa L.) 135
Sandy clay loam 140 Sorghum (Sorghum vulgare Pers.) 135
Sandy loam 108 Wheat (Triticum aestivum L.) 90
Silt 136 Beans (Phaseolus vulgaris L.) 45
Silt loam 150 Carrots (Daucus carota L.) 45
Silty clay 23
Silty clay loam 133
Sand content (%/100)
10
DBD (g/enr)
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Figure 2. Grain size distribution of the analyzed soil samples.
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According to Table 1 and Figure 2, the NaneSoil database covers a wide variety of grain
size distributions, from fine-grained soils (e.g., clay and silt) to predominantly granular
soils (e.g., loam and sandy loam). Further insights into the database can be found in
Figure 3, which shows a scatterplot matrix of the selected variables, i.e., four input variables
and three output variables. The input variables correspond to the DBD and the grain size
composition (sand, silt, and clay contents), while the output variables correspond to three
ASWMPs: SSHC, FC, and PWP. Figure 3 reveals strong correlations between several of
the input and output variables: (i) DBD and SSHC, (ii) clay content and SSHC, (iii) clay
content and FC, and (iv) clay content and PWP. These findings suggest that DBD and the
clay content are the most significant input variables, whereas sand and silt contents exhibit
a weaker direct relationship with ASWMPs.
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Figure 3. Scatterplot matrix of the addressed variables. Units: DBD—g/cm?; sand content—2%/100;
silt content—%/100; clay content—%/100; SSHC—cm/day; FC—cm?®/cm3; PWP—cm3 /cmB.

3. Methods

This research employs two types of methods to develop predictive models of ASWMPs,
namely mathematical and computational modelling. On the one hand, mathematical
modelling is based on statistical correlations. On the other hand, the computation modelling
is focused on a specific Machine Learning (ML)-based technique called Artificial Neural
Networks (ANNSs). These methods are described in detail below.

3.1. Mathematical Modelling

In order to establish mathematical correlations between the input variables (i.e., DBD,
sand content, silt content, and clay content) and output variables (i.e., SSHC, FC, and PWP),
it is necessary to analyze the dependence between each variable and the others. While
Figure 3 presents initial findings, further examination is required. In order to support this,
Figure 4 displays a heatmap illustrating the dependence between variables, showing the
coefficient of determination (R?) for these relationships.

The heatmap in Figure 4 confirms that the three ASWMPs studied correlate highly
with the DBD and clay content. It is important to highlight that clay content stands out as
the most influential input variable. In this regard, it is worth a more in-depth inspection of
the relationships between variables described in Figure 3. These results are shown later in
the manuscript.
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Figure 4. Heatmap of the addressed variables.

3.2. Computational Modelling

Although mathematical models can be very accurate, they may not be robust enough
to describe non-obvious relationships between variables. Moreover, mathematical models
are weak in terms of adaptability because they rely on fixed equations and predefined
assumptions (e.g., linearity or homogeneity). Once formulated, mathematical models are
often static and struggle to accommodate new data, changing conditions, or unexpected
complexities. Fortunately, ML-based techniques can easily overcome these limitations
and significantly improve the precision of models (i.e., compared to classical statistical
correlations) [37,38].

Initially, it is essential to demarcate what ML is. Although there is no consensus in
the literature, it is possible to provide a definition widely accepted by the engineering and
scientific communities. In this regard, ML is the branch of artificial intelligence that focuses
on developing statistic-based algorithms that enable computers to learn from data and
subsequently generate predictions, inferences, or decisions [39-41]. Within the broad set of
ML algorithms for regression problems, it is possible to mention the decision trees, random
forest regression, gradient boosting machines, support vector regression, and Artificial
Neural Networks [42-44].

This research uses ANNs to predict three ASWMPs (i.e., SSHC, FC, and PWP).
ANNSs are computational models inspired by the human brain, designed to recognize
patterns and solve complex problems thanks to their capability to generalize from
instances/samples [45,46]. ANNs consist of layers of interconnected nodes (i.e., the so-
called neurons) that process data through weighted connections and activation func-
tions [47,48]. ANNSs learn by adjusting these weights based on input data along the
epochs (i.e., the training-and-testing cycles) [49,50]. This study employs a specific type of
ANN, namely Deep Neural Networks (DNNs). The DNNs are characterized by having at
least two hidden layers with densely connected neurons, allowing them to capture intricate
relationships within data [38,51]. The design of the computational architecture and the
performance of the proposed DNN-based model are presented later in the manuscript.

4. Results
4.1. Statistical Correlations

The previously mentioned correlations between the input and output variables are
stated in Equation (1) (DBD vs. SSHC), Equation (2) (clay content vs. SSHC), Equation (3)
(clay content vs. FC), and Equation (4) (clay content vs. PWP). Based on R?, these equations
demonstrate predictive accuracy of 73.45%, 96.41%, 71.72%, and 85.52%, respectively.
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Figure 5 shows a graphic representation of these mathematical models, highlighting that
SSHC and PWP can be predicted with high accuracy using Equations (2) and (4). However,
FC predictions could benefit from a more refined model. Therefore, an additional correlation
is introduced in Equation (5), which is validated through statistical tests (Student’s t and
F-tests) in Table 2. This equation estimates FC based on DBD and grain size distribution
(sand, silt, and clay contents) and achieves an adjusted R? value of 0.9106, indicating
high precision.
SSHC = 1.9736 DBD”213 1)
SSHC = 121.4323 ¢ 80393 clay )
FC = —7.1825 clay® + 7.3802 clay® — 1.7429 clay + 0.3695 ®3)
PWP = 0.8404 clay® + 0.0035 clay + 0.0976 4)
FC = 0.2351 + 0.2803 In(DBD + 1) — 0.5122 In(sand + 1) — 0.2374 In(silt + 1) 4+ 0.2891 In(clay + 1) (5)
where
SSHC is expressed in cm/day;
FC and PWP are expressed in cm?/cm?;
DBD is expressed in g/cm?;
sand, silt, clay are the sand content, silt content, and clay content, respectively. All are
expressed in %/100.
150 + ' 150 +
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Figure 5. Graphic analysis of the proposed mathematical models.
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Table 2. Parameters and statistical tests associated with Equation (5).
Coefficients 95% Confidence Interval Statistical Tests
Parameters . Std. Lower Upper
Estimate Error Limit Limit t Value Pr(>1tl) F Value Pr >F)
Intercept 0.23512 0.04370 0.14934 0.32089 5.380 953 x 108
In (DBD+1) 0.28034 0.03289 0.21579 0.34488 8.524 <2 x10-16 3344.793 <2.2 x10716
In (sand+1)  —0.51224 0.02604 —0.56334 —0.46113 —19.671 <2 x10716 4604.163 <2.2 x10~16
In (silt+1) —0.23735 0.03064 —0.29749 —0.17721 —7.746 257 x10~ 14 1126.254 <2.2 x1016
In (clay+1) 0.28913 0.03195 0.22642 0.35183 9.049 <2 x10716 81.893 <22 x10716

Model information

Residual standard error: 0.01726 on 895 degrees of freedom. Multiple R?: 0.911, Adjusted R?: 0.9106.
F-statistic: 2289 on 4 and 895 degrees of freedom, p-value: <2.2 x 10716

4.2. Artificial Neural Network

Mathematical models in Equations (1)—(5) show significantly high accuracy and can
serve as reliable tools for preliminary estimates in daily agricultural engineering practices.
Nonetheless, advanced computational models offer even greater predictive accuracy. In
order to enhance precision, this study also proposes a DNN-based model to simultaneously
predict SSHC, FC, and PWP. For this purpose, it is necessary to start by applying data
pre-processing techniques.

Table 3 presents the basic statistical description (minimum, maximum, mean, median,
standard deviation, kurtosis, and skewness) of the variables obtained from the NaneSoil
database. Table 3 shows that these variables present diverse units and order of magnitudes.
This scenario can yield a challenging learning process, even avoiding the convergence of
several ML models [37,52,53]. Consequently, it was decided to perform a data processing
technique named feature scaling. In order to address this, feature scaling was applied using
Equation (6) [54,55], the so-called min-max scaling with a target range of [—1, 1]. This
transformation standardizes all variables, rendering them dimensionless and ensuring that
all values fall within the specific range [41,56]. The main advantage of this procedure is
that all the transformed variables lose their units and become dimensionless quantities.
Also, all the data records are between the specified range (i.e., from —1 to 1). Table 4
summarizes the statistical description of the scaled dataset, confirming that mean, median,
and standard deviation values remain within the expected range (between —1 and +1).
Notably, kurtosis and skewness values did not change after scaling, indicating that the
transformation preserves the original data distribution and does not mitigate the effect
of outliers.

Table 3. Statistical description of the original variables.

V(%lri‘llz)l € Minimum Maximum Mean Median ]ggzriuaitai 1::1 Kurtosis Skewness
DBD (g/cm?) 1.0200 1.6250 1.2855 1.2800 0.1127 —0.5856 0.1847
Input sand (%/100) 0.0007 0.7783 0.3114 0.2835 0.2021 —1.2870 0.1695
Variables silt (%/100) 0.0080 0.9200 0.4691 0.4527 0.2346 —0.5320 0.5889
clay (%/100) 0.0212 0.5946 0.2195 0.2174 0.1205 —0.2931 0.2973
SSHC (cm/day) 1.2000 123.6000 34.1541 18.7200 34.0005 —0.1770 1.1713
V;‘il;]‘;ltes FC (cm3/cmd) 0.1750 0.4750 0.3013 0.2950 0.0577 0.3122 0.6273
PWP (cm?/cm?) 0.0700 0.3590 0.1511 0.1380 0.0551 3.3849 1.6833
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Table 4. Statistical description of the scaled variables.

V&Ijlr?}t’)l € Minimum Maximum Mean Median Standard

P Kurtosis Skewness
Deviation

DBD (-) —1.0000 1.0000 —0.1223 —0.1405 0.3725 —0.5856 0.1847

Input sand (-) —1.0000 1.0000 —0.2009 —0.2726 0.5198 —1.2870 0.1695
Variables silt (-) —1.0000 1.0000 0.0112 —0.0248 0.5145 —0.5320 0.5889
clay (-) —1.0000 1.0000 —0.3083 —0.3157 0.4203 —0.2931 0.2973

SSHC (-) —1.0000 1.0000 —0.4615 —0.7137 0.5556 —-0.1770 1.1713
V;?il;‘:)lfes FC (-) —1.0000 1.0000 -0.1577 —0.2000 0.3846 0.3122 0.6273
PWP (-) —1.0000 1.0000 —0.4391 —0.5294 0.3810 3.3849 1.6833

Xoriginal — Xinin X

X = Target
scaled Xonax — Xomin ( arge

— Target + Target, ;. (6)

max min)

where
Xscaled TEPTEsents a scaled data point between a specific range;

Xoriginal Tepresents a data point on the original scale;

Xmin is the minimum value (of a variable) within the adopted data records;
Xmax is the maximum value (of a variable) within the adopted data records;
Target
Target

min 18 the minimum value specified for the scaling range. In this case, —1;

max 18 the maximum value specified for the scaling range. In this case, 1.

After the feature scaling, the 900 data records were divided into three datasets: (i) train-
ing dataset: 80% for (720 records), (ii) testing dataset: 10% (90 records), and (iii) validation
dataset: 10% (90 records). For this study, the DNN's input layer comprises four neurons,
i.e., one for each input variable (DBD, sand content, silt content, and clay content). The
output layer consists of three neurons corresponding to the three ASWMPs (SSHC, FC, and
PWP). The number of hidden layers and neurons was determined through a trial-and-error
process, resulting in the architecture presented in Figure 6. According to this graph, the
designed DNN has four hidden layers, each with 80 neurons. Therefore, this computa-
tional model is composed of 20,083 trainable parameters. Table 5 explains the process of

calculating the number of trainable parameters.

Layer Hidden Layers Layer

000
|
o

.?.

000

000

e St s ) S [ A i

|
|
|

000

Optimizer: Adamax

Figure 6. Proposed DNN model.
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Table 5. Number of trainable parameters.

Laver Number of Neurons Number of Biases Number of Neurons  Number of Parameters
y Received (Nr) (NDb) Contained (Nc) [(Nr + Nb) x Nc]

First hidden layer
Second hidden layer
Third hidden layer
Fourth hidden layer
Output layer

4
80
80
80
80

80 400
80 6480
80 6480
80 6480
3 243

O T S S Y

Total number of trainable parameters 20,083

In Figure 6, it is evident that the proposed DNN model has two main characteristics.
The tangent hyperbolic (tanh) activation function is applied to the hidden and output
layers. This activation function was deliberately included because it yields all the out-
going values of a layer to be located within the closed range between —1 and 1 [57,58],
which is particularly desired in this case study due to the feature scaling previously in-
troduced. The Adamax algorithm is used as the optimization method. Adamax, a robust
first-order gradient-based optimizer, that uses the concept of exponentially weighted in-
finity norm and Exponential Decay Rate (EDR) to modify the learning rate based on data
characteristics [59,60]. Table 6 shows a detailed explanation of this optimizer and the
hyperparameter values used in this study.

Table 6. Implementation of the Adamax optimizer.

Working Principle. Adapted from [37,61]. Adopted

Pseudocode

Legend Hyperparameter Values

t,m,uw=0,0,0,0
fort=1toTdo

t—iteration index
m—first moment vector
u—exponentially weighted infinity norm

gt =Vw X W w—convergence parameter (weight variable) B1 =09
m=p1 xm+(1—p1) xg T—number of iterations to reach the convergence B> =0.999

u =max(p2 X u, abs(g)) gr—gradient Ir = 0.0007
Ir=1Ir/(1 — B17t) B1—EDR for the first moment estimates € =0.0000001

w=w —Ir xm/(u+e¢)
end for

3,—EDR for the exponentially weighted infinity norm
Ir—learning rate
e—small constant for numerical stability

4.2.1. Model’s Precision

The proposed model required 3000 epochs. This number of training-and-testing
cycles was determined using the early stopping technique over the adopted loss function,
i.e.,, Mean Squared Error (MSE, Equation (7)). Figure 7 illustrates the evolution of the loss
function along with an additional error metric, the Mean Squared Logarithmic Error (MSLE,
Equation (8)), over the epochs. In addition, the model’s precision was evaluated using
five goodness-of-fit parameters: R? and four error metrics. These error metrics include the
MSE, MSLE, Mean Absolute Error (MAE, Equation (9)), and Mean Absolute Percentage
Error (MAPE, Equation (10)) [37,38,51]. These results are presented in Table 7. According
to this table, the forecasting errors associated with the proposed DNN model are minimal
after 3000 epochs. Moreover, the R? values indicate that the computational model can
estimate SSHC, FC, and PWP with accuracies ranging from 98.7% to 99.7%, 97.4% to 97.8%,
and 91.4% to 94.0%, respectively. This accuracy is further evidenced in Figure 8 through
1:1 lines.
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1 m . N2
MSE = —)_(OD' — ED! )
m X (0D~ FD)
1 ) N
MSLE = BZ(ln(l +OD1) - 1n(1 +ED1)) ®)
i=1
1 ) )
MAE = —3 |OD' — ED' 9
mi; ©)
o | OD' — ED!
MAPE = Z (10)
) OD!
where
m is the number of addressed data records;
iis the data index;
OD' is an original /experimental data point;
ED! is an estimated data point.
003 --= Trailjing 0:005 e Trair‘|ing
--- Testing --- Testing
< 003 ~ 0.003 "W
g 0.02 B 0.002
0.01 W 0.001
000 0 560 10‘00 15‘00 20’00 25‘00 3000 0000 0 560 10‘00 15‘00 20‘00 25‘00 3000
Epoch (-) Epoch (-)
(a) Loss [MSE] (b) MSLE
Figure 7. Evolution of the loss function and MSLE over the epochs.
Table 7. Goodness-of-fit parameters associated with the proposed DNN at the final epoch.
Output Goodness-of-Fit Dataset
Variable Parameter Training Testing Validation
MSE 0.0011 0.0034 0.0020
MSLE 0.1849 0.1228 0.1266
SSHC MAE 0.0162 0.0252 0.0207
MAPE 0.1377 0.1460 0.0453
R? 0.9966 0.9873 0.9923
MSE 0.0033 0.0038 0.0031
MSLE 0.0069 0.0054 0.0035
FC MAE 0.0259 0.0342 0.0331
MAPE 0.1927 0.1793 0.2495
R? 0.9782 0.9736 0.9743
MSE 0.0103 0.0107 0.0070
MSLE 0.0244 0.0138 0.0137
PWP MAE 0.0341 0.0523 0.0426
MAPE 0.1926 0.6112 0.9279
R? 0.9325 0.9136 0.9397
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Figure 8. Comparison of measured and predicted values (1:1 lines).

4.2.2. Model’s Explainability

ML-based models, especially deep learning models (i.e., the ones built on ANNSs), often

function as black boxes, meaning their internal decision-making processes are complex

and complicated to interpret [62,63]. While most DNN architectures can be represented

as mathematical functions, explicitly writing them out is impractical (in most cases) due

to the sheer number of parameters, even tens of thousands in the simplest models [64,65].

The preceding leads to the performance of explainability analysis that permits to infer the

internal functioning of ML models. This research employs SHapley Additive exPlanations

(SHAP) and partial dependence assessments for this purpose.



Agronomy 2025, 15, 942

12 of 25

On the one hand, a Partial Dependence Plot (PDP) is shown in Figure 9. PDPs display
the effect of each input variable on a model’s predictions while averaging out the effects
of other variables [66,67]. In other words, the PDPs help to understand how the input
variables affect the average response of the addressed model [68,69]. Generally, steeper
curves with more remarkable changes indicate a greater dependence between that input
variable and the set of output variables [70,71]. Accordingly, the following findings can be
drawn from Figure 9:

e  The clay content has the strongest effect, with a sharp rise, suggesting a strong positive
impact on predictions at higher values. The preceding is consistent with the findings
discovered in Figures 3-5. These graphs showed that clay content is highly correlated
with all output variables, and there is a general upward trend between the clay content
and two ASWMPs (i.e., FC and PWP).

e  The silt content follows a pattern similar to that of clay but with a less pronounced
effect. Initially, the silt content shows a decreasing trend, but over time, it begins to
rise. This suggests that the model’s output also increases as the silt content augments.
Likewise, these results are congruent with Figure 3, where it is clear that there is a
general upward trend between the silt content and two ASWMPs (i.e., SSHC and FC).

e  The sand content exhibits a mild, oscillating effect, suggesting it moderately influences
predictions. The preceding agrees with Figure 4. Regardless, the sand content under-
goes a general downward trend, suggesting that the model’s output decreases as the
sand content augments. This dependency was previously observed in Figure 3, where
two ASWMPs (i.e., FC and PWP) diminished at higher sand content values.

e Finally, DBD shows a relatively stable effect with a slight falling pattern. This be-
haviour agrees with previous results in Figures 3 and 4, where it is notorious that DBD
has a moderate influence on the output variables and has a general downward trend
with two ASWMPs (i.e., FC and PWP).

0.3

— DBD
%sand

—_— %silt

— %clay

0.2

0.1

0.0

—-0.1

Partial Dependence (-)

—0.3 1

—-0.4

21.00 -0.75 -050 —0.25 0.00 0.25 0.50 0.75 1.00
Input Variable Range (-)

Figure 9. PDP for the proposed DNN.

On the other hand, SHAP analysis is presented in Figure 10. SHAP analysis, derived
from game theory, is a technique widely used to interpret ML models [37,72,73]. It quan-
tifies the contribution of each input variable to the model’s outputs by distributing the
prediction difference fairly among all input features, helping to explain how the model
works [74-76]. Nevertheless, it is important to highlight that SHAP results are sensitive to
slight modifications in model architecture and hyperparameter tuning [73,77,78]. In order
to provide insights into the proposed DNN’s decision-making process, two SHAP inter-
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Input Variables

pretations were conducted, namely a summary bar plot (see Figure 10a) and a summary
beeswarm plot (see Figure 10b). Below are the findings that can be drawn from Figure 10.
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Figure 10. SHAP analysis for the proposed DNN.

In the bar plot (see Figure 10a), SHAP values indicate the mean influence of input
variables on output variables [37,78]. The most influential variables, ranked in descending
order of importance, are clay content, sand content, silt content, and, finally, DBD. This
ranking indicates that clay content has the strongest impact on the model’s predictions,
followed by sand and silt content, while DBD has the least influence among these variables.
Notably, these results align with the patterns observed in the PDP, reinforcing the consis-
tency of the model’s behaviour and feature interactions. It is also interesting to emphasize
that although DBD alone is sufficient to estimate SSHC (see Equation (1) and Figure 5a), it is
the less important variable in the overall model response. The preceding can be attributed
to the fact that DNN is trained to predict all three ASWMPs simultaneously. As a result, the
model must balance the influence of each input variable across multiple outputs rather than
a single one. This leads to a second key insight, i.e., ANNSs can reveal hidden relationships
between variables that may not be apparent through traditional statistical approaches,
highlighting their ability to capture complex interactions within the data [42,44,47].

In the beeswarm plot (see Figure 10b), each point represents a SHAP value for a
particular data instance, with colour indicating feature magnitude (blue for low and red for
high values) [79-81]. The results from this analysis and the PDP show some similarities but
also key discrepancies in how the input variables describe feature importance and influence
on model output. Both plots suggest that the clay and silt contents have a notable impact
on predictions, but they reveal different insights into how these features contribute. The
beeswarm plot captures local feature importance, displaying how individual instances (with
varying feature values) impact model predictions. It highlights that the silt content tends
to have a negative effect, while the other input variables have both positive and negative
impacts depending on their values. The PDP, in contrast, provides a global perspective by
showing the average marginal effect of each feature on predictions. It indicates that the clay
content has a strong nonlinear influence, becoming more positive at higher values, whereas
the silt content also trends positively at higher values. These disparities arise because
SHAP values account for interactions between features in individual predictions, while
PDP isolates each feature’s effect by averaging over all other feature values. This means
that the beeswarm plot can capture complex interactions that PDP may not, explaining
why tendencies observed in the two plots can differ.
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4.2.3. Model’s Efficiency

When analyzing the efficiency of ANN-based models, two key factors are execution
time and memory consumption [82,83]. Execution time refers to the duration required to
train the model, which is influenced by factors such as network depth, layer complexity,
and hardware acceleration [84,85]. Meanwhile, memory consumption refers to the amount
of Random-Access Memory (RAM) needed to store model parameters, activations, and
gradients during the learning process [86,87]. Higher RAM usage can slow down processing
or even cause crashes if the system lacks sufficient memory [88,89].

These efficiency analyses do not provide insights into the accuracy of the results
but rather the willingness of potential users to adopt new computational models. High
execution times or elevated RAM consumption may discourage potential users, leading
them to favour traditional mathematical models that are easier to implement. This research
employs Python’s native modules “TIME” and the external library “PSUTIL” to determine
the runtime and RAM usage, respectively. In order to ensure reliability, 100 independent
runs were performed, with the results presented in Figure 11 through box-and-whisker
plots. Thus, the average running time and memory consumption were 8.52 min and 1.50 GB,
respectively. These results indicate moderate resource usage, making it convenient for
systems with typical memory capacities. Overall, these results demonstrate that the pro-
posed DNN model strikes a suitable balance between performance and resource efficiency,
making it accessible to a wide range of potential users.

890 T 1.60 T 150
8.80 1 — 158 1 '
156 T
o 870 T
2 o 1547 1.54
Z 860 T B-62 O 1527
£ g0t ABE2 853 5 150 T 450 1.50
s 8
5 148 1
B ga0t 8.43
146 T 1.46
830 T ——8.30 1.44 +
——1.43
8.20 + 142+
(a) Running time (b) Memory consumption

Figure 11. Efficiency analysis on the proposed DNN model.

It is crucial to note that the outcomes of these assessments are influenced by both
software and hardware specifications [37,38]. Therefore, to ensure transparency, the com-
putational resources used in this study are detailed as follows: Google Colab 1.2.0 (a cloud-
based Jupyter Notebook service) was employed as the development environment, while an
NVIDIA® Tesla T4 GPU was used as acceleration hardware.

4.2.4. Model’s Generalizability

K-fold cross-validation is a robust technique for assessing a model’s generalizability by
systematically partitioning the dataset into K subsets, or folds, ensuring that each data point
is used for both training and testing [90,91]. This approach mitigates bias and variance
by iteratively training the model on K—1 folds while evaluating its performance on the
remaining fold, averaging the results across all iterations [92,93]. K-fold cross-validation
comprehensively estimates the model’s predictive capability on unseen data by preventing
overfitting to a specific data partition [94,95].
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In this research, a five-fold cross-validation analysis was conducted on 900 data records
from the Nanesoil database to assess the generalizability of the proposed DNN and ensure
that its performance was not the result of multiple overfitting occurrences. Thus, for this
five-fold cross-validation process, the 900 data records were randomly partitioned into five
equal subsets of 180 records each. In each iteration, the proposed DNN was trained on four
subsets (i.e., a total of 720 data records) and tested on the remaining one, ensuring that
every data point was considered in the procedure.

Figure 12 shows the results of the k-fold cross-validation on the loss function. As seen
in this graph, the training and testing datasets evolve properly along the 3000 epochs for
all the folds, which implies that the proposed DNN model does not suffer from overfitting.
In this regard, potential users are free to choose either of the two learning approaches
employed in this study (i.e., train-test split or k-fold cross-validation) depending on their
specific application and validation needs. Regardless of the preferred approach, both alter-
natives have been demonstrated to produce consistently high-accuracy results, ensuring
reliable model performance.
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Figure 12. Results of the k-fold cross-validation on the loss function.

4.2.5. Comparison Versus Automatic ML-Based Models

Finally, comparing the proposed DNN model against an automatic ML-based frame-
work is essential to evaluate its performance, robustness, and practical applicability. Thus,
the H,O AutoML was adopted for comparative purposes [96]. HO AutoML provides an
automated pipeline that selects and tunes multiple ML models, optimizing them without
requiring extensive user intervention [96-98]. By benchmarking the proposed DNN against
this state-of-the-art automated framework, it is possible to assess whether the tailored
designed architecture offers competitive advantages in terms of accuracy.

By executing H,O AutoML on the Nanesoil database, this framework evaluated 20 dif-
ferent ML models spanning several methods. As a result of this implementation, it was
determined that the most accurate algorithm was a stacked ensemble model, which in
turn combines multiple base models (i.e., gradient boosting machines, extreme gradient
boosting, ANNSs, and distributed random forests) using a generalized linear model as
the metalearner.

The prediction results on the validation dataset obtained from this model are exhibited
in Figure 13. It was chosen to show the results for this dataset because it is the most critical,
as it represents data never before known by the model. As can be visually observed, the
H,O AutoML framework was highly accurate, yielding R? values of 0.9839 for the SSHC,
0.9717 for the FC, and 0.9305 for the PWP. This level of exactness is slightly lower than that
associated with the proposed DNN model (see Table 7).
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Figure 13. Results of the modelling with H,O AutoML.

In this regard, such a comparison highlights the strengths and potential limitations of
both approaches, offering valuable insights into the advantages of domain-specific DNN
customization over general-purpose automated modelling. Given that the H,O AutoML
framework demonstrated high accuracy yet still slightly underperformed compared to
the proposed DNN, this evaluation reinforces the practical significance of a tailored deep
learning approach. It ensures that the proposed model is not only theoretically robust but
also superior in predictive accuracy, making it highly relevant for real-world applications.

5. Discussion

First and foremost, it is important to highlight that the analysis of 900 soil samples
from the NaneSoil database, which includes a diverse range of soil textures, provides
valuable insights into the relationships between basic soil characterization and ASWMPs.
This diverse sample set ensured a comprehensive representation of soil types commonly
encountered in agricultural settings. By analyzing the relationships between the funda-
mental physical properties of soil and the three output variables (i.e., SSHC, FC, and PWP),
five mathematical correlations (Equations (1)-(5)) and one DNN architecture (see Figure 6)
were developed. These models demonstrated high accuracy, making them suitable for
preliminary estimations in agricultural engineering practices, particularly in the design
and assessment of intelligent irrigation systems.

5.1. Comparison of the Proposed Models

It is essential to highlight that the proposed DNN-based model is designed to pre-
dict SSHC, FC, and PWP simultaneously. The R? values for the forecasts ranged from
98.7% to0 99.7% for SSHC, 97.4% to 97.8% for FC, and 91.4% to 94.0% for PWP. Overall,
this level of precision surpasses that of the proposed mathematical models (71.7-96.4%)
and effectively captures more complex relationships between variables, which classical
statistical correlations fail to explain. These results indicate that the DNN model accurately
estimates ASWMPs, capturing a significant portion of the data’s variance and providing
precise estimations. The minimal forecasting errors and high R? values further demonstrate
the reliability of the developed model. Its high accuracy suggests that it can be effectively
utilized for informed decision-making in agricultural soil-water management practices.
Thus, the use of ML techniques, such as ANNS, offers a promising approach for improv-
ing the accuracy and precision of ASWMP predictions, potentially leading to optimized
agricultural practices and improved resource management strategies.

PDP and SHAP analysis were conducted in order to obtain insights into the explain-
ability and interpretability of the proposed DNN model. These assessments revealed that,
although the developed DNN exhibits certain computing patterns similar to those of the
introduced correlations, the influence of specific input variables on the output variables is
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less explicit. This is primarily due to the simultaneous calculation of all output variables
in the DNN, which obscures simpler relationships that are more evident in mathematical
models. Overall, these findings highlight the complex relationships between the studied
ASWMPs (i.e., SSHC, FC, and PWP) and the fundamental physical properties of soils (i.e.,
grain size distribution and DBD), emphasizing the importance of considering advanced
computational models to enhance ASWMP prediction.

SSHC, FC, and PWP are essential parameters for hydrological and agronomic re-
search [32,99]. Empirical and theoretical studies have shown that FC, PWP, and SSHC
positively correlate with clay content [24,100], which agrees with this investigation. How-
ever, DNN models have occasionally identified contradictory negative correlations. This
discrepancy is likely due to implicit correlations, nonlinear feature interactions, data bi-
ases, and the absence of physical constraints in DNN models. Additionally, mathematical
formulations can sometimes be restricted by factors such as computational limitations,
complexity, usability, data quality and uncertainty, and the suitability of model parameteri-
zations [38,101]. In this regard, future studies should consider hybrid modelling approaches
integrating ML-based techniques with physical knowledge to improve model accuracy
and interpretability.

5.2. Limitations of the Study

The main limitation of this study is the exclusion of organic carbon content as an
input variable due to the lack of this information in the NaneSoil database. This omission
is significant because organic carbon is a key determinant of soil structure, porosity, and
water retention, all of which strongly influence ASWMPs [102-105]. Its absence may impact
the accuracy and applicability of the predictive models, particularly in soils with elevated
organic matter content. Additionally, the study relies solely on the grain size distribution
and DBD to estimate ASWMPs, overlooking other critical factors such as soil mineralogy,
aggregation, and biological activity, which also regulate soil-water interactions. The
NaneSoil database, while extensive, may not fully capture the diversity of soil types, climatic
conditions, and agricultural practices worldwide, potentially limiting the generalizability
of the models.

Furthermore, although the proposed DNN-based model enhances predictive accuracy
by capturing nonlinear relationships, it does not fully account for dynamic soil-plant-water
interactions, which are crucial for real-world applications. Lastly, the interpretability of
ML models remains a challenge, as their complexity can obscure the underlying drivers
of ASWMP estimations, making it difficult for soil scientists and agronomists to derive
actionable insights. In this regard, future research should address these limitations by
incorporating organic carbon data, expanding the dataset to cover a broader range of soil
conditions, and integrating additional soil properties to enhance both the precision and
practical utility of ASWMP prognostic models.

5.3. Real-World Applications

Efficient water management in agriculture is crucial for sustaining crop productivity,
particularly in the face of climate change and increasing water scarcity. As can be seen in
Figure 14, ASWMPs play a crucial role in maintaining optimal crop health by regulating
soil moisture levels. This graph illustrates four key conditions: (i) over-saturation, where
excess water causes plant stress and waste; (ii) field capacity, where plants remain healthy,
but some water is lost; (iii) optimal moisture, which supports vigorous growth without
waste; and (iv) drought conditions, leading to wilting and irreversible damage. Hence,
maintaining soil moisture within the “plant available water” range is essential for maxi-
mizing crop productivity and minimizing the depletion of natural resources. In this way,
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developing mathematical and computational models for predicting ASWMPs plays a vital
role in optimizing irrigation strategies. Therefore, the models herein developed can be
used to integrate SSHC, FC, and PWP into intelligent irrigation systems that dynamically
adjust water application rates based on real-time data. By leveraging ML techniques, these
advanced irrigation solutions conserve water and enhance crop resilience to drought and
other environmental stresses [50,106-108].
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Figure 14. Impact of ASWMPs on crop health. Adapted from [1].

High hydraulic conductivity in sandy soils leads to rapid drainage, requiring frequent
irrigation to prevent moisture loss [109,110]. Conversely, fine-grained soils with low
hydraulic conductivity retain water longer but can lead to poor aeration and root suffocation
if over-irrigated [111]. Thus, smart irrigation systems integrate hydraulic conductivity data
to determine the optimal irrigation frequency and duration [112]. By incorporating FC data
into irrigation management, intelligent systems can ensure soil moisture remains within
the optimal range for plant growth. Automated irrigation controllers adjust watering
cycles to maintain soil moisture near field capacity without exceeding it, thus avoiding
unnecessary water wastage and preventing nutrient leaching [113]. This precision is
particularly beneficial in mitigating the impacts of drought, as crops are consistently
supplied with adequate moisture. Moreover, ML-driven irrigation technologies use soil
moisture sensors to detect when soil moisture approaches the PWP and trigger irrigation
before plant stress occurs. This proactive approach enhances crop resilience to drought
conditions by maintaining a stable water supply even during periods of low rainfall [112].

Accordingly, smart irrigation systems optimize water application rates and irrigation
schedules by integrating real-time readings of SSHC, FC, and PWP. These systems fur-
ther enhance decision-making by leveraging ML-based models to forecast future water
requirements based on historical data and climatic variables. Because of climate change,
uneven distribution of precipitation, and constantly increasing annual average air tempera-
ture, integrating soil science with smart irrigation will be key to addressing global water
challenges and ensuring food security [114-116].

5.4. Future Research Lines

Future research lines should focus on enhancing the accuracy and applicability of
ASWMP estimation models by incorporating additional soil properties, particularly organic
carbon content, which plays a crucial role in soil-water interactions and was not included
in this study due to database limitations. Future efforts should also explore the role of
biological factors, such as microbial activity and root-soil interactions, to develop more
holistic and ecophysiologically relevant ASWMP models, ultimately improving precision
irrigation strategies and sustainable soil management. Expanding datasets to include
a wider range of soil types, climatic conditions, and management practices would also
strengthen model generalizability.
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On the other hand, developing real-time measurement techniques and integrating
sensor-based monitoring systems could enable dynamic predictions of ASWMPs, improv-
ing adaptability to changing environmental conditions. Additionally, integrating advanced
ML techniques with mechanistic soil-water models could enhance both predictive perfor-
mance and interpretability, bridging the gap between data-driven insights and agronomic
decision-making.

6. Conclusions

This study presents a comprehensive investigation into ASWMP prediction using both
traditional mathematical models and advanced computational techniques. Through the
analysis of 900 soil samples from the NaneSoil database, this research provides valuable
insights into the relationships between the fundamental physical properties of soils and
ASWMPs, as well as the effectiveness of different modelling approaches. Based on the
results obtained, the following conclusions can be drawn:

e  The findings reveal strong correlations between the input variables (i.e., DBD, sand
content, silt content, and clay content) and the ASWMPs (i.e., SSHC, FC, and PWP).
In addition, mathematical models derived from these correlations demonstrate high
accuracy in estimating ASWMPs, making them suitable for preliminary estimations in
daily engineering practices.

e  DBD correlates significantly with SSHC, confirming that soil density influences its
hydraulic conductivity. Meanwhile, clay content strongly correlates with SSHC, FC,
and PWP, highlighting its importance in determining these ASWMPs. This underscores
the importance of soil texture in water retention and movement.

e  This study also highlights the limitations of traditional mathematical models in captur-
ing complex relationships, particularly when compared to advanced computational
models such as DNNs. The introduction of a DNN-based model offers a promising
approach for improving prediction accuracy and uncovering hidden relationships that
may not be evident through traditional statistical methods.

e  The developed DNN-based model exhibits exactness between 91.4 and 99.7%, thereby
exceeding the accuracy of the proposed statistical correlations (i.e., 71.7-96.4%).

Overall, this study enhances the understanding of soil-water interaction and provides
practical tools for informed decision-making in agricultural management, particularly in
the context of smart irrigation systems. By combining traditional mathematical models
with advanced computational techniques and leveraging interpretability methods such
as PDP and SHAP analyses, this research paves the way for more accurate and efficient
ASWMP prediction, ultimately supporting sustainable agricultural practices and resource
management strategies.
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Abbreviations

The following abbreviations are used in this manuscript:
ANN Artificial Neural Network

ASWMPs  Agricultural Soil-Water Management Properties
DBD Dry Bulk Density

DNN Deep Neural Network

ED! Estimated Data Point

EDR Exponential Decay Rate

FC Field Capacity

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

MSE Mean Squared Error

MSLE Mean Squared Logarithm Error

ML Machine Learning

oD! Original /Experimental Data Point
PDP Partial Dependence Plot

PWP Permanent Wilting Point

R? Coefficient of Determination

RAM Random-Access Memory

SHAP SHapley Additive exPlanations

SSHC Soil Saturated Hydraulic Conductivity
tanh Tangent Hyperbolic
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