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Abstract

Soil compaction, often the result of intensive mechanization, is a major concern because it increases the bulk density of
the soil, fundamentally altering its structure and reducing its capacity to support essential ecological and agricultural func-
tions. Therefore, soil monitoring is essential, particularly through its main quality indicator, bulk density. However, the
analysis of this attribute requires the collection of soil samples with subsequent laboratory analysis, which demands time
and qualified labor. Thus, this study aimed to develop a neuro-fuzzy model to estimate the bulk density of sandy soils
based on variations in the proportion of its particle size fractions. To achieve this, undisturbed samples were collected from
soils in four municipalities in northern Bahia, located along the shores of Lake Sobradinho. The proportion of particle size
fractions in the composition of each sample was used to develop models that integrate fuzzy logic and neural networks.
They employed the Takagi-Sugeno inference method and hybrid learning algorithms for parameter adjustment and bulk
density predictions. The performance of the models was evaluated using error statistics, with the model with the highest
accuracy in density predictions being selected, achieving an R? of 71%. It is important to emphasize that the neuro-fuzzy
model did not require data stratification and can be applied to estimate the sandy soil density of any soil type sampled.

Keywords Bulk density - Estimation of bulk density - Neuro-fuzzy model - Sandy soil

Introduction

Communicated by Hassan Babaie With frequent and intensive mechanization across all stages

of agricultural cultivation, resulting from the increasing
need to enhance crop productivity and work efficiency, the
machinery used in operations is becoming progressively
heavier and more powerful (McPhee et al. 2020). In this
scenario, soil compaction is a consequence of various pro-
duction systems. It restricts root development (Bengough
et al. 2006) due to higher soil density and penetration resis-
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tance, while also reducing air and water permeabilities.
Moreover, changes in porosity and infiltration increase sur-
face runoff, which, in severe cases, elevates the risk of water
and wind erosion (Horn et al. 1995; Mileusni¢ et al. 2022;
USDA 2023; Sturm et al. 2025).

In addition, soil compaction from farm machinery traffic
significantly increases the bulk density and cone index (pen-
etration resistance) by pressing mineral components closer
together, thereby reducing the air and water volume (Raper,
2005). This compression reduces the total porosity and mac-
ropore volume, decreasing the air permeability, relative gas
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diffusivity, and hydraulic conductivity by 55-82% (Kun-
coro et al., 2014).

Increased mechanical impedance also restricts root pen-
etration and oxygen availability, often stopping root growth
completely at soil strengths above 2.96 MPa. Diminished
pore space reduces root length density and alters root distri-
bution patterns, while the resulting poor infiltration creates
surface runoff pathways that aggravate soil erosion (Raper,
2005). Indirectly, compaction exacerbates soil erosion by
reducing infiltration rates and creating runoff pathways,
with wheel ruts functioning as conduits for surface water
flow (Raper, 2005; Jensen et al., 2025).

Therefore, monitoring soil quality through the evaluation
of its physical attributes has assumed a crucial role in the
sustainability of agricultural systems and the maintenance
of productive capacity (Herrick 2000). According to Cunha
et al. (2002) and Han and Wang (2023), soil bulk density
(BD) is traditionally used as a soil quality indicator because
of its relationship with other attributes, such as porosity and
moisture.

Thus, when the structural organization of soil undergoes
degradation, the immediate effect is an increased BD and,
consequently, alteration of porosity (Barbosa et al. 2020)
with increased mechanical impediment to root growth
(Gomes Junior et al. 2022). In this regard, granulometry sig-
nificantly influences the compressive behavior of different
soils owing to the rearrangement of particles (Zheng et al.
2023; Chen et al. 2024). This characteristic translates into
load-bearing capacity and soil resistance to deformation,
which substantially affects machinery and implements traf-
fic and crop development (Labelle and Kammermeier 2019).

When machinery loads exceed the precompression stress
threshold, it results in compaction that increases the bulk
density and reduces the porosity (Hamza and Anderson
2005). It substantially affects machinery traffic by elevating
rolling resistance and fuel consumption (Rima et al. 2024;
Jensen et al., 2025), while also restricting operational timing
due to increased vulnerability at high soil moisture content
(Hamza and Anderson 2005). For crop development, the
resulting soil deformation creates mechanical impedance
that severely restricts root elongation and diminishes water
infiltration, nutrient availability, and aeration, ultimately
reducing yields (Forster et al., 2020).

The relationship between bulk density and soil granu-
lometry is complex, as particle size, shape, and arrange-
ment significantly influence the degree of packing and the
resulting pore structure (Robinson et al., 2022; Zhang et al.,
2022). Soils with a higher content of coarse particles, such
as sand, tend to exhibit naturally higher bulk densities, due
to the relatively simple packing of these granular compo-
nents (Horn et al. 1995). Conversely, soils rich in finer par-
ticles, specifically clay and organic matter, generally have
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lower bulk densities (Raper, 2005). Clay and silt particles
promote aggregation, which creates greater total porosity
and a higher volume of macropores and micropores, thus
reducing the bulk density (Robinson et al., 2022).

The method commonly used to determine BD consists
of collecting samples with an undisturbed structure using
a volumetric ring of known volume (Teixeira et al. 2017).
Although low-cost and accessible, this method may alter
soil organization depending on the sampling tool, volume
of soil collected, and operator skill (Matsinhe et al. 2019),
masking actual soil conditions. In addition to the sample
collection process, laboratory analysis requires time and
qualified personnel.

Therefore, pedotransfer functions are commonly used
to estimate BD from easily available and measurable soil
attributes (Bernoux et al. 1998; Benites et al. 2007; Bar-
ros and Fearnside 2015; Souza et al. 2016; Beutler et al.
2017). However, their predictive potential may be limited
to experimental conditions or require data stratification by
horizon or soil class (Padua et al. 2015).

Owing to the complexity of the interactions involved,
decision support systems can be used to assist actions
(Omomule et al. 2020). In this context, mathematical and
computational modelling has been successfully used to
describe BD behavior (Bernoux et al. 1998; Benites et al.
2007; Barros and Fearnside 2015; Padua et al. 2015; Souza
et al. 2016; Beutler et al. 2017).

However, classical mathematical methods may not pro-
duce satisfactory results because of the subjectivity of infor-
mation and the presence of environmental factors in systems.
Alternatively, the application of methodologies based on
artificial intelligence, such as fuzzy logic and neuro-fuzzy,
is especially useful in dealing with complex problems and
imprecise information and in easily translating them into
mathematical languages (Halder et al. 2022). These systems
allow consistent modelling of cause-and-effect relationships
from available data and specialist knowledge. Furthermore,
some rules explicitly explain the dependency and relation-
ships between the model factors, assisting in decision-mak-
ing (Novak 20006).

Thus, various studies have achieved good performance
utilizing fuzzy modelling applied to soil response simula-
tions, such as soil attribute mapping (Zhu etal. 2010; Beucher
et al. 2014), landslide susceptibility analysis (Akgun et al.
2012; Osna et al. 2014), quality analysis of soils undergo-
ing recovery (Branco et al. 2021), and its applicability in
agriculture (Godinho et al. 2022). However, studies evaluat-
ing BD prediction using intelligent models such as fuzzy
logic and neuro-fuzzy are lacking. Thus, this study aimed
to develop a neuro-fuzzy model to estimate the bulk density
of sandy soils based on variations in the proportion of its
particle size fractions and their complex relationships.
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Fig. 1 Region from which
samples were collected
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Materials and methods
Sites and soil sampling

This study was conducted in two stages: an experimental
stage involving soil sample collection in four municipali-
ties in northern Bahia and a neuro-fuzzy model training and,
validation, and test stages.

Sampling was conducted in the Lower Middle Sao Fran-
cisco region, covering the municipalities of Sobradinho,
Casa Nova, Remanso, and Sento Sé. These areas are located
along the shores of Lake Sobradinho in the northern part of
Babhia State (Fig. 1).

The region has a hot, semi-arid climate (BSh type,
according to the Kdppen classification), with annual rain-
fall between 500 mm and 900 mm. Precipitations are con-
centrated from December to March, followed by prolonged
drought periods. The natural vegetation hyperxerophilic
caatinga (seasonally tropical dry forest) (Queiroz, et al.,
2017), typical of the steppe-savanna biome. The study sites
were chosen because they represent the soil types most
commonly used for agriculture in the region (Table 1), such
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Table 1 Soil classification and sampling depth

Municipality Soil classification (WRB) Sampling
depth (cm)
Sobradinho Cambisols, Acrisols 0-150
Casa Nova Acrisols, Ferralsols, Areno- 0-210
sols, Planosols
Remanso Ferralsols, Arenosols 0-200
Sento Sé Acrisols, Arenosols, Planosols 0-200

as Acrisols, Cambisols, Planosols, Arenosols, Ferralsols and
Luvisols (Arcoverde et al. 2015). Soils used primarily for
agricultural purposes, mainly for the cultivation of onions,
bananas, watermelons, melons, and cassava.

Laboratory analysis

Bulk density (BD)

The BD of each sample was analyzed using the volumet-
ric ring method. This method involves collecting an undis-
turbed soil sample using a metal ring (or cylindrical core

sampler) of a precisely known internal volume (Rodriguez
et al. 2025; Teixeira et al. 2017). Rings of 0.05 m height and
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0.0508 m (2 in) diameter were utilized, totaling a volume
of 101.33 cm?. The undisturbed samples were oven-dried at
105-110 °C for 24 h. BD was calculated using Eq. 1.

BD =m/)V (1)

where BD is the bulk density (kg dm>); m is the dry weight
(g), and V is the internal volume of the Kopecky ring (cm™>).

Particle size distribution

To determine the proportions of clay, silt, and sand fractions,
particle size analysis was performed according to Teixeira et
al. (2017), in addition to fractionation of sand subclasses
according to the United States Department of Agriculture
(USDA) classification: very fine sand (VFS), from 0.10 mm
to 0.05 mm; fine sand (FS), from 0.25 mm to 0.10 mm;
medium sand (MS), from 0.50 mm to 0.25 mm; coarse
sand (CS), from 0.50 mm to 1.00 mm; and very coarse sand
(VCS), from 2.00 mm to 1.00 mm in diameter.

The particle size fractions and bulk density of each sam-
ple were summarized using descriptive statistics, such as the
mean, standard deviation (SD), and coefficient of variation
(CV), and illustrated using box plots. In this graph, the box
represents the interquartile range, showing the spread of the
middle 50% of the data points, and its central line represents
the median. The relationships among these variables were
examined using the Pearson correlation coefficient (r) and
its significance level.

Neuro-fuzzy modelling

Neuro-fuzzy systems were developed, and their parameters
were adjusted based on the collected soil sample data. The
response variable was soil density (BD), and the model
input variables were the values of very coarse sand (VC),

coarse sand (CO), medium sand (ME), fine sand (FI), very
fine sand (VF), clay (CL), and silt (SI).

For neuro-fuzzy system development, these data were
randomly distributed into two groups, with 69.8% (257
observations) for training (model parameter adjustments),
15.2% (56 observations) for validation, and 14.9% (55
observations) for testing. This proportion provided suf-
ficiently large dataset for the system to learn the complex
nonlinear relationships among the seven particle size inputs
while still preserving a substantial, independent subset
to assess predictive accuracy and avoid overfitting. This
approach balances model complexity with data availabil-
ity, providing reliable performance metrics without sacri-
ficing the statistical power required for a high dimensional
neuro-fuzzy model.

Models were developed in MATLAB® Fuzzy Toolbox
platform, version 7.13.0.564 (R2011b) using the Takagi-
Sugeno inference method (Takagi and Sugeno 1985) selected
for its efficiency in previous studies (Lins et al. 2021; San-
tos et al. 2024). The method is based on IF-THEN rules, in
which rule R, is denoted by Eqgs. 2 and 3, respectively.

RuleRy : IF (x1is A1) A (x2isBs) )
THENy, = a1 + 01121 + 1222 )

RuleRy : IF (x1is Ag) A (x2isBs) 3
THENys = g + 2121 + 2222 @)

Figure 2 illustrates the typical architecture of a neuro-fuzzy
system with five layers for predicting unknown data, with
inputs (X, ..., X;) representing the aforementioned particle
size fractions and output f, soil density. In the figure, the
circles represent fixed nodes, and the rectangles represent
adaptive nodes, whose membership function and fuzzy rule
parameters are optimized by the neural structure. Terms A,
..., and G denote linguistic terms, each represented by 2

Fig.2 ANFIS architec- Hidden layers
ture. Source: Adapted from Jang |
(1993) I Layer 2 Layer 3 Layer 3 I
Layer 1 Antecedent rules Nomalization Defuzzification
Fuzzyfication (THEN-part)
(IF-part)

Crisp inpuls

Al
X4 <

A2

G1
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membership functions that translate, in mathematical terms,
imprecise information from the real world (Mendel 2024).

Different membership functions (Gaussian, trapezoidal,
and triangular), numbers of training sections, and optimi-
zation methods (backpropagation and hybrid) were also
tested. The model with the lowest prediction error was
selected. The generalization capacity was evaluated using
an independent dataset that was not included in the training
stage; the test set was used to assess the model’s perfor-
mance, allowing the calculation of error statistics in a con-
sistent manner.

Model performance

Model performance, which is fundamental to increase
confidence and enable model selection (Tedeschi 2006),
was evaluated by comparing predicted and observed val-
ues from the test set (15% of the total dataset). Student’s
t-test was used to test the mean differences. Accuracy was
quantified using bias, mean absolute error (MAE), coef-
ficient of determination (R?), mean squared error (MSE),
root mean squared error (RMSE), root mean squared
logarithmic error (RMSLE), mean absolute percentage
error (MAPE), and Nash—Sutcliffe efficiency coefficient
(Nash and Sutcliffe 1970), calculated by Eq. 4 to 11,
respectively.

1
Bias = Nz i]il (P, — 0y) 4

1 N
MAE =37 [P~ O (%)

YL (Pi-P)e (0:-0)

RMSLE = \/%Z il[log (05 +1) —log (P, + 1)) 9

1N |0;— P,
MAPE = =% o (10)
N 2
NSE=1- [Z iN=1(PZ @2 (11)
Z i:l(oi - O)

where 7 is the total number of samples, P; is the i-th pre-
dicted values, O, is the i-th observed value, P is the aver-
age of predicted values, and O is the average of observed
values.

Results and discussion
Physical characteristics of soils

The bulk density and particle size data used to develop the
neuro-fuzzy models are listed in Table 2. Among the sand
fractions, total, medium, and fine sands had the highest
mean values. Bulk density exhibited lower variability than
the other attributes, which is consistent with the findings
of Siqueira et al. (2008). The statistical distributions of the
input and output variables are shown in Fig. 3.

Relationship between variables

Figure 4 presents the magnitude and direction of the linear
relationships between the studied variables. Based on Pear-
son’s coefficient classification presented by Ratner (2009), a
negative correlation was observed between soil density and

2
R = N —\2 N 2 ©) smaller particles: moderate (0.5 < |r] < 0.7) for clay (CL)
\/Z i:l(Pi —P) e 3L, (0i— O) and weak (0.3 < |r] < 0.5) for silt. In contrast, the densit
3< . . ) y
1 N and larger fractions showed a positive correlation, which
MSE = 72 (P - Oi)2 @) was weak for coarse sand (CO) and medium sand (ME),
N =1 and negligible (Jr] < 0.3) for very coarse sand (VC) and fine
RMSE — VIISE @) sand (FI). This result is (j‘onsistent with Padua et al. (2015),
who reported a correlation of 0.46 between sand content
Table 2 Descriptive statistics of the physical attributes of soils
Attribute Samples Mean Minimum Maximum SD CV(%)
Very coarse gkg™! 368 26.818 5.98 75.15 17.129 63.87
Coarse gkg! 368 54.078 20.08 135.59 25.448 47.06
Medium gkg! 368 263.583 63.69 501.59 100.777 38.23
Fine gkg! 368 259.393 111.10 496.30 68.227 26.30
Very fine gkg! 368 151.085 48.80 265.00 42.609 28.20
Silt gkg! 368 63.344 0.35 312.74 46.738 73.78
Clay gkg! 368 181.709 39.00 407.80 83.777 46.11
Bulk density kg dm3 368 1.506 1.33 1.77 0.086 5.70

SD standard deviation, CV coefficient of variation

@ Springer



28 Page 6 of 13

Earth Science Informatics (2026) 19:28

A Inputs

-
i

=8

VC COME FI VF SI CL
Granulometric fractions

B Output

Wl T

-3

1.6

kg dm

1.4

BD
Bulk density

Fig. 3 Box plots of (a) particle size composition and (b) bulk density. Note: Very coarse (VC); coarse (CO); medium (ME); fine (FI); and very fine

(VF) sand; clay (CL); silt (SI); and bulk density (BD)

and bulk density at depth of the 0—100 cm. According to
the authors, the comparison consisted of a straightforward
Pearson correlation of the measured bulk density and sand
percentage data across all depths combined.

Regarding smaller particles, silt and clay fractions con-
tribute favorably to reduce bulk density because of their
intrinsic physical and chemical characteristics that promote
a porous and less compact structure than sand-dominated
soils (Li and Tang 2022). Owing to the greater surface area
of clay per unit volume, its surface electrical charges facili-
tate bonding between clay and other soil fractions, such as
silt and organic matter, forming stable aggregates (Luciano
et al. 2012). These structures form intra- and inter-aggre-
gate pore spaces, contributing to increased total porosity
and, consequently, density reduction (Masis-Meléndez et al.
2015). This negative correlation was also observed by Bar-
ros and Fearnside (2015), Luciano et al. (2012), Silva et al.
(2018), and Souza et al. (2016).

Silt, although not as reactive as clay, contributes to space
filling and can participate in microaggregate formation, par-
ticularly in the presence of clay and organic matter (Li and
Tang 2022). Padua et al. (2015) further emphasized that the
presence of silt and clay favors the development of granu-
lar and blocky structures, which are more porous than the
simple grains typical of sandy soils.

In contrast, the positive linear relationship between sand
fraction and soil bulk density can be explained by their more
regular granular form, which contributes to compaction,
especially when there is a mixture of different sand frac-
tions, in which filling of interstitial spaces is preponderant

@ Springer

(Abrahao et al. 1998). Furthermore, compared to silt and
clay, sand particles are chemically less reactive and possess
relatively smaller specific surface areas, resulting in a lower
tendency to form stable aggregates, which are crucial for
maintaining soil macroporosity (Padua et al. 2015).

Neuro-fuzzy model

The selected model possessed an ANFIS adaptive net-
work structure, according to the specifications indicated in
Table 3. The learning technique was hybrid, consisting of
the backpropagation of parameters associated with member-
ship function inputs and least squares estimation of parame-
ters associated with these function outputs. These functions
were triangular, with coefficients a, b, and ¢ (Eq. 12), in
which each crisp number in the input range was assigned
a degree of membership between 0 and 1, indicating its
belonging to a particular fuzzy set (Table 4).

, r< aandc< .

f(z;a,b,c) = =2, a< xz< b (12)
> b<z<ec

The ANFIS architecture employed triangular membership
functions for each of the seven input variables (VC, CO,
ME, FI, VF, SI, and CL), giving each input two linguistic
terms (IF-part in Fig. 2) that are defined by three coefficients
of the triangular membership function (MF). With seven
inputs and two MFs, the total number of adaptive (nonlin-
ear) nodes was 7x2x3=42. The total number of nodes in
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)
Table 3 ANFIS parameters the network (including the input, fuzzy, and output layers)
Parameter Specification comprised 294 ones. The figure was obtained by adding the
Membership function Triangular 7 input nodes, 14 MF nodes, 128 rule nodes (2’ possible
Number of nodes 294 IF-THEN combinations), and 2 output-layer nodes (error
Number of linear parameters 1024 back-propagation and defuzzification).
Number of non-linear parameters 42 The remaining ANFIS settings were derived directly
Epochs o _ 1000 from the model-building process. Each of the 128 fuzzy
Number of training data pairs 276 rules contributed a linear consequent (y = Y. a;x; + b), pro-
Numbe,r OfcbheCkmg data pairs 92 ) viding eight coefficients per rule (seven inputs and one
Defuzzification output Affine function . L1 . . ..
bias), yielding 128 x8=1024 linear parameters. Training
Error tolerance Error=0
N was performed for 1000 epochs on 276 randomly selected
umber of fuzzy rules 128 o . .
Optimization method Hybrid samples (70% of the 257 observations), while 56 and 55

samples (approximately 15%) served as validation and test

@ Springer
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Table 4 Input range and triangular function coefficients

Membership function (MF) coefficients (Fuzzification)

1th MF 2nd MF
Input Range a b c a b c
VC [8.055, 74.95] —58.84 5.60 74.27 12.11 72.32 141.84
(6[0) [20.07, 127.4] —87.28 19.44 127.20 24.00 126.79 234.79
ME [66.19, 501.6] —369.20 66.13 501.10 66.29 501.52 936.99
FI [111.3,496.3] —273.70 111.10 495.80 111.94 496.07 881.26
VF [48.8,265] —167.40 4891 265.00 49.04 265.15 481.28
SI [39, 403] —325.00 38.88 403.00 40.40 402.88 767.00
CL [0.35, 312.7] —312.00 —0.13 312.70 0.34 312.25 625.13

sets respectively. The defuzzification method was an affine
(linear) function, and the error tolerance was set to zero
(exact convergence criterion).

Model performance

Figure 5 illustrates the relationship between the soil bulk
density values predicted from the neuro-fuzzy simulation
(P) and the experimentally observed values (O), with the
ideal prediction represented by the diagonal line (P=0).
The model adequately fits the testing data, obtaining a cor-
relation coefficient of 84% (P-value<0.05) (Fig. 5).

The accuracy of bulk density prediction after model test
is summarized by the statistics presented in Table 5. A bias
of —0.0009 indicates the absence of the model’s tendency to
make predictions systematically above or below the observed
density values. The low magnitude of the errors was also
confirmed by the AME, MSE, RMSE, RMSLE, and MAPE.
The NSE, commonly used in model performance evaluation
in hydrology (Tongal and Booij 2018), was 69.5%, indicat-
ing good neuro-fuzzy model performance.

R=0.84,p=32e-16

1.7

—_
D
L

Predicted BD

-
w
L

1.4+

14 15 16 17
Observed BD

Fig. 5 Relationship between predicted and observed BD values after
testing the model
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The coefficient of determination R* was greater than
some pedotransfer models available in the literature and
developed from data from Brazilian soil samples, as shown
in Tabel 5. It is important to note that each reported R? value
reflects the individual study’s measure and cannot be used
to compare the performance of the models, because they
involve different numbers of predictor variables and other
factors that differentiate the data.

According to Table 6, most of these functions were
obtained using multiple linear regression (MLR). In these
studies, each independent variable was isolated and held
constant while the others were systematically varied to
observe their effects on soil density. In some analyses, sets
of specific soil particle size compositions required dedi-
cated models to enhance prediction accuracy (Bernoux et
al. 1998; Padua et al. 2015; Chen et al. 2024; Arbor et al.
2024; Gu et al. 2025; Bashir et al. 2025).

The studies selected for comparison (Table 6) developed
pedotransfer functions to predict soil bulk density using
readily measured soil properties, and typically incorporated
organic carbon, clay content, and pH as the most influen-
tial predictors. A recurring finding was that stratifying the
dataset by soil taxonomy markedly improved model per-
formance. For example, Padua et al. (2015) achieved an
adjusted R? of 0.85 for Oxisols when data were grouped
by order, and Barros and Fearnside (2015) reported an R?
of 0.73 for locally calibrated models versus poorer fits of
generic equations. Bernoux et al. (1988) obtained R? values
up to 0.79 for A horizons in Oxisols but lower for Podzoli-
cos, highlighting taxonomic dependence.

Table 5 Model error statistics

Error statistics Value

R? 0.7120
Bias —0.0009
Mean absolute error 0.0355
Mean squared error 0.0020
Root mean squared error 0.0445
Root mean squared logarithmic error 0.0178
Mean absolute percentage error 0.0236
Nash-Sutcliffe efficiency coefficient 0.6946
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Table 6 Comparison of bulk density prediction models

Authors Predictor vari-  Method R?
ables
Piduaetal. 2015  TS,CL,SOC, MLR® 0,51-0,85®
CEC, SI
Bernoux et al. 1998 SOC, TS, CL, MLR 0,37-0,79
pH
Barros and Fearn-  CL, pH MLR 0,73
side 2015
This work VC, CO, ME, Neuro-fuzzy 0,71
FI, VF, SI, CL
Benites et al. 2007 CL, SOC, SB MLR 0,66
Souza et al. 2016 CL, SOC, CEC, Random 0,51
pH, SB, SI® Forest
MLR 0.47
Beutler et al. 2017 CL, SOC MLR 0,47

(1) TS: total sand; CL: clay content; SOC: soil organic carbon; CEC:
cation-exchange capacity; SB: sum of bases; VC: very coarse sand;
CO: coarse sand; ME: medium sand; FI: fine sand; VF: very fine
sand; SI: silt particles; and bulk density (BD)

(2) MLR: multiple linear regression
(3) Adjusted coefficient of determination

(4) The models include the environmental variables

The simplified model developed by Benites et al. (2007)
explained 66% of the variance and exhibited the lowest bias
among several benchmark equations, while Beutler et al.
(2017) found that a SOC and CL function still retained rea-
sonable predictive power and that models developed for min-
eral soils performed poorly on high-organic-matter horizons.
Collectively, these studies prove that horizon-specific calibra-
tion and data stratification are key to achieving accurate bulk
density predictions. This demonstrates that the neuro-fuzzy
methodology provides a more reliable and versatile tool for
estimating sandy soil bulk density than conventional models.

Response surface

The analysis of the neuro-fuzzy model response surface
allowed the examination of complex relationships between
particle size fractions and bulk density (BD). Figure 6 illus-
trates the simultaneous effects of fine sand (FI) and clay (CL)
on soil density. Both the increase in the fine sand and the clay
contents contributed to reducing the response variable.
Although the fine sand fraction is commonly associated
with an increased density by filling the space between larger
particles and, consequently, forming a denser arrangement
(Luciano et al. 2012), Braida et al. (2006) described a pos-
sible reduction in this variable attributed to fine sand. In
this case, the particle density of this fraction is intrinsically
lower than that of other mineral constituents, contributing to
the relative reduction in the bulk density. This particularity
was also observed by Wang et al. (2022), who investigated
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Fig. 6 Effect of clay (CL) and fine sand (FI) on bulk density (BD)

specific sedimentary environments in five regions with dif-
ferent deposition factors.

Furthermore, Cunha et al. (2010) reinforced the importance
of sand fractions in soils representative of the present study
area, which are predominantly composed of quartz. For exam-
ple, in Quartzarenic Neosols (Entisol — Quartzipsamment),
which possess 95% or more quartz in coarse (CO) and fine
(FI) sand fractions, the coarse texture and high porosity gener-
ally imply, according to the authors, a lower bulk density.

In Figs. 7 and 8, an increase in the clay content (CL) is
observed to lead to a reduction in bulk density. Han et al.
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Fig. 7 Effect of coarse sand (CO) and clay (CL) on bulk density (BD)
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Fig. 8 Effect of clay (CL) and very coarse sand (VC) on bulk density
(BD)

(2021) highlighted the capacity of clay to form aggregates,
the mechanism by which it influences soil structure and
reduces its density. In semi-arid regions, where organic mat-
ter content may be naturally low, clay’s capacity to stabilize
it is even more critical for maintaining good structure and
lower density (Araujo Filho et al. 2022).

Finally, the model revealed another complex relationship,
as shown in Fig. 9. The figure shows the distinct influence of
very fine sand (VF) as the coarse sand fraction (CO) varies.
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Fig. 9 Effect of coarse sand (CO) and very fine sand (VF) on bulk
density (BD)

@ Springer

At lower CO levels, an increase in the VF reduces the BD.
This is because VF particles have intrinsically lower particle
densities than other mineral constituents, as described by
Braida et al. (2006), an effect also observed by Wang et al.
(2022) in different sedimentary environments.

In contrast, at higher CO contents, the relationship reverses,
and an increasing VF contributes to BD increase. Here, VF
particles fill the interstitial spaces between larger coarse sand
particles, creating a denser packing arrangement as explained
by Luciano et al. (2012). Cunha et al. (2010) reinforce that
in quartz-dominated soils, coarse texture generally implies
lower BD, but this can be altered by such particle interactions.
This reversal demonstrates that the effect of VF fundamentally
depends on the CO framework present, highlighting the need
to consider particle size distribution interactions rather than
isolated fractions when predicting soil physical properties.

Conclusion

The neuro-fuzzy model explained the relationship between
soil particle size composition and bulk density, present-
ing R? of 71%. Furthermore, satisfactory performance was
observed in density predictions in soils according to their
granulometric fractions, demonstrating resilience in gener-
alization capacity across different areas and soil collection
horizons. It is important to emphasize that the neuro-fuzzy
model did not require data stratification and can be applied
in estimating sandy soil density. Moreover, the response-sur-
face leads to the conclusion that increasing the fine-sand
(FI) and clay (CL) fractions consistently lowers bulk den-
sity, indicating that finer particles promote a more porous,
less compact soil structure, and the influence of very-fine
sand (VF) on bulk density depends on the amount of coarse
sand (CO): at low CO levels, more VF reduces bulk density,
whereas at higher CO levels, additional VF actually raises
bulk density, revealing a conditional interaction between
these sand fractions.

While the model presents itself as a practical and rapid
alternative to laboratory analysis for obtaining soil density
values in sandy soils, some questions remain for broader
agricultural application. A primary research direction is
whether comparable neuro-fuzzy frameworks can be cali-
brated for loams, clays, or more neutral soil textures, given
that studies evaluating bulk density prediction with intel-
ligent models are still scarce. In addition, comparative
assessments with alternative machine-learning techniques
and larger, multi-regional datasets are also needed to gauge
generalizability. Finally, integrating remote-sensing-derived
texture maps and real-time mechanization metrics could
extend the tool into a versatile decision-support system for
sustainable soil management across diverse soil types.
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