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Abstract 
Laboratory testing of unsaturated soil shear strength parameters is often time-consuming, expensive, 
and requires specialized equipment. This study explores Artificial Neural Networks (ANNs) as an 
alternative, systematically optimizing the predictive model through a novel, multi-stage analysis 
investigating activation functions and iteratively tuning hidden layer counts and neuron numbers. A 
comprehensive evaluation of 195 network configurations was conducted using a dataset of 490 points 
compiled from 14 soil types, primarily fine-grained soils. Modeling identified the Bayesian 
regularization (TRAIN BR) function as superior (R=0.97). Subsequent expansion to three, four, and five 
hidden layers (with neuron counts from 50 down to 10) determined the most effective architecture. The 
four-layer Multilayer Perceptron (MLP) network emerged as the optimal configuration, achieving 
exceptional performance with an overall R2 value of 0.98. Model validation utilized rigorous 
approaches. Initially, reserved samples confirmed the four-layer network’s high accuracy for cohesion. 
Secondly, predictions were compared with established empirical methods, demonstrating significantly 
higher accuracy. Finally, five independently prepared samples tested via in-house Direct Shear Testing 
further validated the model’s reliability. This external validation confirmed close agreement, showing 
prediction errors ranging from 1% to 11% for friction angle and 3% to 14% for cohesion. While further 
validation using a wider diversity of soil types and a larger external sample size is required to confirm 
generalizability, these results firmly establish ANNs as a powerful, accurate, and cost-effective tool for 
geotechnical engineers providing reliable estimates of unsaturated soil shear strength parameters. 
 
Keywords: ANN-Based Modeling of Unsaturated Soils, Shear Strength Prediction, Cohesion and 
Friction Angle Estimation, Soil Suction, MLP Architecture Optimization. 
 
Introduction 
 
Many soils in nature exist in an unsaturated state (Fredlund et al., 1993). In arid and semi-arid 
regions, unsaturated soils are commonly found in environments with low relative humidity, 
resulting in very high suction values, often reaching 10 or even 100 MPa (Gao et al., 2020). 
Shear strength is a critical engineering property that plays a vital role in the design of many 
geotechnical and geo-environmental structures, including pavements, earth embankments, 
retaining walls, covers, and liners. This property determines a material’s ability to resist forces 
that cause sliding or shearing along a surface (Vanapalli et al., 2000). Fundamentally, it 
represents the maximum shear stress that soil can withstand before failure occurs and is one of 
the most important parameters in geotechnical engineering. 
    While the Mohr–Coulomb equation is widely used to describe the shear behavior of saturated 

 
* Corresponding author e-mail: shoaei@modares.ac.ir 



 

soils (Johnson et al., 1987), determining the shear strength of unsaturated materials is inherently 
more complex. To address this, Fredlund et al. (1978) proposed a linear equation specifically 
for the shear strength of such soils: 
𝜏௙ = 𝑐ᇱ + (𝜎 − 𝑢௔)௙𝑡𝑎𝑛𝜑ᇱ + (𝑢௔ + 𝑢௪)௙ 𝑡𝑎𝑛∅௕                                                                           (1) 
where τf (kPa) is the unsaturated shear strength, c′ (kPa) and ϕ′ are the effective cohesion and 
effective friction angles, respectively, (σ−ua) (kPa) is the net normal stress at the failure plane 
at failure, (ua+uw)  (kPa) is the matric suction at failure, σ is the total normal stress, ua and uw 
are the pore-air and pore-water pressures, respectively. ϕb is an angle that indicates the rate of 
change of strength relative to changes in matric suction (Fredlund et al., 1978). 
The total or apparent cohesion (c) ofthis soils therefore consists of two components: c′ from 
physicochemical cohesion and a component from matric suction (Zhang et al., 2001) expressed 
as: 
𝑐 = 𝑐ᇱ + (𝑢௔ + 𝑢௪)𝑡𝑎𝑛∅௕                                                                                                                    (2) 
    Although Fredlund et al. (1978) proposed a linear equation, many experimental results 
show that the relationship between strength and soil suction is actually nonlinear (Gan et al., 
1988). Figure 1 illustrates the failure envelope related to matric suction and shows how 
friction angle (′) and cohesion (𝑐′) relate to variations in shear strength and matric suction. 
The friction angle and cohesion are typically assumed to match those obtained from saturated 
soil tests under low suction/near-saturation conditions (Fredlund et al., 2011) The failure 
envelope associated with matric suction generally consists of two parts: a linear portion up to 
the air entry value where the soil remains saturated, and a nonlinear portion where 
desaturation begins. Within the range of matric suction typically applied in triaxial testing, 
the nonlinearity of the failure envelope is closely associated with the air entry value (AEV). 
The AEV can vary with the applied normal stress because increasing normal stress tends to 
compress soil pores and reduce the size of air-filled voids, thereby requiring higher suction 
for air to enter the pore space (Rassam et al., 1999). 
    Since the 1970, researchers have proposed various forms of unsaturated shear strength 
equations  (Bao et al., 1998). However, many of these equations are difficult to apply in 
practice. Therefore, a simpler methodology based on readily available soil properties is needed. 
The strength of such soils is governed by several factors, including soil type, grain size 
distribution, density, and stress state (Vanapalli et al., 2009). Matric suction is a fundamental 
parameter influencing this behavior and is considered a component of cohesion (Likos et 
al.,2019). Early investigations at Imperial College, London (Bishop et al 1960) suggested that 
strength may be correlated with the degree of soil saturation. Several equations have been 
proposed to represent the soil water characteristic curve (SWCC) 0 Fredlund et al., 1994). 
Rassam and Williams developed a predictive function expressing strength in terms of matric 
suction and normal stress based on three-dimensional nonlinear regression analysis (Rassam et 
al., 1999). Soil type, particularly grain size distribution and soil texture, is a critical factor 
affecting this property (Gao et al., 2020). Gao et al. (2020) demonstrated that different soil types 
exhibit distinct suction ranges (e.g., 0-10 kPa for fine sand and 0-100 MPa for clay) and display 
different strength behaviors. Marinho and Oliveira (2012) established that the mechanical 
response of such soils is related to soil water retention characteristics and Atterberg limits 
(Marinho et al., 2022). The grain size distribution curve can also be utilized to estimate the 
SWCC for these materials. The SWCC is a fundamental property of unsaturated soils that 
characterizes the relationship between soil water content and soil suction (Fredlund et al., 2011). 
The SWCC is also influenced by Atterberg limits, and its parameters can be correlated with 
various soil properties (Chai  et al., 2020; Perera et al., 2005; Zhang et al., 2018). 
Fredlund (2019) suggested that the slope of the unsaturated strength envelope remains equal to 
the tangent of the soil’s internal friction angle up to the air entry value (AEV) (Fredlund  et al., 
2018). As clay soils dry from initial water contents above the liquid limit, they typically exhibit 



 

a gradual increase in strength.  Atkinson (2007)  reported that at the liquid limit it reaches 
approximately 1.7 kPa, whereas Wood (1990) suggested that the average effective stress in the 
soil at the same state is about 8 kPa (Figure 2). Although the resistance is relatively low at the 
liquid limit, the soil still experiences compression, increasing its effective stress. As drying 
continues and pore water pressure decreases, matric suction and effective stress both rises, 
leading to a pronounced increase in strength and stiffness. Most soils desaturate as their water 
content approaches the plastic limit. For clayey soils, the strength at this limit is about 170 kPa–
roughly two orders of magnitude higher than at the liquid limit. As water content decreases 
below the plastic limit, volume reduction slows while resistance to shearing increases 
considerably. When the material reaches zero water content, suction may approach 106 kPa. 
Therefore, a significant increase in strength occurs between the liquid and plastic limits of 
clayey soils, reflecting a complex interaction among water content, volume change, and 
mechanical response (. Shear resistance is also governed by net normal stress (Abd  et al., 2020). 
Figure 2 illustrates the projections of peak failure envelopes in the matric suction–shear stress 
plane for direct shear tests on unsaturated materials at varying net normal stress levels. Zhou 
et al. (2016) demonstrated a significant increase in strength with greater net normal stress or 
matric suction [28]. Various experimental methods have been employed to measure this 
parameter, including shear vane tests, torsional shear appear Fredlund et al., 2011). atus, 
drop-cone penetrometers, direct shear boxes, Zhang’s (2001) method, in-situ shear boxes, and 
triaxial testing; however, most are complex and time-consuming, which limits large-scale 
application (Khaboushan et al., 2018). 
 

 
Figure 1. Relationship between shear strength and matric suction 

 

 
Figure 2. Peak failure envelope projections in the matric suction-shear stress plane for unsaturated soil 
direct shear tests at varying net normal stresses 



 

    This property is influenced by a complex interplay of several intrinsic and extrinsic 
parameters, demanding rigorous empirical and theoretical documentation. Key among these are 
soil type and grain size distribution curves, which have been critically investigated by Fredlund 
and colleagues (2011, 2012). Furthermore, soil water retention characteristics–specifically 
Atterberg limits–directly impact the matric suction component of strength 
(Marinho et al., 2012). Recent studies have also highlighted fundamental properties like 
specific gravity (Gs) (Das et al., 2021), along with the established effect of net normal stress on 
mobilizing shear resistance (Zhou et al., 2016). The varying response across different soil 
matrices underscores the necessity of establishing reliable relationships for each dominant 
factor, as demonstrated by the work on soil type effects (Gao et al., 2020) (Gao et al., 2020; 
Fredlund et al., 2011; Marinho et al., 2012; Fredlund et al .,2019; Das  et al., 2021; Gao  et al., 
2020). 
    Conventional experimental and empirical approaches have provided valuable insights into 
this mechanical response; however, these methods often require extensive laboratory testing 
and may not efficiently capture the complex, nonlinear interactions among multiple influencing 
factors. 
    In this context, the growing field of computational intelligence offers an effective alternative 
for dealing with such complexities. In recent years, computational intelligence methods have 
shown remarkable progress in solving engineering problems that are difficult to address using 
traditional techniques. The fundamental principle behind these methods is to identify hidden 
relationships among different datasets and to apply this learned knowledge to new situations. 
0Churchland et al., 1992). Lee et al. (2003) formulated a nonlinear relationship between 
resistance and matric suction in hyperbolic form and developed a method to predict maximum 
cohesion (C max) using an artificial neural network (ANN) (Lee et al., 2003). Khaboushan et al. 
(2018) employed multiple linear regression (MLR) to to estimate shear parameters,  including 
effective cohesion (c'), effective internal friction angle (φ'), and the internal friction angle 
related to matric suction (φb). The input parameters included particle size distribution (sand, 
silt, and clay percentages or geometric mean diameter, dg, and geometric standard deviation, 
σg), organic matter (OM) content, calcium carbonate (CaCO3) content, compactness indices 
(bulk density, ρb, and relative bulk density, ρb-rel), mean weight diameter of aggregates (γ dry, 
γ wet), and structural stability indices (aggregate stability, AS, stability index, SI, and crusting 
index, Ic). Their findings indicated that φb showed no significant correlation with soil 
properties, suggesting that φb is primarily influenced by matric suction rather than soil 
properties. Clay, coarse sand (CS), and very fine sand (VFS) were incorporated in the model to 
predict c', while pedotransfer functions (PTFs) using fine sand (FS) and VFS as predictors could 
accurately estimate φ' (Khaboushan et al.,2018).  However, many of these parameters are not 
commonly available in standard geotechnical practice. Therefore, there is a need to develop 
prediction methods based on readily available geotechnical parameters. Based on the preceding 
discussion, it can be concluded that the shear behavior of such soils can be predicted using 
commonly available soil properties such as specific gravity (Gs), percentages of sand, silt, and 
clay, degree of saturation (Sr), dry unit weight (γd), liquid limit (LL), plastic limit (PL), 
plasticity index (PI), net normal stress (σ3-ua), and conventional shear strength parameters (c' 
and φ') through neural network analysis. This approach can significantly reduce the need for 
additional specialized testing such as unsaturated shear strength or soil water characteristic 
curve (SWCC) tests; however, laboratory verification remains essential to ensure the reliability 
and applicability of the predicted results. 
    This study aimed to develop a cost-effective and accurate predictive model for unsaturated 
soil shear strength using Artificial Neural Networks (ANNs), trained on a comprehensive 
dataset from literature. The novel methodology involved optimizing network architecture and 
training functions to identify the most effective configuration. A key distinguishing feature of 



 

this research is its rigorous external validation, which included in-house Direct Shear Testing 
on independent soil samples to confirm the model’s practical applicability. 
 
Materials and methods 
 
Data collection 
 
Training an artificial neural network requires an appropriate collection of information. A 
suitable compilation should consist of reliable and accurate, contain a sufficient number of data 
points to ensure accurate results, and cover all relevant aspects of the problem (Baziar et 
al.,2005). As previously mentioned, laboratory measurements of unsaturated soil shear strength 
are time-consuming and require expensive equipment. Therefore, conducting laboratory tests 
specifically to train a neural network may not be cost-effective. In this study, a suitable 
information base for training the neural network was compiled from published literature (Gan 
et al., 1988; Alzaidy et al.,2018; Thu et al., 2007).  
    First, the initial pool of data was filtered based on recognized laboratory testing standards 
(such as ASTM/ISO) to minimize bias from differing testing protocols. All data were then 
converted to a consistent unit system. Additionally, statistical checks–including assessments of 
multicollinearity, distribution skewness, and potential outliers–were performed prior to ANN 
training to ensure data integrity and model reliability. 
 
Outlier Filtering and Justification of 490 Data Points: 
     Following this initial methodological standardization, we then proceeded to a crucial second 
step: identifying and removing data points that appeared unreasonable, illogical, or fell outside 
physical limitations (acting as significant outliers). It was only after this rigorous filtering of 
non-physical and inconsistent data that our final dataset size was established at exactly 490 
independent data points. A total of 490 points were collected from 14 different soil types. The 
soils were classified according to both the Unified Soil Classification System (USCS) and the 
USDA Soil Taxonomy Classification, and numerical values were assigned to each 
classification. For the USDA soil taxonomy classification, soils were labeled based on particle 
size, ranging from small to large. For the USCS classification, soils were labeled based on both 
plasticity index and particle size, ranging from low to high. Only soils with identifiable 
Atterberg limits were included in the study. Table 1 presents the 14 soil types from which 
observations were collected, along with their respective classifications and designations. 
 
Table 1. Soil types with USCS (Unified Soil Classification System) and USDA (United States 
Department of Agriculture, soil classification system) classifications and their assigned numerical labels 

Count USCS Label USDA Label 
1 MH 4 Clay Loam 4 
2 CL 2 Clay 1 
3 CL 2 Loam 8 
4 CL 2 Silty Clay Loam 3 
5 CH 1 Silty Clay 2 
6 CL 2 Silty Clay Loam 3 
7 CH 1 Silty Clay 2 
8 CL 2 Clay Loam 4 
9 CH 1 Clay 1 

10 CL 2 Silty Clay Loam 3 
11 CL 2 Silty Clay Loam 3 
12 SM-SC 7 Sandy Loam 10 
13 CL 2 Clay Loam 4 
14 SC 6 Loamy Sand 11 

 



 

Data Normalization 
 
Normalization of the data prior to training a neural network can contribute to improved 
convergence, accuracy, stability, and proper data behavior (Ioffe & Szegedy, 2015). A common 
normalization technique is Max-Min Scaling, which scales the features of a dataset into a 
specific range, typically between 0 and 1. In this study, the dataset was scaled using this method 
to the range of zero to one. Equation 1 illustrates the Min-Max scaling method: 

𝑥 𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝑋௠௜௡

𝑋௠௔௫_𝑋௠௜௡
                                                                                                                                     (3)  

    In this equation, X scaled  represents the normalized value, X is the original value, X min is 
the minimum value of the data in a column, and X max  is the maximum value of the data in a 
column. 
    After network prediction, the scaled output values were inversely transformed to recover the 
original physical units (kPa) using the corresponding Min–Max parameters. 
 
Statistical analysis 
 
Statistical descriptions of the collected data are presented in Table 2. Heatmaps are useful 
visualization tools for identifying patterns and relationships in large datasets (Wilke et al., 
2019). Figure 3 shows the Seaborn heatmap of the dataset. This heatmap displays a matrix of 
color-coded values representing the correlations between variables in the dataset. The color of 
each cell indicates the strength and direction of the correlation, with warmer colors representing 
positive correlations and cooler colors representing negative correlations. The correlation 
coefficient is a statistical measure that quantifies the strength and direction of the linear 
relationship between two variables (Myers et al., 2014). The coefficient ranges from -1 to 1, 
where -1 indicates a perfect negative correlation, 1 indicates a perfect positive correlation, and 
0 indicates no correlation. Normalizing the dataset before training a neural network can improve 
convergence, accuracy, stability, and feature treatment while enabling more effective 
regularization (Ioffe et al., 2015). A commonly used normalization method is the min-max 
scaler, which maps dataset features to a specific range, typically between 0 and 1. In this study, 
both the input variables and target variables were scaled using the min-max scaler to fall within 
the range of 0 to 1. 
 

Table 2. Descriptive statistics of input and output parameters for the collected dataset 
In or 

output data 
Statistics Count Mean Std Min 0.25 0.5 0.75 Max 

Out put 

Gs 490 2.68 0.04 2.61 2.66 2.68 2.72 2.73 
%C 490 32.52 16.66 4 24 30 42 72 
%M 490 40.34 13.21 11 27 44 48 61 
%S 490 27.14 23.1 1 9.5 23 49 85 

%LL 490 40.15 14.89 22 31 36 47 71.1 
%PL 490 23.13 7.52 10 17 19.4 29 36.5 

PI 490 17.02 8.33 6 10 18 20.5 35 
γd(KN/m3) 490 16.38 1.72 12.93 15.5 16.75 17.72 18.4 

бn-Ua (kPa) 490 87.47 51.52 0 50 100 120 200 
USDA 490 4.54 3.3 1 2 3 8 11 
USCS 490 2.84 2.06 1 2 2 4 7 

In put 
C' 490 23.28 22.1 0 5 20 28.1 82 
Φ' 490 31.29 4.79 23 28 32 34 40 

In put Ψ(kPa) 490 1132.78 2774.6 0.04 110.88 253.34 594.76 15000 
Out put τ(kPa) 490 182.36 192.9 1.15 83.85 104.35 175.28 1207.08 



 

 
Figure 3. Seaborn heatmap of dataset showing a matrix of color-coded values that represent the 
correlation between variables in the dataset 
 

 
Figure 4. Feature Importance Ranking for Shear Strength Prediction Based on Correlation Analysis 

 
    The predictive power of the model inputs was quantified using correlation analysis against the 
target variable (τ). This analysis reveals that matric suction (ψ) and effective friction angle (ϕ′) 
exhibit the strongest positive correlations (r=0. and r=0.54 respectively), clearly indicating they 
encode the primary physical mechanisms governing shear behavior in unsaturated materials. In 
contrast, several input variables, such as the plastic limit (PL, r=0.03) and silt content (%M, 
r=0.02), demonstrated correlations near zero, justifying their exclusion from the input layer to 
optimize model complexity and focus learning on the most discriminative features. 
    We used the Garsen score used to determine the relative importance of input variables. The 
Garsen score measures the importance of input features by evaluating the impact of removing 
each feature on the performance of the neural network. The score is based on the difference 
between the error (or loss) of the model when all features are used and the error of the model 
when a specific feature is removed 0 Ioffe et al., 2015). The larger the difference in error, the 
more important the feature is considered to be. The Garsen score results indicate that particle 
size and Φ' has a significant impact on shear strength. 



 

 
Figure 5.The Garsen score to determine the relative importance of input variables 

 
Neural network modeling 
 
A neural network is a type of machine-learning algorithm that is modeled after the structure of 
the human brain 0. It consists of multiple interconnected layers of nodes, called neurons, that 
work together to process data and make predictions. Each neuron receives input from other 
neurons in the previous layer and produces an output, which is then passed on to the next layer 
0 Rosenblatt et al., 1958). 
 
Neural network structure for the given problem 
 
This study employed feedforward neural network (FF) and multilayer perceptron (MLP) 
architectures for data analysis. The number of hidden layer nodes and the number of hidden 
layers were determined through trial and error. The optimal number of neurons and hidden 
layers is achieved when the network produces the best performance 0 Rosenblatt et al., 1958) 
and the optimal network structure was determined through iterative experiments combined with 
Early Stopping. Accordingly, neural networks with one, two, three, four, and five hidden layers 
were evaluated, with neuron counts of 10, 20, 30, 40, and 50 tested for each configuration. A 
total of 195 networks were trained and evaluated, comprising 84 single-layer networks, 84 two-
layer networks, 7 three-layer networks, 10 four-layer networks, and 10 five-layer networks 
(Table 3 and Figures 7 and 8). 
    Activation Function Selection: Initially, we evaluated all potential activation functions using 
single-layer and two-layer architectures to identify the most effective activation function for 
predicting the shear strength parameters. 
    Impact of Layer Depth: Once the optimal activation function was established, we then 
investigated the impact of increasing network depth, specifically testing 3, 4, and 5 hidden layers. 
    Neuron Count Optimization: Finally, maintaining the optimal layer count and activation 
functions determined in the preceding steps, we optimized the network width by systematically 
evaluating uniform neuron counts of 50, 40, 30, 20, and 10 within each hidden layer for the 
best-performing depths. All the steps mentioned in Figure 5 are shown concisely. 
    To identify the optimal network configuration, the analysis was conducted in stages. Initially, 
single-layer and two-layer networks were trained with 10 neurons in the hidden layer. 
Subsequently, based on the best-performing configurations from the initial stage, networks with 
3, 4, and 5 hidden layers were evaluated using varying neuron counts of 50, 40, 30, 20, and 10 in 
each hidden layer (Architectures were systematically evaluated using a uniform neuron count 
(ranging from 10 to 50) across all hidden layers, rather than testing all possible permutations 
between layers). 
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Table 3. Number of processed neural network with different layers 
Number of networks Number of Layers 

84 One layers 
84 two Layers 
7 three layers 

10 four layers 
10 five layers 

195 Total 
 

 
Figure 6. Systematic protocol for ANN architecture Selection and validation. 

 

 
Figure 7. Distribution of trained neural networks by number of hidden layers 
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learning process 
 
The training process involves iterative cycles of forward propagation to calculate the output, 
followed by backpropagation to compute the error gradient and adjust the network weights 
accordingly, which constitutes a single learning step. 
    This study evaluated 14 different training functions for the neural networks. The number of 
networks trained with each function is presented in Figure 9 and Table 4. 
    In this study, 14 different well‑known training algorithms available in the MATLAB 
environment were systematically evaluated to identify the most efficient and robust 
configuration for the Artificial Neural Network (ANN) when applied to the prediction of shear 
strength parameters of unsaturated soils. Dataset splitting, and the number and processing of 
neural networks trained with each of these functions can be seen in Figure 8 

 

 
Figure 8. Shows the number of hidden layers from one to five hidden layers in order from top to bottom 
 

 
Figure 9. Distribution of trained neural networks by training function 



 

    In this study, 5% of the total dataset for model validation, (25 out of 490 samples) including 
both input and output parameters were initially separated and reserved for final validation (data 
shown in Tables 8 and 9). The remaining dataset was divided such that 70% was used for 
training the neural networks and 30% was used for testing. Three performance learning 
functions were evaluated: 77 networks were trained with the mean squared error (MSE) 
learning function, 59 networks with the mean squared error with regularization (MSE REG) 
learning function, where for the regularization term a penalty term is used to encourage the 
network to use simpler, and more generalizable weight. Moreover, 59 networks with the 
standard error of the estimate (SEE) learning function (Figure 10 and Table 5). SSE is calculated 
as the square root of the residual variance, which makes it directly related to the MSE (which 
is the mean of the squared errors). Additionally, two adaptive learning functions were 
implemented: 90 networks utilized the gradient descent (GD) adaptive learning function and 
105 networks utilized the gradient descent with momentum (GDM) adaptive learning function 
(Figure 10 and Table 6). 

 
Table 4. Number of trained neural networks for each training function. 

Row Educational function Number 

1 Train BFG 14 
2 Train BR 31 
3 Train CGB 13 
4 Train CGF 12 
5 Train CGP 12 
6 Train GD 12 
7 Train GDM 12 
8 Train GDA 12 
9 Train GDX 12 

10 Train LM 13 
11 Train OSS 12 
12 Train NR 12 
13 Train NRP 14 
14 Train SCG 14 

Total 195 

 
Table 5. Number of trained neural networks for each performance learning function 

Number Adaptive Learning function Row 
77 MSE 1 
59 MSE REG 2 
59 SEE 3 

195 Total 

 

 
Figure 10. Distribution of trained neural networks by performance learning function 
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    77 networks were processed with the MSE learning function, 59 networks were processed with 
the MSE REG learning function, and 59 networks were processed with the SEE learning function. 
Interpretation of neural network results 
 
Table 6 presents the best-performing single-layer and double-layer neural networks, labeled a 
through m. Among the optimal configurations, the Train BR training function showed the 
highest frequency. The MSE performance learning function was used in 6 cases, while the 
Learn GD adaptive learning function demonstrated the highest frequency. Therefore, Train BR, 
MSE, and Learn GD were identified as the most effective training function, performance 
learning function, and adaptive learning function, respectively, for this problem. Subsequently, 
networks with three, four, and five hidden layers were evaluated by varying the number of 
neurons in the hidden layers while utilizing these optimal functions. Table 7 presents the five 
best-performing networks using the optimal functions, labeled 𝑛 through 𝑟. The architectures 
of these networks are illustrated in Figure 12. 
 

Table 6. Number of trained neural networks for each adaptive learning function. 
Number Adaptive learning functions Row 

90 Learn GD 1 
105 Learn GDM 2 
195 Total 

 
Table 7. Performance of optimal neural network configurations with one through five hidden layers. 

Name 
Training 
function 

function 
Adaptive 
learning 

Operative 
learning 
function 

Number 
of layers 

Transfer 
function 

R 
Education 

R 
The accuracy 
of education 

R 
 Test 

R 
All 

a 
Train 
BFG 

Learn GD SEE 2 
TAN 
SIG 

0.96 0.97 0.96 0.97 

b 
Train 
BFG 

Learn GDM MSE 2 
TAN 
SIG 

0.97 0.95 0.96 0.97 

c 
TRAIN 

BR 
Learn GD SEE 1 

TAN 
SIG 

0.95 - 0.95 0.97 

d 
TRAIN 

BR 
Learn GDM MSE 1 

TAN 
SIG 

0.95 - 0.95 0.97 

e 
TRAIN 

BR 
Learn GD MSE 2 

TAN 
SIG 

0.99 - 0.84 0.97 

f 
TRAIN 

BR 
Learn GD SEE 2 

TAN 
SIG 

0.99 - 0.82 0.97 

g 
TRAIN 

BR 
Learn GDM MSE 2 

TAN 
SIG 

1 - 0.83 0.97 

h 
TRAIN 

BR 
Learn GDM MSE REG 2 

TAN 
SIG 

0.97 - 0.95 0.97 

i 
TRAIN 
CGB 

Learn GD MSE 2 
TAN 
SIG 

0.96 0.98 0.97 0.97 

j 
TRAIN 

LM 
Learn GDM MSE 2 

TAN 
SIG 

0.97 0.95 0.96 0.97 

k 
TRAIN 

NRP 
Learn GDM MSE REG 2 

TAN 
SIG 

0.96 0.98 0.97 0.97 

l 
TRAIN 

SCG 
Learn GD MSE 2 

TAN 
SIG 

0.97 0.93 0.99 0.97 

m 
TRAIN 

SCG 
Learn GDM MSE 2 

TAN 
SIG 

0.96 0.97 0.96 0.97 

n 
TRAIN 

BR 
Learn GDM MSE 1 

TAN 
SIG 

0.96 0.97 0.97  

o 
TRAIN 

BR 
Learn GDM MSE 2 

TAN 
SIG 

1 0.74 0.95  

p 
TRAIN 

BR 
Learn GDM MSE 3 

TAN 
SIG 

1 0.87 0.98  

q 
TRAIN 

BR 
Learn GDM MSE 4 

TAN 
SIG 

1 0.90 0.98  

r 
TRAIN 

BR 
Learn GDM MSE 5 

TAN 
SIG 

0.99 0.81 0.97  



 

 
Figure 11. Distribution of trained neural networks by adaptive learning function 

 

 
Figure 12. Neural network architectures for the five best-performing configurations (n through r): (a) 
Network n, (b) Network p, (c) Network q, (d) Network r 
 
 



 

Validation of results obtained from artificial neural network 
 
To validate the neural network predictions, the predicted and measured values of internal 
friction angle and cohesion were compared. Table 8 presents the input parameters for validation 
samples. The predicted friction angle values from the neural networks and their corresponding 
experimental measurements are shown in Table 9. Similarly, the predicted cohesion values and 
experimental measurements are presented in Table 10. Regression analyses between 
experimental and predicted values were performed for two-layer, three-layer, four-layer, and 
five-layer configurations for both output parameters (Figures 13 and 14). 
    As shown in Table 10 and Figure 12, the four-layer neural network achieved the best 
performance for cohesion prediction with a regression coefficient (𝑅²) of 0.99. The five-layer 
configuration provided the second-best results with 𝑅² of 0.77. For internal friction angle 
prediction, as indicated in Table 9 and Figure 13, both two-layer and three-layer configurations 
achieved 𝑅² of 0.99. According to Table 7, the q-network (four-layer configuration) 
demonstrated the overall best performance with R values of 1.00 for training, 0.90 for testing, 
and 0.98 overall. 
 

Table 8. Input parameters of validation samples obtained from laboratory measurements 

Gs %C %M %S %LL %PL PI γd(KN/m3) %S AEV 
бn-

Ua(kPa) 
USDA 

2.66 26 25 49 47 29 18 17.05 16.43 12 200 4 
2.71 24 48.5 27.5 25 17 8 18.13 12.97 37 0 8 
2.61 39 57 4 42.6 23.7 18.9 16.2 1.34 150 100 3 
2.68 29 61 10 31 17.5 13.5 15.5 16.12 43 100 2 
2.73 46 44.5 9.5 53.5 32.5 21 14.3 1.25 280 21.6 2 
2.72 40 44 16 43.5 23 20.15 13.1 1.11 180 43.3 4 
2.64 72 27 1 71 36 35 12.93 14.3 185 120 1 
2.66 35 48 17 33 19.4 13.6 17.72 19 55 120 3 
2.68 10 37.5 52.5 22 16 6 18.4 14.7 40 50 10 
2.66 35 48 17 33 19.4 13.6 17.72 19.0 55 200 3 
2.68 10 37.5 52.5 22 16 6 18.4 147.7 40 50 10 
2.73 30 42 28 36 17 19 17.7 0.37 40 50 4 
2.73 30 42 28 36 17 19 17.7 0.79 40 100 4 
2.73 30 42 28 36 17 19 17.7 34.8 40 100 4 
2.64 4 11 85 31 17.5 13.5 17.5 34.18 0.7 100 11 

 
Table 9. Comparison of experimental and predicted friction angle values for different network 
configurations 

Results of neural networks Experiment result 
One layer Two Layers Three layers Four Layers Five Layers - 

16.15 16 16 16 16 16 
13.08 13 13 13 12.99 13 
30.04 36 36 36 36 36 
22.17 18 18 18 17.99 18 
21.80 14 14 14 13.98 14 
23.33 28 28 28 28 28 
34.46 27 27 27 27 26.5 
21.70 33 33 33 33 33 
27.21 36 36 36 36 36 
22.82 28 28 28 28 28 
30.70 32 32 35 32.01 3516 
31.15 31 31 26 31 26 
30.93 28 28 17 28 17 
28.67 35 35 25 34.99 25 
22.55 26 26 35 26 35 



 

 
Figure 13. Regression analysis between experimental and predicted friction angle values for two-layer, 
three-layer, four-layer, and five-layer neural network configurations 

 
Table 10. Comparison of experimental and predicted cohesion values for different network configurations 

Results of neural networks Experiment result 
One layer Two layers Three layers Four layers Five layers - 

054   0.40 0.44  0.44 0.31 0.44 
 0.50  0.23  0.21  0.22 0.28 0.22 
 051  0.03  0.15  0.15 0.21 0.15 
 0.47  0.17  0.13  0.13 0.21 0.13 
 0.50  0.28  0.43  0.29 0.18 0.29 
 0.49  0.12  0.18  0.19 0.21 0.19 
 0.48  0.17  0.22  0.24 0.18 0.24 
 0.48  0.07  0.17  0.17 0.17 0.17 
0.47  0.20  0.18  0.19 0.18 0.19 
 0.50  0.27  0.30  0.29 0.19 0.29 
 0.53  0.23  0.23 0.26 0.21 0.23 
 0.46  0.20  0.20  0.21 0.22 0.21 
 0.47  0.17  0.21  0.22 0.27 0.22 
 0.50  0.17  0.21  0.24 0.30 0.24 
 0.53  0.19  0.25  0.28 0.23 0.28 



 

    To further evaluate the accuracy of the neural network predictions, they were compared with 
predictions from three established empirical methods: Fredlund et al. (1996), Vanapalli et al. 
(1996), and Khalili and Khabbaz (1998). The empirical relationships used for these methods 
are detailed in Table 11. The properties of the soils utilized for this comparison analysis are 
presented in Table 12. The results demonstrate that the neural network predictions are more 
accurate than those from these three conventional methods. Furthermore, Figure 15 compares 
the measured and predicted shear strength values.” 
    Finally, five soil samples were prepared and their input parameters were measured in the 
laboratory. The shear strength parameters of these soils were then estimated using the neural 
network and measured experimentally through direct shear testing. The results of this 
comparison demonstrate that the neural network method can accurately estimate soil shear 
strength parameters. This validation confirms that the neural network approach can serve as a 
reliable alternative to time-consuming and expensive laboratory tests. The comparison results 
are presented in Table 13 and Figures 16, 17, and 18.  
       Friction angle differences: ranging from 0.2° to 2.6° (percentage differences from 1.01% 
to 10.97%) 
       Cohesion differences: ranging from 0.01-0.05 kPa (percentage differences from 3.44% to 
14.28%) 
    Table 12 shows the detailed comparison with the following samples (N1-N5): 
 

Table 11. Empirical Models for Shear Strength Prediction of Unsaturated Soils (Including Key 
Equations) 

Model Reference 
Key Equation Form 

(Approximation) 

Key 
Parameters 

Used 
Notes / Governing Condition 

Fredlund et al. (1996) 

Concept: 
τ = 𝑎௪(𝑢௔−𝑢௪) × tan(Φ′) 

(Simplified)  
 

wୟ (or𝑎௪), 
(uୟ - u୵), 

(Suction),Φᇱ 

Extended Form (Eq. 4-5): 
τ୤= c' + (σ୬- uୟ) tan φ' + 

(uୟ- u୵)[k(tan φ')] 
 

Vanapalli et al. (1996) 

Using θ (Eq. 4-7) 
τ௙ = c′ + (σ୬− uୟ) tanΦ′ 

+ (uୟ− u୵) × [tanΦ′ 

(
ఏೢିఏೝ

ఏೞିఏೝ
)] 

θ୵, θ୰ 
(Residual θ), 

θୱ 
(Saturated θ) 

Using S (Eq. 4-8) 
τ௙ = c′ + (σ୬− uୟ) tanΦ′ + (uୟ− u୵) × 

[tanΦ′ (
ௌିௌಜ

ଵ଴଴ିௌಜ
)] 

Khalili & Khabbaz 
(1998) 

Main form (Eq.4-9): 
τ୤= c′ + (σ୬− uୟ)tanΦ′ + 
(uୟ − u୵) [ χ (tan Φ′)] 

χ (Parameter 
linking 

Suction and 
AEV) 

If AEV < Suction (Eq.4-10): 

χ =[
(୳౗ି୳౭)ಾ೐೟ೝ೔೎

(௨ೌି௨ೢ)ఽు౒
]ି଴.ହହ. If AEV 

> Suction: χ = 0 

 
Table 12. Soil properties used for comparison with empirical methods 

Properties Soil A Soil B 

Gs 2.72 2.66 

%C 42 26 

%M 24 25 
%S 34 49 

%LL 36.4 47 
PL 26.4 29 

P 10 18 
γd(KN/m3) 16.75 17.05 

бn-Ua(kPa) 0 200 
USCS 2 4 

Refrence (Rahardjo et al., 2004) (Han et al., 1995) 



 

 
Figure 14. Regression analysis between experimental and predicted cohesion values for two-layer, 
three-layer, four-layer, and five-layer neural network configurations 

 

 
Figure 15. Comparison of measured and predicted shear strength values using empirical methods and 
the neural network model 



 

Table 13. Comparison of laboratory measurements and neural network predictions for validation samples. 

Difference in results 
Neural network 

results 
Laboratory results  

Internal friction angle Cohesion 
Internal 
friction 
angle 

Cohesion 
Internal 
friction 
angle 

Cohesion Sample Percentage 
difference 

Amount 
of 

difference 

Percentage 
difference 

Amount 
of 

difference 
1.01 0.2 14.28 0.05 21 0.30 19.80 0.35 N1 
6.91 2.6 13.15 0.05 35 0.33 37.60 0.38 N2 
6.43 2 5.26 0.01 33 0.20 31.10 0.19 N3 
10.97 1.8 4.76 0.01 18.20 0.20 16.40 0.21 N4 
2.73 0.8 3.44 0.01 30 0.30 29.20 0.29 N5 

 

 
Figure 16. Direct shear test results for sample N3: (top left) shear stress versus shear displacement 
curves at different normal stresses, (top right) peak shear strength envelope with Mohr-Coulomb failure 
criterion, (bottom left) vertical displacement versus shear displacement, and (bottom right) summary of 
test conditions and measured shear strength parameters 
 

 
Figure 17. Comparison of laboratory measurements and neural network predictions for cohesion 
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Figure 18. Comparison of laboratory measurements and neural network predictions for friction angle 

 
Conclusion 
 
This study developed and validated an artificial neural network (ANN) model to predict the 
shear strength parameters of unsaturated soils based on readily available geotechnical 
properties. A comprehensive evaluation of 195 network configurations led to identifying the 
optimal architecture and training parameters for this purpose. The four-layer ANN exhibited 
strong predictive capability for cohesion (R² = 0.99), followed by the three-layer configuration 
(R² = 0.98). For friction angle prediction, several configurations achieved R² values up to 0.99, 
indicating reliable model performance. The optimal combination of the Train BR training 
function, MSE performance function, and Learn GD adaptive learning algorithm consistently 
yielded the best outcomes. 
    Comparative analysis with conventional empirical methods demonstrated that the ANN 
predictions provided closer agreement with laboratory measurements. The validation using five 
independent soil samples further supported the practical applicability of the proposed model, 
indicating that neural networks can be an effective and efficient supplement to conventional 
testing methods. 
    Nevertheless, it is acknowledged that the present study is constrained by its dataset size (490 
samples) and the range of soil types considered. Hence, the developed model should be viewed 
as a promising complementary tool rather than a complete substitute for experimental testing. 
Future research involving a broader spectrum of soil types and larger validation datasets would 
be valuable to further enhance the generalizability and robustness of the proposed ANN 
approach. 
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