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Abstract: This paper reports on a series of dynamic simple shear tests conducted to investigate the 

influence of particle shape on the damping ratio of dry sand. The tests were conducted on sand 

samples subjected to simple cyclic shear tests to evaluate their cyclic behavior. The particle shape 

was quantified using three shape parameters: roundness, sphericity, and regularity. The sand sam-

ples were subjected to twelve different scenarios with varying vertical stresses and cyclic stress ra-

tios (CSR), in both constant and controlled stress states. Each scenario involved five cyclic tests, 

using the same sand that was reconstructed from its previous cyclic test. After each cyclic test, hys-

teresis loops were created to determine the damping ratio. The results showed that the shape of the 

sand particles changed during cyclic loading, becoming more rounded and spherical, which re-

sulted in an increase in damping ratio. Moreover, the paper presents two artificial intelligence mod-

els, an artificial neural network (ANN) and a support vector machine (SVM), which were developed 

to predict the effect of grain shape on the damping ratio. The models were found to be effective in 

predicting the damping ratio based on the shape of the grain, vertical stress, CSR, and number of 

loading cycles. Furthermore, a parameter analysis was conducted to identify the most important 

shape parameter, which was found to be vertical stress and regularity, while parameter CSR was 

the least important. Overall, this study contributes to a better understanding of the relationship 

between particle shape and damping ratio, which could have practical implications for geotechnical 

engineering applications. 
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1. Introduction 

Soil damping ratio is one of the fundamental properties of soil that determines its 

response to various dynamic loads, such as earthquakes, vibrations, and machine opera-

tions [1-4]. The damping ratio is influenced by a number of factors, including the type of 

soil, particle size, particle shape, and confining pressure. Many researchers are interested 

in the effect of particle shape on the damping ratio of sand [5-10]. 

Studies have shown that the damping ratio of sand tends to decrease with increasing 

strain amplitude [7, 11-12]. As the amplitude of cyclic loading increases, the soil particles 

undergo more severe deformations, which results in the energy dissipation through 

damping being more ineffective. Therefore, it is important to consider the effect of strain 

amplitude when evaluating the damping ratio of sand [7, 11-12]. 

The stress history of the soil can also affect its damping properties [13-14]. For exam-

ple, cyclic loading can lead to a buildup of excess pore pressure, which can affect the 
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damping behavior of the soil [15]. The buildup of pore pressure can cause changes in the 

effective stress, which in turn affects the soil stiffness and damping behavior. Moreover, 

the magnitude and duration of the cyclic loading can also affect the stress history of the 

soil, which has an impact on the damping ratio [16]. 

The degree of saturation of the sand can also affect its damping properties [17-20]. In 

general, the damping ratio tends to increase with increasing saturation. The reason for 

this is that the presence of water in the soil provides a pathway for energy dissipation 

through viscous damping. As the degree of saturation increases, the viscous damping ef-

fect becomes more prominent, which results in a higher damping ratio. However, it 

should be noted that the effect of saturation on damping is not always consistent and de-

pends on other factors such as the type of soil and the loading conditions [17-20]. 

The confining pressure is another parameter that can have an impact on the damping 

ratio of sand. According to Bayat et al. [21], the damping ratio of sand decreases as con-

fining pressure increases. Similarly, the moisture content of sand has also been investi-

gated with regard to its effect on damping ratios. Ling et al. [22] found that the damping 

ratio of sand increased with an increase in moisture content. The loading frequency of 

sand is another factor that can influence its damping ratio. According to Chen et al. [23], 

sand's damping ratio decreases with increasing loading frequency. Additionally, the par-

ticle distribution, or uniformity coefficient, of the sand has been investigated for its influ-

ence on damping ratios. According to Wichtmann et al. [24], the damping ratio of sand 

decreases with increasing uniformity ratio. In general, several factors can affect the damp-

ing ratio of sands, including particle shape, grain size, confining pressure, moisture con-

tent, loading frequency, and particle distribution [25-30]. The complex relationship be-

tween these parameters and the damping ratio of sand requires further research. 

The present study contributes significantly to the literature by being the first to sys-

tematically investigate the impact of particle shape and size on the damping ratio of dry 

sand, where the minerals are identical, and the only different variable is the shape and 

size of the particles. The study's unique approach is the use of cyclic loading type to ex-

amine the effect of cyclic stress ratio (CSR) loading on the impact of particle shape and 

size and damping ratio of sands. This type of cyclic loading is particularly useful as it can 

simulate the effect of earthquakes, which may be important in geotechnical engineering 

applications. The study aims to demonstrate how particle shape can impact other factors 

such as void ratios, ultimately leading to changes in damping ratio. The primary objective 

is to investigate the effect of particle shape on damping ratio of dry sands experimentally. 

To achieve this, a series of samples of sands with different particle shapes and sizes are 

tested in a cyclic simple shear apparatus in both constant-stress and controlled-stress 

modes to determine their damping ratio. The analysis of the results is then incorporated 

into different correlations in the form of curves. Overall, the study provides novel insights 

into the relationship between particle shape and damping ratio, which could inform fu-

ture geotechnical engineering applications. 

The study conducted a pioneering investigation into the use of artificial intelligence 

(AI) models for predicting the damping ratio based on the shape of the grain, vertical 

stress, CSR, and number of loading cycles. Artificial intelligence methods were used suc-

cessfully in different areas of geotechnical engineering [31-36]. This is the first time that 

AI models have been applied to this problem. The novelty of this approach lies in its po-

tential to improve the accuracy and efficiency of predicting the damping ratio. Moreover, 

this study represents an important step towards expanding the use of AI models in the 

field of geotechnical engineering. After developing the models, the study focused on an-

alyzing the importance of input parameters to gain a deeper understanding of the factors 

that affect the damping ratio prediction. 
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2. Materials and Methods 

2.1. Sand 

The objective of this study is to assess the characteristics of sand gathered from a 

coastal area. The results provided in Figure 1 are from a particle size analysis and other 

related tests that were conducted on the used sand sample based on standards [37-39]. A 

particle size analysis is important because it provides valuable information about the 

properties of the sample, such as its permeability, compressibility, and shear strength, 

which are essential for various engineering and construction applications. The results of 

the sieving process were used to draw and determine the particle size distribution, which 

is expressed in Figure 1 and also in terms of the D10, D30, D50, and D60 values. These values 

represent the particle size at which 10%, 30%, 50%, and 60% of the sand sample is finer by 

weight, respectively. The particle size analysis shows that the sand has a D10 of 0.19 mm, 

a D30 of 0.245 mm, a D50 of 0.265 mm, and a D60 of 0.275 mm. Moreover, the uniformity 

coefficient (Cu) and curvature coefficient (Cc) values of 1.447 and 1.149 respectively indi-

cate that according to the Unified Soil Classification System (UCSC) the sand is poorly 

graded. 

In addition to the particle size analysis, the sand sample was also tested for its specific 

gravity (Gs), minimum and maximum void ratios (emin and emax). The specific gravity is a 

measure of the density of the sand particles, while the minimum and maximum void ra-

tios provide information about the compaction characteristics of the sand. The specific 

gravity of sand was 2.65, and the minimum and maximum void ratios (emin and emax) of 

0.76 and 1.07 respectively show that the sand has a relatively low maximum compactness. 

To better understand the nature of the sand, several mineralogical studies were con-

ducted. The results indicate that the main mineral present in the sand is quartz, followed 

by minor minerals such as magnesium silicate and aluminum silicate. 

 

Figure 1. Particle size distribution curve of sand. 

2.2. Simple Shear Apparatus and Test Plan 

The study employed a 2D simple shear test to assess the properties of sand samples 

under cyclic loading conditions. The test involved applying forces in two directions, a 

vertical force along the sample's axis and a shear force parallel to its horizontal surface. 

To generate cyclic shear stresses, a dynamic simple shear test was used with a frequency 

of 0.5 Hz. The samples, with a diameter of 70 mm and a height of 20 mm, were prepared 

using dry sand and wet tamping method with a moisture content of 7%, as per Ladd [40]. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 March 2023                   doi:10.20944/preprints202303.0021.v1

https://doi.org/10.20944/preprints202303.0021.v1


Figure 2 illustrates a schematic diagram of the dynamic simple shear test, wherein 

the samples were subjected to sinusoidal shear stress. The test is useful in determining the 

shear strength, deformation characteristics, and stress-strain behavior of the sand sam-

ples. The data obtained from this test is crucial in understanding the response of soil and 

sand materials to cyclic loading, which is relevant to various applications such as the de-

sign of foundations, retaining walls, and embankments. 

 

Figure 2. Schematic diagram of a cyclic simple shear test apparatus. 

The methodology of this study involved investigating the behavior of sand through 

a series of cyclic tests. Prior to this, a monotonic test was performed on the sand, which 

demonstrated dilative behavior, as noted by Baghbani et al. [41]. The cyclic tests were 

carried out on samples with a relative density of approximately 45%, and vertical stresses 

of 50, 150, and 250 kPa were applied. Different cyclic stress ratios (CSR) were employed 

for each test. The cyclic loading involved applying a vertical load at a rate of 5 N/sec, 

followed by sinusoidal shear loading. Constant-stress and stress-control modes were uti-

lized during the cyclic tests, with the same sample being used for five repetitions under 

identical conditions. 

CSR loading is commonly used to evaluate the resistance of soil to cyclic loading and 

its ability to withstand repeated cycles of stress and strain. This method directly applies 

cyclic stress to the soil, and the soil's response is measured in terms of strain. CSR loading 

is particularly useful in simulating the loading conditions experienced by soils during an 

earthquake, especially for soils with a low plasticity index. 

To quantify the shape characteristics of sand grains, the Krumbein and Sloss [42] em-

pirical chart was utilized in this study. This chart uses an optical microscope to express 

grain shape in various ways. Roundness R, sphericity S, and regularity ρ were the three 

shape descriptors quantified in this study using Equations 1, 2, and 3. Figures 3 and 4 

defines the parameters in these equations and was adapted from Krumbein and Sloss [42] 

and Cho et al. [43]. 

𝑅 =
∑ 𝑟𝑖
𝑁
𝑖=1

𝑅𝑚𝑎𝑥−𝑖𝑛

 (1) 

𝑆 =
𝑅𝑚𝑎𝑥−𝑖𝑛

𝑅𝑚𝑖𝑛−𝑐𝑖𝑟

 (2) 

ρ = 0.5 [R + S] (3) 

where r = the radius of the sand particle corners; Rmax-in = the largest inner radius of 

the sand particle corners; Rmin-cir = the smallest outer radius of the sand particle; i = index 

of summation; and N = number of inscribed spheres. 
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Figure 3. Particle shape of one sample [41-42]. 

 

Figure 4. Particle shape characterization chart [42-43]. 

This study conducted a comprehensive investigation on the effect of particle shape 

changes on damping ratio. To achieve this, 25 sand particles were randomly selected at 

three stages: before testing, before the second test, and before the fifth test. The three 

shape descriptors R, S, and ρ were quantified for each selected particle, and the average 

of the three descriptors for the 25 particles was considered as R, S, and ρ for each stage. 

This method was used to isolate the effect of particle shape changes on damping ratio, as 

other physical characteristics remained nearly constant. 

To determine the optimal number of grains for this study, a test group was con-

ducted first. Initially, 10 particles were selected, but the standard deviation for the three 

parameters S, R, and ρ was not adequate. In the second step, 20 particles were consid-

ered, and the standard deviation was acceptable. Finally, 25 particles were selected to 

ensure accuracy. 

The particles were removed in five layers during the particle selection procedure as 

shown in Figure 5, with five particles randomly selected from each layer. This method 

ensured that 25 grains were selected almost perfectly with a uniform distribution in 

height and horizontal surface. 

r2

ri

r1

Rmax-in

Rmin-out

S = 0.9S = 0.9

S = 0.7

S = 0.5

S = 0.3

R = 0.1 R = 0.3 R = 0.5 R = 0.7 R = 0.7

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 March 2023                   doi:10.20944/preprints202303.0021.v1

https://doi.org/10.20944/preprints202303.0021.v1


 

Figure 5. Schematic image of the selection location of 25 particles for each sample (no scale). 

2.3. Artificial Neural Network (ANN) 

Artificial Neural Networks (ANNs) have a rich and fascinating history that spans 

several decades. The roots of ANNs can be traced back to the late 1940s and the work of 

Warren McCulloch and Walter Pitts, who proposed a mathematical model of a neuron, 

known as the McCulloch-Pitts neuron [44]. They suggested that neurons in the brain could 

be modeled as binary on-off switches, which laid the foundation for ANNs. In the 1950s 

and 1960s, several researchers began to develop neural network models, such as the per-

ceptron, which was proposed by Frank Rosenblatt in 1958 [45]. The perceptron is a type 

of single-layer neural network that can learn to classify patterns by adjusting its weights. 

In the 1970s and 1980s, the development of backpropagation algorithm by Paul Werbos 

and others revolutionized the field of ANNs [46]. This algorithm allowed for the training 

of multi-layer neural networks, which could learn to perform more complex tasks than 

single layer perceptron’s. 

ANNs can be used for a variety of tasks, including classification, regression, and 

time-series prediction. They have been successfully applied in various fields, such as fi-

nance, healthcare, and image recognition. However, the accuracy of the ANN model heav-

ily relies on the quality and quantity of the training data, and the model may suffer from 

the problem of vanishing gradients, where the gradients become too small to update the 

weights during backpropagation. 

To implement the ANN methodology, first, the data is divided into training and test-

ing sets. The ANN model is then trained on the training set using backpropagation algo-

rithm to minimize the error between the predicted and actual outputs. The number of 

hidden layers and the number of neurons in each layer are determined using trial and 

error or using a validation set. The performance of the ANN model is evaluated on the 

testing set using various metrics such as mean squared error (MSE) and mean absolute 

error (MAE). The hyperparameters of the ANN model, such as learning rate and momen-

tum, are optimized using techniques such as grid search or randomized search. 

Additionally, before training the ANN model, the input data need to be preprocessed 

by normalizing the data to ensure that all features have equal importance. The activation 

function for each neuron is chosen based on the problem being addressed, such as 
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sigmoid, tanh, or ReLU. Regularization techniques such as dropout or weight decay may 

also be applied to prevent overfitting during the training process. 

2.4. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised learning algorithm used for classifi-

cation and regression analysis. It was first proposed by Vapnik and colleagues in the 1990s 

and has since been widely used in various fields such as finance, biology, and image 

recognition [47-48]. The idea behind SVM is to find a hyperplane that separates the data 

into different classes in the highest possible margin. The margin is defined as the distance 

between the hyperplane and the closest data points from each class. The SVM algorithm 

then tries to maximize this margin by finding the optimal hyperplane. 

Initially, SVM was developed for linearly separable data only, where a single hyper-

plane could separate the data perfectly. Later, it was extended to non-linearly separable 

data by using kernel functions to map the data to a higher dimensional space, where it 

could be linearly separated. 

SVM has several advantages over other classification algorithms, such as its ability 

to handle high dimensional data and its robustness to outliers. However, its performance 

can be affected by the choice of kernel function and hyperparameters. Over the years, 

several variants of SVM have been proposed, such as the support vector regression (SVR) 

for regression analysis, and the multiple kernel learning (MKL) for combining multiple 

kernel functions. SVM remains an active area of research, with ongoing efforts to improve 

its performance and scalability for large datasets. 

To implement the SVM methodology, first, the data is divided into training and test-

ing sets. The SVM model is then trained on the training set using a kernel function such 

as linear, polynomial, or radial basis function (RBF). The optimal values of the hyperpa-

rameters, such as C (penalty parameter) and gamma (kernel coefficient), are determined 

using techniques such as grid search or randomized search. The performance of the SVM 

model is evaluated on the testing set using various metrics such as accuracy, precision, 

recall, and F1-score. The SVM model can also be used for regression tasks by modifying 

the objective function and using the epsilon-insensitive loss function. The performance of 

the SVM regression model can be evaluated using metrics such as mean squared error 

(MSE) and mean absolute error (MAE). 

3. Results 

After conducting the simple shear test, the collected data comprised of displacements 

and forces. These raw values were then transformed into horizontal and vertical stress 

and strain values by utilizing the displacement-strain and stress-force relationships. The 

damping ratio (D) was then calculated using Equations 4 and 5, and Figure 6. 

𝐷 =
∆𝑊

2𝜋𝑊
=
𝐴Loop

2𝜋𝑊
 (4) 

𝑊 =
(𝛾𝑚𝑎𝑥 − 𝛾𝑚𝑖𝑛)(𝜏𝛾𝑚𝑎𝑥 − 𝜏𝛾𝑚𝑖𝑛)

2
 (5) 
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Figure 6. Schematic hysteresis loop in cyclic tests. 

3.1. Cyclic Tests 

The results of the experiment show the effect of particle shape changes on the damp-

ing ratio of sand. The hysteresis loops of shear stress-strain were plotted after each cyclic 

test, and the damping ratio was estimated using Equation 3. Figure 7 illustrates an exam-

ple of the results obtained during cyclic tests, where CSR and vertical stresses were 0.3 

and 150 kPa, respectively. In addition, the results demonstrate that the volumetric strain 

exhibits a negative trend with an increasing number of cycles. This indicates that the sam-

ple experienced settlement and its density increased after cycling. The constant vertical 

pressure loading in the cyclic tests is the reason for this phenomenon. 

 

Figure 7. Results of cyclic tests under condition of CSR = 0.3 and vertical stress= 150 kPa as the curves 

of (a) shear stress-strain hysteresis loop, (b) volumetric strain-cyclic numbers. 

The impact of the number of cycles on the damping ratio under different CSR condi-

tions and vertical stresses was demonstrated by Figures 8, 9, and 10 for the reconstruction 

of the first, second, and fifth samples, respectively. As shown in the figures, the damping 

ratio decreased with an increase in the number of cycles in all tests. 
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Figure 8. Effect of the number of loading cycles on the damping ratio for different CSR and the 

vertical stress of (a) 50 kPa, (b) 150 kPa, (c) 250 kPa for 1 reconstruction. 
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Figure 9. Effect of the number of loading cycles on the damping ratio for different CSR and the 

vertical stress of (a) 50 kPa, (b) 150 kPa, (c) 250 kPa for 2 reconstructions. 
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Figure 10. Effect of the number of loading cycles on the damping ratio for different CSR and the 

vertical stress of (a) 50 kPa, (b) 150 kPa, (c) 250 kPa for 5 reconstructions. 

Tables 1, 2 and 3, and Figure 11 present the results of tests conducted on samples 

before cycling (Table 1), after 30 cycles (Table 2), and after 120 cycles (Table 3). The tables 

report the minimum, maximum, mean, and standard deviation for three shape de-

scriptors: sphericity (S), roundness (R), and regularity (ρ), as well as the damping ratio 

(D). Comparing the values across the three tables allows us to draw some conclusions 

about how these shape descriptors and the damping ratio are affected by cycling. 

Looking at Table 1, it can be seen that the mean values for S, R and ρ, and D are 0.713, 

0.518, 0.616, and 16.050, respectively, before cycling. The standard deviations for S, R and 

ρ are relatively small (0.014 and 0.011, respectively), indicating that the samples are rela-

tively consistent in terms of their shape descriptors. The standard deviation for D is larger 

(5.903), suggesting more variability in the damping ratio. 

Moving to Table 2, it can be seen that after 30 cycles, the mean values for S, R and ρ, 

and D are 0.760, 0.557, 0.658, and 13.392, respectively. Compared to Table 1, the mean 

values for all three shape descriptors have increased, suggesting that the samples have 

become more spherical, rounder, and more regular after 30 cycles. Additionally, the 

damping ratio has decreased, indicating that the samples have become less stiff and more 

flexible over the course of cycling. 

Finally, in Table 3, after 120 cycles, it can be seen that the mean values for S, R and ρ, 

and D are 0.774, 0.570, 0.672, and 12.425, respectively. Compared to Table 2, we can see 

that the mean values for all three shape descriptors have continued to increase, suggesting 

that the samples have become even more spherical, rounder, and more regular after 120 

cycles. Additionally, the damping ratio has continued to decrease, indicating that the sam-

ples have become even less stiff and more flexible over the course of additional cycling. 
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Table 1. Three shape descriptors before cycling tests. 

Variable Minimum Maximum Mean Std. deviation 

S 0.690 0.743 0.713 0.014 

R 0.498 0.534 0.518 0.011 

ρ 0.594 0.638 0.616 0.011 

D 8.500 25.500 16.050 5.903 

Table 2. Three shape descriptors after 30 cycling tests. 

Variable Minimum Maximum Mean Std. deviation 

S 0.733 0.793 0.760 0.017 

R 0.529 0.572 0.557 0.014 

ρ 0.631 0.683 0.658 0.014 

D 7.200 21.400 13.392 4.784 

Table 3. Three shape descriptors after 120 cycling tests. 

Variable Minimum Maximum Mean Std. deviation 

S 0.741 0.807 0.774 0.020 

R 0.537 0.592 0.570 0.018 

ρ 0.640 0.695 0.672 0.018 

D 6.900 20.200 12.425 4.536 

 

 

Figure 11. The results of three shape descriptors (a) before cycling tests, (b) after 30 cycles and (c) 

after 120 cycles. 

This section investigated the effect of loading cycles on three parameters of grain 

shape and damping ratio. The experimental results are presented in Figures 12 and 13, 

where the diameter of the circles represents the magnitude of the damping ratio. It was 

observed that an increase in the number of loading cycles led to an increase in the three 
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shape parameters (S, R and ρ) of the grains, indicating that the grains had become more 

spherical, rounder, and regular. Moreover, an increase in the number of cycles and the 

three parameters of the grain shape resulted in an increase in the diameter of the circles 

and damping ratio in the shapes. These findings demonstrate the relationship between 

the number of loading cycles, grain shape, and damping ratio, and highlight the im-

portance of considering these factors in the design and optimization of granular materials 

for various applications. 

 

Figure 12. Effect of number of cycles and (a) S, (b) R and (c) ρ on the damping ratio. 

The results are presented in Figure 4, where the size of the diameter of the circle rep-

resents the magnitude of the damping ratio. The findings indicate that the damping ratio 

increased with an increase in vertical stress, as evidenced by the increase in the diameter 

of the circle. These results provide insight into the influence of normal and loading stresses 

on the damping behavior of sand, which has significant implications for the design and 

construction of various geotechnical structures. 

 

Figure 13. Effect of number of cycles and (a) vertical stress and (b) CSR on the damping ratio. 
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3.2. Artificial Neural Network (ANN) 

Equations 6-11 provide definitions for various performance parameters that can be 

used to evaluate a network's performance. These parameters include Mean Absolute Error 

(MAE), Mean Square Error (MSE), Root Mean Square Error (RMSE), Mean Squared Log-

arithmic Error (MSLE), Root Mean Squared Logarithmic Error (RMSLE), and Coefficient 

of Determination (R2). 

𝑀𝐴𝐸 =
∑ (𝑋𝑚 − 𝑋𝑝)𝑁

𝑁
 (6) 

𝑀𝑆𝐸 =
∑ (𝑋𝑚 − 𝑋𝑝)

2

𝑁

𝑁
 (7) 

𝑅𝑀𝑆𝐸 = √∑ (𝑋𝑚 −𝑋𝑝)
2

𝑁

𝑁
 (8) 

𝑀𝑆𝐿𝐸 =
∑ (log(𝑋𝑚 + 1) − log(𝑋𝑝 + 1))

2

𝑁

𝑁
 (9) 

𝑅𝑀𝑆𝐿𝐸 = √∑ (log(𝑋𝑚 + 1) − log(𝑋𝑝 + 1))
2

𝑁

𝑁
 (10) 

𝑅2 = [
∑ (𝑋𝑚 − 𝑋𝑚̅̅ ̅̅ )(𝑋𝑝 −𝑋𝑝̅̅ ̅)
𝑁
𝑖=1

∑ (𝑋𝑚 −𝑋𝑚̅̅ ̅̅ )
2𝑁

𝑖=1 ∑ (𝑋𝑝 − 𝑋𝑝̅̅ ̅)
2𝑛

𝑖=1

]

2

 (11) 

Where N is the number of datasets, Xm and Xp are actual and predicted values, and 

𝑋m̅̅ ̅̅  , 𝑋p̅̅ ̅  are the average of actual and predicted values, respectively. Ideally, the model 

should have a R2 value of 1 and a MAE, MSEM RMSE, MSLE, RMSLE value of 0. 

To implement mathematical models, two types of databases are necessary, namely 

training databases and testing databases. Both types of databases were randomly divided 

for two mathematical models. 80% of the main database was assigned to the training da-

taset and the remaining 20% to the testing dataset. 

Several parameters, including the number of hidden layers and neurons, can impact 

the accuracy of ANN models. To obtain the most optimal and accurate ANN model, mul-

tiple models were generated and assessed to determine the best one. The performance of 

the selected model was evaluated by comparing the predicted damping ratio values 

against those obtained from the test dataset, as illustrated in Figure 14. The results demon-

strate the high accuracy of the ANN model in predicting the damping ratio of sand. 

 

Figure 14. Results of best ANN-ML model to predict damping ratio for (a) training and (b) testing 

databases. 

To elaborate further on the results of the ANN model, it should be noted that the 

model had one hidden layer, and the number of neurons in the input layer was 5, corre-
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stress, number of cycles, and CSR. The number of neurons in the hidden layer was initially 

set to 50, but through an iterative process of trial and error, the optimum number of neu-

rons was determined to be 28. This process is essential for optimizing the model's perfor-

mance and ensuring that it is not overfitting the training data. 

The results presented in Table 4 show the performance of an Artificial Neural Net-

work (ANN) model trained using a Levenberg-Marquardt (LM) algorithm to predict 

damping ratio based on the particle shape of sand, vertical stress, number of cycles, and 

CSR. The model's performance was evaluated using several metrics, including Mean Ab-

solute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean 

Squared Log Error (MSLE), Root Mean Squared Log Error (RMSLE), and R-squared (R²). 

The results indicate that the ANN model performs well in predicting damping ratio, as 

evidenced by the high R² value of 0.962 for both the training and testing datasets. R² is a 

statistical measure that represents the proportion of the variance in the dependent varia-

ble (damping ratio, in this case) that is explained by the independent variables (particle 

shape of sand, vertical stress, number of cycles, and CSR). Therefore, R² value close to 1 

indicates that the model fits the data well. The MAE, MSE, and RMSE values for the train-

ing dataset are higher than those for the testing dataset, indicating that the model per-

forms better on the testing dataset. This could be due to overfitting, which occurs when 

the model fits the training data too closely, resulting in poor performance on new, unseen 

data. The MSLE and RMSLE values are low for both the training and testing datasets, 

indicating that the model's predictions are accurate and have low error. In conclusion, the 

results suggest that the ANN model trained using ML algorithm is a promising approach 

for predicting damping ratio based on the particle shape of sand, vertical stress, number 

of cycles and CSR. However, further research is needed to validate the model's perfor-

mance on a larger dataset. 

Table 4. Results of best ANN-ML model to predict damping ratio for both training and testing da-

tabases. 

Metrics Training Database Testing Database 

MAE 0.887 0.551 

MSE 1.056 0.460 

RMSE 1.027 0.679 

MSLE 0.007 0.001 

RMSLE 0.084 0.037 

R² 0.962 0.962 

3.3. Support Vector Machine (SVM) 

The performance and accuracy of SVM models can be significantly impacted by var-

ious parameters such as kernel function, C parameter, and Gamma parameter. To obtain 

the optimal and accurate SVM model, several models were trained and evaluated, and the 

best one was selected. The evaluation of the selected model was carried out by comparing 

the predicted damping ratio values against the actual values obtained from the test da-

taset, as illustrated in Figure 15. The results indicate that the SVM model exhibits high 

accuracy in predicting the damping ratio of sand. 
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Figure 15. Results of best SVM model to predict damping ratio for (a) training and (b) testing data-

bases. 

The results of the SVM model to predict damping ratio based on the shape of sand 

particles, vertical stress, number of cycles, and CSR are presented in Table 5. The model's 

performance was evaluated using various metrics such as MAE, MSE, RMSE, MSLE, 

RMSLE, and R² for both training and testing datasets. The SVM model achieved an MAE 

of 0.716 and 0.831 for training and testing datasets, respectively. The corresponding MSE 

values were 0.761 and 1.302, and the RMSE values were 0.872 and 1.141. Moreover, the 

model's MSLE and RMSLE values were 0.006 and 0.079 for the training dataset and 0.003 

and 0.057 for the testing dataset. Furthermore, the model's coefficient of determination 

(R²) values was 0.973 for the training dataset and 0.892 for the testing dataset. These results 

suggest that the SVM model performs well in predicting the damping ratio based on the 

input parameters, with a high R² value indicating a good fit to the data. Overall, these 

findings demonstrate the potential of the SVM model as a useful tool for predicting the 

damping ratio of sand samples based on their particle shape, vertical stress, number of 

cycles, and CSR conditions. 

Table 5. Results of best SVM model to predict damping ratio for both training and testing databases. 

Metrics Training Database Testing Database 

MAE 0.716 0.831 

MSE 0.761 1.302 

RMSE 0.872 1.141 

MSLE 0.006 0.003 

RMSLE 0.079 0.057 

R² 0.973 0.892 

4. Discussion 

4.1. Effect of void ratio changes on damping ratio 

An investigation was conducted to examine the impact of cyclic loading on the void 

ratio of the samples. Results from tests based on parameters R, S, and ρ are illustrated in 

Figures 16, 17, and 18, respectively. The diameter of the circles in these figures represents 

void ratio in the sample, while the shapes are constructed based on two minimum and 

maximum void ratios. The findings demonstrate that with an increase in the number of 

cycles and a consequent rounding of sand grains, the void ratio between the grains re-

duces. 
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Figure 16. The effect of cycling loading on (a) emin and (b) emax based on the R parameter. 

 

Figure 17. The effect of cycling loading on (a) emin and (b) emax based on the S parameter. 

 

Figure 18. The effect of cycling loading on (a) emin and (b) emax based on the ρ parameter. 

This is due to the fact that more rounded and spherical particles have a higher pack-

ing density, which results in a reduction in the volume of voids and an increase in the 

contact area between particles. This, in turn, leads to an increase in the number of contact 

points between particles, resulting in higher energy dissipation during cyclic loading, 

which is reflected in the higher damping ratio. 

4.2. Importance of input parameters 

In this study, a sensitivity analysis was conducted on the input parameters of several 

models, namely ANN and SVM, to investigate their impact on the accuracy of the AI mod-

els. For this purpose, each input parameter was increased and decreased individually by 
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100% and measured the resulting error to determine the sensitivity of the model to that 

parameter. The results of the sensitivity analysis were plotted in Figure 19, which shows 

the mean increase in error as the parameter was increased or decreased. The higher the 

error, the more sensitive the model is to that parameter. 

 

Figure 19. The importance of input parameters on the MAE of the best (a) ANN, and (b) SVM model. 

Table 6 presents the ranking results of variable importance for all models. The models 

considered in this study are Artificial Neural Network (ANN) and Support Vector Ma-

chine (SVM). The input parameters for each model are number of cycles, S, R, ρ, normal 

stress, and CSR. The ranking results are based on the total score obtained by each input 

parameter in both models. The total score for each input parameter is the sum of the scores 

obtained in ANN and SVM models. The ranking is then determined based on the total 

score of each input parameter. 

From Table 6, it can be observed that the most important input parameter is vertical 

stress, with a total score of 2 and a ranking of 1. The significance of the vertical stress in 

regulating the contact forces between particles and, consequently, the dissipation of en-

ergy during cyclic loading is the reason behind this phenomenon. The second most im-

portant input parameter is R, with a total score of 5 and a ranking of 2. The third most 

important input parameter is ρ, with a total score of 6 and a ranking of 3. The fourth and 

fifth most important input parameters are number of cycles and S, with total scores of 7 

and 10, respectively, and rankings of 4 and 5, respectively. Finally, CSR has the lowest 

total score of 12 and is ranked sixth. These rankings provide valuable insight into the rel-

ative importance of the input parameters in predicting the output variable in the models 

considered in this study. This information can be useful in optimizing the models and 

selecting the most important input parameters for a particular application. 

Table 6. The ranking results of variable importance for all models. 

Models Input parameters 

Numbre of cycles S R ρ Vertical Stress CSR 

ANN 3 5 2 4 1 6 

SVM 4 5 3 2 1 6 

Total score 7 10 5 6 2 12 

Ranking 4 5 2 3 1 6 

5. Conclusions 

This paper presents a comprehensive investigation into the effect of particle shape on 

the damping ratio of dry sand. The study uses a unique approach of cyclic loading to 

evaluate the impact of particle shape and size on the damping ratio, which has practical 

implications for geotechnical engineering applications. In order to investigate the impact 

of particle shape and size on the damping ratio of dry sand, a series of simple shear tests 
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were performed. Three parameters, namely roundness (R), sphericity (S), and regularity 

(ρ), were employed to characterize the shape and size of particles. Additionally, the study 

develops two artificial intelligence models, an artificial neural network and a support vec-

tor machine, which effectively predict the effect of grain shape on the damping ratio. The 

following is a summary of the findings: 

- The results show that the shape of sand particles changes during cyclic loading, 

becoming more rounded and spherical, resulting in an increase in damping ratio. 

- The results of the study also showed that the damping ratio of sand decreases as 

the number of loading cycles increases. This is due to the fact that cyclic loading 

causes a rearrangement of the sand particles, resulting in an increase in the pack-

ing density and a decrease in the volume of voids, which increase the number of 

contact points between particles and, therefore, the energy dissipation during 

cyclic loading. 

- The results indicate that the ANN model performs well in predicting damping 

ratio, as evidenced by the high R² value of 0.962 for both the training and testing 

datasets. The results indicate that the ANN model performs well in predicting 

damping ratio, as evidenced by the high R² value of 0.962 for both the training 

and testing datasets. To conclude, the study suggests that utilizing an ANN 

model trained through ML algorithms holds promise for predicting the damping 

ratio of sand based on particle shape, vertical stress, number of cycles, and CSR. 

- The results showed that vertical stress is the most important parameter affecting 

the damping coefficient, while the effect of CSR is relatively small. This is because 

the vertical stress plays a major role in controlling the contact forces between 

particles and, therefore, the energy dissipation during cyclic loading. The study 

found that increasing the vertical stress resulted in an increase in the damping 

coefficient, while increasing the CSR had a relatively small effect on the damping 

coefficient. 

This study provides novel insights into the relationship between particle shape and 

damping ratio, which could inform future geotechnical engineering applications. Further 

research is needed to validate the results of the AI model and to investigate the impact of 

other factors on the damping ratio, such as particle size, particle sorting, and loading rate. 

In addition, the study could be expanded to include other types of soils and rocks, as well 

as to investigate the effect of particle shape on other geotechnical properties such as shear 

strength and compressibility. Overall, the study provides a strong foundation for future 

research on the impact of particle shape on geotechnical engineering applications. 
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