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A B S T R A C T   

Reproducing realistic particle shape is vital for discrete modeling of granular construction materials, such as 
sands and gravels, which are widely used foundation soils in civil engineering. The existing algorithms used to 
determine particle shapes from the raw images of construction materials are very limited, especially when 
dealing with binary mixtures, such as sandy gravel. To address this issue, this study aims to develop a systematic 
framework for realistic simulation of the gravel-sand mixture based on deep-learning-enhanced discrete element 
method (DEM). An efficient and convenient method is proposed to quickly identify particle contour and establish 
particle shape libraries based on a combination of YOLOv5 and U-Net algorithms. Furthermore, DEM-based 
biaxial compression tests are conducted on two groups of gravel-sand mixture based on the acquired realistic 
coarse and fine particle shapes. The influences of coarse particle shapes and fine sand content on the macroscopic 
and microscopic behaviors of gravel-sand mixtures are quantitatively and comparatively studied. The proposed 
framework for deep-learning-enhanced particle shape acquisition and realistic DEM simulation will provide 
researchers with more convincing physics-based insights into granular mechanics and has the potential to be 
extended into 3D to benefit practical problems.   

Introduction 

The gravel-sand mixture (GSM) is a highly heterogeneous loose 
geomaterial with a certain rock content that has existed since the Qua
ternary period. It is composed of rock with high strength, fine-grained 
soil, and pores. Not only is GSM a type of common geotechnical body 
found in nature, but it is also a unique geological body frequently 
encountered in various engineering constructions. However, due to the 
intricacy of the genesis formation and internal structure of GSM, its 
mechanical characteristics exhibit a high degree of variability and 
discontinuity, which is more complicated than that of homogenous soils 
or rocks [23,32,43]. In other words, even GSMs of the same origin and 
region may exhibit considerable variations in their meso-structure at 
various spatial locations, which will definitely have a detrimental effect 
on infrastructure safety [24,52]. Indeed, the meso-structural character
istics of GSM, to a large extent, control its meso-damage mechanism and 
macroscopic mechanical behavior characteristics under external load
ings. Based on the meso-structure of GSM, the investigation of its meso- 

damage mechanism, deformation failure mechanism, and macroscopic 
mechanical characteristics will considerably deepen the theoretical 
system of gravel-sand mixture mechanics [47,60,67]. However, given 
the limitations of testing techniques, it is difficult to study the meso- 
mechanics, microslip displacement, and microscopic failure mecha
nisms of geotechnical materials with existing laboratory procedures 
[20,30,36,48]. 

In recent years, the discrete element method (DEM) has been 
demonstrated as an effective tool for better understanding mechanical 
behaviors of loose geotechnical materials from a meso-mechanical point 
of view [2,6,41,44]. In geotechnical engineering, DEM is widely used to 
study the failure of geo-structures and microscopic behaviors of samples 
in conventional geotechnical tests [1,44,46,56,63,66]. For example, the 
distinct structure of binary mixtures such as GSM, composed of coarse 
and fine particles with different particle characteristics (e.g., shape, size, 
and orientation), is critical, significantly affecting their mechanical 
response. The effects of these factors on the micromechanical behavior 
of the mixture are not easy to determine with laboratory experiments 
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but are more accessible with DEM. Therefore, many studies have 
analyzed how these particle characteristics affect the mechanical be
haviors of binary mixtures. According to Wang et al. [55], the shape of 
block stone significantly influenced the strength, friction energy, and 
shear band shape of the soil–rock mixture. Ng et al. [37] found that the 
peak shear strength of binary mixture is affected more by particle shape 
than by fine content. In addition, the majority of the constitutive pa
rameters were demonstrated to be influenced by particle shape and can 
be correlated with a simple shape descriptor of sphericity [38]. These 
observations have motivated more studies on the influence of shape on 
the mechanical behavior of these binary mixtures, which also demon
strated the importance of shape in DEM simulation [8,17,21,39,65]. To 
better understand the mechanical behavior of GSM, DEM simulations of 
GSM with realistic particle shapes are needed. Some shape acquisition 
techniques, such as X-ray tomography, have been employed by other 
researchers [22,59,74]. Although 3D simulation is able to give more 
accurate and realistic results than 2D methods, the 3D modeling of 
realistic particle morphology results in much higher computational costs 
[57,58,72], Zhou et al. [73]. The 2D method reserves its advantages in 
revealing the physical insights and evolution laws of the macro- and 
micro-mechanical quantities for theoretical research studies. To address 
this, a method that reconstructs aggregate particle shape using the in
verse Fourier transforms considering a limited number of significant 
harmonics was proposed [61]. For the extraction of bonded-particles, 
Spettl et al. [50] proposed a novel method to automatically represent 
sphere-like primary particles as exactly one (perfect) sphere, which can 
be used as input for DEM simulations. Furthermore, Liang et al. [28] 
proposed a particle shape extraction and evaluation method using a 
deep convolutional neural network and digital image processing, which 
was applicable for shape extraction of the gravel-sand mixture. How
ever, these methods have several limitations, such as a limited appli
cation field, being time-consuming, or only being able to specific 
particles. 

To address the problems stated above, this paper aims to propose a 
systematic framework for the DEM study of realistic GSM from particle 
recognition to macro-and micro-mechanical analysis, providing a novel 
perspective for analyzing GSM. First, a cost-effective close-range 
photogrammetry technique was employed to obtain high-resolution 
images of GSM samples. These raw images containing coarse and fine 
particles were then processed by YOLOv5 to compute the bounding 
boxes of each identified foreground particle automatically. Then, within 
each bounding box, the particle contour was extracted by the U-Net 
network. The shape indexes for each particle were evaluated, and all the 
information was stored in a shape database. Next, the coarse and fine 
particles chosen from the shape databases were employed to generate 
numerical samples of realistic gravel sand mixture in DEM simulations. 
Finally, biaxial compression tests were conducted on two groups of 
gravel-sand mixture with two types of coarse particles (ballast and 
cobble) and different sand content to investigate the effects of coarse 
particle shapes and fine sand content on macro- and micro-mechanical 
properties of GSM. 

Particle identification and geometry quantification 

This section aims to rapidly identify and extract the contours of fully 
projected coarse and fine particles from the full-size raw image of GSM 
samples as well as to build shape libraries based on the statistical 
analysis of elongation, angularity, and roughness. 

Image acquisition based on close-range photogrammetry 

Sample acquisition of GSM 
This study employed ballast-sand mixtures (BSM) and cobble-sand 

mixtures (CSM) to be the GSM samples. All GSM samples for this 
investigation were obtained in Lanzhou, Gansu Province, China. To 
ensure the sample obtained was sufficiently preserved, the technique 

recommended by Geoguide 2 was used [42]. According to the guide, the 
sample was cut manually with a specialized cutter from material 
exposed in trial pits and excavations, which was completed immediately 
to avoid excessive moisture loss. After excavating from the soil, the 
undisturbed block samples were wrapped in grease-proof paper and 
coated with a series of layers of microcrystalline wax. Finally, as illus
trated in Fig. 1, the sample was transported to the laboratory. 

Implementation of close-range photogrammetry 
The close-range photogrammetry scheme mainly consisted of 

establishing an automatic photographic system, image acquisition along 
a designated route, and image post-processing (Fig. 2). 

As illustrated in Fig. 3a, the automatic photographic system con
sisted of a small four-axis gantry palletizing manipulator (SFGPM), 
digital camera, and computer. The camera is attached to the moving end 
of the SFGPM, which was controlled by a program. Before being pho
tographed, the sample was placed in the center of the platform in the 
SFGPM. It is noted that the sample was contained in a detachable box 
placed in the center of the platform consisting of four bottomless 
wooden boxes and one wooden box with a bottom with the same 
dimension (Fig. 3b). Once the camera had finished the whole shooting 
procedure along the designated route, the top wooden box and the GSM 
within it were removed, and the shooting operation repeated. In this 
way, five GSM images were obtained with the same sample, which 
considerably improved the efficiency of image acquisition. Note that a 
15 cm × 15 cm calibration board was adopted and positioned in the 
center of the sample surface to establish a local coordinate system that 
provided reference points for aligning photos and error reduction in 
image post-processing (Fig. 3c). The black squares with red flags on the 
calibration board were chosen as the reference points of the coordinate 
system (Fig. 3d). Point 1 represents the origin, whereas point 2 and point 
4 are the positive directions of the X-axis and Y-axis. Moreover, point 3 
serves as an error minimization control point. 

When shooting along the designated route, an indispensable condi
tion was to guarantee that adjacent images had enough overlapping 
area. To control the overlapping area, a grid layout in the camera was 
used to divide the whole image into 3 × 3 sections (Fig. 4a). An image 
was taken each time the camera moved a small section length (width) 
horizontally (vertically) along the shot route. Thus, every shot shared 
two-thirds of its image with an adjacent shot: the vertical middle third of 
the photo is the left (right) third of the next image, and the horizontal 
middle third of the photo is the top (bottom) third of the next image 
(Fig. 4b). For image post-processing, the commercial software Agisoft 
Photoscan [27] was used. The sparse point cloud was built based on the 
aligned images first. Then a dense point cloud was created based on 

Fig. 1. Sample acquisition.  
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Fig. 2. The workflow and schematic diagram of close-range photogrammetry: (a) workflow of close-range photogrammetry, (b) schematic diagram of image 
acquisition. 

Fig. 3. Component of the automatic photographic system: (a) SFGPM, (b) detachable wooden boxes; (c) sample in wooden boxes; (d) establishment of the local 
coordinate system. 

Fig. 4. The schematic diagram of shooting route: (a) camera grid lines, (b) schematic diagram of controlling overlaps between adjacent images.  
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multi-view stereo (MVS) algorithms [13,49]. Finally, the software fixed 
the textures, and the 2D projections of 3D GSM were outputted to an 
image with the highest resolution. 

Computer-vision-based extraction of coarse and fine particle geometry 

Detection of coarse and fine particle position 
The prevalent object detection is divided into two parts: localization 

and classification. It begins by extracting the particular features such as 
Haar-like features [29] and HOG [35] before classifying the object by a 
localizer or classifier. Generally, these localizers and classifiers run over 
an image based on the region proposal approach or in-sliding window 
technique [14]. Following that, post-processing is utilized to eliminate 
duplicate bounding boxes. The techniques used in these methods are 
difficult to optimize and very complicated since each component is 
trained individually. However, systems like YOLO have reformed object 
detection as a one-step, single-regression problem by unifying a single 
network, which accelerates the speed of identifying objects. 

This study adopted the latest YOLO version, YOLOv5 (Jocher et al., 
2020), to detect coarse particles and sand in GSM. Compared with the 
last version of YOLOv4 [4], YOLOv5 reduces the weight file by nearly 
90%, indicating that it is suitable for deploying embedded devices 
implement real-time detection. The object detection architecture of 
YOLOv5 has comprised of three parts: a pre-trained Backbone, a Neck, 
and a Head. As illustrated in Fig. 5, the input image features are com
pressed using a feature extractor (Backbone) and then given to the object 
detector (including the Neck and the Head). The Neck serves as a feature 
aggregator, collecting and blending the features generated in the 
Backbone for the Head phase [26]. Once YOLOv5 has located the object 
in the image, it generates a bounding box with the estimated accuracy 
rate around the object. 

To detect ballast, cobble, and sand particles in images, three inde
pendent data sets: Y_ballast, Y_cobble, and Y_sand were created. Each set 
contained 600 images (400 for training, 100 for validation and 100 for 
test) obtained from part 2.1. In addition, the aspect ratio of the images 
was set 1:1 to avoid lossy training due to dimensional variations. The 
models were trained using a desktop on Nvidia GeForce RTX 3080 GPU 
having 10 GB of RAM. Learning rates for all the models were initialized 
to 0.001, and it was set to depreciate every 1,000 steps. All models were 
trained for 80 epochs, each dataset consisted of 400 training images and 
the batch size was set to 8. After training, the weight file of the recog
nition model obtained was saved, and the test set was utilized to eval
uate the performance of the model. 

The train loss and validation loss curves for Y_ballast, Y_cobble, and 
Y_sand are shown in Fig. 6, indicating that the loss value decreased 
rapidly in the first 20 epochs of network training and stabilized after 50 
epochs. All losses were less than 0.03, which indicates the model trained 
well. 

Furthermore, the evolution of mAP@0.5 (mean average precision, 
IoU = 0.5) and precision for three sets were plotted in Fig. 7a. The 
mAP@0.5 represents the mean AP (average precision) of all photos for 

all categories in the training set when IoU equals 0.5 [71]. As for IoU, it 
is an evaluation indicator for the accuracy of the predicted bounding 
box, representing the overlap degree between the prediction bounding 
box and the actual bounding box. As shown in Fig. 7a, mAP@0.5 and 
precision of ballast, cobble and sand were >0.88, demonstrating that the 
further prediction of models was accurate and reliable. The best weight 
recommended by YOLOv5 was adopted for detection, and the results are 
shown in Fig. 7b. It is distinct that the ballast, cobble, and sand particles 
are detected well from the image by those trained models. Therefore, a 
series of images were input into those models and correct results were 
stored in data sets D_ballast, D_cobble, and D_sand, respectively. 

Extraction of particle contours 
For extraction of particle contours, the U-Net [45] model was 

adopted. By classifying each pixel of the image, the U-Net model can 
achieve higher segmentation accuracy in less time than other methods 
while supporting training models with a small amount of data [70]. As 
illustrated in Fig. 8a, it consists of a contracting path (left side) and an 
expansive path (right side). Both paths are executed by some basic op
erations: (1) convolution (Conv), (2) max-pooling (MaxPool), and (3) 
up-convolution (UpConv). The Conv operation is the core part of the 
convolutional neural network; it typically extracts features from the 
input data (the black portion in Fig. 8b, which contains P11,P12⋯Pij) and 
abstracts the implicit correlations in the original data through a con
volutional kernel matrix. To avoid discarding the original image data 
and to retain the feature map the same size as the original image, a 
padding operation must be performed before the Conv operation, i.e., 
adding zeros along the perimeter of the original matrix to generate an 
extended input matrix. Following that, the kernel slides in regular stride 
(S = 1) along both the x and y axes and multiplies the elements at each 
place of the kernel by the corresponding elements in the input matrix, 
then sums them and adds a bias. Finally, the calculated value is written 
to the corresponding location of output (yij). This operation is as follows: 

yij = AF

(
∑i+s

m=i− s

∑j+s

n=j− s
(xmnwmn + b)

)

(1)  

s = kn/2 (2)  

where kn is the size of the kernel matrix; xmn is the element at position 
(m, n) of the input matrix, wmn is the element of the nuclear matrix 
overlapping with xmn, b is the bias term of the output feature graph, and 
AF(⋅) is the activation function. During the training process, both pa
rameters wmn and b are the targets of training. The default value of kn is 3 
and the default activation function is ReLU in this study. 

The maxpool and upconv operations use different kernels and com
putations to down-sample and up-sample the input matrix, respectively. 
However, they are both executed by sliding windows, just like convo
lution operations. In this study, the maxpool operation can be consid
ered as a special convolution operation, with kn = 2 and S = 2, and the 
function of the formula yij is to output the maximum element covered by 

Fig. 5. Object detection architecture of YoloV5.  
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the kernel. The upsampling operation is carried by using the keras-built 
upsampling2D. The loss function is chosen to be the weighted binary 
cross-entropy (WBCE) function [10]. The ADAM [25] optimizer is used 
to dynamically alter the learning rate of each parameter to minimize the 
loss function. 

The images in sets D_ballast, D_cobble, and D_sand were imported 
into the U-Net model and the identification results of ballast, cobble, and 
sand were illustrated in Fig. 9, which indicated that the particle contours 
are well-identified from the background. Therefore, by employing the U- 
Net model, three databases U_ballast, U_cobble, and U_sand, contain 768 

Fig. 6. Train loss and validation loss curves for three data sets: (a) Y_ballast, (b) Y_cobble, (c) Y_sand.  

Fig. 7. Precision curve and detection results: (a) mAP@0.5 and precision curves (b) detection results.  
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ballast particle contours, 753 cobble particle contours, and 3820 sand 
particle contours, were established, respectively. 

Particle geometry quantification and database establishment 

Quantification of coarse and fine particle geometry 
To quantify shapes in databases U_ballast, U_cobble, and U_sand, 

some shape indexes (e.g., elongation, angularity index, and roughness) 
are selected for analysis in this section [3].  

(1) Elongation 

The elongation (EI) is a frequently-used shape index for evaluating 
the particle contour [51]. The definition of EI is shown below: 

EI =
Dminor

Dmajor
(3)  

where Dminor denotes the width along the minor principal axis and Dmajor 

denotes the length along the major principal axis. A higher EI value 
indicates that the particle is less thin. The two principal axes are 
determined by a second-order tensor matrix based on the normal vector 
of the particle contour (Eq. (4)). 

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Ωij =
1
Lp

∑n

k=1
lkTk

i Tk
j

C =

[
Ω11 Ω12

Ω21 Ω22

]

=

[
cosθ − sinθ

sinθ cosθ

][
λa 0

0 λb

][
cosθ sinθ

− sinθ cosθ

] (4)  

where Tk
i is the component of the unit normal vector Tk and of the kth 

micro-arc in i direction, and Tk
j represents the counterpart in j direction. 

Lk is the length of the kth micro-arc, LP denotes the perimeter of the 
particle contour, which is the sum of lengths of n micro arcs (Fig. 10a). λa 
and λb are eigenvalues of matrix C. The value of λb is the minimum 
percentage of the arc length in particle contour perimeter along the 
major principal axis direction of Ωij, while the value of λa is the 
maximum percentage along the minor principal axis direction of Ωij. 
Dminor and Dmajor can be determined in a rectangle boundary enclosing 
the particle contour using two principal axis directions (Fig. 10b).  

(2) Angularity index 

Angularity index (AI) is defined by the sum of the distance difference 
between the contour of the particle and the contour of an equivalent 
ellipse [31]. Based on Fourier series analysis, a circle with the same 
perimeter as the original particle is first established as a benchmark for 
quantifying AI. The point on the particle outline can be mapped into this 

Fig. 8. The architecture of U-Net: (a) improved overall U-Net architecture, (b) convolution operation.  

Fig. 9. Particle identification results: (a) U_ballast, (b) U_cobble, (c) U_sand.  
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circle and determined by a polar angle and a starting point (Fig. 10c). 
Then by Fourier series analysis as shown in Eqs. (5) and (6), the co
ordinates of points on the particle can be expressed by polar angle 
φ’(0 ≤ φ’ < 2π): 

x(φ’) = ax0 +
∑N

n=1
[axncos(nφ’) + bxnsin(nφ’)] (5)  

y(φ’) = ay0 +
∑N

n=1
[ayncos(nφ’) + bynsin(nφ’)] (6)  

where x and y are coordinates of the boundary points, n denotes the 

serial number of harmonics, and N is the total number of harmonics. ax0, 
ay0, axn, ayn, bxn, and byn are Fourier coefficients. Thus, the gradient di
rection of boundary points is: 

θ = arctan
[

y’(φ’)

x’(φ’)

]

(7)  

where x’(φ’) and y’(φ’) are the derivatives of x(φ’) and y(φ’), and θ is 
measured from x-axis. Then, Eqs. (5) and (6) can be transformed as 
follows: 

Fig. 10. Illustration of shape indexes; Elongation: (a) micro arc and the unit normal vector Tk, (b) rectangular box surrounding the particle contour; Angularity 
index: (c) benchmark contour of particles by Fourier analysis; Roughness: (d) smooth contour and real contour of a particle, (e) a simplified model of a quadrilateral 
deviation region, (f) a simplified model of a triangular deviation region. 
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x’(φ’) =
∑N

n=1
[− naxnsin(nφ’) + nbxncos(nφ’)] (8)  

y’(φ’) =
∑N

n=1
[− naynsin(nφ’) + nbyncos(nφ’)] (9) 

Then, the angularity of a particle can be defined as the integral of the 
absolute value of the change rate of θ with respect to φ, as shown in Eq. 
(10): 

AI =
1

2π

∫ 2π

0

⃒
⃒
⃒
⃒

dθ
dφ’

⃒
⃒
⃒
⃒dφ’ − 1 (10) 

For a circle, it is obvious that the value of dθ is equal to the value of 
dφ’, indicating that the angularity of a circle is actually zero. For non- 
circle particles, the calculation of integral would be cumbersome, and 
so the discretization form is more useful: 

AI =
1

2π
∑w− 1

i=0

⃒
⃒θ(i+1)Δφ’ − θiΔφ’

⃒
⃒ − 1 (11)  

where w is the increment element and Δφ’ is 2π/w, i.e., the increment of 
polar angle. With Eq. (11), any non-circle particle can have an AI value 
of zero, regardless of the elongation.  

(3) Roughness 

Roughness (Rg) is a shape index that evaluates the concavity of the 
particle contour and reflects the shape difference between the real and 
smooth contour of particles. A Fourier transform can be used to calculate 

the smooth contour of a particle. The larger Fourier series (N) corre
sponds to a higher similarity between the real and smoothed contour 
[40]. In this study, the Fourier series N is set to 16 to calculate the 
smooth contour. The deviation between the smooth contour and the real 
contour is shown in Fig. 10d. Next, the deviation regions and the geo
metric types are extracted and determined. In the case of parts that do 
not intersect between the smooth contour and the actual contour, the 
deviation region can be calculated as a quadrilateral area (Fig. 10e). For 
intersecting parts, the deviation region is simplified to two triangles 
(Fig. 10f). At the ith microunit, the deviation distance (Δdi) is the ratio of 
the deviation area to the corresponding are length. Based on the average 
deviation distance of all microunits, Rg can be expressed as: 

Rg =
Δd
r

=

̅̅̅̅̅π
Ap

√

⋅
1
Lp

∑i=1

Nd
Ai (12)  

where Δd is the average deviation distance, Nd is the number of all 
microunits, and Ap is the area of the particle contour. Ai is the deviation 
area, li is the corresponding arc length, and Lp is the perimeter of the 
particle contour. 

Statistical analysis and database establishment 
Through the quantification algorithms introduced above, the EI, AI, 

and Rg of 768 ballast particle contours, 753 cobble particle contours, 
and 3820 sand particle contours were calculated. The probability den
sity distributions are shown in Fig. 11. The EI value of contours in 
database U_ballast satisfies the normal distribution appropriately, while 

Fig. 11. Probability density distribution of the shape indexes; U_ballast: (a) EI, (b) AI, (c) Rg; U_cobble: (d) EI, (e) AI, (f) Rg; U_sand: (g) EI, (h) AI, (i)Rg  
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the Lorentz distribution can fit the distribution of AI and Rg of the ballast 
particles. For databases U_cobble and U_sand, the distribution of EI, AI 
and Rg are similar and fitted by the Lorentz distribution approximately. 
For example, the mean EI value in databases U_cobble and U_sand are 
0.8807 and 0.9183, respectively, indicating that the shape in databases 
U_cobble and U_sand are similar to some extent. 

To facilitate retrieval and sample preparation, shape indexes of 
U_ballast, U_cobble, and U_sand databases were stored in the form of 
storage format [number, contour, particle size, EI, AI, Rg] in the particle 
libraries LB, LC, and LF, respectively. The steps for sample preparation 
from the particle databases were as follows:  

(1) the required shape parameter range is input;  
(2) according to the range of these values, the two-dimensional 

contour that meets the requirements is searched for 
automatically;  

(3) the visualized two-dimensional contour is selected and is output 
to the “dxf” file. 

The establishment of particle databases simplifies selecting the two- 
dimensional contours of GSM that meet specific requirements, thus 
facilitating the discrete element modeling of GSM. 

DEM simulation of biaxial compression tests on realistic GSM 

Two types of GSM, i.e., BSM and CSM, were employed to investigate 
the influence of coarse particle shape and sand content on the evolution 
of macroscopic and microscopic behaviors of GSM through a series of 
numerical biaxial compression tests using PFC2D. 

DEM modeling 

Simulation process 
Two groups of simulations were implemented to investigate the 

impact of coarse particle shape and sand content (SC) on the macro
scopic and microscopic behaviors of GSM (BSM and CSM). Both coarse 
and fine particle shapes employed in the simulation were all selected in 
shape libraries LB, LC, and LF stochastically. In addition, the numerical 
samples with SC of 0%, 10%, 20%, and 30% were selected considering 
the stability transition of fine particles [69]. For convenience, each 
sample is identified by the SC and type of mixture. For example, SC0B, 
SC10B, SC20B and SC30B represent BSM samples containing 0%, 10%, 
20% and 30% sand, respectively. The details of each specimen are 
summarized in Table 1. 

As illustrated in Fig. 12, the process of the numerical biaxial com
pressing test includes three stages [17]: (a) generation, (b) wall-servo 
packing, and (c) shearing. In the generation stage, particles with 
random orientations were initially generated in a W × H rectangular box 
without gravity, where W = 0.60 m and H = 1.20 m. The rectangular 
box was modeled with four rigid loading walls. 

To guarantee accuracy and computational efficiency, the coarse 
particle size and fine particle size were set at 7.5 mm and 1.5 mm, 
respectively (Krishna and Pandey, 1981). Then, particles were subjected 
to an isotropic compression by a wall-servo-control mechanism to 
continuously adjust the positions of rigid walls until the stable confining 
pressure (σc = 200 kPa) was reached (Fig. 12c). To guarantee all 

samples reached the densest condition after isotropic compression, the 
particle friction (μp) and wall friction (μw) of zero during specimen 
generation was adopted based on previous studies [16]. As for the 
shearing stage, to exclude the influence of friction coefficient on simu
lation results, the particle–particle friction μp was set to 0.5 [9]. At the 
same time, the vertical loading walls moved towards each other at a rate 
of 0.05 to obtain a quasi-static behavior [68]. Moreover, confining 
pressure was applied until the axial strain of the sample reached 30% 
[17]. The linear elastic model was used in all modeling stages [68]. 

Since the primary purpose of the simulation was focused on inves
tigating the effect of coarse particle shapes and SC, other influencing 
factors, such as the micromechanical modeling parameters in DEM, were 
kept constant for all simulation groups. To guarantee the reasonability 
of the simulation, these modeling parameters were all adopted based on 
earlier relevant studies and are listed in Table 2. The densities of the 
sand and gravels were selected as 2600 kg/m3 [62]. The normal stiff
ness of a sand particle and gravel particle was selected as 1× 108 Pa, 
while that of the wall was set as 1 × 109 Pa [17,64]. According to 
Goldenberg and Goldhirsch [15], the normal-to-shear stiffness ratio of a 
soil particle should be selected in the range of 1.0–1.5, which can satisfy 
the theoretical model of the elastic sphere contact in the Catta
neo–Mindlin model [12]. In this study, the normal-to-shear stiffness 
ratio of a sand particle was chosen as 1.25. In addition, the damping 
coefficient was selected as 0.7 [75]. 

Variable definitions 
The macroscale stress tensor computed from the microscale quanti

ties of the contact forces and contact vectors is as follows [5]: 

σij =
1
V
∑Nc

c=1
f c
i dc

j (13)  

where V is the sample volume, c represents a specific contact, Nc in
dicates the total number of contacts in the sample, f c denotes the cor
responding contact force, and dc is the corresponding branch vector 
joining the centers of the two particles in contact. The effective mean 
(p’) and deviatoric (q) stresses are defined as follows: 

p’ =
σ1 + σ2

2
(14)  

q =
σ1 − σ2

2
(15)  

where σ1 and σ2 represent the axial stress and lateral stress, respectively. 
The internal angle of friction, φ, which indicates the shear strength of 

the granular material, can be defined from the stress ratio in drained 
biaxial loadings based on the Mohr-Coulomb criterion: 

sinφ =
σ1 − σ2

σ1 + σ2
=

q
p’ (16) 

The axial strain, ε1, and volumetric strain, εv, are estimated from the 
boundary movements: 

ε1 =
h0 − h

h0
(17)  

εv =
v0 − v

v0
(18)  

where h0 and h are the initial and current heights of the sample. v0 
represents the initial volume of the sample, and v denotes the current 
volume of the sample. 

The dilatancy angle, ψ , in the biaxial loadings is defined as follows: 

sinψ = −
dεv/dε1

2 − dεv/dε1
(19)  

Table 1 
Samples of numerical simulation.  

Sample 
name 

Sand content 
(%) 

Material Sample 
name 

Sand content 
(%) 

Material 

SC0B 0 BSM SC0C 0 CSM 
SC10B 10 BSM SC10C 10 CSM 
SC20B 20 BSM SC20C 20 CSM 
SC30B 30 BSM SC30C 30 CSM  

R. Li et al.                                                                                                                                                                                                                                        



Transportation Geotechnics 34 (2022) 100693

10

Macroscopic behaviors 

Shear strength 
The critical state is a physically observed state of granular materials 

at failure, which is an essential concept in geotechnical engineering [7]. 
To explore the macroscopic and microscopic behaviors at the critical 
state, the variation of friction angle ϕ versus the axial strain ε1 for 
samples with different sand content (SC) are plotted in Fig. 13. It is clear 
that all samples exhibit a conventional variation with a sharp roar at the 
beginning and then decrease gradually and eventually approach the 
critical state. Furthermore, the influence of shape on stiffness is not 
apparent. However, ballast particle shape (angular) has a more 

significant influence on shear strength than sand-like cobble particle 
shape. The peak and residual strength of BSM decrease with the increase 
of SC, while the trend in CSM is not apparent. 

To better identify the effect of particle shape on the shear strength, 
the variation of peak friction angle ϕp and residual friction angle ϕc 
versus the SC for samples BSM and CSM is plotted in Fig. 14. In Fig. 14a, 
the peak friction angle ϕp of BSM shows a negative relationship with SC, 
while that of CSM is slightly changed. Similar observations can also be 
found in Fig. 14b, ϕc of BSM drop continuously with SC while that of 
CSM fluctuate around 20◦ . The results indicate that, for the same 
rounded shape of sand particles, the ballast particle shape (angular) has 
a more significant influence on the peak strength and residual strength 
than that of cobble particle shape (rounded). 

Volumetric strain 
The variations of the volumetric strain εv with the axial strain ε1 are 

plotted in Fig. 15. All samples experience a slight contraction before 
expanding gradually to plateau values. When ε1 ≤ 5%, there is a positive 
relationship between εv and SC for BSM. However, at the critical state, 
the influence of SC on BSM is more distinct as the εv value of SC30B is far 
less than the remaining three scenarios, while the four scenarios of CSM 
nearly approach each other. It is noted that the εv increases at a low SC 

Fig. 12. Process of numerical biaxial test: (a) generation, (b) wall-servo packing, (c) shearing.  

Table 2 
Parameters used in the DEM simulation.  

Property Gravel particle Sand particle Wall 

Density 
(
kg/m3) 2600 2600 \ 

Friction coefficient, μp 0.5 0.5 \ 
Normal stiffness, Pa 1 × 108 1 × 108 1 × 109 

Normal-to-shear stiffness ratio 1.25 1.25 1.25 
Damping coefficient 0.7 0.7 0.7  

Fig. 13. Variation of friction angle ϕ versus the axial strain ε1 for samples with different SC: (a) BSM, (b) CSM.  
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and decreases when SC ≥ 20%, suggesting that the impact of SC on 
dilatancy is not monotonous. 

Microscopic analyses 

Normal contact force and coordination number 
To further investigate the interaction between different particles, 

three distinct types of contact was defined as gravel particle-gravel 
particle (GG contacts), gravel particle-sand particle (GS contacts), or 
sand particle-sand particle (SS contacts). 

The mean normal contact force fn is defined as the average of the 

normal contact forces overall contacts. In this part, the normal contact 
forces of each contact type at the critical states were examined in 
Fig. 16a and b. The sequence of contact forces: GG > GS > SS, was 
observed for all samples, which is consistent with the previous numer
ical studies [34,54]. In addition, for all samples, the fn of each contact 
type decreases with the increase of SC. 

According to Minh and Cheng [33], the coordination number Z can 
be defined based on the contact types: 

Z =
2Nc

Np
, Np = NG +NS (20) 

Fig. 14. Variation of peak friction angle ϕp and residual friction angle ϕc versus the SC for samples BSM and CSM: (a) peak friction angle ϕp, (b) residual fric
tion angle.ϕc 

Fig. 15. Evolutions of the volumetric strain εv with the axial strain ε1: (a) BSM mixtures, (b) CSM mixtures.  

Fig. 16. Variations of the normal contact force f n versus SC for BSM and CSM: (a) fB,n, (b)fC,n.  
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ZGG =
NGG

c

NG
, ZGS =

NGS
c

Np
, ZSS =

NSS
c

NS
(21)  

where Np, NG, and NS represent the number of all particles, gravel 
particles and sand particles, respectively. NGG

c , NGS
c , and NSS

c are the 
number of GG, GS, and SS contacts, respectively. The variation of Z of 
BSM and CSM versus axial stain ε1 are shown in Fig. 17a and b. All 
samples exhibit a conventional evolution with a sharp drop before 
gradually reaching plateau values. At the critical state, the Z values 
decrease with SC when SC ≤ 10%, while they increase with SC when 
SC ≥ 20%. This indicates that the mixture is experiencing a skeleton 
transition when the FC is increased from 10% to 20%. 

Notably, the contact can also be classified as strong contact and weak 
contact. Strong contact is defined as the contact force greater than the 
average contact force, while weak contact carries forces smaller than the 
average contact force. To explore the evolution of strong and weak 
contacts with SC, the coordination numbers for GG and SS in strong and 
weak contacts of samples at the critical states are and plotted in Fig. 18. 
The superscripts S and W represent strong and weak contacts, respec
tively. For BSM and CSM, it is distinct that the ZGG values show a 
negative linear relationship with the SC. However, ZSS values exhibit a 
different trend, increasing significantly with the SC. As shown in 
Fig. 18a, the ZGG,S

B and ZGG.W
B values also decrease with the SC, opposite 

to the trend of ZSS,S
B and ZSS,W

B . Note that the overall coordination ZB 

increases with SC, indicating that the SS contacts gradually become 
dominant when SC is increased from 10% to 30%. This suggests that 
more mean coordination numbers of SS contacts are formed to support 
the external load when the SC is increased. Similar observations can also 
be found in the CSM samples. These observations suggest that the 
decrease of GG contacts and increase of SS contacts lead to the drop of 
residual shear strength with SC. 

Percentage of sliding contact 
In DEM simulation, the sliding of contact is governed by the Coulomb 

friction law. A contact sliding is assumed to occur when 
⃒
⃒ft
⃒
⃒
/(

μfn
)
> 0.9999. For a specific binary mixture, the percentage of 

sliding contact (SCP) is obtained as follows [33]: 

SCP = NCS/NC × 100% (22)  

where NCS represents the number of sliding contacts in the sample. As 
shown in Fig. 19, the variation of SCP soars to the peak value at 
approximately 1% axial strain and then plummets into a plateau value, 
consistent with previous studies [18]. It is evident that the SCP of BSM is 
larger than that of CSM. This indicates that the effect of tangential 
contact force in BSM is larger than that of CSM under the action of 
external load. Additionally, SCP is increased with the increase of SC for 
all samples. This is attributed to the rotational resistance between the 

nonspherical particles pushing more contacts to slide to accommodate 
the imposed deformations [11]. 

Anisotropic analysis 
The direction and magnitude of contact force exhibit anisotropy, 

which is called contact force anisotropy characteristics. According to 
Sufian et al. [53], the stress tensor in Eq. (13) can be expressed in 
another form: 

σij =
Nc

V
∑

m
αm

∫

Ω
f m

i (n)d
m
j (n)E

m(n)dΩ (23)  

where m denotes the number of subsets (i.e., m = 3 for GG, GS and SS 
subsets in this study). αm = Nm

c /Nc, Nm
c represents the number of con

tacts in the mth subset, and Ω reflects all possible orientations for a unit 
vector along the direction of contact normal n. fm

i (n) is the average 
interparticle contact force in direction n for the mth subset and Em(n) is 
expressed as follows [19]: 

Em(n) =
1

2π
(
1+ ac,m

ij ninj
)

(24)  

where ac,m
ij is the second-order anisotropy tensor, which is deviatoric and 

symmetric, used to characterize the fabric anisotropy. 
The force anisotropy coefficient can characterize the anisotropy de

gree of contact force, is conventionally expressed as follows: 

am
* = sign(Sr)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a*,m
ij a*,m

ij

2

√

(25)  

where am
* including anisotropy coefficient of normal contact (am

c ), the 
anisotropy coefficient of normal contact force (am

n ), the anisotropy co
efficient of tangential contact force (am

t ), anisotropy coefficient of 
normal branch vector (am

dn) and anisotropy coefficient of tangential 
branch vector (am

dt). Sr is a normalized quantity of the double contraction 
of a*,m

ij and σ’
ij. 

According to Guo and Zhao [19], the integration of Eq. (23) can be 
expressed in this form by substituting Eq. (25): 

σij =
Ncf 0

nd0
dn

2V

∑

m
εm

(

δij +
ac,m

ij an,m
ij

2
δij +

ac,m
ij + an,m

ij + at,m
ij + adn,m

ij + adt,m
ij

2

)

(26)  

where εm = αmγm/
∑

m(αmγm), γm =
f
n,m
0

f
n
0

, fn,m
0 denotes the average normal 

contact force. The effective mean (p’) and deviatoric stresses (q) can also 

be defined as p’ = σii/2 and q =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
σ’

ijσ’
ij/2

√
. Then Eq. (26) is modified 

into the following formula: 

Fig. 17. Evolutions of coordination number Z versus axial strain ε1 for BSM and CSM: (a) ZB, (b)ZC  
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Fig. 18. Variations of the ZGG, ZGS and ZSS with SC: (a) BSM, (b) CSM.  

Fig. 19. Evolutions of SCP with the axial strain ε1 for BSM and CSM: (a) BSM, (b) CSM.  

Fig. 20. The validation of Eq. (28) based on DEM data: (a) SC = 30%-B, (b) SC = 30%-C.  
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q/p’ =
∑

m
εm

(
am

c + am
n + am

t + am
dn + am

dt

)

2
(27) 

Assume εm = 1, Eq. (27) for the overall contact network reduces to 
the following expression: 

q/p’ =
(ac + an + at + adn + adt)

2
(28) 

To validate the relationship presented in Eq. (28), the stress ratio q/ 
p′ obtained from DEM data based on Eq. (16) is compared with the stress 
ratio derived from the sources of anisotropy, as shown in Fig. 20. It is 
clear that the stress ratio q/p’ matches the analytical expression in Eq. 
(28), although the analytical expression slightly underestimates q/p’ at 
the critical state. The slight underestimation could be attributed to the 
fact that Eq. (28) neglects the cross products of the anisotropies [17]. 
This result suggests that the stress-induced anisotropies of granular 
materials are the microscopic origins of the shear strength. Additionally, 
as demonstrated in Fig. 20, an underpins the shear strength, ac and at 

have secondary and tertiary contributions to the shear strength, 
respectively, and the contributions of adn and adt can be neglected. 

To evaluate the importance of ac, an, and at in anisotropies, the 
evolution of ac, an, and at with SC are explored in Fig. 21. Clearly, ac, an, 
and at of a specific SC exhibit a similar trend in evolution regardless of 
BSM or CSM. Specifically, ac, an, and at initially increase sharply and 
then gradually drop to a plateau value except for ac of BSM. The ac value 
of SC20B and SC30B present a decrease after reaching the peak, while 
SC0B and SC10B still increase continuously. This suggests that the 
lubrication effect of fine particles in BSM can only be observed when 
SC > 20%. In addition, at the critical state, the value of ac, an, and at all 
decrease with the increase of SC. The variations in ac, an, and at at the 

critical state with respect to SC are plotted in Fig. 22. The evolutions of 
ac, an, and at exhibit a similar trend, dropping with the increase of SC, 
expect for an of CSM which exhibits an increase before the drop. It is 
noted that the value of ac, an, and at of BSM are always larger than that 
of CSM. This may be related to the fact that particle shapes affect the 
change of anisotropies. Based on the analysis in Fig. 22, the residual 
shear strength is a joint effect of ac, an, and at. For different particle 
shapes of coarse particles, the ϕc values decrease as the SC increases, as 
indicated in Fig. 14b. 

Conclusions 

This paper proposes a systematic framework for the DEM study of 
realistic gravel-sand mixture from particle recognition to macro-and 
micro-mechanical analysis. The contour of particles was determined in 
this study using a deep-learning-enhanced particle identification 
approach with the assistance of a close-range photogrammetry system. 
The extracted contours were quantified by shape indexes and stored in 
three shape libraries. Additionally, a series of numerical biaxial 
compression tests were conducted to evaluate the effect of coarse par
ticle shape and fine sand content on macroscopic and microscopic 
behaviors. 

The major contribution of the proposed study is concluded as 
follows:  

(1) High-quality images of GSM samples were efficiently acquired 
based on a novel photogrammetry system. This system consisted 
of a small four-axis gantry palletizing manipulator, digital cam
era, and computer. It provided a reliable and fast way for 

Fig. 21. Evolution of ac, an, and at versus axial strain ε1: (a) ac of BSM, (b) an of BSM, (c) at of BSM, (d) ac of CSM, (e) an of CSM, (f) at of CSM.  
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obtaining original sample images automatically, which could be 
used for image acquisition in other conventional samples.  

(2) Three training data sets Y_ballast, Y_cobble, and Y_sand were 
established, for ballast particle images, cobble particle images, 
and sand particle images, respectively. The YOLOv5 was 
employed to distinguish the location of full-projection particles of 
varying sizes in the above data sets and generate three data sets 
D_ballast, D_cobble, and D_sand for training of the U-Net model. 
Particle shapes were recognized accurately through the trained 
U-Net model and stored in U_ballast, U_cobble, and U_sand data 
sets. All these training set databases could be further expanded, 
and the trained model could be modified to identify more 
different kinds of particles in the future.  

(3) The recognized particle contours were evaluated by three typical 
shape indexes (elongation, angularity index, and roughness), and 
the results were stored in shape databases LB, LC, and LF, 
respectively. The particle shapes could be imported into the DEM 
simulation conveniently through specific retrieval.  

(4) Based on a series DEM simulation, the particle shape of coarse 
particles was found to influence the mechanical properties of the 
gravel-sand mixture significantly. Specifically, the sample with 
ballast particle shape had a higher peak strength and residual 
strength than that with cobble particle shape. In addition, the 
influence of sand content on the mechanical properties of gran
ular materials was not monotonous. When SC ranges from 10% to 
20%, the mixture might experience a skeleton transition. When 
SC > 20%, the lubricating role of sand particles would be 
observed. 

The author acknowledged that the shape features obtained from 2D 
extraction still differ from 3D particle shape features. Therefore, the 
current proposed framework will be further extended into 3D. In this 
way, a voxel-based deep learning neural network will be built to 
reproduce the 3D particle shapes and microstructures based on the CT- 
obtained voxel images. Additionally, a 3D DEM simulation will be per
formed using realistic three-dimensional clump particles. Indeed, the 
proposed research paves a viable way to investigate various granular 
mixture materials in DEM simulations. 
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