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Fig. 1. Granulation curves of samples S1 to S10
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Fig. 2. Failure envelope for S9 sample with three
different dry densities
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36.9 1.52

38.2 1.60 SP S1
394 1.69

35.8 1.37

37.6 1.47 SP S2
435 1.67

37.3 1.50

38.1 1.67 SW S3
42.6 1.80

374 1.50

38.5 1.67 SW S4
42.8 1.87

36.7 1.53

38.4 1.68 SW S5
41.8 1.80

37.0 1.52

38.5 1.68 SP S6
42.6 1.80

36.2 1.60

37.3 1.70 SP S7
39.0 1.80

355 1.50

36.4 1.60 SP S8
40.5 1.70

37.0 1.40

395 1.53 SP S9
44.0 1.67

36.8 1.55

38.4 1.64 SP S10
394 1.70

Table 1. Peak friction angle for each sample for three
different dry densities
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Fig. 9. Photos taken from samples with a Nikon camera in sunlight (Lens distance = 10 cm)
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Abstract:

Friction angle of soil is a critical parameter in the geotechnical engineering and has a direct impact
on the design of various structures, such as retaining walls, slopes, and piles. This parameter plays a crucial
role in determining the overall safety and performance of these structures, making it a key player in the
geotechnical analysis and design. In recent years, there have been some impressive advancements in the field
of artificial neural networks and deep learning models. These advancements have transformed these models
into the highly effective tools for predicting the properties and behavior of soil. By using a powerful deep
learning model, it is now possible to save a considerable amount of time and money when it comes to
estimating and predicting soil properties. In this particular study, a convolutional neural network was
developed to predict the peak friction angle of Firuzkuh sand using some soil images and the dry density as
the input parameters. The network itself consisted of five consecutive convolutional layers, as well as a
pyramid pooling module that utilized four different pooling sizes arranged in parallel. In addition, two fully
connected layers were incorporated into the network's design, which enabled it to satisfactorily process the
input parameters of the images and the dry densities with respect to the speed and precision. This network
converts the soil image into a scalar (number) by using these 5 convolutional layers, the pyramid pooling
module and a fully connected layer. Then, this scalar is concatenated with the dry density of the soil, is
passed through a fully connected layer, and the peak friction angle of the soil is obtained as an output. For
data generation, a total of ten samples of Firuzkuh sand were prepared. These samples had different
gradation curves, which are referred to as S1 to S10 specimens. Each soil specimen was compacted at three
different dry densities. The peak friction angle associated with the 30 different densities for the 10 different
particle size distributions (S1 to S10 specimens) was determined using the direct shear test apparatus. The
direct shear test box was 100 x100 x 25 mm in size. For network training and testing, the soil specimens
were spread on a flat surface and 50 photos in different light environments with varying distances of the
camera from the soil surface, were taken from each specimen. Since in the network training process, three
dry densities were considered for each sample, a total of 1500 images were prepared for the network
database. Of these, 1125 photos were used for training and 375 photos were saved for testing the network.
The network was trained for 1000 epochs on the training data, and the mean square error after 1000 epochs
was reduced to 1.84. The outcome of the assessment conducted on the designed convolutional neural
network in this study, using 375 test data, revealed that the network can predict the peak friction angle of
Firuzkuh sand by incorporating the image and dry density of the soil as input variables. The total normalized
relative error was 3.0%, while the maximum normalized relative error was 10%. This indicates that the
network has the ability to quickly predict the peak friction angle of the Firuzkuh sand with a good accuracy.

Keywords: Deep learning, Soil friction angle, Firuzkuh sand, Convolutional neural Network, Digital image
processing.
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