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ABSTRACT

The Q-system is a rock classification method with high field applicability, designed
to evaluate rock quality and propose support requirements. This method evaluates rock
quality by multiplying six parameters based on observed geological characteristics.
However, it does not account for the physical properties of the rock. Therefore, this paper
presents an artificial neural network that predicts the elastic wave velocity from the Q-
system parameters. Moreover, the contribution of each parameter to the wave velocity
was estimated, and the performances of models with different configurations were
compared. This can help to secure efficiency and stability by estimating the rock
properties without additional seismic surveying processes.

1. INTRODUCTION

The growing demand for underground space is driving the need for further
advancements in underground engineering. A key aspect of underground engineering
projects is an accurate classification of rock and ground conditions, as it can lead to
evaluation of excavation operations and determination of support requirements. Several
rock mass classification methods have been developed thanks to the progress in rock
mechanics and numerical simulations. However, the complex nature of rock mass has
not been clarified, and knowledge about the constitutive model of rocks is still limited (Niu
et al.,, 2024). In addition, challenges in field application and cost-effectiveness of
numerical and experimental methods have led to the favorable use of empirical methods
worldwide. Consequently, empirical methods are prevalent on construction sites to
evaluate rock behaviors fundamentally.
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Q-system is a widely used empirical rock classification method developed by the
Norwegian Geotechnical Institute (NGI) based on 212 underground excavation case
histories. It aims to evaluate rock mass quality and suggest tunnel support requirements.
Quality is evaluated into 9 classes, and proper support is recommended among 38
support types. The Q-value is defined in terms of 6 Q-parameters that reflect geological
characteristics. The definition of the Q-value is shown in Eq. (1).
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where RQD is rock quality designation, Jx is the joint set number, Ja is the joint alteration
number, J: is the joint roughness number, Ju is the joint water reduction factor, and SRF
is the stress reduction factor. The value of each factor is determined based on
observations, measurements, and environmental aspects.

Although the Q-value reflects the various geological aspects of rock condition, it
can hardly represent the value of its physical properties quantitatively. Moreover, the rock
support recommendations of the system are given based on an averaged, probabilistic
basis. Due to the limitations stemming from these characteristics, the system should be
utilized to provide an indication of the necessary support. The specific value of the
ground’s physical properties can be determined through seismic methods.

Seismic methods have been widely employed to investigate the physical properties
of ground media using propagation characteristics of elastic waves, i.e., cross-hole
testing, down-hole testing, seismic Cone Penetration Testing (CPT), Spectral Analysis of
Surface Waves (SASW), etc. Cross-hole testing is the most reliable and conventional
method among seismic techniques. It can be used to produce elaborate P-wave and S-
wave velocity profiles, which can be used to compute physical properties such as elastic
modulus, Poisson’s ratio, shear modulus, and constrained modulus. Using these
relationships, the moduli profile for the site can be deduced from the velocity profiles and
measured densities (Butler and Curro, 1981). The P-wave velocity profile can also be
used as an indicator for groundwater level since the P-wave propagates slower in most
ground material compared to its velocity in water, 1500m/sec. However, limitations exist
in applying cross-hole testing or other seismic methods in the field. The test is very
sensitive to environmental conditions such as the attachment of the source and the
receiver to the ground, the vertical slope of the borehole, and the refraction of the waves
at multilayer ground conditions. The accuracy of test results can only be ensured when
all the contributing environmental factors are under elaborate control.

Therefore, we propose a framework for predicting the elastic wave velocity profile
from the parameters of the Q-system. In this study, process of generating a dataset for
training and testing is explained first and then the configuration, as well as
hyperparameters of the neural network model are introduced. After reviewing the indices
used for model evaluation, the results of different model tests are presented and
discussed. Finally, a comprehensive conclusion is made and future research directions
are suggested.
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2. MATERIALS AND METHODS

2.1 Datasets

The dataset used for training and testing the model was driven from 4 cross-hole
tests at the Hamyang-Changnyeong highway construction site. The seismic test results
were conducted at different depths of each borehole, consisting of 62 data points total.
20% of the dataset was randomly selected for test procedure, and training was performed
using the other 80% of the dataset. The results of seismic surveys were linked with the
Q-parameter values at the corresponding depth of the cores from the 8 boreholes. Since
Q-values are examined block-wise and seismic tests are taken from node to node, Q-
parameter values were interpolated to get corresponding values at the nodes. Values of
the Q-system at the source point and receiver point were averaged and paired up with
the wave velocity. Interpolating the values of the Q-system contributed to enhancing the
continuity and diversity of the dataset.

Seismic surveys were conducted at a site with medium inflow and a single weak
zone at a depth greater than 50 meters. This consistent ground condition with respect
to water inflow and stress reduction factors induced constant values of Jw and SRF
parameters. The distribution of each Q-parameter value is shown in Table 1.

Table 1 Distribution of Q-parameter values

Parameter | Min Max Mean Std Variance
RQD(%) 5.858 | 92.634 | 68.819 | 17.997 323.874
Jn 1.406 | 11.311 3.926 2.162 4.674
Jr 0.5 4 2.585 1.106 1.223
Ja 0.8 3.305 1.468 0.658 0.433
Jw 0.7 0.7 0.7 0 0
SRF 2.5 4.713 2.628 0.432 0.186

Several studies support the use of a dataset with constant values for the Jw and
SRF parameters. Relating Jw and SRF parameters in terms of inter-block effective stress
was proven to be impossible as a high value of effective normal stress sometimes
indicates less stable conditions than a low value despite the higher shear strength. (Hoek,
2004). Jw describes water pressure based on the inflow rate, but the relationship between
the inflow rate and water pressure is not fully described. Furthermore, the effect of water
considered by Jw should have already been included in Ja. SRF is also inadequate in
describing the complex nature of squeezing and swelling rock with a single value
(Palmstrom and Borch, 2006). By maintaining constant values for both parameters, we
can minimize their interfering effects and focus on other aspects of the system.
The basic 4 parameters, excluding constant J» and SRF values, were used as inputs in
different cases. Additionally, elevation level (EL) and an unusual combination of ], /],
were added to evaluate their impacts on predicting wave velocity. J,/]. indicates the
likelihood of natural overbreak, which takes place regardless of careful blasting (Barton,
2015). Cases of the model that take different combinations of these 6 parameters as
inputs were trained, tested, and compared. Table 2 describes the distinct combinations
of parameters used in several model cases.
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Table 2 Combinations of different input parameters

Case | EL |RQD | J, | Jr Ja_ | Jo/dr | Var.
1 O O O 3
2 O O O 3
3 O O O O 4
4 O O O O 4
5 O O O O 4
6 O O O O O 5
7 O O O O O 5

Artificial Neural Network (ANN) models often require careful data normalization due
to their sensitivity to feature scales and distributions. (Niu et al., 2024) To alleviate the
effect of scale difference in the model's training process and prevent the local minimum
problem, min-max scaling and standardization were conducted and compared with a
model trained from the original dataset. Minmax scaling transforms the data to a fixed
range, typically [0,1], without changing its distribution. Contrastively, standardization
transforms the data into a mean of 0 and a standard deviation of 1. Fig.1 shows the
statistical summary of the original, normalized (minmax scaled), and standardized data.
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Fig. 1 Distribution of parameters in different data normalized methods

2.2 Neural Network Model Configuration

ANN is a network of simple information-processing units called neurons.
Accumulated layers of neuron arrangements enable the ANN model to capture non-linear
relationships and learn from fuzzy information (Zhang et al., 2009). Hidden layers, layers
between the input and output layers, are where the learning takes place. Neurons in the
hidden layer compute the weighted sum of input data and pass it through a nonlinear
activation function, which then serves as input for the next layer. Training of ANN involves
calculating the error between prediction and labels and adjusting the weights until the
deviation gets minimized. The number of layers and arrangements of neurons determine
the performance and complexity of the ANN model.
Therefore, the number and size of layers is a key to the model's effectiveness. In this
paper, 4 different sizes of ANN models were trained and tested. ReLU function was
adopted as an activation function in the hidden layer. The number of layers and neurons
in each layer is described in Table 3.
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Table 3 Configuration of different sizes of ANN models

Model name Number of Hidden Layers Number of Neurons
ANN_small 2 -16-8-
ANN_medium 3 -16-64-8-
ANN_large 4 -32-256-128-16-
ANN_huge 4 -1024-2048-2048-1024-
2.3 Experimental Setup

Various hyperparameters were fixed identically in the training process of different
models for effective evaluation and comparison. Training was done for 10000 epochs,
with batch size 8 for training and 1 for testing. A drop-out rate of 20% was applied at each
layer to prevent overfitting. Mean Squared Error (MSE) was used as a loss function to
calculate the deviation between prediction and target value. Adam function was used as
the optimizer function to optimize the learning rate, which was initially set as 0.001. All
models were trained and tested with Linux-based PyTorch, using a PC consisting of i7-
7700K 32 GB RAM with NVIDIA-RTX 2080 Ti.

2.4 Evaluation Metrics

Evaluation of Neural Network performance is important since the internal process
inside the model's “black box” is opaque. Evaluation metrics used in this study are
Coefficient of Determination (R?), Root Mean Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE).

The coefficient of determination (R2) measures the agreement between predicted
and true values. It refers to the proportion of variance in the target variable that the model
can describe. A value close to 1 indicates a high model fit. It can be calculated using Eq.

(2).

Unexplained Variance Yy — 9>

R? =1 = ~ . =3
Total Variance X —y)?

(2)

where y; is the measured value, y; is the predicted value, and y is the mean of the
measured value.

Root mean squared error (RMSE) is the standard deviation of predictions relative
to the true value. The units of RMSE are the same as the output values, making it easier
to interpret. The definition of RMSE is shown in Eq. (3). A smaller value indicates better
prediction accuracy.

1
RMSE = VMSE = \[EZ(}Q —9:)? 3)

Mean absolute percentage error (MAPE) expresses error as a percentage, allowing
easy comparisons between models with different datasets and sizes. MAPE is calculated
using Eq. (4). A smaller value indicates a better fit.
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3. RESULTS AND DISCUSSION

The prediction performance of 7 model cases with different combinations of input
variables was compared to determine the most influential parameter and the combination
with the best performance. Different numbers of input variables caused the models to
have different numbers of neurons in the input layer. To take the different sizes of the
model into account, 4 different sizes of the models were also compared to figure out the
most suitable complexity of each model case. Table 4 summarizes the results of 7 cases
with 4 different models.

Table 4 Comparison between different models of original dataset
Models Case of data combination Average
1 2 3 4 5 6 7
Small | 0.361 | 0.404 | 0.501 | 0.528 | 0.413 | 0.555 | 0.684 0.492
Medium | 0.598 | 0.570 | 0.550 | 0.787 | 0.729 | 0.736 | 0.679 0.664
Large | 0.556 | 0.572 | 0.608 | 0.690 | 0.674 | 0.710 | 0.673 0.640
Huge | 0.625 | 0.539 | 0.732 | 0.768 | 0.628 | 0.709 | 0.748 0.678

Average | 0.535 | 0.521 | 0.598 | 0.693 | 0.611 | 0.678 | 0.696

As seen from Table 4, the model's performance tends to increase in proportion to
the number of input parameters and complexity. The number of input parameters
influences model performance by changing the neurons of the input layer. The complexity
of the model plays a huge role in enhancing performance, while the dominance of model
complexity decreases with input parameters. Input parameters of cases 1, 2, and 3 were
chosen since they were proven to predict the Q-value within susceptible range (Taban et
al., 2019). Comparing the performance of the three cases, it can be seen that J: showed
better contributions in wave velocity predictions. Also, by comparing cases 3,4, and 5,
EL better predicted wave velocity profile than Ja and Jn/J:. Case 4 is highlighted as the
optimal combination among all the data combinations due to its fewer parameters and
production of more acceptable results.

When the model is trained and tested with the original dataset, the model with case
4 input combinations and medium complexity shows the best performance. However, as
ANN models are often sensitive to feature scales and distributions, it is important to
address the possible interference from the intrinsic property of the dataset. Considering
the impact of data preprocessing on model performance, we compared the results of the
model trained on the original dataset with those obtained after using the preprocessed
dataset. Two different ways of data preprocessing were adopted: normalization and
standardization. The model with the best performance in Table 4 was retrained and
retested for this comparative analysis of data preprocessing methods.

Table 5 illustrates the performance comparison between models when the dataset
is normalized and standardized. As can be seen from the tables, employing different data
processing schemes differentiated the performance. This is due to the fact that all
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features have different scales and distributions, which can cause the model to fall into
local minima and prevent the model from converging. Specifically, the model showed a
clear increase when the dataset was standardized. This can be due to the
standardization of EL data, which has an extremely bigger scale and variance than other
parameters.

Table 5 Comparison between data types

Data type | Original | Normalized | Standardized
Input case 4
Small 0.528 0.383 0.487
Medium 0.787 0.546 0.693
Large 0.690 0.744 0.850
Huge 0.768 0.768 0.855

To validate the performance of the best model, a comparison was made between
predictions made from empirical formulas and simple linear regression. Predictions from
the empirical correlation between Q-value and V, (Barton, 1991) were evaluated with the
same indices. The suggested correlation between Q-value and V, based on data from
hard rock tunneling projects is described in Eq. 5.

V, =3.5+1ogQ (5)

Predictions made from a simple linear regression model were also evaluated. A
linear regression model was adopted using the same input combination proposed in
Table 2 to compare its performance with ANN models. Linear regression is a simple
statistical method for modeling the linear relationship between variables. It provides
reliable and cost-effective predictions when the relationship is linear. The linear
regression model’s performance was insufficient compared to the proposed ANN models,
which indicated the relationship between variables to be nonlinear. Table 6 summarizes
the comparison between the performance of predictions made from the proposed ANN
model, empirical relation, and a linear regression model. Data combination of case 4 was
used as input for the linear regression model. Comparison results clarified a better
prediction from the proposed ANN model.

Table 6 Comparison between ANN, Empirical relation, and Linear Regression

Accuracy | Proposed | Empirical Linear Regression
Indices ANN relation Original | Normalized | Standardized
RMSE (km/s) 0.201 0.99 0.425 0.504 0.504
MAPE (%) 7.16 26.73 14.45 16.63 16.93
R2(-) 0.855 -1.35 0.380 0.143 0.140

4. CONCLUSIONS

This study used an Artificial Neural Network to predict wave velocity profiles from
62 field data. Different models were generated to determine the model with the best
performance. Generated models can be classified according to input parameters, data
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preprocessing strategy, and model configuration. 7 combinations of input parameters, 3
data preprocessing types, and 5 different configurations of models were all tested and
compared. By comparing 105 models total, the effectiveness of input parameters, model
configurations, and data preprocessing techniques was analyzed.

Considering an explanation of wave velocity prediction and adopting statistical
indices, the aim is to obtain the best model for predicting Q-value. Below are some
remarks that can be concluded from the comparison results.

1. Increasing input parameters generally improved the R? score due to the
complexity induced by increased neurons at the input layers.

2. The complexity of a neural network model generally enhances its accuracy, while
a too-complex model often tends to disturb its performance.

3. The number of input parameters impacted model complexity. However, the
model's performance did not increase when the number of inputs exceeded 4.

4. From Table 4, a comparison between the contributions of different parameters
was made:

A. Among the basic Q-parameters, J. showed a bigger impact on the wave
velocity profile than Ja.

B. In addition to the four basic parameters of the Q-system (RQD, Jn, Jr, Ja),
new variables such as elevation level (EL) and overbreak possibility (Jn/Jr)
were introduced to evaluate their impact on wave velocity.

C. Jn/Jr showed a moderate effect on predicting the elastic wave velocity.

D. Elevation level, when standardized properly, contributed to enhancing
prediction performance better than Jn/J.

5. From Table 5, the effects of applying different data preprocessing types on
predicting wave velocity were compared. Standardizing the dataset helped
improve the performance. Input features of a similar scale centered around zero
can help stabilize the update of gradients within the training loop.

6. This study's results revealed that since seismic surveys are time-consuming and
require elaborate calibration, the wave velocity can be obtained using a few
parameters of the Q-system.

Predicting wave velocity can enhance the applicability and reliability of the Q-
system-based rock classification and support requirements. It can also enhance
efficiency by estimating the rock properties without additional seismic surveys and serve
as a tool to cross-check the validity of seismic survey results. The results and discussions
made in this research can be further developed using a more extensive dataset
encompassing diverse ground conditions.
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