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Abstract. The ground conditions beyond an excavation face, especially discontinuities in rock
masses, have a significant influence on tunnel construction. However, the actual ground
conditions observed during tunnel construction are often different from the ground conditions
predicted in the geotechnical site explorations carried out in the design stage. Changes in ground
conditions may require alterations in tunnel design, leading to substantial disruptions in the
construction schedule and budget. In this regard, accurate ground evaluation prior to the design
and construction stages are essential for successful tunnel construction projects. Machine
learning models have been developed in order to evaluate the condition of rock discontinuities
within 50 m of the tunnel face. Machine data (rotational pressure, feed pressure, and drilling
(advance) speed) obtained from a large boring hole machine, called MSP, at an NATM
construction site in a granite formation located in South Korea were logged, and the actual
ground Discontinuity Score (DS) was appraised by analysing internal bore hole images taken
after drilling. Then, the LSTM algorithm was applied to develop the machine learning model to
determine DS based on the logged machine data. DS was most accurately predicted when the
drilling speed was included in the input data, whereas those cases using only the rotational and
feed pressure in the input data showed low prediction accuracy. Therefore, the drilling speed
seems to have a higher correlation than hydraulic pressure with regard to ground conditions,
including discontinuities. Once additional data is collected from various tunnel sites, the machine
learning model could be further enhanced to become more robust and provide solutions to
various engineering problems.

1. Introduction

Accurate evaluation of ground conditions is essential in tunnel construction because it influences the
tunnel design, construction schedule, and budget. Despite numerous geotechnical explorations,
including boring, seismic, and resistivity surveys, unfamiliar ground conditions are often encountered
during construction, resulting in modifications to the original design, additional costs, and delays in the
construction schedule; thereby, it introduces the need for skilled engineers who can precisely determine
ground conditions, all of which makes tunnel construction an arduous task.

Therefore, various attempts have been made to assess ground conditions at a low cost. Several studies
have been conducted using convolutional neural networks (CNNs), which show decent performance in
image recognition among machine learning techniques, to evaluate the rock grade of a tunnel face [1, 2,
3]. In addition, a machine learning model for recognising joint traces from images of rock has been
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developed through a combination of machine learning algorithms such as gradient boosting tree (GBT),
random forest (RF), decision tree (DT), and multi-layer perceptron (MLP) [4].

The methods mentioned above are limited in that the evaluation is only possible for the excavated
area. Thus, several studies are being performed in order to pre-emptively determine the rock quality
beyond the excavation face. Using a drilling machine like the jumbo drill, which is used for tunnel
construction, makes it possible to predict the ground condition beyond the tunnel face during
construction. Attempts to use drilling machines to predict ground conditions have been conducted
gradually since 1968, at which the relationship between uniaxial compressive strength (UCS) and
drilling speed was investigated [5]. Since then, relationships between drilling vibration, rock texture,
and strength have also been determined [6]. Recently, cases of research using machine learning
algorithms have increased. In 2008, an artificial neural network (ANN) was used with Tunnel Seismic
Prediction (TSP) exploration data to predict the rock mass rating (RMR) in front of the tunnel face [7].
Properties of rock such as UCS, density, tensile strength, mineral composition, and RMR are derived
from the drilling data (bit diameter, penetration rate, sound level, etc.) by ANN, Gaussian Process (GP),
support vector machine (SVM), and RF [8, 9, 10, 11].

The data acquired from the drilling machines correspond to ground conditions 2-5 m beyond the
tunnel face, or one or two construction cycles, resulting in unexpected additional time to handle
unfamiliar ground conditions. Instead, using the data of the large hole boring machine called MSP,
ground conditions corresponding to the drilling length, about 50-60 m ahead of tunnel face, can be
assessed. Therefore, this study proposes a method to predict the rock conditions from MSP data using
the long short-term memory (LSTM) algorithm, which is advantageous in time series data analysis.

2. Methodology

Recurrent neural network (RNN) algorithms have been used widely to analyse sequential data such as
time series data because they use a hidden state which contains output values of the hidden layer in the
previous input data (Figure 1a). However, the RNN has a drawback where the gradient could vanish as
the length of the input sequence increases. As a result, the algorithm cannot manage long-range
dependency.

Hochreiter and Schmidhuber developed the LSTM algorithm in 1997 to deal with the vanishing
gradient problem of RNNs [12]. LSTM uses the h-vector and cell state vector (Figure 1b). The h-vector
contains information about previous cells, whereas the cell state vector contains long-term information.
When an input value is fed, the cell state vector is updated, selectively accepting the information from
the previous cell state vector (forget gate) and current input values (input gate). After that, the output
values of the hidden layer (h) are calculated using the new cell state vector and the previous output
values (h.1) (output gate). With a series of these operations, LSTM can build a model that can handle
both short-term and long-term information.

Forget gate

Hidden state b e
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~
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A
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(a) RNN algorithm (b) LSTM algorithm
Figure 1. The structure of each algorithm.
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3. Data collection

3.1. Site description

The monitoring data was collected from an NATM water tunnel that directly connects a river to the East
Sea, in order to control the flow rate of the rivers located in Ganggu-myeon, Yeongdeok-gun,
Gyeongsangbuk-do, South Korea (Figure 2). The tunnel width is 5.4 m, the height is 4.6 m, and the
length is 746 m. The site is composed of granite. The data collected cover a 100 m length of the tunnel,
from No. 14.08 to No. 19.08 (Figure 3), where the overall rock quality is decent, and joints exist at some
points, making it easy to distinguish the joints from bedrock.

Figure 2. Location of the tunnel.
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Figure 3. Longitudinal view of the tunnel.

3.2. Machine data

MSP was used to drill a large-diameter hole at the centre of the tunnel face, adding a free surface to the
tunnel face and reducing blast vibrations. It is similar to the parallel cut method, but the most distinctive
feature is the drilling size, usually about 350 to 400 mm in diameter and about 50 to 60 m in length. The
diameter of the hole created by the MSP is 3 to 4 times the diameter of that of the parallel cut, decreasing
the blast vibrations and increasing the blast efficiency.

The drilling operation is performed by three main movements: rotation, feed, and percussion.
Hydraulic pressure is used for the rotation and feed, and air pressure for the percussion. Since the volume
of air changes easily, it is difficult to capture the reaction of the ground to air pressure. Therefore, only
two of the three main movements were monitored by recording rotational and feed pressure from the
MSP machine. The drilling speed was also measured, which makes a total of three factors selected as
machine data (Table 1).
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Table 1. Machine data measured from the MSP.

Parameter Description Source Purpose
P, Rotational pressure MSP machine Input data
Pr Feed pressure MSP machine Input data
Va4 Drilling speed MSP machine Input data

3.3. Discontinuity Score (DS)

Discontinuities, such as joints and faults, are the primary causes of shear failure and act as paths of
groundwater inflow. For this reason, discontinuities have been regarded as a key factor in major rock
mass classification systems (RMR, Q, GSI, etc.). A probing device was used to obtain information
related to discontinuities and the internal images of the drilled hole were captured. Based on the captured
images, we are proposing a new indicator, namely Discontinuity Score (DS). It was created and used to
evaluate the intensity of the discontinuities. DS criteria are shown in Figure 4. If there is one or less
discontinuity in 1 m of drilling, DS is 1 (Figure 4a). If two to four discontinuities exist in 1 m, DS is 2
(Figure 4b). A DS of 3 indicates that there are more than five discontinuities crossing each other in 1 m
(Figure 4c). If the discontinuities are more intense than that, DS is evaluated as 4. This includes cases
where partial collapse occurs only with a small excavation with a 380 mm drill diameter, or the severe
trace of water flow like rust is observed (Figure 4d).

!

(

(c) Discontinuity Score: 3 (d) Discontinuity Score: 4

Figure 4. Example images corresponding to Discontinuity Score (DS) of 1 to 4.
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3.4. Pre-processing

The collected data needs to be modified appropriately for the analysis. First, machine data related to
extra-drilling work, such as preparation before drilling, rod extension, or rod removal was removed to
leave drilling-related data only. Second, the DS was multiplied by four to emphasise the scores’ contrast.
Third, the drilling speed was calculated using wire sensor data that recorded the accumulated moving
distance. Finally, a total of 100 m of data was divided into two parts; the first half was used for testing,
and the second half was used for training. Figure 5 shows the pre-processed data.

Test Dataset (50m) Train Dataset (50m)
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Figure 5. Pre-processed MSP data.

4. Machine learning result and discussion

The structure of the prediction model is shown in Figure 6. There are three LSTM layers and three fully
connected layers (FCL) connected to each other. The number of nodes starts at 150 in the first LSTM
layer and continuously decreases through each layer in the order of 70, 32, 32, 16, 1. Sigmoid, Relu, and
Linear functions were used as the activation function in the FCL. Epoch was set to 100, batch size was
set to 50, and mean squared error (MSE) was used as the loss function. Nine cases of input data were
used applying various combinations of machine data, as shown in Table 2, to account for the various
relationships between the machine data and DS.
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Figure 6. Model Structure.

Table 2 Input cases and loss value.

Case number |Case 1|Case 2 |Case 3|Case 4| Case 5 | Case 6 Case 7 Case 8 Case 9
Inputs P Pr Vg |[BXPr| P XVy|PrXVy|B XPrXVy| V4/P, Va/Pr
Train loss | 5.656 | 5.670 | 2.591 | 5.601 | 2.071 | 2.609 2.464 2.153 3.147
Test loss [10.644]10.482| 8.320 |10.606| 7.751 8.227 7911 7.780 8.514
Remark - (Element wise product) (Element wise division)

The general performance of the LSTM model was assessed by the mean value of the test losses
generated from ten models for each input case. The average test loss at the end of the epoch can be seen
in Table 2, where Case 5 shows the best performance with a test loss of 7.751. Figure 7 shows the
average test loss according to epochs for Case 5. As the epoch increases, the test loss steadily decreases
and maintains a constant value after epoch 35, whereas train loss keeps decreasing, which indicates that
the models are slightly over-fitted. Other than Case 5, the test cases with test losses lower than nine were,
from lowest to highest, Cases 8, 7, 6, 3, and 9. The remaining three cases showed test losses higher than
ten. The consistent factor across these three cases was that the drilling speed was not used as an input.
This indicates that the drilling speed is a key factor in the prediction algorithm.

—s— Train loss

—— Test loss

Loss (MSE)
|

25

0 20 40 60
Epoch
Figure 7. Averaged loss (MSE) of test data (Input Case 5).

The performance of Case 5 can be reviewed in detail by comparing the predicted DS of the models
with the actual DS for the training and testing data. Figure 8 shows the actual and predicted DS using
the training data. The predicted DS was smaller to the actual score, but the locations of the predicted
region where the DS is 3 or higher were relatively consistent with the actual region. Figure 9 shows the
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actual and predicted DS using the test data. The predicted scores were not as accurate as the scores that
were used in the training data. However similar trends were observed, which shows a difference in the
size of the DS and the regional accuracy high enough to specify the areas where DS is 3 or more.

20
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Figure 8. Predicted result of training data (Input Case 5).
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Figure 9. Predicted result of testing data (Input Case 5).

5. Conclusion

In this study, discontinuities beyond the tunnel face were predicted using the LSTM algorithm and MSP
data. The MSP machine data was collected from the NATM site and a new indicator, namely
Discontinuity Score (DS), was created and used to evaluate the intensity of the discontinuities. The
machine learning structure was composed of six layers; three LSTM layers and three FCLs, and nine
input cases were applied according to various combinations of the machine data. As a result, Input Case
5, in which Element-wise product of Pr and Vq is used as input, showed the best DS prediction
performance with a test error of 7.751.

The predicted DS was smaller than the actual score, but the prediction was accurate enough to specify
the location of the discontinuous region where DS was 3 or higher. Therefore, the overall prediction
result seemed to be sufficiently acceptable to be applied on-site because the critical factor for the
structural stability is the several-metre-long joints, rather than the centimetre-scale joints.

The machine learning model developed in this study can be used to predict DS 50 m in front of the
tunnel face, corresponding to the drilling distance of the MSP machine. Assuming a site with an average
excavation distance of 5 m per day, the ground conditions can be predicted ten days before excavation,
securing enough time to prepare for unexpected ground conditions, which can minimise the budget loss
and ensure safety of human life.

Large amounts of time and effort are required for the evaluation of DS from probe images, and human
subjectivity cannot be completely removed. For this reason, DS can be predicted more accurately by
combining an image recognition technique like CNN.

DS only considers the number of discontinuities per metre. However, by collecting additional data
such as RMR and Q to reflect the other rock properties, like rock strength, discontinuity direction, or
surface roughness of discontinuity, it is expected that the ground conditions in front of the tunnel face
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can be predicted more accurately, which can increase the tunnel safety and minimise the disruptions in
the construction schedule and budget.
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