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ABSTRACT 

 
In the context of comprehensive underground space development, Tunnel Boring Machines (TBM) are 
widely used in metro construction. These machines help minimize negative impacts on surrounding 
buildings, ensuring construction safety and tunnel quality within stipulated timelines. This technology allows 
the construction of underground structures without excavating the surface layer of the earth. It is effective 
under various engineering and geological conditions without the need for special tunneling methods, 
thanks to the maintenance of cutter chamber pressure and the injection of sealing grout into the space 
behind the tunnel lining. Nevertheless, tunneling at any depth inevitably causes subsidence of the ground 
surface and surrounding structures. This can become a serious issue in densely populated urban areas, as 
additional movement can damage nearby buildings and utilities. The objective of this study is to leverage 
machine learning techniques and data from automatic monitoring systems, tunneling parameters (including 
face support pressure), and rheological properties of the soil to create predictive models for the station, 
railway tracks, and superstructure. These models were developed during TBM twin-tunneling under a deep 
station complex. Deformation monitoring was conducted from the moment the TBM reached 37 meters 
from the station complex and continued until the TBM moved 35 meters away from the station complex. 
This approach allows tracking the stabilization of deformations after passage and accounting for 
subsidence over time. Considering rheological properties of the soil is crucial during tunneling, as 
deformations persist even after tunneling. Based on the results of the study, several optimized predictive 
models were developed that facilitate determining deformations in metro system structures. The coefficient 
of determination for each predictive model explains a significant portion of the sample variance, and they 
can be applied to other projects as well. 
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1 INTRODUCTION 

In studies concerning the use of Tunnel Boring 
Machines (TBM), ground surface settlement in the 
longitudinal section of a tunnel is typically divided 
into three to five zones [1–5]. However, the 
majority of research identifies three key settlement 
zones: in front of the shield, above the TBM body, 
and behind it. The magnitude of settlement in each 
of these zones is influenced by different factors. 

In the zone located in front of the shield, 
settlement is significantly affected by the support 
pressure, which is used to maintain the stability of 
the tunnel face. This compensates for the 
hydrostatic pressure of soil and water. The second 
settlement zone is defined by the geometric 
characteristics of the TBM body [2]. The external 
diameter of the cutter head exceeds the diameter 
of the machine’s tail section, creating a gap 
between the TBM body and the excavation outline 
during progress. The third deformation zone is 
observed behind the TBM’s tail section [2]. Here, a 
gap is also formed, but it occurs between the 

shield structure and the external diameter of the 
tunnel lining. Despite grout injection into this 
space, the contact moment between the shield and 
the lining may lead to additional displacements. 

Furthermore, the pressurized injection, curing, 
and shrinkage of grout can influence changes in 
pore pressure and consolidation of soil above the 
tunnel [3, 6]. Evidence in tunneling practice 
suggests that significant additional deformations 
may occur even after construction is completed, 
with settlement stabilization and deceleration 
observed only three years after final tunneling 7. 
This is attributed to tunneling in clay soils triggering 
the generation of excess pore pressure, the 
dissipation of which leads to additional soil 
settlement during consolidation [8]. 

Numerous studies [5, 7–10] have focused on 
predicting time-dependent settlements following 
TBM tunneling operations. Nevertheless, most of 
them emphasize filtration consolidation processes, 
even though the creep process follows 
consolidation [11–12]. In tunnel construction near 
existing underground structures, static loading on 
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soil layers serving as foundations for these 
structures and located above the tunnel crown can 
result in changes in height. Consequently, this may 
provoke further deformations in existing structures 
[13]. 

Thus, it can be concluded that accounting for 
the rheological properties of the soil is a key aspect 
when predicting the impact of tunneling operations 
on existing developments, especially in clayey 
soils. This is due to the fact that soil deformation 
processes can continue for a significant period 
after construction completion, potentially 
complicating the operation of surrounding 
infrastructure objects. For example, in cases where 
an active metro station is located within the zone of 
new construction, prolonged and expensive 
monitoring of the condition of rail tracks and 
superstructure components is required because 
their deformation may affect train movement 
operations. 

The goal of this study is to develop an optimized 
model for predicting displacements of an 
underground metro station, beneath which 
twin-tunneling is executed at a depth of 4 meters. 
The model will be developed using machine 
learning methods based on actual data obtained 
during construction, taking into account 
engineering and geological conditions, including 
the rheological properties of the soil. 

2 RESEARCH DESIGN AND METHODS 

2.1 Object Description and 
Engineering-Geological Construction 
Conditions 

As part of the conducted research, data 
processing was performed from the construction of 
two tunnels in a new section of the Moscow Metro. 
Each tunnel has an outer diameter of 6.0 m, with 
tunneling executed using a Herrenknecht EPB 
(Earth Pressure Balance) type TBM featuring a 
cutting diameter of 6.28 m. The studied 
construction area is located at the intersection of 
two metro lines. The new tunnels are positioned at 
a distance of 4.0 m from the arch of the existing 
tunnel to the underside of the tray plate of the 
operational station that was commissioned in the 
1960s (see Fig. 1). 

The shallow station is constructed from precast 
reinforced concrete elements and features a 
rectangular cross-section. The geological 
conditions of this construction site are 
characterized by the presence of granular soils. 
Sandy and clayey soils predominate in the tunnel 
face area, whereas above the structure, clayey 
layers prevail. 

 

Fig. 1. The designed tunnel with the engineering-geological 
structure of the soil mass and the existing station 

The engineering-geological structure of the soil 
mass is depicted in Figure 1, while the main 
characteristics of the soils are presented in Table 
1. 

 
Table 1. Characteristics of the soil mass 

No 

IGE 

Physico-mechanical properties  

ρ, 

g/cm3 
с, МПа φ, 0 

E, 

MPa 
IP, % IL, % 

1 2.02 0.040 21 35.7 - - 

2 2.13 0.036 19 30.0 13.7 21.6 

3 2.01 0.030 19 29.0 17.7 12.6 

4 2.12 0.039 20 35.0 16.9 38.5 

5 1.90 0.004 37 23.0 - - 

Note: IGE 1 - anthropogenic soil; IGE 2 - semi-hard loam; 
IGE 3 - semi-hard clay; IGE 4 - stiff loam; IGE 5 - fine sand. 
ρ - density; c - cohesion; φ - angle of friction; E - modulus of 
deformation; IP - plasticity index; IL - liquidity index. 

2.2 Measurement of Clay Soil Viscosity Using a 
Simple Shear Device 

For the viscosity study, soil samples with 
various engineering-geological elements (IGE-2, 
IGE-3, IGE-4) were taken from the construction 
site. The tested samples have dimensions: height 
h = 20.50 mm and diameter d = 71.40 mm. The 
experimental studies were conducted in a 
kinematic shear loading regime at a displacement 
speed of ú = 0.0007 mm/min. 

Table 3 shows the values of vertical loads 
under which the experiments on clay soil were 
conducted. 



Subject ID:                     Preference for oral or poster: 

 

3 

2.3 Data collection and modeling process 
To develop the model, 5100 records obtained 

through geotechnical monitoring were collected. 
These data were matched with key technological 
parameters of tunneling operations, including the 
load pressure amount, the mass of soil extracted 
during the installation of one ring, and the volume 
of injected backfill grout into the annular space. 
Additionally, the distances from the TBM face to 
geotechnical monitoring control points, both 
horizontally and vertically, the physico-mechanical 
properties of soils (including specific weight, 
cohesion coefficient, internal friction angle value, 
deformation modulus), as well as the rheological 
characteristics of soils located between the 
developed tunnel and the station's trough zone, 
were considered. 

The settlement monitoring of the structure 
elements of the existing station was carried out 
using electronic robotic total stations. Reflective 
elements of the L-prism type, attached to the 
station's wall panels and the beams supporting 
ribbed floors, were used as markers for 
geotechnical monitoring (Fig. 2). The distance 
between successive rows of markers was 
approximately 15 meters. 

 
Fig. 2. Schematic representation of the designed tunnels 
and the existing station with the indication of geotechnical 
monitoring marker locations 

Within the conducted study, displacement 
monitoring was performed three times a day at the 
following intervals: 6:00, 14:00, and 22:00. 

The following parameters were utilized for the 
analysis of the presented data in this work: 

- Settlement of the structure per monitoring 
cycle (ΔS); 

- Absolute settlement of the structure (S); 
- Monitoring days (t); 
- Distance from the TBM face to the SMP (R); 
- Distance from the tunnel crown to the SMP 

(h); 

- Average face-support pressure (P); 
- Volume of grout injection into the tail void (vi); 
- Volume of soil extracted (Vg); 
- Driving zone number (z); 
- Soil density above the tunnel (ɣ1); 
- Soil cohesion above the tunnel (c1); 
- Internal friction angle of soil above the tunnel 

(φ1); 
- Deformation modulus of soil above the tunnel 

(E1); 
- Soil density at the TBM face (ɣ2); 
- Soil cohesion at the TBM face (с2); 
- Internal friction angle of soil at the TBM face 

(φ2); 
- Deformation modulus of soil at the TBM face 

(E2); 
- Soil creep beneath the station (η); 
It should be noted that the first two parameters 

(ΔS and S) are considered as system response 
variables in the models constructed and described 
in this work. The complete list of parameters, their 
ranges of variation, and average values are 
provided in Table 2. 

 
Table 2. Parameters for equation formulation: ranges and 
average values 

No Parameter 
Range of 

values 
Mean 
value 

Unit of 
measurement 

1 ΔS -2.0 – 4.0 0.01 mm 

2 S -3.2 – 2.8 0.05 mm 

3 t 1-47 - day 

4 R 0 – 106.8 52.9 m 

5 h 5.5 – 9.5 7.81 m 

6 P 0 – 2.01 1.35 bar 

7 vi 0 – 5.0 3.47 m3 

8 Vg 0 – 88.0 63.6 t 

9 z 1 – 3 - - 

10 ɣ1 2.08 – 2.11 2.09 g/cm³ 

11 c1 36.0 – 37.0 36.20 kPa 

12 φ1 19.0 – 20.0 19.09 deg. 

13 E1 30.8 – 32.0 31.3 MPa 

14 ɣ2 1.97 – 2.06 2.03 g/cm³ 

15 с2 15.0 – 28.0 24.1 kPa 

16 φ2 24.0 – 32.0 26.3 deg. 

17 E2 26.6 – 31.0 29.6 MPa 

18 η 234.42 – 685.64 594.88 MPa∙min 

 
Within the framework of this study, two 

fundamentally different models were developed, 
aimed at solving the tasks of forecasting 
deformation processes: 

- The first model is designed to predict the 
settlement of the station's structure over a single 
geotechnical monitoring cycle (ΔS). The examined 
time range covers the period when the TBM is in 
close proximity to the station (Zone 1), passes 
underneath its foundation (Zone 2), and then 
moves away to a short distance (Zone 3). To 
analyze the patterns within this time interval, 
approximately 400 rows of data were utilized. 

- The second model focuses on predicting the 
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absolute (cumulative) settlement of the structure 
(S). This model employs the entire available data 
set, consisting of 5100 rows of information. The 
selected dataset spans the period from the 
beginning of the construction of the first running 
tunnel to the completion of the second running 
tunnel at a distance of 50 meters from the station. 
Additionally, this model incorporates the time 
parameter (t), enabling the temporal dynamics of 
deformation processes to be included in the 
analysis framework. 

3 RESULTS 

3.1 Experimental assessment of soil viscosity 
using the simple shear method 

The graphical dependencies of shear stresses 
on shear strains for three engineering-geological 
elements (EGE-2, EGE-3, and EGE-4) are shown 
in Figure 3. 

 
Fig. 3. Graphs of shear stress vs. shear strain 
dependencies. 

In Figure 4, the graphs of soil viscosity 
dependence on time are presented. 

 
Fig. 4. Graphs of viscosity dependence on time 

The soil viscosity was determined based on 

Newton’s simplest equation [14]: 

 η = τ / γ ̇ (1) 

where: 
τ – shear stress, kPa; γ̇ - shear rate, 1/s. 
Table 3 provides the values of soil viscosity for 

three engineering-geological elements at different 
levels of vertical stresses. 

 
Table 3. Characteristics of the soil mass 

No 
IGE 

Title 

Rheological properties 

Viscosity in zone 2 (η2) / 
Viscosity in zones 1 and 3* 

(η1,3), MPa∙min 

2 Semi-solid loam 
95.28 

222.47 

3 Semi-solid clay 
482.43 

1057.11 

4 Stiff plastic loam 
360.14 

812.60 

 

3.2 Model of Structure Settlement for One 
Cycle of Geotechnical Monitoring (ΔS). 
Random Forest (RF). XGBoost (XGB) 

The hyperparameters of the Random Forest 
(RF) model were optimized using the Grid Search 
Cross-Validation (GSCV) method. As a result of 
the analysis, the following optimal hyperparameter 
values were determined: 

• n_estimators: 50; 
• max_depth: 15; 
• min_samples_split: 2; 
• min_samples_leaf: 3; 
• max_features: square root of the total 

number of features; 
• bootstrap: enabled. 
Figures 5–8 depict the feature importance chart, 

ordered in descending order, demonstrating the 
contribution of each feature to the overall 
predictive capability of the model. 

 
Fig. 5. Feature importance chart for assessing the 
contribution to the predictive capability of the RF model for 
the change in structure settlement for one monitoring cycle 
(ΔS) 

n the ensemble Random Forest model, a 
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method for quantitatively assessing the 
contribution of each feature to the predictive 
capability is applied. This approach is based on 
analyzing the changes in model quality when 
splitting data at the tree nodes. 

For the creation of all models described in the 
study, 20% of the original data were allocated as a 
test sample. The optimality of the selected 
hyperparameters is confirmed by close coefficient 
of determination (R²) values on the training and 
test samples, indicating the absence of model 
overfitting. The coefficient of determination for the 
training sample is R² = 0.949, and for the test 
sample, it is R² = 0.944. The Mean Squared Error 
(MSE) of the test sample is 0.063. 

The hyperparameters for the XGB model were 
tuned using the GSCV method. Based on the 
analysis, the following optimal hyperparameter 
values were determined: 

• n_estimators: 50; 
• max_depth: 10; 
• subsample: 1.0; 
• learning_rate: 0.1; 
• colsample_bytree: 0.8; 
• gamma: 0.3. 

 
Fig. 6. Fig. 6. Feature importance chart for assessing the 
contribution to the predictive capability of the XGBoost 
model for the structure settlement for one monitoring cycle 
(ΔS) 

The coefficient of determination for the training 
sample is R² = 0.956, and for the test sample, it is 
R² = 0.944. The Mean Squared Error of the test 
model is MSE = 0.063. 

3.3 Model of Absolute (Cumulative) Settlement 
of the Structure (S) Considering the Time 
Factor. LightGBM (LGBM). Gradient Boosting 
(GB) 

As previously noted, the dataframe used for the 
absolute settlement model (S) includes 5100 data 
rows covering the entire period of tunnel 
construction. 

The hyperparameters of the LGBM model were 
tuned using the GSCV method, which determined 

the following optimal values: 
• n_estimators: 500; 
• max_depth: 10; 
• boosting_type: 'gbdt'; 
• feature_fraction: 0.7; 
• learning_rate: 0.1; 
• num_leaves: 50. 
The coefficient of determination (R²) for the 

training sample is 0.95, and for the test sample, it 
is 0.83. The Mean Squared Error (MSE) for the test 
sample is 0.097. 

 
Fig. 7. Feature importance chart for assessing the 
contribution to the predictive capability of the LGBM model 
of absolute (cumulative) settlement of the structure (S) 

As a result of the analysis, the optimal 
hyperparameter values for the GB model were 
determined: 

• n_estimators: 300; 
• max_depth: 5; 
• min_samples_split: 5; 
• min_samples_leaf: 2; 
• learning_rate: 0.1; 
• subsample: 0,9. 

The coefficient of determination for the training 
data model is R² = 0.94, and for the test data, it is 
R² = 0.82. The Mean Squared Error for the test 
sample is MSE = 0.10. 

 
Fig. 8. Fig. 8. Feature importance chart for assessing the 
contribution to the predictive capability of the GB model of 
absolute (cumulative) settlement of the structure (S) 
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3.4 Analysis of obtained results and prediction 
models 

To predict the settlement of the structure for 
one monitoring cycle (ΔS), a polynomial equation 
(2) has been developed: 

ΔS = 1484.65 + 3.17∙Vg – 56.91∙P + 0.1336∙η – 
– 100.17∙E1 + 0.0084∙Vg

2 – 0.442∙Vg∙P – 
– 0.000052∙Vg∙η – 0.114∙Vg∙E1 + 28.07∙P2 – 
– 0.022∙P∙η + 0.035∙P∙E1 – 0.000027∙η2 – 

– 0.0024∙η∙E1 + 1.732∙E1
2 

(2) 

For predicting the absolute (cumulative) 
settlement of the structure (S), a polynomial 
equation (3) has been formulated: 

S = 8.54 + 0.0318∙R – 2.42∙h – 0.00288∙η +  
+ 0.0280∙t – 0.000165∙R2 – 0.00269∙R∙h +  

+ 0.0000245∙R∙η + 0.0000824∙R∙t + 0.1688∙h2 +  
+ 0.0001497∙h∙η – 0.00189∙h∙t – 0.000000687∙η2 +  

+ 0.00000219∙η∙t – 0.000378∙t2 

(3) 

As part of developing the models, a 
second-degree polynomial was used, which 
minimizes the likelihood of overfitting. The initial 
data for deriving these equations were obtained 
from the analysis performed using RF and LGBM 
methods, as these provided a more uniform 
distribution of parameter significance. 

Equations (2) and (3) were formed based on 
parameters characterized not only by high 
significance but also by the absence of 
multicollinearity. The coefficients of determination 
for these equations are R² = 0.71 and R² = 0.66, 
respectively, confirming the models’ ability to 
explain a significant portion of the variability in the 
data. Accordingly, the remaining 29% and 34% are 
attributed to parametric variability. 

Thus, the proposed models can be effectively 
applied to structures with various engineering and 
geological conditions (within the limits of dispersed 
soils), as they demonstrate resilience to overfitting. 
The mean squared error of these models is MSEΔS 
= 0.395 and MSES = 0.471. 

Table 4 presents the data analysis shown in 
Figures 5–8. It demonstrates the percentage 
influence of each parameter on the structure’s 
settlement values per monitoring cycle (ΔS) or the 
absolute cumulative settlement (S), depending on 
the chosen model. 

4 DISCUSSION 

The key distinction between Model (ΔS) and 
Model (S) lies in their predictive goals, time 
intervals of analysis, and the volume of data 
utilized. These differences account for the 
variability in parameter significance across the 
considered models. 

Analysis of the data from Table 4 allows us to 
draw the following conclusions: 

- The most notable observation is that the 
parameter z does not have a significant impact on 

the results. 
 
Table 4. Percentage influence of each parameter 

depending on the model used 

No Parameter 
Model (ΔS) Model (S) 
RF XGB LGBM GB 

1 t - - 9.6% 13.2% 
2 r 2.95% 1.1% 27.9% 18.1% 
3 h 1.95% 2.0% 22.1% 40.6% 
4 P 27.45% 38.7% 6.15% 3.3% 
5 vi 7.9% 3.5% 6.05% 8.6% 
6 Vg 16.2% 14.6% 7.1% 4.2% 
7 z 0.65% 0% 0.9% 0.55% 
8 ɣ1 1.0% 1.9% 0.4% 1.0% 
9 c1 0.45% 0% 0.2% 0% 

10 φ1 0.25% 10.4% 0.2% 0% 
11 E1 10.9% 2.1% 2.0% 1.1% 
12 ɣ2 2.9% 7.7% 1.0% 0.35% 
13 с2 7.6% 0.5% 1.6% 0.35% 
14 φ2 2.6% 0% 0.55% 1.0% 
15 E2 7.5% 1.4% 2.45% 1.9% 
16 η 9.7% 16.1% 11.8% 5.75% 

 
- For the ΔS model, the parameters r and h are 

not significant, likely due to their relatively stable 
values over the considered time interval, which 
prevents identifying their clear influence. 

- In the ΔS model, significant roles are played 
by the technological parameters of the excavation 
P and Vg, the soil properties above the tunnel, 
such as the modulus of elasticity (E1) or the angle 
of internal friction (φ1), and the soil creep 
parameter η. 

- For the S model, the key parameters are r, h, 
and the time elapsed since the start of excavation 
(t). An additional significant parameter is either η or 
vi, depending on the specific model. However, the 
parameter η is preferred for analysis since vi may 
lose its relevance over longer time intervals. 

- In most of the considered models, the 
parameter η is among the four most significant 
factors, and in all models, it is in the top-5 key 
parameters. 

4 CONCLUSION 

Based on the conducted study, the following 
conclusions can be drawn: 

1. Two models were developed and presented: 
one for predicting settlement per monitoring cycle 
(ΔS) and another for predicting absolute 
(cumulative) settlement of the structure (S). Each 
model is based on a second-degree polynomial 
equation, which minimizes the likelihood of 
overfitting. 

2. The coefficients of determination (R²) of the 
developed models are 0.71 for the ΔS model and 
0.66 for the S model. This indicates that the 
models possess sufficient explanatory power, 
accounting for 71% and 66% of data variability 
respectively. The remaining variability (29% and 
34%) is attributed to parametric fluctuations. 

3. A key feature of the models is their resistance 
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to overfitting and their applicability to various 
engineering and geological conditions within 
dispersed soils. The mean squared errors of the 
models are MSEΔS = 0.395 and MSES = 0.471, 
confirming their high accuracy. 

4. For the ΔS model, the most influential factors 
are the technological parameters of the excavation 
process (P, Vg) and the characteristics of the soil 
above the tunnel, such as the modulus of elasticity 
E1 and the internal friction angle φ1. In contrast, for 
the S model, the most significant parameters are r, 
h, and the time t elapsed since the start of 
excavation. Meanwhile, the parameter η remains 
highly significant across all models, consistently 
ranking among the top five factors. 

5. The developed models can be used not only 
for predicting construction settlements under 
similar engineering and geological conditions but 
also for optimizing technological parameters to 
minimize settlement. 

These findings confirm the effectiveness of the 
proposed models for settlement prediction and can 
contribute to improving the quality of design and 
monitoring in construction practice. 
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