
Urban Train Soil-Structure Interaction Modeling and 

Analysis 

Danial Mohammadzadeh S.1,2, Nader Karballaeezadeh3, Morteza Mohemmi4, 

Amir Mosavi5,6*, and Annamaria R. Varkonyi-Koczy5,7 

1 Department of Civil Engineering, Ferdowsi University of Mashhad, Mashhad, Iran. 
2 Department of Elite Relations with Industries, Khorasan Construction Engineering Organiza-

tion, Mashhad, Iran 
3 Faculty of Civil Engineering, Shahrood University of Technology, Shahrood, Iran 

4 Department of Civil Engineering, Iran University of Science and Technology, Tehran, Iran. 
5 Institute of Automation, Kalman Kando Faculty of Electrical Engineering, Obuda University, 

1034 Budapest, Hungary 
6 School of the Built Environment, Oxford Brookes University, Oxford OX3 0BP, UK 

7 Department of Mathematics and Informatics, J. Selye University, Komarno, Slovakia 

 
*a.mosavi@brookes.ac.uk 

 

Abstract. Design and advancement of the durable urban train in-

frastructures are of utmost importance for reliable mobility in the 

smart cities of the future. Given the importance of urban train 

lines, tunnels, and subway stations, these structures should be me-

ticulously analyzed. In this research, two-dimensional modeling 

and analysis of the soil-structure mass of the Alan Dasht station of 

Mashhad Urban Train are studied. The two-dimensional modeling 

was conducted using Hashash’s method and displacement interac-

tion. After calculating the free-field resonance and side distortion 

of the soil mass, this resonance was entered into PLAXIS finite 

element program, and finally, stress and displacement contours to-

gether with the bending moment, shear force and axial force 

curves of the structure were obtained. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 August 2019                   doi:10.20944/preprints201908.0162.v1

©  2019 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints201908.0162.v1
http://creativecommons.org/licenses/by/4.0/


Keywords: Urban mobility, urban train lines, modeling, soil 

mass-structure, soil-structure interaction, PLAXIS, computa-

tional mechanics, simulation, smart cities, urban sustainable de-

velopment, urban rail transportation  

1 Introduction 

Today, due to the expansion of cities and urbanization, the need for efficient 

public transportation is continuously on the rise [1-13]. Among public transport 

vehicles, the urban train network is of great importance as a standard form of 

urban rail transportation [14-17]. The construction of the metro network on the 

ground is less costly, but due to increasing surface congestion, heavy traffic, 

and scarcity of space, metro lines are mostly built underground [18-20]. On the 

one hand, due to the low depth of the underground tunnels, metro stations are 

usually built-in soft soils (i.e., loose surface soils [21-24]). Therefore, much 

research has been done to provide smart solutions to such problems. Thus, the 

optimal implementation of these underground spaces and ensuring their secu-

rity during the long-term construction process is a factor that has been taken 

into account by designers of underground structures. Among these underground 

structures, transportation tunnels are of critical importance. Before 1995, tun-

nels were not designed to tolerate dynamic loads. However, the earthquakes of 

the 1990s wreaked havoc to some tunnels. For example, the 1999 earthquake 

in Chi-Chi, Taiwan, damaged the mountain tunnels [25]. Duzce earthquake in 

Turkey led to the partial destruction of Bolu twin tunnels [26], and Diakia metro 

station collapsed in Kobe, Japan in 1995 [27]. Sharma and Judd (1990) [28] 

investigated 192 cases of underground structural behavior in the face of 85 

earthquakes worldwide, concluding that the vulnerability of an underground 

structure could be assessed in terms of the depth of overburden and earthquake 

parameters of the area. The extent of demolition and damage to tunnels declines 
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with an increase in the depth of overburden [29]. In 2001, Hashash [30] noted 

that the tunnel structure should be considered in terms of plasticity and re-

sistance to earthquake forces [31]. Moreover, to ensure sufficient plasticity in 

the tunnel cover during an earthquake, the force reduction factor should be 

equivalent to the tunnel plasticity [32]. In this research, a two-dimensional mod-

eling of the Alan Dasht station of Mashhad Urban Train using Hashash’s 

method along with the displacement interaction at two levels of seismic [33] is 

performed in PLAXIS software [34], and the results of two-dimensional anal-

ysis are presented as displacement and stress contours together with the curves 

of bending moment, shear force and axial force. 

2 Data 

Line 2 of the Mashhad urban train stretches from the end of the northern 

Tabarsi Blvd. to the south of Fazl bin Shazan Square with a total length of 

12.985 km. The general slope of the ground is from south to north. Alan Dasht 

station is located between Alan Dasht Square and 9th Koohsangi Street (Edalat) 

in Mashhad, constituting the 10th station out of 12 stations of this line. The axis 

of the Alan Dasht station is planned to be positioned at a distance of 10+512.27 

on the route of Line 2 of Mashhad urban train. Further, two platforms with a 

width of about 4 m and a length of 100 m on both sides of the railway represent 

another physical feature of the Alan Dasht station. The station is positioned in 

a northeast-southwest direction. Concerning the elevation, the station is cate-

gorized as the underground type and rails are located at a depth of about 20 m 

from the street and 976.89 m from the sea level. The slope of the project line of 

the rail is about 0.002 in the station, and in the longitudinal profile, the down-

ward direction of the rail slope is towards the northeast. Figures (1) and (2) 

show the plan and the top view of the Alan Dasht station. 
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Fig. 1. The plan at the site of the Alan Dasht station 

 

 

Fig. 2. Top view of Al-Dasht station 
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2.1 Geometry and model specifications 

2 of the Mashhad urban train stretches from the end of the Northern Tabarsi 

Blvd. to the South of Mashhad. 

 

Fig. 3. Two-dimensional model view (MDE earthquake) 
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Table 1. Specifications of materials 

Materials Bar Concrete 

Resistance Fy = 4000 Mpa Fc = 250 Mpa 

 

3 Soil-structure modeling 

3.1 Hashash Method 

The Hashash method [32] is based on imposing an absolute displacement on 

the structure buried in the soil. According to this method, the resonance of soil 

mass is determined based on soil seismic parameters [33, 35, 36]. Further, the 

resonance ratio imposed on the buried structure in the soil relative to the soil 

mass resonance is determined based on the ratio of structural stiffness to soil 

hardness, and then this displacement is applied to the structure based on the 

specific loading pattern. This method complies by the "principals of designing 

the stations of Line 2 of Mashhad urban train". The geodynamic parameters 

required in this method to estimate the load on the station are as follows: 

1) Propagation velocity of shear wave: The value of CS of soil is determined 

from the geotechnical report at the site of each station by averaging of figures.  

2) Dynamic Shear Modulus of Soil Mass: The dynamic shear modulus of 

the soil mass [37] should also be determined from geotechnical studies. How-

ever, in the absence of this information, dynamic shear modulus can be calcu-

lated from Eq. (1): 
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2)( sm CG =   (1) 

The behavior of soil mass around the station is assumed to be linearly elastic, 

and given the dependence of the dynamic shear modulus on the strain level and 

normal level of strains during the earthquake, the effective dynamic shear mod-

ulus of the soil is estimated as Ge=0.6Gm. 

3) The maximum shear strain of the original soil mass: The maximum shear 

strain of the original soil mass, 𝛄𝐟𝐫𝐞𝐞−𝐟𝐢𝐞𝐥𝐝, is obtained from Eq. (2).  

γfree−field

=
PGV

Cs
                                                                                                         (2) 

Where PGV is the maximum propagation velocity of soil particles at the 

depth of the station. 

If this parameter is calculated in seismic studies, it can be directly used to 

compute 𝛄𝐟𝐫𝐞𝐞−𝐟𝐢𝐞𝐥𝐝. Otherwise, PGV value at the depth of the station can be 

roughly determined using the following method: 

a) PGA calculation in the station depth during the desired return period at the 

mean depth of the station based on the acceleration distribution graphs in the 

soil profile. 

b) PGV calculation from PGA based on station distance from the fault, type 

of soil and expected magnitude of the earthquake and its effect on the useful 

life of the structure according to Table (2). 
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Table 2. Variation of "PGV to PGA" ratio with distance from fault and soil 

type (after Power et al., 1996) 

Moment magnitude 

(MW) 

Source-to-site distance (km) 

0-20 20-50 50-100 

Rock a  

6.5 66 76 86 

7.5 97 109 97 

8.5 127 140 152 

Stiff soil a  

6.5 94 102 109 

7.5 140 127 155 

8.5 180 188 193 

Soft soil a  

6.5 140 132 142 

7.5 208 165 201 

8.5 269 244 251 

 

In this table, the sediment types represent the following shear wave velocity 

ranges: rock ≥ 750 
m

s
 , stiff soil 200-750 

m

s
 , soft soil < 200 

m

s
 . The relationship 

between peak ground velocity and peak ground acceleration is less certain in 

soft soils. 

In the seismic risk analysis of the project, the baseline design earthquake 

(target earthquake) is defined as 6.8 on the Richter scale in the range of 6.3 to 

7.3. However, considering the Shandiz fault as a fault with the seismic potential 

of up to 7.1 on the Richter scale at a distance of up to 20 km from the project, 

7.1 Richter was determined as the basis for determining the ratio of the wave 

propagation velocity to the maximum seismic acceleration for the whole base-

line project. Thus, we have: 
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PGV=122 PGA (for Stiff Soil & SSD=0-20 km & Mw=7.1) 

The distortion applied to the station is calculated by Eq. (3). 

γstructure

= R × γfree−field                                                                                                 (3)  

Where, the coefficient R, which is the ratio of structural distortion to soil 

environment distortion, is a function of structural stiffness and soil hardness 

ratio, which is achieved from the displacement interaction method. 

4 Displacement interaction method  

In this method, the distortion applied to the underground structure is considered 

in terms of the structure-soil mass interaction using analytical or semi-analyti-

cal methods. In this method, considering the stiffness of the alternative structure 

relative to soil mass removed from the environment, a good approximation of 

soil-structure interaction and the distortion applied to the structure during an 

earthquake is obtained. 

For interactive analysis, modeling should be performed in soil-structure inter-

action software such as PLAXIS [38, 39]. The steps and assumptions of mod-

eling are as follows: 

• Two-Dimensional modeling is performed in-plane strain mode. 

• The soil environment is assumed to be elastic. 

• Ge = 0.6 Gm. 

• All tensions, including horizontal and vertical tensions, are assumed equal 

to zero. 

• The width of the model is at least 10 times the width of the structure and 

its depth is at least one-fourth of the length of the shear wave. 
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• The modeling of the final coating structure is carried out using a bending 

beam element with elastic behavior. 

• The connection of structural elements to the soil through interface ele-

ments is considered as elasto-plastic with environmental resistance in the static 

model.  

To perform this analysis, it is necessary to construct two computational mod-

els which are described below: 

4.1 Original soil model 

In this step, the original soil model, irrespective of the structure, is subject 

to a compulsory displacement of ∆free−field, similar to the following fig-

ures. (Figures 3 and 4). 

 

Fig. 4. Boundary conditions of the problem 
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Fig. 5. Compulsory displacement of the structure 

The relative displacement of the highest and lowest points of the construction 

site in the original soil is measured (Eq. 4) 

γ =
∆

h
   ,   α

=
γfree−field

γ
                                                                                              (4) 

4.2 Soil-Structure Model 

In this model, soil mass and structure are modeled simultaneously and subjected 

to a compulsory triangular displacement of size α∆free−field in the vertical 

boundary of the soil mass, as shown in Fig. 6. 
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Fig. 6. Compulsory triangular displacement relative to soil mass and structure 

By calculating the compulsory displacement imposed on the structure and 

applying this deformation relative to the depth of the station to one of the load-

ing patterns discussed below, the internal forces for designing the elements of 

the station structure can be determined. For stations with overheads of >30 m, 

the loading pattern in Figure (7.a) and, for stations with overheads of <30 m, 

the loading pattern in Figure (7.b) should be used. 
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Fig. 7. Types of loading patterns [32] 

In the seismic analysis of the structure, the structural analysis is performed 

with the unit length (for the lateral fixed part of the wall) or with a limited length 

on both moving sides of the sidewall, and the results are manually merged with 

the results of static analyses. The reinforcement of the structure is conducted 

on-site. A 3D modeling of the structure does not correspond to Hashash’s as-

sumptions in practice, and rigid performance of the sidewalls of the station will 

preclude any distortion in the station. The following assumptions will also be 

considered in the design of structural elements: 

• In all analyses, the effective hardness of concrete cross-sections (cracked 

sections) is used. 

• The behavior coefficient of the structure is R = 1. 

 

5 Seismic Loading 

The PLAXIS 8.2 [38] software package was used to perform displacement in-

teraction analysis. This software is capable of two-dimensional modeling of 

drilling steps and installation of a maintenance system relative to the effects of 

soil-structural interaction. In this program, the numerical solution is the finite 
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element, which allows analyzing the continuous environment with linear and 

elasto–plastic behavior in a plane strain model.  

As described earlier, according to the basics of Line 2 of Mashhad Urban 

Train, two-dimensional modeling was performed in a plane strain mode with 

an elastic soil environment and Ge = 0.6 Gm. For this modeling, three-node el-

ements were used for the soil environment. All tensions in the model, including 

horizontal and vertical tensions, were considered to be zero. Also, all modeling 

was conducted in a single phase. The necessary calculations for the two-dimen-

sional modeling of the Alan Dasht station are described in (5) to (10). 

 

CS = 695 
m

s
      ,      ρ = 2.0                                                                       (5) 

Gm = ρ(CS)2 = 2 × 6952 = 966050 kpa 

Ge = 0.6Gm

= 579630 kpa                                                                        (6) 

In the ODE mode: 

PGA = 0.17, PGV = 122PGA = 0.207
m

s 
                                               (7) 

γfree−field =
PGV

CS
=

0.207

695
= 2.978 × 10−4                                           (8) 

In the MDE mode: 

PGA = 0.37, PGV = 122PGA

= 0.45
m

s 
                                                     (9) 

γfree−field =
PGV

CS
=

0.45

695

= 6.455 × 10−4                                                 (10) 
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The dimensions of the model should be chosen in a way to model the envi-

ronment with good approximation. For this purpose, the width of the environ-

ment was assumed to be 10 times the width of the structural cross-section. The 

depth of the model was considered to be at least one-fourth of the length of the 

shear wave. The station structure and retaining structure were modeled using 

the bending beam element with elastic behavior. Also, the casing was modeled 

in the cracked form. The boundary conditions of the model were applied as 

shown below. 

6 Boundary conditions 

In Fig. 8 and Table 3, the boundary conditions of the modeled sample are 

shown. 

 

Fig. 8. How to apply boundary conditions on a two-dimensional model 
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Table 3. Model boundary conditions 

Uy Ux Boundary ID 

Re-

strained 
Restrained 1 

Free Imposed Displacement 2 

Free Free 3 

 

7 Results of Analysis  

In this section, the results of the analysis of two-dimensional modeling of soil-

structure are discussed. According to the resonances obtained in the ODE 

model (γfree−field = 6.455 × 10−4) and MDE (γfree−field = 2.978 × 10−4) 

in Section 5, the soil mass was subject to these resonances, Figures (9) and (10) 

reveal the application of side displacement to the soil mass in PLAXIS software 

under ODE and MDE seismic conditions. In Figures (11) and (12), the defor-

mation of the meshed soil mass is observed under both ODE and MDE seismic 

conditions. For more meticulous analysis, stress and deformation graphs should 

be extracted. In Figures (13) and (14), the displacement contours of free-field 

soil masses are observed under ODE and MDE seismic conditions. As can be 

seen, the maximum displacements are observed in the upper angles, with values 

reaching 54.18 mm in the ODE and 108.36 mm in the MDE seismic conditions. 

Also, according to the mean stress contours derived from the analysis, as shown 

in Figures (15) and (16), the maximum average stress in soil mass is 1490 

KN/m2 under ODE and maximum stress in soil mass is about 2840 KN/m2 

under MDE seismic conditions. After analyzing the soil-structure model under-

side distortion, the bending moment, shear force, and axial force curves were 

obtained. In Figures (17) and (18), which exhibit the bending moment curves 
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under both ODE and MDE seismic conditions, the maximum bending moment 

was 1580KN.m and 2670KN.m in the ODE and MDE modes. Figures 19 and 

20 illustrate the sheer force curves and Figures (20) and (21) depict axial force 

curves of the structure under ODE and MDE conditions. In these curves, the 

maximum shear force and the maximum axial force are 2000KN and 2330KN, 

respectively. 

 

Fig. 9. Two-dimensional model the free-field soil mass in ODE mode 
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Fig. 10. Two-dimensional model of applying the free-field soil mass in MDE 

mode 
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Fig. 11. Modified displacement model of free field soil mass in ODE mode 

 

Fig. 12. Modified displacement model of free field soil mass in MDE mode 

 

Fig. 13. Displacement contour of the free-field soil mass in ODE mode 
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Fig. 14. Displacement contour of the free-field soil mass in MDE mode 

 

Fig. 15. Medium stress contour in free-field soil mass in ODE mode 
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Fig. 16. Medium stress contour in free-field soil mass in MDE mode 

 

Fig. 17. Diagram of the main structure moments (without coefficient) under the 

impact of side distortion of soil-structure in ODE mode 
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Fig. 18. Diagram of the main structure moments (without coefficient) under the 

impact of side distortion of soil-structure in MDE mode 

 

Fig. 19. Shear diagram of the main structure (without coefficient) under the 

impact of side distortion of soil-structure in ODE mode 
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Fig. 20. Shear diagram of the main structure (without coefficient) under the 

impact of side distortion of soil-structure in MDE mode 

 

Fig. 21. Axial force (of the main structure (without coefficient) under the im-

pact of side distortion of soil-structure in MDE mode 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 August 2019                   doi:10.20944/preprints201908.0162.v1

https://doi.org/10.20944/preprints201908.0162.v1


 

Fig. 22. The axial force of the main structure (without coefficient) under the 

impact of side distortion of soil -structure in MDE mode 

 

8 Conclusion 

In this research, two-dimensional analysis of the soil-structure of Alan Dasht 

station of the Mashhad Urban Train was conducted. The modeling was per-

formed using PLAXIS finite element program, Hashash and displacement in-

teraction methods for the modeling of soil mass- structure. In these methods, 

the free-field resonance and side distortion of the soil mass under ODE and 

MDE seismic conditions were obtained and then applied to a soil mass in ac-

cordance with the triangular load pattern. Then, under free-space resonance, the 

displacement and stress contours in the soil mass were achieved and underside 

distortion, bending moment, shear force and axial force of the structure were 
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achieved. As indicated by the results, the maximum soil mass displacement 

(108.36mm) and maximum soil mass stress (2840 KN/m2) were recorded under 

MDE earthquake. Moreover, the bending moment, shear force and axial force 

curves were calculated from the soil mass analysis under side distortion, with 

maximum values of 2670 KN.m, 2000KN and 2330KN under MDE seismic 

conditions, respectively. For the future works, the application of artificial intel-

ligence methods such as machine learning and deep learning methods can 

highly improve the quality of modeling in prediction of the optimal configura-

tions [40-61]. In particular, the hybrid and ensemble machine learning methods 

are reported to provide higher performance [62-71].    
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