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Abstract  
The support design and excavation planning of underground structures, including mountain tunnels and 

underground power plants, are often updated based on the results of ground deformation measurements 

and tunnel face observations. As these design changes are sometimes examined through numerical 

analysis, it is necessary to account for various uncertainties, such as initial and boundary conditions, 

geological structures, and mechanical properties of rocks. This study investigates the application of 

ensemble-based data assimilation (EBDA) to achieve highly reliable predictions of ground deformation 

during construction. An excavation analysis method incorporating EBDA was developed and applied to 

ground tunneling scenarios, assuming an elasto-plastic model. The effect of assimilating the 

displacements of ground and the uniaxial compressive strength qu were confirmed in this analysis. It is 

assumed that qu is converted from the drilling energy. qu is related to cohesion c and friction angle φ. By 

assimilating qu, c converged to the correct value, however since the effect of φ on qu is small compared 

to c, significant variation was observed in the φ. In addition, since the displacement of the ground in the 

already excavated area is not dominant in updating the deformation coefficient E of the ground ahead 

of the face, the variance of E was not improved. Therefore, resulting in limited improvements in 

estimating the Mohr-Coulomb failure criterion line and the predicting ground displacement. 
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1 Introduction 
During the construction of underground structures, such as mountain tunnels and underground power 

plants, daily tunnel face observations and ground displacement measurements are conducted to evaluate 

the behavior of the surrounding rock mass. These observations and measurements support adjustments 

to initial support designs and construction methods to align with actual ground conditions, often 

referencing prior construction results. Numerical analyses are occasionally employed to address 

unexpected phenomena, such as excessive ground deformation and tunnel face instability. However, 

these analyses face challenges due to several uncertainties in geological structures, rock properties, and 

initial and boundary conditions, which considerably complicate numerical modelling. Against this 

problem, several approaches have studied for predicting ground properties and displacements using 

observed data collected during the construction. For instance, Shuku et al. (2011) employed data 

assimilation (DA) to predict embankment behavior, highlighting its ability to provide probabilistic 

evaluations and enhance prediction reliability. 

Muhammad et al. (2021) applied the ensemble Kalman filter (EnKF) (Evensen, 1994) to estimate the 

physical parameter of a slope assuming an elastic-perfectly plastic model and a strain-hardening model 

to evaluate the stability of the slope. Yu et al. (2021) utilized a hierarchical Bayesian model to estimate 

the average stress of the rock mass. They showed that the uncertainty of the average stress in the target 

area can be reduced by using information on the rock mass stress measured near the target area. In 

addition, data assimilation techniques have also been used to predict the amount of spring water for 

mountain tunnels under construction. Koyama et al. (2012) integrated the EnKF algorithm into the 

system for water information of ground (SWING) method to automate the optimization process of 

parameters for groundwater analysis and predicted the spring water flow.  

Given the heterogeneous nature of the ground and uncertainties in mechanical properties, reliably 

quantify predictions of ground and support behavior in tunnel construction is essential. This requires 

integrating observation and analysis data, as demonstrated in above previous studies. The authors have 

previously investigated a method for predicting deformation behavior of ground by combining the finite 

volume method (FVM) and data assimilation techniques. We have previously conducted numerical 

experiments simulating tunnel construction into ground assuming elastic and elasto-plastic models, as 

well as numerical experiments simulating triaxial compression tests on rock specimen assuming an 

elastoplastic model (e.g., Aono et al, 2021, 2022, 2023). In these numerical experiments, displacement 

data of the ground at already excavated areas and rock specimen was used for assimilation. It was 

confirmed that prediction performance of the deformation behavior of the ground and rock specimen 

after assimilation. As a result, it was found that assimilating only displacement data at already excavated 

areas was insufficient for early prediction of the behavior of the unexcavated ground ahead of the tunnel 

face.  

As a next phase, the authors focused on drilling logging, a forward exploration method, to improve the 

performance of prediction of ground deformation behavior at early construction stage. A method has 

been reported to convert the drilling energy obtained by drilling logging into the unconfined compressive 

strength, qu (e.g., Yamashita et al., 2015). The authors conducted numerical experiments simulating 

loading test using a single element (this corresponds to the zone in FVM) and confirmed that assimilation 

of qu improves the prediction performance of the deformation behavior of the analytical model (Aono 

et al, 2024). In this paper, the effectiveness of assimilating ground displacement and qu in estimating the 

physical properties and predicting deformation behavior of the ground was demonstrated through 

numerical experiments simulating tunnel construction assuming heterogeneous ground including 

geological boundaries. 

2 DA for excavation analysis  
Several DA methods employ commonly used sequential and ensemble-based DA techniques including 

EnKF and particle filter (PF). EnKF-base methods requires inverse matrix calculations which are 

computationally more expensive than PF-base methods, however it has the advantage of being less prone 

to degeneracy. In contrast, degeneracy is less likely to occur with EnKF-based methods, as these 

methods update the state variables of each ensemble member to align with the observation. Among 

EnKF-type methods, we adopted the error subspace transform Kalman filter (ESTKF) (Nerger et al., 

2012), which offers a lower computational cost and generally provides superior assimilation results 
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compared to EnKF. The ESTKF is derived from the ensemble transform Kalman filter (ETKF) (Bishop 

et al., 2001), which is an EnKF-type method. 

Below is an overview of the ESTKF and its application to tunnel excavation analysis with DA. In the 

ESTKF, the state-space model is formulated as follows: 

𝐱𝑛
FVM = f(𝐱𝑛−1, 𝐯𝑛) 

                          𝐲𝑛 = 𝐇𝐱𝑛
FVM + 𝛚𝑛   , 𝛚𝑛  ~  𝑁(𝟎, 𝐑)  

(1) 

(2) 

Here, x is a state vector consisting nodal displacements, element stresses, ground properties and qu; v 

represents the system noise; the subscript FVM refers to the results from the finite volume method 

(FVM) analysis before DA (prior distribution). The subscript n denotes the construction step. f is an 

operator that expresses the time evolution of the variables from construction step n–1 to n, corresponding 

to the excavation analysis performed by FVM using the commercial software FLAC3D. y is a vector 

consisting of the displacements caused by excavation at the observation point (hereafter referred to as 

the observation vector) and qu, with H being the linear observation operator. ω represents the observed 

noise, which follows a normal distribution with mean 0 and covariance matrix R. The state variables are 

updated based on the observed data using the ESTKF, which is expressed as: 

𝐗𝑛
DA = 𝐗𝑛

FVM + 𝐗𝑛
FVM𝐓(𝐰 + 𝐖) 

𝐰 = 𝐀(𝐇𝐗𝑛
FVM𝐓)T𝐑−1(𝐘𝑛 − 𝐇𝐗𝑛

FVM) 

𝐖 = √(𝑁 − 1)𝐂𝐓T 

𝐀−1 = (𝑁 − 1)𝐈 + (𝐇𝐗𝑛
FVM𝐓)T𝐑−1𝐇𝐗𝑛

FVM𝐓 

𝐂𝐂T = 𝐀 

                          1 −
1

√𝑁 + 𝑁
   for i = j, i <  𝑁 

𝑇ij =        
1

√𝑁 + 𝑁
   for i ≠ j, i <  𝑁 

−√𝑁   for i =  𝑁 

 

𝐗𝑛
DA = (𝐱𝑛,1

DA, … , 𝐱𝑛,𝑁
DA ) 

𝐗𝑛
FVM = (𝐱̅𝑛

FVM, … , 𝐱̅𝑛
FVM) 

𝐗𝑛
FVM = (𝐱𝑛,1

FVM, … , 𝐱𝑛,𝑁
FVM) 

𝐘𝑛 = (𝐲𝑛 , … , 𝐲𝑛) 

(3) 

(4) 

(5) 

(6) 

(7) 

 

 

(8) 

 

 

(9) 

(10) 

(11) 

(12) 

FVM

n
x is updated using the projection matrix T, weight vector w and matrix W. T is calculated from the 

number of samples in the ensemble N. w and W are calculated by Eq. (4) and (5), respectively. A and 

C are transformation matrices. 
FVM

n
x  represents the ensemble mean of the state vectors. The superscript 

DA denotes the posterior distribution after DA. In sequential DA of ESTKF, the simulation proceeds 

through repeated predictions (using Eq. (1)), followed by updates (via Eq. (3)). In a previous study, to 

ensure the physical relationship between the ground properties and nodal displacements, the authors 

employed a method where they returned to the stage before excavation. They then added the updated 

ground parameters from DA to the analytical model, and subsequently re-performed the excavation 

analysis (Aono et al. 2022). The numerical experiments mentioned at chapter 3 were conducted using 

this proposed method. Therefore, in this paper, the procedures of the forward analysis and DA are 

considered as one DA cycle. 

Fig. 1 provides an overview of the ground displacement prediction using this method.  

 

(a) schematics of the longitudinal                      (b) Relationship between predicted displacement 

section along the tunnel axis                              at forecasting point and position of tunnel face 

Fig. 1 Overview of excavation analysis applying DA. 
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Fig.1 (a) depict schematics of the longitudinal section along the tunnel axis, with the blue and yellow 

circles representing the observation and prediction points for displacement, respectively. The upper 

longitudinal section illustrates the early excavation stage, with a limited number of observation points, 

while the lower section shows the advanced stage, with a greater number of observation points. Fig.1 

(b) plots the predicted cumulative displacement for the first two excavation steps. The horizontal axis 

represents the tunnel face position, with the vertical axis indicating the predicted displacement. The blue 

and red lines denote predictions at the early and advanced stages of excavation, with the solid and dashed 

lines indicating the smallest and largest predicted values, respectively. This method quantitatively 

demonstrates prediction reliability as a probability distribution, with prediction accuracy improving as 

the number of observation points increases. 

3 Outline of numerical experiments 
This section provides an overview of the numerical experiment simulating the tunnel construction. In 

this experiment, the results calculated using an analytical model with correct conditions (referred to as 

the “correct model”) were used as the observed data. These measurement data were then sequentially 

assimilated into the predicted results from a predictive model (ensemble member), which had different 

conditions from the correct model. The experiment yielded the distribution of ensemble members 

relative to the true value, allowing for the verification of the effectiveness of DA for this problem. This 

study focused on the following key questions points: (i) How are the physical properties of the ground 

in the prediction model updated through DA? and (ii) How do the predicted results for ground 

displacement change in the prediction model? 

The analysis mesh and observed points of the ground displacement are shown in Fig. 2. The 

displacement observation point was set at tunnel distance (TD) 2m. 

  

Fig. 2 Numerical model for excavation analysis. 

The constitutive model of the rock mass was an elastic-perfectly plastic model, using the Mohr-Coulomb 

failure criterion. The analysis mesh for the ground was composed of two types of geological features. 

Table 1 lists the physical properties of the correct model and those used to generate the initial ensemble 

member. 

Table 1. Physical properties of rock mass corresponding to CI and DI patterns. 

 ECI 

(MPa) 

EDI 

(MPa) 

cCI 

(MPa) 

cDI 

(MPa) 

φCI 

(°) 

φDI 

(°) 

qu,CI 

(MPa) 

qu,DI 

(MPa) 

Correct value 2000 500 2.0 0.4 45 35 9.66 1.54 

Range for obtaining the initial 

distribution of the ensemble 

0 - 5000 0 - 4.0 0 - 50 0 - 22.0 

 

The physical properties of each geological feature were based on the classification of The Japan 

Highway Public Corporation (1986). The subscripts CI and DI in Table 1 correspond to this 

classification. However, steel supports, shotcrete, RB were not modelled in this numerical experiment. 

The geological boundary was set at TD 32m. The position, strike, and dip of the geological boundary 

surface were identical for both the correct model and the ensemble member, assuming that geological 

structure information was obtained through prior surveys. DA was performed every 2 m of excavation, 

from TD 4 m to TD 12 m, resulting in a total of five DA cycles. 
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In Table 1, E represents the deformation modulus of ground. The physical properties of the correct 

model were set based on the reference from West Nippon Expressway Company Limited (2018). To 

understand the changes in the state vector distribution, the range of physical properties for the initial 

ensemble member was set to values lower than those of the ground corresponding to support pattern B. 

These properties of the initial ensemble members were set using uniform random numbers from the 

ranges listed in Table 1. For both the correct model and the predictive model, the Poisson’s ratio  of 

the ground corresponding to support patterns CI and DI was set to 0.30 and 0.35, respectively. An 

isotropic pressure equivalent to 300 m of overburden was applied to all elements in the initial stress 

analysis. 

In this paper, we present the results of two numerical experiments in which the information used for 

assimilation was varied. In Case 1, only the history of displacement increments d in the x, y, and z 

components of the observation point at TD 2 m were assimilated every 2 m of excavation. In Case 2, d 

and qu were assimilated. It was assumed that qu was converted from drilling data obtained through rock 

bolt (RB) construction and non-core drilling logging ahead of the tunnel face. The effectiveness of 

assimilating qu was validated by the results of these numerical experiments. 

The numerical experimental procedure is as follows:  

At first, an excavation analysis was performed under the correct conditions to generate the simulated 

observed values (observation vectors) for ground displacement and qu.  

Afterwards, the state vector was created by conducting excavation analysis up to excavation step n, 

using 50 ensemble members under various conditions. The initial distribution of the ensemble properties 

was obtained from the ranges shown in Tables 1 using uniform random numbers. Fig. 3 illustrates the 

displacement observation points and the locations of the elements used for calculating qu. 

 

Fig. 3 Displacement observation points and element positions used for calculating qu. 

qu was calculated using Eq. (13), assuming RB installation and drilling logging: 

𝑞u =
2𝑐 cos𝜑

1 − sin𝜑
 (13) 

Subsequently, the state vectors x and y, generated by excavation analysis using both the correct 

condition and ensemble members, were assimilated. The parameters listed in Table 1 were then updated. 

If any updated parameters were not realistic (for example, negative values or φ > 90°), they were 

regenerated within the ranges presented in Table 1. DA generally reduces parameter variation; if the 

variance in the distribution after updating was exceedingly small, the physical properties did not change 

significantly during the subsequent DA. Therefore, a noise of –10 to 10% of the ensemble mean was 

added to each parameter after updating. Excavation analysis was then performed up to the next 

excavation step n+1. The observation errors for the displacement and qu were set to 1.0 mm and 1.6 

MPa, respectively. The observation noise was not considered in the numerical experiment. 

4 Results and discussions 

4.1 Estimation of ground properties 
Fig. 4 shows the ground properties before and after each DA cycles for Cases 1 and 2. In Fig. 4, the 

black horizontal lines represent the correct values, while blue circles indicate the distribution of the 

ground properties used in the excavation analysis. Orange triangles denote the updated distribution after 

DA. Focusing on ECI and EDI, the figure shows that ECI converged to the correct value in both cases, 

whereas the distribution of EDI exhibited slight changes. These results suggest that displacement 

observation of the ground from the already excavated area and qu, assumed to be derived from the 
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drilling data, have minimal influence on the estimation of the ground’s Young’s modulus (E) 

approximately 30 m ahead of the face. 

 

(a) Case1                                                                                    (b) Case2 

Fig. 4 Distribution of physical properties before and after performing DA. 

Regarding the friction angles (φCI and φDI), Fig. 4 indicates smaller variation in Case 2 compared to Case 

1, with the values converging to values below the correct value. As shown in Fig. 4(a), the distributions 

of cCI and cDI remain unchanged in Case 1, where only d was assimilated. In contrast, in Case 2, the 

variances of cCI and cDI decreased due to the assimilation of qu (as seen in Fig. 4(b)), converging to 

values higher than the correct value. Examining the distribution of the initial ensemble, φ was smaller 

and c was larger than the correct value in most ensembles. This suggests that the post-DA distributions 

of φ and c in Case 2 were influenced by the characteristics of the initial ensemble distribution. 

Fig. 5 shows the relationship between qu, φ and c when φ and c change.   

 
Fig. 5 Relationship between qu, c, and φ. 

According to Fig.5, changing c increases qu more than changing φ. Since c has a greater effect on qu 

than on φ, it is believed that the assimilation of qu significantly changes the distribution of c. 

Furthermore, focusing on the distribution of cCI in Fig. 4(b), its variance is larger than that of cDI. The 

results from Case 1 show that d has limited significance in updating the physical properties of the ground 

ahead of the tunnel face; however, it plays a more critical role in already excavated areas. Therefore, by 

incorporating substantial information from the excavated areas, such as d and qu, in the assimilation 

process, the variance of c may increase. 

4.2 Prediction of deformation behavior of ground 

Fig. 6 illustrates the relationship between the displacement in the z-axis direction at the crown of TD 32 

m and the position of the tunnel face when the tunnel was constructed up to TD 60 m. The black, blue, 

and orange lines represent the absolute ground displacements obtained from the excavation analysis of 

the correct model, the initial ensemble, and the ensemble after five DA cycles, respectively. The line on 
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the right side of the graph shows the frequency distribution of the displacement when the tunnel face 

reached TD 60 m. 

 

Fig. 6 Predicted crown settlement at TD60m before and after performing five DA cycles. 

By repeatedly performing DA, the variance in the predicted results of the ground deformation behavior 

was reduced in both cases. The differences between the most frequent values of the frequency 

distribution of the predicted displacement results and the correct values for Cases 1 and 2 were 

approximately 30 mm and 20 mm, respectively. In both cases, the distribution of EDI remained almost 

unchanged after DA. As EDI was distributed to values larger than the correct value, the ground 

displacement was consequently underestimated. 

Fig. 7 shows the Mohr stress circle for the correct model and the Mohr-Coulomb failure criterion. The 

orange lines in Fig. 7 represent the failure criterion of the ensembles after five DA cycles. 

 

(a) Case1 

 

(b) Case2 

Fig. 7 Mohr's stress circle of the correct model and Mohr-Coulomb failure criterion. 

An isotropic pressure equivalent to 300 m of overburden was applied to all elements, and a Mohr's circle 

was drawn based on the overburden pressure. As shown in Figs. 4 and 5, as φ could not be estimated in 

either case, the failure envelopes of the ensemble after five DA cycles differed from the correct envelope. 

If the failure envelope cannot be estimated accurately, it becomes impossible to precisely predict the 

plastic deformation of the ground as the stress state changes during tunnel construction. Therefore, it is 

crucial to estimate φ along with c. Furthermore, when only elastic deformation occurs in the ground, 

estimating E is essential for accurately predicting the deformation behavior. 

To improve the accuracy of estimating E and φ, we are considering creating a regression equation based 

on the relationship between qu and the physical properties from West Nippon Expressway Company 

Limited (2018). This will be followed by assimilating the physical properties converted from qu using 

this regression equation. In the future, we plan to assimilate E and φ converted from qu to examine 

whether this approach can enhance the accuracy of estimating the physical properties of the ground and 

predicting its deformation behavior. 
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5 Conclusion 
This paper presents an excavation analysis employing EnKF-base data assimilation for the construction 

of underground structures, such as mountain tunnels and underground power plants. The focus was on 

the effect of assimilating the uniaxial compressive strength of the ground (qu), derived from drilling 

energy, through numerical experiments simulating tunnel construction in the ground with geological 

boundaries. 

The results demonstrated that the assimilation of qu significantly reduced the variability in the cohesion 

c. However, even when qu was assimilated, the variations in the deformation modulus E and friction 

angle φ remained larger than those in c. This is likely because, based on the relationship between qu, φ, 

and c, variations in c have a greater effect on qu than variations in φ. Furthermore, the study demonstrated 

that assimilating only displacement observation from the excavated ground and qu was insufficient to 

accurately estimate E in the ground ahead of the tunnel face. 

Future work will involve numerical experiments to assimilate E and φ derived from qu. This will aim to 

improve the estimation accuracy of these properties ahead of the tunnel face and enhance prediction 

accuracy of ground deformation behavior during tunnel construction. 
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