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Abstract: Field monitoring is an important and useful means for performance prediction and safety inspection in geological 

construction as the calculation and simulation involve great uncertainty. This paper presents a multi-step updating 

methodology to predict the response of geological system utilizing field multi-sensor monitoring information. The parameters 

are updated step by step using Bayesian theorem integrating with multi-sensor monitoring data at different stage. The 

prediction is improved and more accurate after dynamical updating with multi-monitoring data fusion. An example of an 

excavation is presented to illustrate the application of this method. With new monitoring data and different kinds of data 

information, the uncertainty of geological parameters decreases which can better predict and inspect safety of engineering. 

 

Keywords: Bayesian updating; Markov chain Monte Carlo simulation; excavation; response prediction; multi-sensor data 

fusion. 

 

1 Introduction 

 

Uncertainty widely exists in Geological system. There are three primary sources of uncertainties: namely the 

uncertainties associated with the geotechnical system inherent variability, the field measurements uncertainty, 

and the prediction model uncertainty (Phoon and Kulhawy 1999). Due to the extension of uncertainty in 

geotechnics, back analysis is usually used to better predict the response of system and evaluate the safety of 

engineering (Juang et al. 2013; Peng et al. 2014; Huang et al. 2015). Moreover, the back analysis is generally 

performed based on the field monitoring information which can backward derive the input parameters from 

model function. Therefore, the field monitoring is an important and useful means for construction process 

control and safety inspection. With the development of technology, more and more monitoring devices have 

been invented and applied in engineering, especially wireless sensor network (WSN) monitoring. Recently, 

wireless sensors are gradually used for tunnel and bridge monitoring because of their real-time, high-efficiency 

and robustness (Huang et al. 2013; He et al. 2014). 

However, even if the monitoring equipment and monitoring content are diverse, existing implementation of 

monitoring information typically is isolated and uses one single index (e.g. deformation, strain, or force state) for 

analysis and prediction. While, in order to comprehensively inspect and predict response of the construction, it is 

necessary to integrate multiple monitoring information which is also called multi-sensor data fusion. As for data 

fusion, it is a process of integrating multiple sources of data and knowledge representing the same structure into 

a consistent, accurate and useful representation (Liggins et al. 2017). 

In this paper, a methodology of dynamical back analysis and response prediction utilizing multi-sensor 

monitoring data by WSN is presented. The basic theorem of this method is the multivariate Bayesian inference 

which will be interpreted in the following section. Then an example of excavation to update soil parameters and 

predict response will be illustrated for application. 

 

2 Bayesian Back Analysis and Prediction 

 

2.1    Updating soil parameters with Bayesian analysis 

In this paper, the Bayesian updating framework is adopted for parameters back analysis. In engineering, one can 

use some theoretical models to analyze the response of geotechnical system (Li et al. 2016). These models could 

be either explicit or implicit, such as empirical formulas or Finite Element Model (FEM) simulation. However, 

model uncertainty always exists for any approximated model. Let define ε to characterize the model uncertainty, 

which is the difference between the actual performance and model prediction (Zhang et al. 2010):  

( )g= +y θ ε  (1) 

where y is the actual response; g(θ) is the predicted response with a model; and θ is vector of parameters with 

uncertainty. Generally, the model bias error ε can be assumed to follow the normal distribution with a mean of "ε 
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and a standard deviation of σε. As for multiple response question in this study, the y is the vector of the actual 

response or called the actual monitoring observation, e.g. the diaphragm inclination or the brace strain. The ε 

follows the multi-normal distribution, whose #ε is mean vector and σε is covariance matrix of bias error vector.  

Base on Eq. (1), the likelihood function when the actual response y is equal to the monitoring observation (Y) 

can be expressed as the conditional probability density function (PDF) of θ: 

( | ) N( ( ))L g= = -θ y Y Y θ  (2) 

where ( | )L =θ y Y is likelihood function; N is the multivariate normal PDF when variable vector takes the value 

Y-g(θ). According to Bayesian theorem, the prior distribution of θ should be firstly determined, defined as ( )f θ . 

Then the posterior PDF of θ can be obtained as follows (Zhang et al. 2010; Wang et al. 2010): 

( | ) ( g( )) ( )f k N f= = × - ×θ y Y Y θ θ  (3) 

where k is a normalization constant that guarantees the validity of the posterior PDF. 

Due to the complexity of Eq. (3), some computing techniques, e.g. conjugate distributions, are unable to 

obtain the posterior distribution. In this paper, Markov Chain Monte Carlo (MCMC) simulation is adopted to 

solve this problem. Especially for multivariate problems, MCMC can avoid the calculation of normalization 

constant k which is usually very difficult in this multi-dimension case (Gamerman et al. 2006).  

 

2.2    MCMC simulation and algorithm procedure 

MCMC simulation combines the Monte Carlo simulation to repeat drawing samples and Markov Chain which 

generates samples based on the previous sample. Specifically, it draws samples from a proposal distribution and 

selects those samples who are close to the right target distribution with some acceptance criteria. In this 

simulation, the Metropolis algorithm is adopted to update the parameters (Metropolis et al. 1953; Hastings 1970). 

The algorithm procedure can be written as follows: 

1. Set t = 1; 

2. Initialize the first state of Markov Chain, as drawing θ1
 from an arbitrary distribution; 

3. Repeat  

         t=t+1; 

         Generate a proposal θ* from a jumping or proposal function *

1| )i-q(θ θ ; 

         Evaluate the acceptance probability
*

1

p( )
min(1, )

p( )i

a

-

θ
 = 

θ
, here ( ) ( g( )) ( )p N f= - ×θ Y θ θ in this paper; 

         Generate a u from a Uniform (0, 1) distribution  

         If u < α, accept the proposal and set θt = θ*, else set θt = θt-1. 

4. Until t = T 

The initial state θ1 will draw from a uniform distribution within a reasonable range (θmin, θmax) in this study. As 

the sampling times (t) increase to Infinity, it can be proven that the chain θt will approach to the target 

distribution, i.e. the posterior distribution here. As for the jumping function, i.e. *

1
| )

i-
q(θ θ , in theory, 

*

1
| )

i-
q(θ θ  could be any distribution function. In this paper, to employ the Metropolis algorithm which requires 

the symmetrical proposal function, a multivariate normal distribution is set as jumping function. Therefore, the 

jumping function is formed as *

1 1
| )=N( , )

i i- -
q(θ θ θ C , in which C  is the covariance matrix. For C , Zhang et al. 

(2010) suggested that C  should take the value of 0.5
θ

C  for better calculation efficiency, in which 
θ

C  is the 

covariance matrix of the prior distribution of θ . 

   

3 Illustration Example  

 

A real excavation project which located in Xuhui District, Shanghai is used herein as an example to illustrate the 

application of methods mentioned above to update parameters and predict response using the monitoring 

information during excavation stage. The excavation was performed with top-down construction method and 

brace support in seven stages. The construction steps of excavation are shown in Fig.1.This project was designed 

to be very conservative whose diaphragm was deeply penetrated (27m depth) and divided excavating block was 

relatively small (15m width, 8.5m depth) because of strict deformation control (an underground metro line is 

nearby). Due to its demand of deformation limitation, this excavation project adopted wireless sensors for real-

time monitoring the following construction state. Figure 2 shows the vertical section position of different sensors 

where tilt sensors monitored the deflection of diaphragm and wireless strain gauge measured the deformation of 

steel brace. The sensors were installed with the excavating process for construction period monitoring, for 

example, the tilt node ! was fixed at stage 3 for recording the status change of the monitoring point from stage 4 

to stage 7, and for same consideration, and wireless strain gauge ! was fixed at stage 4 for recording strain 
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change from stage 5 to 7. Therefore, this paper which adopts the multi-sensor data fusion method will utilize the 

sensor monitoring data from stage 5 to 7.With the multi-sensor information, soil parameters updating and next 

stage prediction can be performed. 
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Stage 1    1st excavation

Stage 2 1st brace fix

Stage 3    2nd  excavation

Stage 4 2nd brace fix

Stage 5 3rd  excavation

Stage 6 3rd brace fix

Stage 7 4nh  excavation

Depth

(m)

Construction stagesDiaph-

ragm

 
 

Figure 1.  Construction steps of excavation.             Figure 2.  Vertical position of sensors. 
 

3.1    Parameters prior knowledge and sensitivity analysis 

From geological investigation report and design calculation specification, soil properties can be obtained which 

is shown in Table 1.  

 
Table 1.  Soil properties parameters of excavation. 

 

No. Soil materials 

Friction 

angle φ(°) 

Cohesion 

c(MPa) 

Yong’s modulus 

E  (MPa) Poisson’s 

rate υ 

Unit 

weight γ 

(kN/m3) Mean COV Mean COV Mean COV 

    1 Miscellaneous fill 0 - 18 - 4.5 - 0.2 18 

2 Silty clay 22.0 0.28 19.5 0.20 15.87 0.15 0.31 18.5 

3 Muddy silty clay 11.0 0.25 18.5 0.18 8.97 0.13 0.33 17.4 

4 Muddy clay 9.0 0.20 11.5 0.15 5.97 0.11 0.35 16.5 

5-1 Clay 14.0 0.13 13.5 0.29 8.76 0.13 0.3 17.3 

5-2 Sandy soil 5.0 0.27 33.5 0.09 25.26 0.13 0.25 18.3 

5-3-1  Grey Silty clay 14.0 0.20 19.5 0.18 13.5 0.16 0.28 18.0 

5-3-2 
Silty clay with 

sandy silt 
15.0 0.29 23.0 0.19 15.12 0.23 0.26 18.1 

7 
Silt sand  with 

silt clay 
2.0 0.44 33.5 0.07 31.47 0.14 0.29 18.3 

 

3.1.1    Parameters sensitivity analysis and selection 

This paper aims to dynamically update the soil parameters and predict response of the excavation stage using the 

multi-sensor data which covers the stage from 5 to 7. We will take the Tilt Node $ and strain gauge $ monitoring 

information for illustration. In order to simplify the calculation, a sensitivity analysis is necessary to identify the 

key parameters as random variables. As shown in Table 1, 24 parameters including friction angle (φ), cohesion ©, 

and the Young’s modulus (E) of 8 layers soil are regarded as random variables during sensitivity analysis. An 

important index (%) is used to characterize the significance of parameter whose variations cause the response’s 

relative change (Li et al. 2016). The important index is the mean value of the monitoring points’ response 

relative change of Tilt Node $ and strain gauge $ from stage 5 to 7. Therefore, the important index of each 

parameter is defined as: 

(1) ( 2)2
, , , ,

, (0 )
1 ,

d d1
(i 1, ..., 24, j 5, .., 7)

2 d

i j k i j k

i j

k j k=

-
= = =å                                            (4) 

where 
,i j

is the importance index of the ith  parameter,
i
q , in the jth excavation stage; 

(1)

, ,
d

i j k
 and 

(2)

, ,
d

i j k
 are the 

deformation (tilt or strain) in the jth  excavation stage and at kth  monitoring position when 
i
q  equals the mean 

value plus and minus two standard deviations respectively while other parameters take their mean values.
(0)

,
d

j k
 is 
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the deformation in the jth excavation stage at kth monitoring position when all the parameters take their mean 

values. kth monitoring position is the position of Tilt Node ! and strain gauge ! (the vertical depth is 2m and 

4.2m in this paper). 

Those parameters with high index are seem to be the key parameters which are sensitive to variation, and 

will be considered as random variables. While the rest parameters with relatively lower important index will be 

seem to be insensible and regarded as deterministic parameters (the mean value). Through this method, the 

parameters number could decrease so that this simplification could reduce the computation source and time.  

Fig. 3 shows the Heatmap of important index of each parameter from stage 5 to 7. From the map, it is obvious 

that parameters tuple (E2, E4, φ4, φ ) has highest important index value for the excavation stage. Since the 

evaluation response is the deformation of space within excavation depth, it is understandable that E2 is the key 

parameter. While as for E4, φ4, note that this layer soil is muddy clay which is weak and soft stratum and 

sensitive to soil properties. And the foot of diaphragm is at the 5-3-1 soil layer whose parameter determines the 

failure mode of the diaphragm and hence it has high important index. The identification of key parameters is in 

good agreement with the actual reality and can be reasonably explained. Base on the important index (#) results, 

the parameters which will be regarded as random variables are identified as θ (φ4, φ5- E2, E4) which are 

marked in Table 1. Therefore, these selected parameters are variables which supposed to follow the multi-normal 

distribution whose mean vector is their own mean value and the covariance matrix 
θ

C  is the diagonal matrix of 

their own standard deviation. That means the variables are independent of each other because of their missing 

prior correlation information. 

 
Figure 3.  Important Index of soil parameters. 

 

3.2    Construction of response surface function 

In order to saving computation resource and time for the following MCMC simulation which generates large 

number of samples, the response surface method (RSM) based on the selected key random variables is 

established to approximate the numerical simulation model, which is frequently used in geotechnical model 

prediction and analysis. The response surface function is approximated with a second order polynomial function 

of the following form: 

4 4
2

0 1 2

1 1

g ( )
j i i i i

i i

a a q a q
= =

= + +å åθ  (5) 

where g ( )
j

θ (j=5, 6, 7) is the cumulative incremental response vector (i.e. tilt and strain) of the monitoring 

points in jth excavation stage. θ  is the vector of key random variables, which is θ = [φ4, φ5- E2, E4] from 

above identification, and
0

a , 
1i

a and 
2i

a are regression coefficients.  

To construct the function, the response of excavation from stage 5 to 7 were firstly estimated using the 

numerical simulation model (FEM) when θ  took the following 17 design points: { θ}, { θ ± σθ | !θi ± σθi, i=1, 2, 

3, 4} and { θ ±2 σθ | !θi ± 2σθi, i=1, 2, 3, 4}. In this paper, the responses were standardized by z-score method 

(Kreyszi 1979) in order to eliminate magnitude difference between the tilt and strain. Then the regression 

analysis can be obtained by the Least Square Fitting method. The regression coefficients are listed in Table 2. 
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Hence, the response surface function instead of the numerical simulation is taken for the following probabilistic 

back analysis and prediction.  
 

Table 2.  Coefficients for RSM of Tilt and Strain I. 

 

Coefficient 

Stage 5 Stage 6 
 

Stage 7 

Tilt  T1( ) 
Strain S1

ε  
Tilt  T1( ) 

Strain S1

ε  
Tilt  T1( ) 

Strain S1

ε  

α0  -56.5199 21.4767 -44.2663 19.2363 30.3078 20.6743 

α11 4.63933 -0.4454 2.2289 -0.3290 -0.4601 -0.5137 

α12 0.5024 -0.5292 0.4019 -0.5009 -0.7192 -0.4561 

α13 2.2305 -0.1187 1.7844 -0.0737 -7.7160E-15 -0.0592 

α14 4.1587 -2.6095 6.6540 -2.3065 -5.2457 -2.5712 

α21 -0.2117 0.0030 -0.1129 -0.0024 6.9388E-18 0.0062 

α22 -0.0156 0.0098 -0.0125 0.0092 0.0156 0.0082 

α23 -0.0702 0.0065 -0.0562 0.0052 2.4459E-16 0.0046 

α24 -0.3938 0.1520 -0.6301 0.1274 0.3938 0.1429 

#Z 0.0132 51.3969 0.0122 47.4318 0.0172 53.4616 

σZ 0.0006 1.9604 0.0008 1.9975 0.0006 1.9965 

Original

1st updated

2nd updated

 
                              Figure 4. Sample trace of parameter φ4.                          Figure 5. Histogram of parameter φ4. 
 

3.3    Dynamically updating soil parameters and predicting response with multi-sensor information 

MCMC simulation is adopted to obtain the first updated soil parameters (i.e. θ = [φ4, φ5- , E2, E4] in this study) 

with the multi-sensor monitoring information of Tilt Node & and strain gauge & at stage 5. Then predict the 

response (i.e. tilt and strain in this paper) of monitoring points at stage 6 with the first updated soil parameters. 

When excavation stage reaches the stage 6, the soil parameters can be updated again with the multiple 

monitoring data at stage 6. At last, the response at stage 7 can be predicted with the second updated soil 

parameters and compared with the actual monitoring value. The dynamic updating and predicting within 

excavation process will be completed according this calculation procedure. 

Regarding the computational details, there are still two parameters’ value that have not been explained, "ε 

and σε. Kung et al. (2007) showed that unbiased error factor’s COV of maximum wall deflection of KJHH model 

in excavation is 0.25. As a reference, and since the RSM function above is normalized, the ε is estimated to 

follow a multi-normal distribution N(0, 0.25I) in this paper. I is 2D identity matrix. The drawing times of 

samples T is 100,000 in this MCMC simulation. Fig. 4 shows the sample trace and Fig. 5 shows the histogram of 

parameters φ4 of twice updating. From the trace and histogram, the conclusion can be drawn that the variation of 

parameters decreases after twice updating, which means the uncertainty decreases generally. And the mean value 

of parameters increases, which indicates soil properties is better and original response may be overestimated. 

As shown in Fig. 6, comparing the non-updating original prediction, only once updating “1st updated 

prediction” and twice updating “2nd updated prediction” at stage 7, the response prediction becomes more 

accurate, especially for strain prediction in Fig.6 (b). To illustrate the advantages of multi-sensor data fusion, 

univariate updated prediction which only update parameters and predict response using their respective 

monitoring items (just tilt or strain) is also plotted as magenta line in the figure. The univariate updated 

prediction performs worse than multi-sensor back analysis and prediction. 

 

4 Conclusion 
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This paper presents a multi-step updating method to predict the response of an excavation project utilizing multi-

sensor monitoring information by WSN. The Bayesian theorem with the MCMC simulation is adopted to update 

parameters which can decrease its uncertainty. It can be concluded that the prediction of the performance at next 

stage is improved with the dynamical updating parameters and multiple monitoring data. The time series 

monitoring data in this paper is still divided into stage period, the future study should consider shortening the 

updating time interval to day, or even hour, in order to achieve real-time dynamical back analysis completely. 

 

Stage 5 Stage 6 Stage 7

Stage 5 Stage 6 Stage 7

(a) (b)
 

Figure 6. Monitoring data and updating prediction : (a) Tilt Node !; (b) Strain gauge !. 
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