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Abstract 48 

This study proposes an artificial intelligence approach to predict ground settlement 49 

during shield tunneling via considering the interactions among multi-factors, e.g., 50 

geological conditions, construction parameters, construction sequences, and grouting 51 

volume and timing. The artificial intelligence approach employs a hybrid neural 52 

network model that incorporates a differential evolution algorithm into the artificial 53 

neural network (ANN). The differential evolution algorithm is used to determine the 54 

optimized architecture and hyperparameters of the ANN. The adaptive moment 55 

estimation (Adam) method is then employed to facilitate the training process of ANN. 56 

On the strength of Adam, the differential evolution algorithm is further enhanced to 57 

process a large number of ANN candidates without consuming massive computing 58 

resources. The proposed hybrid model is applied to a field case of ground settlements 59 

during shield tunneling in Guangzhou Metro Line No. 9. Geological conditions and 60 

shield operation parameters are first characterized and quantified by a feature extraction 61 

strategy, then input for the model. Results verifies the accuracy of prediction using the 62 

proposed hybrid model. Moreover, shield operation parameters with high influence on 63 

ground settlement are identified through a partial derivatives sensitivity analysis method, 64 

which can provide guidance for shield operation.  65 

Keywords: Settlement prediction; Tunneling; Differential evolution algorithm; ANN; 66 

Sensitivity analysis. 67 

 68 



 3 

1 Introduction 69 

Shield tunneling is widely used for underground tunnel construction in various 70 

geological conditions such as soft deposits (Shen et al. 2009; Wu et al. 2019), weak 71 

rocks (Ren et al. 2018c), and mixed grounds with soft soils and rocks (Elbaz et al. 2018, 72 

2020). Ground settlement associated with the shield tunneling is a common issue (Peck, 73 

1969; Shen et al. 2010, 2016; Ren et al, 2018a, c), which may cause structural 74 

deformation and cracking, and potentially threaten the adjacent facilities (Giardina et al. 75 

2013; Fu et al. 2014; Camós et al. 2015; Soga et al. 2017). Therefore, an improved 76 

understanding of ground response to tunnel excavation is essential for securing the 77 

tunnel construction and building environment safety, particularly considering an 78 

increasing demand for the underground transportation construction due to fast 79 

urbanization in recent years (Mair 2008; Fargnoli et al. 2015). A key challenge is then 80 

to clarify and quantify the nonlinear soil-shield interactions during excavation 81 

(Wongsaroj et al. 2013; Tan and Lu 2017, 2018). 82 

Over the past 50 years, numerous approaches have been developed to model the 83 

tunneling-induced ground settlements (Chai et al. 2018). The most widely used 84 

approaches in engineering practice are empirical methods and numerical methods. 85 

Empirical method was firstly proposed by Peck (1969) who advocated using invert 86 

Gaussian distribution curve to predict tunneling-induced ground settlements profile. 87 

Then, some modified empirical formulae have been put forward (Mair 1996, Vorster et 88 

al. 2005). Although empirical methods are convenient, without considering the realistic 89 

incorporation of all the relevant spatial-temporal interactions occurring during tunneling, 90 

their application situation is limited (Meschke 2018). Numerical methods can model the 91 

complex tunneling processes by incorporating constitutive models for rocks/soils, 92 

complex boundary conditions and dynamic construction procedures (Ninić 2015; Lyu et 93 
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al. 2020a; Wu et al. 2020; Wu et al. 2020a, 2020b). However, geological parameters 94 

required for model development and calibration are not readily available, and 95 

uncertainties are inevitably embedded in model parameters. Thus, it is difficult to 96 

implement the numerical model in many cases (Wang et al. 2016; Liu et al., 2019; 97 

Atangana et al. 2020; Gao et al. 2020; Lyu et al. 2020b). Except for the empirical and 98 

numerical methods, machine learning methods have gradually emerged as promising 99 

approaches that can predict ground settlements with limited knowledge of the 100 

underlying physical parameters and the intermediate physical processes. Machine 101 

learning methods can find regularities hidden in historical data and then apply them to 102 

predict future scenarios (Sahoo et al. 2017; Chen et al. 2019b; Zhang 2019; Zhang et al. 103 

2020). Many researchers have developed various machine learning models for 104 

geotechnical engineering, such as artificial neural network (ANN) (Kim et al. 2001; 105 

Suwansawat et al. 2006; Santos et al. 2008; Freitag et al. 2017; Chen et al. 2019a), 106 

genetic algorithm (Yin et al. 2017), support vector machine (Samui et al. 2008; Zhao et 107 

al. 2009), relevance vector machine (Wang et al. 2016), adaptive neuro fuzzy based 108 

inference system (Bouayad et al. 2017), decision tree (Dindarloo et al. 2015), random 109 

forest (Zhang et al. 2019), etc.  110 

ANN is the most popular model among the aforementioned models due to its great 111 

potential in dealing with high nonlinear interactions between input and objective 112 

parameters. Generally, optimal architecture of ANN varies for different issues in many 113 

cases. Thus, it is necessary to make a sound design to fully explore the potential of 114 

ANN models conducted for the prediction of tunneling-induced ground settlements. 115 

Suwansawat et al. (2006) used trial-and-error way to determine the best number of 116 

hidden layers and neurons. Whereas, Kim et al. (2001) and Santos et al. (2008) 117 

determined the architecture of ANN directly. These studies only tested few or certain 118 

ANN models, thereby potentially restricting their applicability. Besides, the selection of 119 
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input parameters is also significant to the establishment of ANN models. Tunnel 120 

geometry, geological conditions and shield operation parameters are often considered as 121 

the input parameters (Suwansawat et al. 2006; Wang et al. 2016). However, most 122 

research works simply take account of the geological categories rather than the physical 123 

properties for geomaterials. Such a simplification may provide insufficient information 124 

on soil characteristics for ANN models. Another key issue when forming ANN 125 

predictive models is how to assess the relative importance of input parameters to the 126 

objective output (Kemp et al. 2007; Paliwal et al. 2011). Accurate knowledge of relative 127 

importance would be useful in guiding shield steering and monitoring. Common 128 

methods for identifying relative importance in ANN contain connection weight method, 129 

perturb method, profile method and partial derivatives method (Oña et al. 2014). The 130 

first method is only suitable for ANN with a single hidden layer while the latter three 131 

can be competent for ANN with multiple hidden layers. 132 

The objective of this study is to predict tunneling-induced ground settlements by 133 

developing a novel ANN model enhanced by the differential evolutionary algorithm. 134 

First, a hybrid neural network model is developed to incorporate the differential 135 

evolutionary algorithm into the ANN. The proposed hybrid model is then employed to 136 

predict the ground settlements induced by shield tunneling. The relative importance of 137 

input parameters (especially the shield operation parameters) to ground settlement is 138 

identified by using the proposed hybrid model. 139 

2 Brief review on ANN 140 

Fig. 1 shows a typical ANN architecture, which consists of one input layer, one 141 

output layer, and one or more hidden layers in between. Each layer has several 142 

processing units, called neurons. In a fully connected ANN, two neurons in the adjacent 143 

layers have a connection, by which the input signals can flow from the input layer to the 144 
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output layer to generate processed data. The hidden layers are important because most 145 

of mathematical adjustment operations are performed within them. As shown in Fig.1, 146 

the neurons arranged in these layers executes two vital phases, namely (i) linear 147 

regression and (ii) activation, the aforementioned two phases can be written as 148 

1

1

,    ( 1,..., )
n

j ji i j

l l l l

i

z w a b j m



    (1) 149 

 j j

l la g z  (2) 150 

where 1

i

la   is the output of the ith neuron in the (l-1)th layer, 
ji

lw  is the connection 151 

weight between the jth neuron in the lth layer and the ith neuron in the (l-1)th layer, 
j

lb  is 152 

the bias associated with the jth neuron in the lth layer, 
j

lz  is the linearized values 153 

corresponding to the jth neuron in the lth layer, n is the number of neurons in the (l-1)th 154 

layer, m is the number of neurons in the lth layer, and ()g  is the activation function. In 155 

this paper, the tanh function ranged between (-1, 1) is used as the activation function for 156 

all the layers. 157 

Each neuron has different values of weights and biases that indicate the influences 158 

of input data. The initial weights are crucial to the performance of the ANN because of 159 

the multiplicative effect through layers. Glorot et al. (2010) suggested using the 160 

following normalized initialization method for the initial weights. 161 

1 1

6 6
~ ,l

l l l l

w U
n n n n 
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 (3) 162 

where  ,U v v  is the uniform distribution in the interval (−v, v) and ln  is the number 163 

of the neurons in the lth layer.  164 

Generally, the estimated values outputted through the network are different from 165 

the target values. In the training of an ANN model, the differences are usually called 166 
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“loss” or “cost”. Given the proposed ANN architecture, the log-cosh loss function is 167 

adopted, which can be expressed in the following form. 168 

    
1

1
ˆ, log cosh

M

p p

p

L b y y
M 

 w  (4) 169 

where M is the size of sample, py  and ˆ
py  are the target value and the predicted value 170 

for the pth example, respectively. This loss is similar to the mean square error but is not 171 

easily subject to outliers. To prevent overfitting, “L2 regularization” term is added to Eq. 172 

(4), then the modified  ,L bw  becomes: 173 

     
2

, , ,
2 2

T ji
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where  is a hyperparameter that determines the level of regularization. This 175 

regularization strategy promotes generalizability of the neural network by driving the 176 

weights closer to the origin. Subsequently, the weights and biases can be updated as 177 

follows. 178 
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 (6) 179 

where  is the learning rate that controls the magnitude of parameter updates. By 180 

adjusting weights and biases in the opposite direction, the loss L gradually decreases 181 

epoch by epoch.  182 

3 Proposed approach: hybrid neural network model 183 

3.1 Algorithm with adaptive learning rates 184 

Learning rate is a crucial parameter in training neural networks because of the 185 

significant influence on the model performance. On the other hand, the learning rate has 186 

long been regarded as one of the most difficult hyperparameters to set (Goodfellow et al. 187 

2016). Recently, several incremental methods have been proposed to adapt the learning 188 
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rate automatically throughout the course of learning. Kingma et al. (2014) proposed an 189 

adaptive learning rate optimization algorithm (the ‘Adam’) that only demands first-190 

order gradients with low memory requirement. This method combines the advantages of 191 

AdaGrad method (Duchi et al. 2011) and RMSProp method (Tieleman et al. 2012), 192 

which is regarded as being fairly robust to choose appropriate hyperparameters. 193 

Considering the prediction of ground settlements induced by shield tunneling using 194 

ANN requires a great deal of computing resources, this study employs the ‘Adam’ 195 

algorithm to accelerate backward propagation. The implementation of the ‘Adam’ 196 

algorithm is presented in Appendix (see Algorithm 1). Detailed introduction about 197 

Adam can be found in Kingma et al. (2014). 198 

3.2 Differential evolution approach 199 

Since there are no clear theories available to refer (Suwansawat et al. 2006), the 200 

architecture and the inherent hyperparameters of neural network in many research 201 

works are determined through trial-and-error method. Nevertheless, this method is less 202 

effective and prone to lead to suboptimal solutions. On the other hand, the design of a 203 

neural network is actually a kind of optimization problem. In view of this, this study 204 

employs differential evolution algorithm to determine the best neural network 205 

architecture (including the number of hidden layers and the number of neurons in a 206 

hidden layer) and hyperparameters (including epoch size and regularization parameter). 207 

Note that in this study, each hidden layer is set to have a same number of neurons. 208 

Differential evolution algorithm proposed by Storn et al. (1997) is a simple yet 209 

powerful population-based optimizer over continuous space. The differential evolution 210 

algorithm has gradually gained more attention and has been widely used in diverse 211 

fields. The basic implementation of this algorithm is described as follows. 212 

Initialize population. Differential evolution algorithm utilizes a certain amount of D-213 

dimensional parameter vectors, i.e., individuals 214 
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,  ,   1,2,...,  ,   1,2,...,i g Pi N g G x  (7) 215 

as a population for each generation g. NP is the population size and G is the number of 216 

generations. The initial population should be uniformly distributed in the entire search 217 

space as much as possible. Let  1

min min min,..., Dx xX  and  1

max max max,..., Dx xX  be the 218 

prescribed minimum and maximum parameter bounds, respectively. Then the initial 219 

population can be expressed as below. 220 

   ,0 min max min0,1 ,      1, 2,...,j j j j

ix x rand x x j D      (8) 221 

where ,0

j

ix  is the jth component of ith individual in the initial generation, and rand (0, 1) 222 

represents a random value within the range (0, 1). 223 

Mutation operation. Let ,i gv  be the mutant vector. The following mutant vector 224 

generation strategy is selected to operate population mutation. 225 

DE/rand/1:                F  i,g r1,g r2,g r3,gv x x x   (9) 226 

where “DE/rand/1” is a common mutant strategy used in differential evolution 227 

algorithm, 1r , 2r and 3r  1,2,..., PN  are mutually exclusive integers which are also 228 

different from i. F is a real and constant factor  [0, 2] for scaling the differential 229 

variation  r2,g r3,gx x . 230 

Crossover operation. In the basic version, differential evolution algorithm uses the 231 

binomial (uniform) crossover. Let ,i gu  be the trail vector which is given by 232 

   ,

,

,

,  if rand(0,1)  or 

,  otherwise

j

i g R randj

i g j

i g

v C j j
u

x

  
 


 (10) 233 

where ,

j

i gu  is the jth component of ,i gu , CR is the crossover rate ( [0, 1]) that controls 234 

the fraction of individual component copied from the mutant vector, randj  is a randomly 235 

selected integer in the range [1, D]. 236 
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Selection operation. Let f denote the objective function acting on parameters of an 237 

individual. The selection follows the Greedy policy: 238 

, , ,

, 1

,

,  if  ( ) ( )

,   otherwise

i g i g i g

i g

i g

f f




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

u u x
x

x
 (11) 239 

where , 1i gx  is the individual vector at the next generation. 240 

In order to build the neural network prediction model, four variables, namely the 241 

number of hidden layers Nh, the number of neurons in a hidden layer Nn, epoch size Es 242 

and regularization parameter , are denoted as the component of an individual x. 243 

Therefore, the aim of employing the differential evolution algorithm is to find the 244 

optimal x for the neural network. 245 

3.3 Sensitivity analysis 246 

To quantify the importance of the various input parameters on the outputs within 247 

the neural network, the partial derivatives method (Dimopoulos et al. 1995) is employed 248 

in this study. Gevrey et al. (2003) compared seven different methods to determine the 249 

relative importance of input parameters and concluded that the partial derivatives 250 

method can produce the most stable results. The other advantage of this method is its 251 

ability in calculating relative importance of a neural network with multiple hidden 252 

layers. 253 

The partial derivatives method calculates the first-order derivatives of the output 254 

parameter with respect to the input parameters and sums the derivatives across all the 255 

hidden layers. Based on the chain rule, we have 256 
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1 1
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1 11

1 1
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 1 1ˆ
k L L

k

y
s g z d

x


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
 (14) 259 

where 
j

ld  and ks  are the differential coefficients, and kx  is the kth input parameter. 260 

Then, the relative importance of the kth input parameter can be defined as below. 261 

  
2

1

M
p

k k

p

S s


  (15) 262 

where M is the total number of observations. 263 

The S (see equation (15)) provides a classification of the input parameters 264 

according to their contribution to the output parameter in an ANN model. The input 265 

parameter with the highest S value influences the output parameter most. The key 266 

parameters for the shield tunneling operation affecting the ground settlement 267 

significantly, can be identified by different S values. 268 

3.4 Implementation of the hybrid model 269 

The flowchart of the proposed evolutionary neural network model is shown in Fig. 270 

2. The steps for the implementation of the proposed hybrid model for the shield 271 

tunneling-induced ground settlements prediction can be presented as follows.  272 

Step 1: Analyzing geological conditions and collecting shield construction data, 273 

identifying the factors that potentially affect ground settlements and pre-processing the 274 

collected data (including parameter quantization and initialization). 275 

Step 2: Applying the differential evolution algorithm to generate certain sets of 276 

neural network model parameters (Nh, Nn, Es, and λ) at each iteration (“generation”). 277 

Step 3: Building the neural network models based on the parameters from Step 2.  278 

Step 4: Training the developed models and comparing the predicted ground 279 

settlements with the measured ground settlements for each model in the current 280 

generation of differential evolution algorithm. 281 

Step 5: Judging whether the best model in the current generation meets the desired 282 
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loss or whether the generation reaches the set value. If not, returning to Step 2 and 283 

continuing the evolution process until the criterions are satisfied. 284 

Step 6: Exporting the neural network with the best performance. 285 

3.5 Application of the hybrid model 286 

As shown in Fig. 3, the proposed hybrid model can be applied to a stage-wise 287 

design for shield machine steering. In the early stage of shield tunneling, owing to 288 

insufficient monitoring data available to implement the hybrid model, the empirical 289 

methods, analytical methods, and numerical methods can be adopted to provide initial 290 

guidance for shield machine operation. In the normal construction stage, the amount of 291 

monitoring data increases. Once the data is sufficient, the hybrid model can be activated 292 

to assist the shield tunneling operation. Meanwhile, the sensitivity analysis can be 293 

employed to identify the most influential operation parameters for shield tunneling. As 294 

the shield tunneling continues, new data will be generated continuously. These new data 295 

will enlarge the existing data set and consequently enhance the predictive performance 296 

of the proposed hybrid model. 297 

4 Case study 298 

4.1 Site and geological conditions 299 

In this study, the relevant data during the construction of the tunnel between 300 

Maanshan Park Station and Liantang Station (M-L) are collected to evaluate the 301 

proposed approach. The M-L tunnel constitutes the middle section of Guangzhou Metro 302 

Line No. 9. It is subdivided into two main tunnel sections, i.e., the north tunnel section 303 

and the south tunnel section. The twin tunnels (the north line and the south line) are 304 

about 1.2 km in length, 6.0 m in outer diameter, and 5.4 m in inner diameter. The tunnel 305 

alignment passes through heavily crowded areas of Guangzhou city (Liu et al. 2018, 306 

2019; Lyu et al. 2019; Ren et al. 2018b). Two earth pressure balanced (EPB) TBMs 307 
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were used to excavate the tunnel with a buried depth varying from 7.0 to 10.0 m. The 308 

geological profiles of the north and south tunnel subsections of M-L section are shown 309 

in Fig. 4. 310 

Geological investigations indicate that different soil layers are not clearly stratified 311 

but often intersected, causing difficulties in establishing either an analytical or 312 

numerical model. For simplification, silty clay, sand, residual soil and highly weathered 313 

limestone are classified as the sand-clay soil in general in this study. Therefore, in the 314 

studied section, soils and rocks are divided into 3 layers, including the backfill, the 315 

sand-clay soil, and moderately weathered limestone. The tunnel was excavated mostly 316 

within the sand-clay layer but with few parts in the moderately weathered limestone. As 317 

shown in Fig. 4, karst caves have been detected and they are largely distributed in this 318 

site, which make the site difficult for tunnel construction. It has been widely 319 

acknowledged that engineering problems such as water inflow and shield head sinking 320 

occur with a high frequency when tunnels are excavated in a karst region (Cui et al. 321 

2015; Elbaz et al. 2018). Therefore, most of these karst caves were treated by grouting 322 

cement to guarantee safe construction. To obtain the real-time feedbacks of ground 323 

response (like settlement) during the tunnel excavation, surface settlement markers were 324 

installed with approximately 5 m intervals along the tunnel alignment (see Fig. 4). By 325 

using these markers, the monitoring data were collected and subsequently stored in a 326 

database for establishing the prediction model. 327 

4.2 Data analysis and pre-processing 328 

The factors influencing ground settlements can be divided into three categories in 329 

general: (i) tunnel geometry, (ii) geological conditions, and (iii) operation parameters of 330 

shield machine. Given that the twin tunnels have a constant diameter and are excavated 331 

by the same type of EPB shield machine, the effects of tunnel geometry are neglected. 332 
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Thus, only geological conditions and shield operation parameters are considered in this 333 

example. Table 1 details all the parameters used as inputs to design the neural networks 334 

and some geological parameters and shield operation parameters in the EPB tunneling 335 

are visualized in Fig. 5. 336 

The geological conditions include groundwater level (GL), thickness of backfill 337 

over tunnel crown (BCT), thickness of sand-soil over tunnel crown (SCT), thickness of 338 

weathered rock over tunnel crown (RCT), thickness of sand-soil under tunnel invert 339 

(SIT), thickness of rock under tunnel invert (RIT), height of karst cave (KH) and 340 

distance between karst cave and tunnel invert (KD). The soil thicknesses rather than 341 

detailed soil properties are considered in this study because quite a few indicators 342 

jointly characterize the soil that may result in complex computation. However, for 343 

certain soil, the settlement is approximately linear with the thickness of the soil as 344 

reflected in layer-wise summation method. The shield tunneling operation parameters 345 

considered in this study are selected based on previous research and on the particular 346 

site observations.  The selected operation parameters include total thrust (T) to push the 347 

TBM during the excavation of each ring, cutter head torque (CT), penetration rate (V), 348 

tail void grouting pressure (GP), grouting volume (GV), face pressure (FP), tunneling 349 

deviation (TD), tail void (TV), karst cave treatment scheme (KTS). The 17 parameters 350 

mentioned above should be quantified in the hybrid model, and 16 of them can be 351 

determined directly from the recorded data except KTS. In this study, we set a dummy 352 

variable to represent KTS and stipulate that KTS =1 represents karst cave with 353 

treatment, KTS =0 represents karst cave without treatment and KTS =0.5 represents no 354 

karst caves detected. 355 

Fig. 6 shows the excavation processes of the twin tunnels. The south tunnel was 356 

excavated on November 16, 2013, about one month earlier than the north tunnel. Then, 357 

the two tunnels were excavated almost parallelly until May 3, 2014 when most of the 358 
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cutting tools needed to be changed in the south tunnel. Fig. 7 plots the variation of six 359 

shield operation parameters in tunneling process of the south line. As can be seen in Fig. 360 

7, the total thrust is between 4MN and 16MN, with an average value of 9.4MN. The 361 

variation of total thrust exhibits three undulating stages, which is close to the undulation 362 

of stratum. The cutter head torque varies in the range 1.0 - 3.0MN·m, with an average 363 

value of 1.8MN·m. Since the first 100 rings are in the trial excavation phase, the shield 364 

operator’s unfamiliarity with the ground condition resulted in an obvious fluctuation of 365 

the torque. It can also be observed that the harder the soils at the cutting face, the larger 366 

the required torque of the cutter wheel. The variation of penetration rate is related to the 367 

soil type at the cutting face. When tunneling happens in rock or sand-rock formations, 368 

the penetration rate of shield machine is controlled below 40 mm/min. Besides, the face 369 

pressure varies in the range 100–300 kPa. Basically, the greater the variation in soil type 370 

at the cutting face, the greater the change in face pressure. Compared with other 371 

parameters, the variation of grouting pressure and grouting volume is relatively small, 372 

and most of the time they are kept at a constant value. From the above, it is seen that the 373 

complicated soil conditions in the M-L tunnel section lead to significantly changing 374 

shield operation parameters, implying that there is a strong interaction between the soils 375 

and the shield in the M-L tunnel section. 376 

In order to explore key information from the soil-shield interaction for ground 377 

settlement prediction, 328 data samples are collected in this studied site including 176 378 

on the north line and 152 on the south line. Among these samples, the maximum ground 379 

settlements above the tunnel centerline (see Fig. 8) are considered for the establishment 380 

of the proposed hybrid evolutionary model. Then, 270 data samples are randomly 381 

selected as training set while the remaining 58 samples are used as testing set. All the 17 382 

input parameters mentioned before and the output ground settlement value in the 383 

training and testing set are normalized to the range of [-1, 1]. Normalization uses the 384 
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maximum and minimum values of the corresponding parameter in the whole data set, as 385 

expressed below. 386 

( )
2 1

( ) ( )

i
i

x min x
x

max x min x


  


 (16) 387 

where min(x) and max(x) are the minimum and maximum of a parameter, respectively. 388 

To evaluate the predicting capability of the proposed hybrid model, two evaluation 389 

criteria are employed in this paper (see Table 2). 390 

4.3 Optimized neural network prediction model 391 

Regarding the model design, the values of parameters applied to the differential 392 

evolution algorithm and the predefined range of parameters for determining neural 393 

network are listed in Table 3. The loss L  instead of evaluation criteria is used as 394 

objective function to guide the algorithm in the evolutionary process because log-cosh 395 

loss function is smooth and less susceptible to outliers than evaluation criteria. Indeed, 396 

the loss function and the mentioned criteria function are basically consistent in 397 

reflecting the decreasing trend of the difference between the predicted value and the 398 

measured value, ensuring the reliability of the obtained prediction model. 399 

After performing an optimization using the differential evolution algorithm on the 400 

dataset, the neural network model with a high ability of predicting ground settlements 401 

can be obtained. The optimized neural network parameters are: the number of hidden 402 

layers Nh = 4, the number of hidden neurons in each hidden layer Nn = 15, the epoch 403 

size Es = 1500 and the regularization parameter = 0.104.  404 

The loss value of testing set during evolution is presented in Fig. 9. As shown in 405 

Fig. 9, the loss decreases rapidly with the generation increase and reaches the minimum 406 

value after 45 generation, which demonstrates that the differential evolution algorithm is 407 

efficient for the optimization of neural network architecture and hyperparameters. The 408 

final optimized hybrid model has R2 = 94.56% and RMSE = 4.29 mm for training data 409 
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set and R2 = 91.23% and RMSE = 6.39 mm for testing data set. To show the advantage 410 

of the proposed hybrid model, the authors have tested shallow neural networks by 411 

setting the number of hidden layers (Nh) as 1. The optimized shallow neural network 412 

parameters are: Nn = 18, Es = 1743 and  = 0.0. The shallow model has R2 = 86.47% 413 

and RMSE = 6.62mm for training data set and R2 = 85.89% and RMSE = 7.29 mm for 414 

testing data set, which indicates that shallow neural networks has poorer performance 415 

than the deep network model. Therefore, the potential of ANN may not be fully realized 416 

by merely using shallow network. 417 

The measured and predicted settlements using hybrid model are presented in Fig. 418 

10. The comparison shows a good agreement between the predicted and measured 419 

settlements for both training and testing sets. Most ground settlements are within 20 mm. 420 

The prediction yields quite low error in this range. However, for large settlements, 421 

especially when over 50mm, the prediction accuracy is slightly lower. This poor 422 

prediction is expected since there are not enough sample data in this range (>50mm) for 423 

the network to learn. Moreover, noises embedded in certain data can also cause error of 424 

prediction. Fig. 11 and Fig. 12 show the predicted settlement and its error in the training 425 

set and testing set, respectively. It can be seen that the error for a majority of points is 426 

smaller than the given deviation (i.e., ± 5 mm) from measurements.  427 

As mentioned previously, the feature extraction of soils is important for the 428 

prediction performance of the model. For a comparison purpose, we added an 429 

examination where soil category rather than soil thickness around the tunnel are 430 

considered. The newly optimized neural network parameters are: Nh = 2, Nn = 28, Es = 431 

1994 and  = 0.032, which produce values of R2 = 95.28% (RMSE = 3.92 mm) for 432 

training set and R2 = 86.95% (RMSE = 6.95 mm) for testing set. Although the indices 433 

seem better on training set than that obtained using the model considering soil thickness, 434 
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they tend to be poor on testing set. This big discrepancy between the training error and 435 

testing error is largely due to the fact that only considering the soil category cannot 436 

provide enough information for neural network to learn.  437 

4.4 Relative contribution of the inputs 438 

During the training process, neural network learns to take more seriously the 439 

valuable inputs and ignore useless ones. The influence on the weights and biases from 440 

the aforementioned process can be figured out from the calculation of the neural 441 

network sensitivity to inputs. Fig. 13 depicts the relative importance of the input 442 

parameters to the ground settlement. The relative importance is calculated by the partial 443 

derivatives method (see Eq. (15)). As shown in Fig. 13, among the shield tunneling 444 

operation parameters, the most important input in this case is the cutter face pressure, 445 

following with the tunneling deviation and then the total shield thrust. The face pressure 446 

has the highest relative importance on the ground settlement, which is consistent with 447 

the research results in literature (Kasper, et al. 2006; Wang, et al. 2016). Regarding an 448 

earth pressure balance shield driven tunnel, the face pressure is usually the key 449 

controlling factor that is used to balance the external ground and water pressure.  450 

In addition, three most important geological conditions identified by the model are 451 

the thickness of sand-soil above tunnel crown, the thickness of weathered rock above 452 

tunnel crown, and the groundwater level. The height of karst cave also has a 453 

considerable effect on the ground settlement. Since most of the karst caves are treated, 454 

the parameter KTS does not change much, resulting in a lower relative importance. 455 

However, this does not imply that the treatment of karst cave is not important.  456 

Although the neural network approach can provide good predictive capacity, the 457 

interpretability of this kind of model is limited when compared with common linear 458 

regression (Yin et al. 2018a, b). It is difficult to properly assess the relationships 459 

between parameters within the model. Hence, the authors compute and plot the partial 460 
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derivatives of ground settlement to the input parameters by using the partial derivatives 461 

method. The partial derivative plots (see Fig. 14) of the hybrid model show some 462 

intuitive tendencies of ground settlement versus input parameters at each observed point 463 

(i.e., sample data point). For example, the settlement statistically tends to be negatively 464 

related to the shield thrust, but positively related to the penetration rate. If the amount of 465 

sample dataset is sufficient, the overall tendency of ground settlement relative to each 466 

parameter would be more apparent. Consequently, those previously ambiguous 467 

relationships could be sharpened by using the partial derivatives method when applying 468 

a neural network-based model.  469 

5 Conclusions 470 

This study proposed a hybrid neural network model for predicting shield tunneling-471 

induced ground settlement. The effectiveness of the proposed model were verified 472 

through a case study of shield tunneling in Guangzhou Metro Line No. 9. Based on the 473 

analysis and discussion, some conclusions can be drawn as below. 474 

(1) Different from the previous trial-and-error method, the differential evolution 475 

algorithm was incorporated into ANN framework to determine the optimal neural 476 

network architecture and hyperparameters. This algorithm can find a way to design 477 

the neural network with the optimized performance. Additional parameters 478 

introduced by differential evolution algorithm were also easy to be set up. 479 

(2) The proposed hybrid model was facilitated by using the ‘Adam’ algorithm. This 480 

algorithm automatically adjusted learning rate and ensured less computational time 481 

for network training. More importantly, the ‘Adam’ algorithm allowed the model to 482 

perform a large number of candidate neural networks. 483 

(3) When applying the proposed model in the field case, geological condition and shield 484 

operation parameters were used as inputs for the model. For the geological 485 
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condition inputs, thickness of soil layer was chosen to represent soil profile and a 486 

dummy variable was proposed to represent karst treatment. It is observed that this 487 

feature extraction strategy was able to convey enough geological information for 488 

the neural network to learn. Prediction results demonstrated that the proposed 489 

hybrid model can predict the settlement well during shield tunneling in karst strata.  490 

(4) The results of sensitivity analysis indicated that the face pressure, tunneling 491 

deviation, and total shield thrust were the three most important operation 492 

parameters affecting ground settlements. These sensitive factors identified by the 493 

model enable engineers and shield operators to reasonably manage shield operation.  494 
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Appendix 501 

Algorithm 1: The Adam algorithm for adapting the learning rate. 

Require: Step size   (Suggested value: 0.001) 

Require: Small constant   used for numerical stabilization. (Suggested value: 10-8) 

Require: Exponential decay rates for moment estimates: 
1 ,  2 0,1  . (Suggested values: 0.9 

and 0.999 respectively) 

Require: Initial parameters θ .    /*  ,θ θ w b , w ~ weights; b ~ biases */ 

Require: Initialize 1st and 2nd moment vectors: s 0 , r 0  

    Initialize time step 0t   

    while stopping criterion not met do 

        1t t   

        Get gradients:  L
θ

θg  

        Update biased first moment estimate:  1 11   s s g  

        Update biased second moment estimate:  2 21   r r g g  

        Compute bias-corrected first moment estimate:  1
ˆ 1 t s s  

        Compute bias-corrected second moment estimate:  2
ˆ 1 t r r  

        Update parameters: ˆ ˆ   θ θ s r  

    end while 
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Return θ  

 502 
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Fig. 1 Schematic diagram of artificial neural network. 
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Fig. 2 Flowchart of the proposed hybrid model. The neurons in orange color represent the input 

variables while the green neuron represents the output variable, namely, the predicted ground 

settlement. 
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Fig. 3 Stagewise design for shield machine steering. 
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Fig. 4 Geological profile at construction site: (a) north line tunnel section; (b) south line tunnel section. 
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Fig. 5 Schematic illustration of geological parameters and shield operation parameters in the EPB 

tunneling. 
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Fig. 6 Twin tunneling progress. 
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Fig. 7 Variation of shield operation parameters in tunneling process of south line. (a) total thrust; (b) 

cutter head torque; (c) penetration rate; (d) grouting pressure; (e) grouting volume; (f) face pressure. 
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Fig. 8 Maximum ground settlement of measured points above the two tunnel centerlines. 
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Fig. 9 Loss value of testing data set during evolution. 
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Fig. 10 Predicted vs. measured settlements for training and testing datasets. 
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Fig. 11 Predicted settlement and its error in training set. 
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Fig. 12 Predicted settlement and its error in testing set. 

Figure 12
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Fig. 13 Relative importance of input parameters to predicted ground settlement by partial 

derivatives method. 
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Fig. 14. Partial derivatives of ground settlement to input parameters. 

Figure 14




