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1. Introduction 
 

As a result of the low strength, high compressibility 

characteristics of the loess deposits, tunnels are prone to 

large deformations and collapse during excavation (Feda 

1988). If the characteristics of loess are ignored, it will 

often bring severe losses and damage to the project. Being 

able to assess the stability of loess deposits is essential for 

deformation control and decision-making. Thus, 

establishing a stability evaluation model for loess deposits 

around tunnels based on physical and mechanical indices is 

essential for guiding construction (Xu et al. 2021, Xue et al. 

2018a, Zhang et al. 2019). 

Loess refers to the porous yellow silty soil with 

columnar joints formed under dry weather conditions, 

formed in the Quaternary period about 2 million years. 

Once in contact with water, the bonding material of the 

loess will break and the strength will drop sharply (Graziani 

and Boldini 2012, Cui et al. 2021). Loess is distributed on 

all continents in the northern hemisphere, with the loess in 

the north of China being the most typical. The Loess 

Plateau in northwest China is the largest loess plateau in the 

world. The nature of the loess is relatively loose and porous, 

generally light yellow, grey-yellow or yellow-brown, with 

large visible pores and vertical joints (Tuo et al. 2017, Yates 

et al. 2018). Loess is very easy to seep water and has many 

soluble substances. It is not only prone to be eroded by 

running water to form valleys, but cause subsidence and  
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collapse. The loess are not tightly bound, and the porosity is 

generally particles are not tightly bound, and the porosity is 

generally 40% to 50%. Loess deposits have a metastable 

structure, composed of loose particles, a large number of 

macroscopic pores (Ng et al. 2012, Ziegel 2005). It is 

charac ter ized by low shear  s t rength and large 

compressibility, with relatively small changes in stress 

(Kruse et al. 2007, Li 2018, Rogers et al. 1994). According 

to the previous studies, water content (w) could affect the 

mechanical and deformation characteristics of loess as a 

major influencing factor (Ren et al. 2015). Specifically, the 

higher the water content, the smaller the matrix suction of 

the unsaturated loess, the greater the force acting on the 

tunnel support, and the larger the radius of the plastic zone 

(Sharifzadeh et al. 2013, Burland 1990). Moreover, the 

shear strength of loess is subject to cohesion (c) and internal 

friction angle (φ) in the way of the stability of surrounding 

loess (Zhang et al. 2019, Ding et al. 2019). Not only these 

indices, but Elastic modulus (E) and Poisson ratio (μ) could 

be considered as evaluation indicators for the stability of 

loess deposits (Feng et al. 2015, Grzymala and Ziarko 2000, 

Xue et al. 2018b). The actual stability level of loess can be 

determined by related studies and evaluation standards 

(Feng et al. 2015, Zhao et al. 2011). Engineering experience 

and engineering analogy are the primary manners for the 

stability assessment (Fernandez-Delgado et al. 2014) which 

have high randomness and uncertainty. Various factors have 

a comprehensive influence on the stability of loess with a 

nonlinear relationship (Jiang et al. 2019). Nonlinear 

methods are widely used in engineering applications 

(Faradonbeh and Taheri 2019, Fatemi et al. 2018, Lu et al. 

2017, Pawlak 1998, Xue et al. 2018b). However, there are  
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relatively few applications in the field of loess deposits 

evaluation. 

A new stability evaluation model for loess deposits 

around tunnels was proposed in this study based on PCA 

and PNN. Above all, the PCA was implemented to reduce 

dimensions of the original impact indexes. Then Leave-

One-Out (LOO) cross validation was applied to search for 

the opportune smoothing factor of PNN, and the model was 

constructed. Finally, the trained model was verified by the 

test set and satisfactory results have been achieved. 

 

 

2. Overview of the project 
 

The Menghua Railway is the only national trunk heavy-

duty freight channel railway built by China in the era of 

high-speed railways. Its total length is about 1800 

kilometers, crossing seven provinces and regions, with a 

designed transportation capacity of 200 million tons per 

year. 

The tunnel project in Yan’an, China (Fig. 1) was 

examined in both laboratory and field to establish the 

stability evaluation model for loess deposits in this study. 

And 37 groups of physical and mechanical indices of loess 

with corresponding stability level were collected. The 

Yan'an Tunnel is part of the Menghua Railway located on 

the Loess Plateau in Shaanxi. The tunnel area is a Mesozoic 

basin with multiple depressions superimposed after 

numerous cycles of structural development. The structural 

trace of this section is relatively weak, folds and faults are 

not developed, the terrain is high in the East and bottom in 

the west, and generally inclines to the monoclinic structure 

in the northwest. The terrain is affected by the uplift of the 

platform and the erosion of the source of water flow in the 

Loess Plateau. The undercutting effect is noticeable. The 

"V" shaped gullies are developed and distributed in a 

dendritic manner. The terrain is complex, which is a typical 

erosive gully landform type of Loess Plateau. The  

 

 

topography can be divided into two geomorphic units: loess 

hills and loess gullies. The height difference is generally 50-

200 meters, the ground elevation is 1213-1469 meters, and 

the natural slope of the slope is 30-70°. The stratum in the 

area of the tunnel is mainly Quaternary Upper Pleistocene 

eolian (Q3eol) sandy new loess and clay new loess; Middle 

Pleistocene pluvial (Q2pl) clay old loess and fine round 

gravel soil; Jurassic Middle (J2) sandstone and mudstone. 

The surface water in the tunnel site is mainly atmospheric 

precipitation and bedrock fissure water, and groundwater is 

primarily divided into Quaternary pore water and bedrock 

fissure water. The study area belongs to the cold area, with 

a standard freezing depth of 1.0 m. 

The New Austrian Tunnelling Method (NATM) and the 

sequential excavation method (SEM) with pipe roof 

supports, steel arches and hanging nets were adopted to 

ensure construction quality and safety. Several excavation 

methods, including the central diaphragm method, three-

bench seven-step excavation method, three-bench method 

and two-bench method were also adopted according to the 

situation. 
 
 
3. Establishing a stability evaluation model for loess 
deposits 

 

3.1 Dataset establishment 
 

The loess tunnel is prone to disasters such as large 

deformation or collapse as the result of its porous and 

fragile characteristics, which will adversely affect the tunnel 

construction. The stability of loess deposits is related to 

various factors, such as geological conditions and 

construction operations. Establishing the nonlinear 

relationship between the stability of loess deposits and 

different factors is critical to control deformation. 37 groups 

of representative data were collected to establish the 

stability evaluation model for loess deposits, including  

 
Fig. 1 Photograph showing the study area 
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water content, cohesion, internal friction angle, elastic 

modulus, and Poisson ratio (Feng et al. 2015, Ren et al. 

2015, Xue et al. 2018b, Zhang et al.2019, Zhao et al. 2011, 

Zhou et al. 2020). The corresponding stability level of loess 

is determined as five levels: IVa, IVb, Va, Vb, and VI by the 

actual situation of surrounding rock revealed by tunnel 

excavation and previous studies (Feng et al. 2015, Zhao et 

al.2011) (Table 1). 

 
3.2 Dimensionality reduction with PCA 

 

The five physical and mechanical indices in Table 1 are 

proved to affect the stability of loess deposits (Zhang et 

 

 

al.2019). The values of correlation coefficients (Joshaghani 

et al. 2018) among the five parameters are calculated, and 

the degree of linear correlation between variables is 

visualized with elliptical color patches (Fig. 2). A strong 

linear correlation exceeding 0.5 or even higher is noted 

between the parameters. To screen out the independent 

features from the redundant raw data for the sake of 

calculation, it is of great importance to reduce the 

dimension of primal data (Pu et al. 2019). 

Considering that there are five indices selected in this 

paper, the PCA method (Hotelling 1933) is used to 

preprocess the physical and mechanical indices of loess 

deposits, which can not only eliminate the correlation  

Table 1 Statistical data from borehole samples in Yan’an tunnel (Zhang et al. 2019) 

No. w (%) c (kPa) φ (°) E (MPa) μ Level 

1 10.4 51 24 256 0.29 IVa 

2 10.1 53 26 273 0.29 IVa 

3 9.8 49 25 314 0.3 IVa 

4 10.9 48 26 309 0.28 IVa 

5 10.8 12 26 254 0.3 IVa 

6 16.3 47 29 278 0.29 IVa 

7 16.3 32 24 178 0.33 IVb 

8 15.4 40 23 223 0.32 IVb 

9 11.5 33 21 168 0.33 IVb 

10 15.2 35 26 196 0.33 IVb 

11 15.4 48 28 313 0.32 IVb 

12 16.8 34 25 199 0.29 IVb 

13 16.8 23 20 76 0.33 Va 

14 12 22 21 67 0.33 Va 

15 13.1 27 19 54 0.32 Va 

16 17.3 24 22 62 0.32 Va 

17 16.8 22 21 77 0.33 Va 

18 13.1 19 20 72 0.32 Va 

19 18 19 16 89 0.33 Vb 

20 17.6 7 16 156 0.33 Vb 

21 17.7 14 18 148 0.33 Vb 

22 17.9 28 15 149 0.32 Vb 

23 17.7 16 18 123 0.33 Vb 

24 17.6 11 17 109 0.32 Vb 

25 18 26 16 93 0.33 Vb 

26 18.2 23 17 129 0.32 Vb 

27 18.2 9 14 34 0.42 VI 

28 18.3 11 13 42 0.41 VI 

29 18.8 13 13 42 0.42 VI 

30 18.9 13 13 41 0.36 VI 

31# 10.1 50 24 267 0.29 IVa 

32# 14 32 25 180 0.32 IVb 

33# 13.4 37 25 188 0.32 IVb 

34# 17.6 25 20 72 0.3 Va 

35# 17.9 8 17 112 0.32 Vb 

36# 17.7 1.41 16 117 0.33 Vb 

37# 18.3 14 14 39 0.41 VI 

Note: w- Water content; c- Cohesion; φ- Internal friction angle; E- Elastic modulus; μ- Poisson ratio; Samples of no.1- No.30 are taken as the 

original training set, the remaining with # mark are taken as the original test set 

553



 

Guangkun Li, Maoxin Su, Yiguo Xue, Qian Song, Daohong Qiu, Kang Fu and Peng Wang 

 

 

Fig. 2 Correlation coefficient graph among the five 

indicators 

Note: A flatter ellipse indicates that the absolute value of the correlation 
coefficient between variables is closer to 1, and a rounder one is closer to 

0. If the long-axis direction of the ellipse is from the lower left to upper 

right, the variables are positively correlated and vice versa (Xie 2010) 

 

 

Fig. 3 Data visualization after dimensionality reduction with 

PCA 

 

 

between indexes but reduce the dimensionality. The core of 

the PCA is to transform the original indicators into new, 

independent, and comprehensive indicators containing most 

of the original information so as to achieve the purpose of 

dimensionality reduction (Ren and Yu 2011, Wang et al. 

2020). The specific process is as follows: 
Step 1: Standardize the raw data of indices of loess 

deposits as X*. 

Step 2: Calculate the Pearson correlation coefficient 

matrix R (Fig. 2) among the five indices. 

Step 3: Calculate the eigenvalues λs and eigenvectors Ps 

of the correlation matrix R. 

Step 4: Determine the top k principal components, 

whose cumulative contribution rate reaches 85% to 95%. 

Step 5: Extract the first k principal components from the 

original indicators in the following manner 

* ( 1,2,...X X Ps s k  ） (1) 

 

Fig. 4 Structure of the PNN network 

 

 

In this work, the original five features were converted to 
the three principal components (X1, X2 and X3) with a 
cumulative contribution rate of 92.18%. Fig. 3 shows the 
scatter plot for the three-dimensional data after 
dimensionality reduction. 

 

3.3 PNN intelligent response surface 
  

On account of the complexity of the loess deposits 

deformation mechanism, the intelligent response surface 

method of PNN was adopted to establish the nonlinear 

mapping relationship between the three principal 

components (derived by the five physical and mechanical 

indices of loess deposits) and the stability level of loess 

deposits. 
PNN has a wide range of applications in the 

classification process, which was proposed by Dr. Specht in 
1989 (Specht 1990). PNN can be regarded as a radial basis 
function neural network, which combines density function 
estimation and Bayesian decision theory based on the RBF 
network. Under some conditions that are easy to be satisfied, 
and the discriminant boundary realized by PNN is used to 
gradually approach the optimal Bayesian decision surface 
(Chen 2013). PNN is a forward propagation network, which 
generally has four layers: input layer, pattern layer, 
summation layer and output layer (Fig. 4). The input layer 
receives the training sample data, and the number of 
neurons is equal to the length of the input vector. The input 
vector is weighted and passed to the pattern layer as the 
formula 

i iz xw  (2) 

Where x is the input vector, and wi is the weight vector. 

The number of neurons in the pattern layer is the same 

as the number of input training samples. And the output of 

the j-th neuron of the type i-th pattern in the pattern layer 

can be calculated as 

 

 T

0.5 2

( )1
[

22

ij ij

ij d d

x x x x
exp

 

 
 

 
(3) 

Where d is the dimension of the metric space, and δ is 

the smoothing factor. xij is the j-th center of the class i 

sample. φij is the output value of the j-th neuron of the type 

i-th pattern in the pattern layer. 
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The main function of the summation layer is a linear 

summation and weighted average. The number of neurons 

in the output layer is the same as the total number of 

training sample patterns, and each neuron corresponds to a 

pattern. It is used to distinguish the critical value for the 

output of the accumulation layer, the output of the neuron 

with the maximum a posteriori probability density in the 

output layer is 1, and the rest is 0. The 3-D uncorrelated 

variables produced by PCA can meet the requirements when 

the activation function of a Gaussian function is adopted in 

PNN (Cochrane and Weatherall 1972). 

 

3.4 Construction of a stability evaluation model for 
loess deposits 

  

Judging the stability level of loess deposits is a 

nonlinear classification problem (Zhang et al. 2019) 

according to the physical and mechanical indices including 

water content, cohesion, internal friction angle, elastic 

modulus, and poisson ratio, as well as the three principal 

components derived by the five physical and mechanical 

indices of loess deposits. PNN has been widely used in 

different pattern recognition fields in recent years because 

 

 

 

of its simple learning process and convergence to Bayesian 

optimal solution (Chen et al. 2019, Din et al. 2020, Zhang 

et al. 2020). 

In this work, the PNN intelligent response surface was 

adopted to establish the indirect relationship between the 

physical and mechanical indices and the stability level of 

loess. The original data is randomly disrupted and divided 

into 80% for the training set and the remaining 20% for the 

test set (Table 1). To simplify the calculation process, the 

dimensionality reduction is implemented for the original 

indices with PCA. X1, X2 and X3 form the input vectors of 

the PNN network after dimensionality reduction from the 

original indices. In addition, the output vector “1” 

represents expected stability level IVa of loess deposits; the 

output vector “2” represents expected stability level IVb of 

loess deposits; the output vector “3” represents expected 

stability level Va of loess deposits; the output vector “4” 

represents expected stability level Vb of loess deposits; the 

output vector “5” represents expected stability level VI of 

loess deposits. The smaller the output vector, the more 

stable the loess deposits (Zhang et al. 2019). 

In a PNN model, the selection of smoothing factor δ 

plays a crucial role in network performance. If the model 

 
Fig. 5 A sketch map of LOO cross validation 

 
Fig. 6 Flowchart of this study (Pu et al. 2019) 
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learner works “too well” for the training set, it is more 

likely that some features of the training samples are 

regarded as the general nature of the model, which will 

cause the model to over-fit on the training samples and 

reduce the learner's generalization performance (Xue et al. 

2020). To find a suitable smoothing factor "δ", 100 groups 

of smoothing factor values uniformly distributed in the 

interval of [0.01, 1] are selected to train the network. 

Considering the limited representative data in this article, 

LOO cross validation was adopted to find a model with 

better generalization ability and test the model accuracy. In 

LOO cross validation, assuming that there are n samples, 

each sample is taken as a test sample, and the other N-1 

samples are taken as training samples. In this way, the 

model performs N times of training and testing to obtain N 

test results. The average prediction accuracy of these N 

accuracy test results is employed to measure the 

performance of the model. The flowchart for LOO cross 

validation is shown in Fig. 5. Finally, the trained model 

with a suitable smoothing factor δ was employed to predict 

the stability level of loess of the test set. Fig. 6 provides a 

flowchart for this study. And the platform adopted to 

develop the stability evaluation model for loess deposits 

with the method of PCA-PNN was MATLAB software. 

 

 
4. Results 
 

The original data in Table 1 are implemented for 

dimensionality reduction, and the first 30 sets of data were 

used to train the model. The vectors X1, X2 and X3 after 

dimension reduction constitute the input vectors of the PNN 

model. Before training the model, LOO cross validation 

was employed with every smoothing factor δ to find the 

suitable value of δ. The training set has 30 samples, then the 

30 sets of results of predicted accuracy were averaged to 

produce a single accuracy for the model with each 

smoothing factor δ. Obviously, the higher the predicted 

accuracy is, the better performance of the model shows. 100 

groups uniform value of δ were verified from 0.01 to 1. The 

effect of the smoothing factor δ on the prediction accuracy 

of the cross-validated training set, the cross-validated test 

set, and the entire training set is displayed in Fig. 7. 

It can be seen from Fig. 7 that in the interval of [0.01, 1], 

the prediction accuracy of the model generally decreases as 

the value of δ increases. In some ranges, the prediction 

accuracy of the cross-validated training set, the cross-

validated test set, and the entire training set does not change 

with δ, indicating that the PNN is not sensitive to the δ 

value changes in these ranges. When the value of δ is 0.02 

or 0.04, the prediction accuracy of the cross-validated 

training set, the cross-validated test set, and the entire 

training set reaches the maximum at the same time, which is 

100%, 87% and 100%, respectively. Considering that the δ 

value should not be too small (Adams 1971), the δ value 

0.04 is selected as the optimal smoothing factor for the 

model. Therefore, the stability evaluation model for loess 

deposits was built. 

The 31st to 37th samples in Table 1 were used to test the 

trained model after the same PCA dimensionality reduction. 

MATLAB software was still adopted to run the model to 

evaluate the stability for loess deposits around tunnels.  

Prediction results of training samples and test samples 

are exhibited in Figs. 8 and 9. It can be seen that the 

established model with an optimal smoothing factor 0.04 

possesses a 100% accuracy for the training samples (Fig. 8). 

And the predicted results of test samples (Fig. 9) exactly 

match the actual levels of loess deposits with a high-

resolution. The convergence speed of PNN is fast with an 

ideal classification effect for stability evaluation for loess 

 

 

Fig. 7 Model prediction accuracy varies with smoothing 

factor "δ" 

 

 

Fig. 8 Prediction results of training samples 

 

 

Fig. 9 Prediction results of training samples 
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deposits. The above results show that the stability 
evaluation model for loess deposits based on PCA-PNN 
proposed in this paper is reasonable and feasible. This 
prediction model is easy to implement, and does not entirely 
depend on the specific mechanism of loess deformation. 
 
 
5. Discussion 
 

Based on previous studies, physical and mechanical 
indices, including water content, cohesion, internal friction 
angle, elastic modulus, and poisson ratio are selected as 
influencing factors on the stability level of loess deposits. 
PCA uses the idea of dimensionality reduction to convert 
multiple indices into several comprehensive indices under 
the premise of losing little information. Each principal 
component is a linear combination of the original variables, 
and the principal components are not related to each other, 
making the principal components have some superior 
performance than the original variables. PNN model 
achieved satisfactory results in predicting stability level of 
loess deposits through the dimensionality reduction indices 
from the original five physical and mechanical indices. The 
prediction results of the model are consistent with the real 
cases, and the performance of the model is similar to that of 
the previous study (Zhang et al. 2019) with a more 
convenient calculation procedure. Although the PNN model 
has obtained a satisfactory prediction effect with PCA 
dimensionality reduction, some improvements should be 
emphasized in future researches.    

The stability of loess deposits is affected by many other 
influencing factors in addition to the five indicators selected 
in this article, such as excavation face form, excavation 
method, support conditions, construction arrangement and 
so on. The selection and collection of more indicators are 
conducive to a more accurate prediction of loess stability. 
And measuring the weight of the physical and mechanical 
indices on loess stability is more helpful for people to 
understand the effect of different factors on loess stability. 
For the PNN network, setting off the smoothing factor 
parameter directly affects the learning effect. In this work, 
only 30 groups of representative data have been adopted to 
train for the nonlinear model, which is relatively small 
compared to other machine learning methods. The 
smoothing factor δ is determined as 0.04 for the evaluation 
model, which is applied to the test set and a relatively good 
evaluation result is obtained. It can be seen from Fig. 7 that 
when the value of δ is 0.02 or 0.04, the model can achieve 
high enough prediction accuracy of the cross-validated 
training set, the cross-validated test set, and the entire 
training set. There is also a polyline mutation between 0.02 
and 0.04, explaining that the model is more sensitive to the 
δ value in this interval. More representative sample data can 
contribute to improving the generalization ability of the 
model with a more stable and optimal smoothing factor. 

 

 

6. Conclusions 
 

A new stability evaluation model for loess deposits 

based on PCA-PNN was proposed. 37 groups of 

representative data of borehole samples were collected from 

the tunnel project in Yan’an, China, to study the stability of 

loess deposits. 

PNN model was adopted for establishing the intelligent 

response surface between the stability level and the selected 

influencing factors of loess deposits due to its simple 

operation. Considering the correlation between indicators 

and the PNN’s requirements for the independence of 

indicators, PCA was used to implement dimensionality 

reduction before training. Then three linearly independent 

principal components X1, X2 and X3 were obtained and 

used as input vectors for PNN. Approximately 80% of the 

datasets after dimensionality reduction was taken to train 

the PNN model. The optimal smoothing factor in PNN 

model is determined by LOO cross validation as 0.04. Then 

the model is built with good generalization ability for the 

collected datasets. The predicted results for the test set 

could completely match real stability levels of loess 

deposits, which proved the feasibility of this model. 

This article proposed a new model evaluation method 

for loess stability, which is easy to operate and has a 

significant reference value for evaluating the stability of 

loess deposits in similar projects. And the evaluation system 

should be continuously improved and checked with more 

engineering cases. 
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PCA principal component analysis 

PNN probabilistic neural network 

LOO Leave-One-Out 

NATM New Austrian Tunnelling Method 

SEM Sequential excavation method 

w Water content 

c Cohesion 

φ Internal friction angle 

E Elastic modulus 
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