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Abstract 

Landslide deformation signal processing is significant for landslide stability analysis. 

Global Position System (GPS) control networks were built to monitor landslide 

deformation and acquire landslide displacement time series. It was difficult to predict 

landslide displacement because of the highly non-linear and non-stationary 

characteristics contained in displacement time series. A Wavelet Analysis - Radial Basis 

Function Neural Network (WA-RBFNN) model was proposed to overcome this problem. 

Firstly, monthly cumulative displacement time series was decomposed into different 

frequency components using wavelet analysis. Then a RNFNN model was established to 

forecast each frequency component values. The final prediction results were obtained 

through the sum of the predictive values of each frequency component. GPS monitoring 

points ZG325 and ZG326 on Baijiabao landslide in the Three Gorges Reservoir Area 

were used as study cases. A single RBFNN model was also built as comparison. The 

experimental results show that GPS control network can monitor landslide deformation 

accurately and the WA-RBFNN model is of high prediction accuracy. What is more, WA-

RBFNN model has better prediction effect than a single RBFNN model.  

 

Keywords: Global Position System; landslide displacement prediction; time series 

analysis; wavelet analysis; Radial Basic Function Neural Network 
 

1. Introduction 

Reservoir landslides in the Three Gorges Reservoir Area cause a large number of 

personnel and property losses. It is important to monitor and predict the development of 

landslide deformation [1]. Conventional geodetic methods are used widely to real-timely 

monitor the deformation of landslide. Nowadays, many researchers employ GPS 

technology to measure landslide deformation with the development of surveying and 

mapping technology [2].  

Through the analysis of GPS monitoring deformation signal, the cumulative 

displacement time series can be obtained. It is important to assess the stability of landslide 

using the cumulative displacement. As the evolution process of landslide displacement 

time series is non-linear and the geological entity is complex, it is difficult to describe it 

completely using geological models. Meanwhile, the time-series models are relatively 

simple and have a good effect for non-linear time series prediction [3, 4]. Therefore, many 

time-series models, such as voight model [5], deformation power model [6], grey theory 

model [7], regression model [8] and non-linear artificial intelligence [9] have been put 

forward for landslide displacement prediction. In this study, the time-series model is used 

to predict landslide displacement. Among the non-linear artificial intelligence models, 
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RBFNN model which is established based on the time-series analysis, is an efficient and 

high-precision neural network. It is a kind of local approximation network with the 

advantages of computational complexity and estimated performance [10]. Therefore, the 

RBFNN model is proposed to predict the cumulative displacement time series in this 

study. 

Recently, many single time-series models are used for the subject of landslide 

displacement prediction [11, 12]. But most of these models are difficult to fit the complex 

non-linear characteristics contained in landslide displacement time series. To solve this 

problem, it is important to take data preprocessing measures for GPS monitoring 

displacement time series. Wavelet analysis (WA) method [13] is an efficient time-series 

decomposition technology. It can change the non-stationary time series into stationary 

data. Over the past decade, WA method has shown a very good effect on data 

preprocessing.  It has led to many new application areas such as electricity price time 

series [14], water quality [15], image compression [16] and so on. Therefore, WA method 

is introduced as data preprocessing method in this study. 

In this paper, a WA-RBFNN model which has combined the advantages of WA 

method and RBFNN model is applied to predict GPS monitoring landslide displacement 

time series. The displacement values of ZG325 and ZG326 on Baijiabao landslide are 

taken as examples. The rest of this paper is organized as follows. The proposed WA-

RBFNN model is discussed in Section 2. The characteristics of research area and 

materials are presented in Section 3. Experiment results are given in Section 4. And 

Section 5 discusses and concludes the paper. 

 

2. Methodology 

After decoding the GPS signal, landslide displacement values can be calculated. Then 

WA-RBF model was used to predict landslide displacement value of the next month. 

Flowchart of the proposed prediction model is shown in Figure 1. 

 

Figure1. Flowchart of WA-RBFNN Model 

2.1. GPS Monitoring Landslide Displacement 

GPS control networks [17] was applied to monitor landslide displacement considering 

the complex terrain of reservoir landslides in TGRA, It is a second-class leveling network, 

the error in the coordinate of observation points were not more than 3. 00 mm. 

The landslide was divided into stable region and unstable region based on landslide 

field investigation. Two GPS reference stations were set in the stable region and several 
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GPS observation points were set in unstable region. The GPS observation points should 

be in the place where the observation conditions were eligible. GPS reference station and 

observation points formed a landslide GPS control network. GPS antennas, GPS receiver 

and observation pilar are shown in Figure 2. 

When monitoring the observation points per month, two GPS devices were placed on 

the reference stations, one GPS device was placed on the observation point in turn. 

Whenever an observation point was monitored, a synchronous closed loop would be 

produced. The signal received by GPS was processed by baseline processing and network 

adjustment in GAMIT/GLOBK software. Then a GPS monitoring cumulative 

displacement time series can be obtained.  

 

Figure 2. GPS Antennas, GPS Receiver and Observation Pilar 

2.2. Wavelet Analysis 

Wavelet Analysis [18] can decompose the non-linear time series into different 

resolution levels. Assuming a basic wavelet function φ(t) is translated τ units, we do the 

inner product with displacement time series X(t) at different scales α and then  perform  an 

integral transformation  for inner product as Formula 1: 
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For displacement time series X(t), discrete wavelet transform (DWT) was used to 

decompose time series X(t) decomposition into low frequency component a1 and high 

frequency component d1, d2, d3, d4. DWT requires less computation time and simpler. 

the Mallat algorithm [19] was employed for DWT method.  

It is important to select an appropriate wavelet function for DWT algorithm. Many 

studies suggest that the dbN wavelet function is effective for time series prediction. It is of 

localization capability in both time and frequency domains [20]. In addition, it is 

considerable to select an appropriate decomposition levels for wavelet analysis. Some 

studies found that the most accurate forecast results can be obtained from a decomposition 

of level three or four [21-23]. The optimal decomposition level was determined as four in 

this study.  

 

2.3. RBF Neural Network Model 

RBFNN [24] model is feed-forward neural network. It is constructed based on the 

function approximation. It has three functionally distinct layers. The input layer feeds the 

input data to each of the nodes in hidden layer. The hidden layer performs a nonlinear 

transformation from the input space to a higher-dimensional hidden-unit space. The 

output layer performs a linear transformation from the hidden-unit space to the output 

space. The structure of a RBFNN is shown in Figure 3.The output of the RBFNN is given 

as formula 2: 
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Where n is the number of neurons (i.e., RBF units) in the hidden layer, W0 is a bias 

term Wi is the weight between the hidden and output layers, and (·) is the activation 

function in the hidden layer. In this paper, the function (·) is defined as: 
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Where ci and σi are the center and width of the RBF function, respectively. The values 

of ci can be determined by clustering the data into an appropriate number of clusters, 

whose centers are then used as the centers of  the  RBF  units.  

In addition, all the values of σi are set at the same value. It is proportional to the 

maximum Euclidean distance  dmax between RBF centers. 

maxi
k d                                                                                                                       (4) 

Where k is a nonnegative scalar, the typical value is in the range of [0.1, 0.2]. Given a 

data set X, then formula (2) can be further written as: 

Ŷ W                                                                                                                           (5) 

Where W = [w0, w1, ···, wn] is the vector of the output weights and bias term, and Ф is 

the matrix of hidden-layer activations due to the input data X. A sum-of-squares error 

function is defined by 

21
ˆ

2
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Since this error function is a quadratic function of the vector W, pseudo-inverse can be 

used to determine the optimal W to minimize the value of the error function.   
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Figure 3. Structure of a RBF Neural Network 

3. Research Area and Materials  

Baijiabao landslide [25] is located in the Zigui town in the Three Gorges Reservoir 

Area. It is on the west side of Xiangxi river. It has been in an active period since the 

impoundment of Three Gorges Reservoir. 
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3.1. Geological Conditions of Baijiabao Landslide   

The volume of Baijiabao landslide is 990×104 m
3
 with a maximum longitudinal length 

of 550m and a width of 400m. Its elevation extends between 135m and 275m, the slope is 

10º~15º and the boundary is the ridge on both sides. The bedrock of Baijiabao landslide is 

lower Jurassic feldspar quartz sandstone and mudstone, where the rock occurrence is 

260°∠30° and the bedrock is overlain by Silty clay with fragment stone. Topographic map 

and GPS monitoring network of Baijiabao landslide is shown in Figure 4. 

 

Figure 4. Topographical Map of the Baijiabao Landslide 

3.2. GPS Control Network 

GPS control network was built to monitor landslide deformation from December 2006 

to August 2011. The ZG323, ZG324, ZG325 and ZG326 are GPS observation points, 

ZG321 and ZG322 are reference stations, as shown in Figure 5. 

 

Figure 5. GPS Control Network 

Monthly cumulative displacement time series is obtained by using GPS control 

network. The monthly cumulative displacement curves of ZG323, ZG324, ZG325 and 

ZG326 GPS observation points are shown in Figure 6. 
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Figure 6. Monthly Cumulative Displacement Curse of GPS 

It can be suggested in figure 6 that the cumulative displacement time series present an 

increasing tendency and reveal a high non-linear characteristic. The cumulative 

displacement time series also reflect the serious deformation and destroy information of 

Baijiabao landslide. 

 

4. Experiments and Results 

In order to predict the deformation characteristics of Baijiabao landslide, ZG324 and 

ZG326 GPS points were selected as examples using WA-RBFNN model. There were a 

total of 57 months of GPS monitoring displacement time series from December 2006 to 

August 2011 for ZG324 and ZG326 GPS points. 
 

4.1. Landslide Displacement Normalization  

Displacement time series was normalized to eliminate the impact on the WA-RBFNN 

model due to different dimensions and units of variables. It was shown as formula 8: 
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                                                                                                           (8) 

Where Xi is the displacement time series，Xmax is the maximum value and Xmin is the 

minimum value of the displacement time series Xi . Yi  is the normalized displacement 

time series. 
 

4.2. ZG324 Displacement Prediction  
 

4.2.1 Displacement Time Series Decomposition: The normalized displacement time 

series Yi of ZG324 monitoring point was set as the input signal of wavelet analysis. The Yi 

was decomposed into four different resolution levels using db4 wavelet function. The 

output data of wavelet analysis were low-frequency component a4i and high-frequency 

components d1i, d2i, d3i, d4i  where i=1,2,……,57. The time series decomposition results 

were shown in Figure 7. The normalized Yi was the sum of a4i and d1i, d2i , d3i, d4i  

,where i=1,2,……,57, it was shown in formula 9. 

Yi = a4i +d1i+ d2i+ d3i+ d4i                                                                                                                                                      (9) 
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Figure 7.  Decomposition of Landslide Displacement Time Series 

4.2.2. Frequency Component Prediction using RBFNN: For the low-frequency 

component a4i and high-frequency component d1i, d2i, d3i, d4i  where i=1,2,……,57, 

RBFNN model was applied to predict each frequency component.  

For ZG324 GPS point, a total of 42 months of monitoring data from December 2006 to 

May 2010 were selected as model training and the rest data were selected as model testing. 

The input variables, output variables and spread parameters used for WA-RBFNN model 

and Single RBFNN model were shown in Table 1.  

Table 1. Input Variables and Parameters for RBFNN Model 

Component  Spread parameters for RBF Input variables Output variable 

a4 0.1 [a4i-3, a4i-2, a4i-1] a4i 

d1 0.01 [d1i-2, d1i-1] d1i 

d2 0.01 [ d2i-2, d2i-1] d2i 

d3 0.05 [d3i-2, d3i-1] d3i 

d4 0.02 [d4i-3, d4i-2, d4i-1] d4i 

Y 0.2       [Yi-4, Yi-3, Yi-2, Yi-1] Yi 

 

4.2.3 Prediction results using WA-RBFNN: The predicted values were obtained by 

adding predictive values of each frequency component a4i and d1i, d2i, d3i, d4i. The final 

predicted results after anti-normalized precession were shown in Figure 8.  
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Figure 8. Comparison between Predicting and Monitoring Values  

Root-Mean-Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) were 

used to estimate the performance of the prediction model as follows: 
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 Where Ŷ is the predicted value and 
i

Y is the original value. The RMSE and MAPE of 

the proposed models for ZG324 displacement prediction were shown in Table 2.  

Table 2. Comparison of Different Models for GPS Monitoring Displacement 
Prediction 

Model RMSE MAPE 

WA-RBFNN 11.62 1.18% 

Single RBFNN 25.84 2.59% 

It can be seen in Figure 8 and Table 2 that the prediction accuracy of WA-RBFNN 

model is higher than the Single RBFNN model. 
 

4.3 ZG326 Displacement Prediction 

 

4.3.1 Displacement Time Series Decomposition: The normalized displacement time 

series of ZG326 GPS monitoring point was also decomposed into four different resolution 

levels using db4 wavelet function. Low-frequency component a4i and high-frequency 

component d1i, d2i, d3i, d4i  (i=1,2,……,57) were obtained.  The time series 

decomposition results were shown in Figure 9.  
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Figure 9. Decomposition of Cumulative Displacement Time Series 

4.3.2 Displacement Prediction using RBFNN: RBFNN model was applied to predict 

each frequency component. For ZG326 GPS point, a total of 42 months of monitoring 

displacement time series from December 2006 to May 2010 were selected as model 

training and the rest data were selected as model testing. The output variables, input 

variables and spread parameters used for the proposed models were shown in Table 3.  

Table 3. Input Variables and Parameters for RBFNN Model 

Component  Spread parameters for RBF Input variables Output variable 

a4 0.08 [a4i-4,a4i-3, a4i-2, a4i-1] a4i 

d1 0.005 [d1i-2, d1i-1] d1i 

d2 0.001 [d2i-2, d2i-1] d2i 

d3 0.001 [d3i-3,d3i-2, d3i-1] d3i 

d4 0.02 [d4i-3,d4i-2, d4i-1] d4i 

Y 0.3       [Yi-4, Yi-3, Yi-2, Yi-1] Yi 

 

The Final ZG326 prediction results were obtained by adding predictive values of each 

frequency component a4i and d1i, d2i, d3i, d4i. The prediction results were shown in 

Figure 10. And the comparison of different models were shown in Table 4.  



International Journal of Signal Processing, Image Processing and Pattern Recognition 

Vol.9, No.3 (2016) 

 

 

330 Copyright ⓒ 2016 SERSC 

 
Figure 10. Comparison between Predicted and Measured Cumulative 

Displacement 

Table 4. Comparison of Different Models for GPS Monitoring Displacement 
Prediction 

Model RMSE MAPE 

WA-RBFNN 11.75 0.81% 

RBFNN 25.76 1.35% 

 

5. Discussion and Conclusions 

GPS control network is built to monitor landslide deformation progress on Baijiabao 

landslide in this study. The GPS monitoring displacement time series reflect a step-type 

change characteristic, it also reveals non-linear and non-stationary characteristics.  

WA-RBFNN model is explored to predict cumulative displacement values. It is 

observed that WA-RBFNN model can decompose the cumulative displacement time 

series into trend term a4, different periodic term d3, d4 and stochastic term d1, d2. The 

WA method transforms the non- stationary displacement time series into stationary time 

series to improve the prediction accuracy.  

The RMSE accuracy for ZG325 and ZG326 GPS monitoring displacement prediction 

on Baijiabao landslide are 7.56 mm and 11.75 mm, respectively. The MAPE of ZG325 

and ZG326 are 1.18% and 0.81%, respectively. The experimental results show that the 

WA-RBFNN model reflects the change trend of displacement time series effectively. It is 

more suitable for displacement prediction than Single RBFNN model. The proposed 

model overcomes the shortcoming of non-stationary characteristics contained in 

displacement time series. This study provides a new insight to explore the problem of 

Landslide deformation time series analysis.  
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