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Abstract: Deformation monitoring is a significant work for engineering safety, which is performed throughout 
the entire process of engineering design, construction and operation. Based on the theoretic analysis of wavelet 
and neural network, we applied the improved BP neural network model, auxiliary wavelet neural network model 
and embedded wavelet neural network model to the settlement prediction in one practical engineering 
monitoring project with MATLAB software programming. The cumulative and the interval settlement was 
predicted and compared with measured data. The overall performances of the three models were analyzed and 
compared. The results show that the accuracies of two kinds of wavelet neural network models are roughly the 
same, which prediction errors of monitoring points are less than 1mm, obviously superior to the single BP 
neural network model. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Deformation monitoring is a key work for 
engineering safety, which is performed throughout 
the entire process of engineering design, construction 
and operation. The ultimate objective of deformation 
monitoring is to predict accurate deformation value 
based on scientific analysis of observation data, and 
reduce the occurrence of hazard events [1, 2]. High-
rise building settlement monitoring is to measure 
sedimentation value through periodic observation, 
analyze and  investigate constructional settlement 
deformation law，and apply appropriate model to 
scientifically predict constructional settlement 
deformation value, so that take proper precautions 
and control measures, to ensure the safety of building 
and the surrounding environment [3, 4]. 

At present, there exist a lot of settlement 
prediction methods [5]. They can be largely 
categorized into two general classes: 1) the 
theoretical calculation methods, including finite 
element method, finite-difference method and 
numerical analysis etc. For the complexity of 
engineering geological condition, construction 
parameters and external environment, the theoretical 
calculation methods cannot be extensively applied in 
practical engineering deformation prediction. 
Another class belongs to analytic methods based on 
observational data, namely to simulate deformation 
prediction value through establishing data model. 
Currently, the analytical methods based on 
observational data are utilized extensively in practical 
applications, including conventional empirical or 
semi-empirical methods, regressional analysis 
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methods, time-series analysis, gray system theoretical 
model, Kalman filter model and artificial neural 
network model etc. For example, Ding Ning adopted 
polynomial linear regression analysis to predict 
settlement trend [4]. Lan Xiaoqi applied time-series 
model to analyze and forecast deformation value 
based on settlement observation data of engineering 
structure [6]. Wang Suihui and Pan Guorong derived 
and tested multi-variable grey model prediction [7]. 
Dai Wujiao compared Kalman-filter applications in 
deformation monitoring under different situation [8]. 
Chen Haitao studied the RBF neural network 
deformation prediction model [9]. Wei Jian 
investigated the application of BP neural network 
model (BP-NN) for high-rise building settlement 
prediction [10]. On the whole, various models have 
their adaptabilities and still need performance 
improvement in consideration of the randomness and 
complexity of deformation. 

For the limitation of single model, some 
researchers studied the combined-model applications 
in deformation prediction in order to integrate 
different model advantages. For instance, Liu 
Yanfang studied grey composite model application in 
deformation forecast [11]. Gao Ning established 
grey-time-sequence GM-AR model to predict high-
rise building settlement deformation [12]. Pan 
Guorong attempted to integrate wavelet analysis and 
artificial neural network to process and predict 
deformation. They tested one point and concluded 
positive support for wavelet neural network (WNN) 
application in deformation prediction [13]. 

In the paper, two different WNN models were 
established based on wavelet artificial neural network 
theory. We applied these models in a specific 
engineering settlement monitoring, and tested multi-
point data processing and model-prediction 
comparison under two different data modes. The 
following section summarizes the theoretical 
rationale of WNN. Section three is the experimental 
analysis of a case study. Conclusions and discussions 
are contained in the final section. 
 
 
2. WNN Prediction Model 
 
2.1. BP Neural Network 
 

Neural network (NN) is a mathematical model 
that simulates biological neural network to process 
information. The key advantage of neural networks 
over conventional regression methods is the ability of 
neural networks to find the best solution without 
having to specify the nature of functional relationship 
between dependent and independent variables. By 
interconnecting a proper number of nodes in a 
suitable way and setting the weights to appropriate 
values, a neural network can approximate any 
nonlinear function with arbitrary precision. The most 
popular type of neural network is the BP neural 
network (Back Propagation Neural Network, BPNN), 

which uses sigmoid function in processing input 
signals and back-propagation algorithm in synaptic 
optimization. The model enjoys the advantage of 
being stable in terms of computation but suffers from 
a limited dynamic range of sigmoid function, which, 
at times, makes it necessary to use large number of 
neurons to achieve the desired accuracy at times. 

The BPNN consists of an input layer, several 
hidden layers and an output layer, and it is usually 
connected neighboring layers by full-connectivity 
method with weights, and units in a layer are not 
interconnected with each other. Three-layer BPNN is 
used in this paper, and its architecture is shown in 
Fig. 1. The sigmoid transfer function in the hidden 
layer is defined as: 
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The linear transfer function in the output layer is 

defined as: 
 

 xxpurelinxf == )()( , (2) 
 
 

 
 

Fig. 1. Three layer BP neural network model. 
 
 

BPNN can reflect the relationship between the 
output and the input parameters accurately by 
training a large number of learning samples; 
therefore, it can achieve the purpose of optimizing 
the parameters and then realize predicting. The 
learning process of BPNN consists of forward 
propagation and back propagation. When it is in 
forward propagation, the input information is 
transmitted to the output layer through the hidden 
layer. The state of each layer of neurons only affects 
that of the next layer. If the desired output cannot be 
obtained in the output layer, the BPNN switches to 
back propagation, and the error signal is sent back 
along the original connection path. When the BPNN 
is in back propagation, in order to reduce the error, 
the weights of each layer are modified one by one. 
Then, it switches to forward propagation. This 
process is iterative until the error is smaller than the 
given value. Through learning from training samples, 
BP NN can simulate the mapping relations between 
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input and output, and makes approximations with 
arbitrary accuracies for any mapping relation. 

Recent years has witnessed the wide application 
of neural network in deformation analysis and 
prediction. And the Back-Propagation Neural 
Network (BP NN) is the most widely used, most 
effective and most active NN method. However, 
because of the drawbacks of the BP NN structure, it 
has some inherent problems. For example, the most 
significant problem is that BP method cannot avoid 
local minimum. 

According to the learning process of BP NN, it 
has the following problems in application: 1) Its 
performance depends on initial conditions, such as 
selection of the node number within hidden layer, 
initial weights, iteration step-length and threshold 
value; 2) Too many iterations and too  
slow converging speed; 3) Easy to get into local 
minimum points. 
 
 
2.2. Wavelet Neural Network 
 

Developed from Fourier analysis, Wavelet 
Analysis (WA) is a relatively new mathematical 
method to investigate time series. WA is always 
considered as a substitute for Fourier analysis, for all 
the information related to the time localization of a 
specific frequency would be lost in Fourier analysis. 
In recent years, many scholars have brought their 
own particular perspectives to wavelet applications in 
different fields of research, such as environments 
variability analysis, climate simulation in 
hydrogeology and meteorology, as well as signal 
processing including image analysis and data 
compression in chemical analysis, physiology and 
machine condition monitoring. By decomposing the 
time series into time–frequency domains, it is 
possible to employ WA to determine the dominant 
modes of variability and how these modes vary  
over time. 

Wavelet neural network (WNN) is an organically 
combination of wavelet analysis and neural networks 
which combines the good time-frequency localization 
features of wavelet analysis and self-learning 
function of artificial neural networks [14-17]. Here 
we don’t repeat wavelet theory and artificial neural 
network theory. In structure, WNN can be divided 
into two categories [18]: 1) Combining wavelet 
transform and neural network separately, also known 
as Assisted WNN (A WNN). The system consists of 
wavelet transform and neural network structure, 
although the two are closely related, and yet 
relatively independent. Wavelet analysis is used as a 
means of pre-processing for neural networks, which 
signal is filtered by wavelet transform, and then input 
to the conventional neural network to complete the 
classification, function approximation and other 
functions. This powerful combination of wavelet 
denoising using a function of the input signal through 
the neural network is in fact a reconstruction of the 
signal after the signal detection, thereby eliminating 

the noise signal to the neural network processing, so 
that the output is more accurate and reliable. 
2) Embedded integration of wavelet analysis and 
neural network, also called embedded wavelet neural 
network (E WNN), which directly fuses wavelet 
analysis and neural network by integrating wavelet 
function and scale function to form a network of 
neurons. This fusion is that the activation function of 
conventional neural network in hidden node is 
replaced by the wavelet function, the corresponding 
weights of the input layer to the hidden layer and the 
hidden layer threshold are replaced by parameters of 
wavelet function. 

Let the input signal be )(xf , for a mono-layer 

wavelet-neural network, the output )(xf  can be 

expressed as: 
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where kw , g , ka and kb  denote the weight, 

wavelet function, scale factor and shift factor, 
respectively. And K is the number of wavelet 
function. In accordance with BP neural network 
algorithm, the parameters of kw , ka and kb  can be 

optimized as following: 
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where E is the error, and T is the signal length. 

Given that transfer function is adopted Bubble 
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and 
1 ( )i i i i

ww w f wα+ = + , where α  is the 

learning rate. 
With rapid convergence characteristics of the 

wavelet function (local activation function), wavelet 
networks are local approximation network; while BP 
network uses a global activation function (such as 
Sigmoid function), it is a global network approach, 
which cannot guarantee that BP Network Learning 
convergence, and there is likely to fall into local 
minimum. Wavelet Neural Network can effectively 
compensate for these shortcomings of global 
network, and has the advantages of rapid 
convergence speed, easy adaptation to new data and 
small errors. 
 
 
2.3. Three Prediction Models 
 

In this paper, we build three prediction models 
using MATLAB wavelet analysis and neural network 
analysis tools based on BP neural network model. For 
the BP neural network structure design, a 3-layer 
neural network, containing only the input layer, 
hidden layer and output layer and with nonlinear 
mapping ability of arbitrary precision approximation, 
was adopted. BP neural network model has been 
widely used in many areas, but the disadvantage is 
easily to get a local minimum, but not the global 
optimum. In this paper, the BP NN model  
was improved by a momentum term and LM 
optimization method. 

1) The momentum term. 
When performing a standard BP algorithm, the 

weight adjustment is in accordance with the gradient 
descent direction at t-time, and did not consider 
previous weight before, so BP algorithm in the 
training process often produces shock phenomenon, 
not easy to converge. A momentum term allows the 
network to consider the weights change around  
t-time, improving training accuracy. 

Let w be weight matrix for one layer, x is the 
layer input vectors, then the expression with 
additional weight adjustment of the momentum  
term is: 
 

 ( ) ( 1)w t x w tηδ αΔ = + Δ − , (6) 
 

2) Lewenberg-Marquardt optimization algorithm. 
Levenberg-Marquardt method is actually a 

combination of Newton's method and the gradient 
descent method (Gauss law), referred to as L-M 
method. This method not only has local convergence 
properties of LM law, but also the overall 
characteristics of the gradient descent method. The 
method was applied to the training of BP neural 
network. In the network training process, using the 
objective function first and second derivatives and all 
of the sample information to optimize network 
weights adjustment, to achieve global optimization 
calculations. Later in this article trainlm training 
function is selected based on the algorithm, 

experiments show that: L-M method has  
fewer iterations, quick convergence speed and  
high accuracy. 

Assisted wavelet neural network and improved 
BP neural network have the same structure, and the 
embedded WNN just replaces the Sigmoid transfer 
function with the analytical expression of Morlet 
wavelet function in the hidden layer. The process of 
MATLAB-based neural network model prediction is 
as follows: 

1) Sample data normalization. The sample 
selection has a great impact on the network training 
and convergence. By normalizing the sample data, 
we can effectively avoid convergence problems 
induced by an excessive difference between the 
samples. Meanwhile, the network output must also be 
anti-normalization. 

2) Network structure Design. Network 
architecture consists of the number of neurons in the 
input and output layer, hidden layers and the number 
of hidden layer neurons. The number of neurons in 
the input and output layer is set according to the 
training sample, the number of units in the network 
nodes in the hidden layer is the difficulty of network 
structure design. The learning function is Learngdm. 
The transfer function is nonlinear Sigmoid threshold 
function. And from hidden layer to the output layer, 
Purelin linear transfer function is selected. Training 
function is Trainlm, which is based on the 
Lewenberg-Marquardt optimization algorithm. 

3) Set the initial value of the network. Using 
MATLAB, we randomly selected a set of weights as 
the initial weights of network training. 

4) Training sample selection. Depending on the 
data modes, training samples are divided into two 
types: one is based on the cumulative settlement for 
the input and output values, cumulative settlement 
were predicted; another one is based on the interval 
settlement for the input and output values, with the 
interval settlement to indirectly predict integrated 
interval settlement. 

Using the former engineering settlement 
observation data as the training samples, we trained 
and tested the established three models, e.g. 
improved BP neural network, assisted wavelet neural 
network and embedded wavelet neural network, 
respectively. After the network models can meet the 
accuracy requirements of future settlement 
prediction, we performed the analysis and 
comparison of predicted results. 
 
 
3. Case Study 
 

The experimental case-application study is a high-
rise building construction, which has three 
underground floor, 4-6 floor overground podia, 
middle storied building 37 floor, south storied 
building 23 floor. Since construction stage, the 
constructional settlement observation work was 
organized to conduct, and the observation continued 
till engineering major structure is completed. After 
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the first floor construction work is closed-top, 
settlement observation point are installed, including 
12 points for both middle (point code: M1~M12) and 
south storied building (point code: S1~S12). 
According to construction design and monitoring 
plan, the observation interval is a period of seven 
days and every 2-floor structure construction. After 
the whole construction work is completed, the 
settlement observation continued to conduct quarterly 
for one year till the final acceptance of building 
construction.  In our experiments, the engineering 
observational data of four points, including M9, M12, 
S5 and S11, are selected. For M9 and M12 points, 
there are nineteen values during observation period of 
middle storied building; for S5 and S11, there are 
thirteen values during observation period of south 
storied building. Using these engineering monitoring 
data, we carried out wavelet de-noising, BP NN and 
WNN settlement-prediction comparative analysis. 
For the BP NN model, the input data is the original 
measured data, but for WNN models (A WNN and E 
WNN), the input data is the wavelet de-noising data 
described in the next section. 
 
 
3.1. Wavelet Denoising 
 

The measurement error and actual settlement have 
different modes of variability. The measurement error 
always presents a high frequency in a similar way to 
noise, while the actual settlement presents a lower 
frequency. Therefore, we can investigate the 
instrumentation measurement data so as to separate 
the two parts by means of WA. The separation of 

actual settlement and measurement error is similar to 
the separation of signal and noise in the field of 
signal processing. Hence the time-series analysis 
method used in that field could also be implemented 
in the ground settlement analysis. In our experiment, 
Wavelet Analysis was applied to filter the 
measurement error and extract the actual settlement 
value, which is similar to de-noising in signal 
processing. 

Because the limit deformation for building 
usually is cumulative settlement value, so this paper 
is to make predictions on the cumulative settlement 
value. Whether directly predicting cumulative 
settlement or indirectly predict the cumulative 
settlement through interval settlement, the final 
settlement amount is predicted as to cumulative 
settlement value. Therefore, wavelet de-noising 
processing is performed on cumulative settlement 
value, which output is ready for the next step of the 
neural network model prediction. According to the 
criteria of smoothness and similarity of wavelet de-
noising, the paper adopted threshold de-noising 
method using the MATLAB wavelet analysis tool.  In 
accordance with different curves of observation data, 
different wavelet function and different number of 
decomposition layers were applied to de-noise the 
raw settlement data. After wavelet decomposition, 
thresholding and wavelet reconstruction, we obtained 
the de-noised data. Fig. 2 (a~d) are the data curves of 
original and de-noised data of points of M9, M12, S5 
and S11, respectively. It can be seen that the wavelet 
de-noising removes noise in the data very well, the 
curves tend to be smoother and the de-noised data is 
more regular. 

 
 

     
 

(a) Point of M9                                                  (b) Point of M12 
 

     
 

(c) Point of S5                                                    (d) Point of S11 
 

Fig. 2. Curves of original data and wavelet denoising data. 
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3.2. Model Comparative Analysis 
 

Based on the settlement data processing of four 
points: M9, M12, S5 and S11, we applied different 
forecasting methods to model and predict 
deformation value under two different data modes. 
The accuracies of experimental results were analyzed 
and compared. 

As for the points of M9 and M12, total  
19 observation values were used which the previous 
15 observation values were selected as training 
sample data. And the network is trained to predict the 
settlement values of 16th to 19th observation interval. 
For the points of S5 and S11, total 13 observation 
values were used and the previous 10 data as training 
samples, the network is trained to predict the 
settlement values of 11th to 13rd observation  
interval. Then, the cumulative settlement of the last 
intervals was predicted and was compared with the 
measured settlement. 

The comparison result is based on the absolute 
error (AE) and model precision (MP) of the data 
processing analysis, which is calculated as follows: 
 

 PVMVAE −= , (7) 

 
 

1

2

−
−

= 
n

PVMV
MP , (8) 

 
where n is the number of residuals, AE is the 
Absolute Error, MV is the measurement value, and 
PV is the prediction value. Table 1 shows the 
statistical accuracies of the three predictive models 
both data modes, where C.S. is the cumulative 
settlement value and I.S. is the integrated interval 
settlement value. 
 
 

Table 1. Error statistics of three models in both data  
modes (unit: mm). 

 
Point 
No. 

BP NN A WNN E WNN 
C. S. I. S. C. S. I. S. C. S. I. S. 

M9 2.80 1.50 0.88 0.73 0.86 0.54 
M12 1.03 2.06 0.57 0.86 0.48 0.51 
S5 2.05 1.95 0.91 0.93 0.95 0.85 

S11 1.06 0.97 0.87 0.74 0.78 0.73 
 
 

The comparison analysis results of model 
prediction showed that the accuracies of two wavelet 
neural network models are higher than the single BP 
neural network model. Also, the calculation speed of 
WNN is faster. The highest accuracy of single BP 
neural network model is 1.5 mm for M9 point, while 
the minimum accuracy of WNN is 0.88 mm. The 
highest accuracy of single BP neural network model 
is 1.03 mm for M12 point, while the minimum 
accuracy of WNN is 0.86 mm. The accuracy of single 
BP neural network model for S5 point is about 2 mm; 
while the accuracies of two wavelet neural network 

models are less than 1 mm. For S11 point, the 
accuracy of single BP neural network model is about 
1mm, better than S5 point. The accuracies of two 
wavelet neural network models are less than 1mm, 
better than BP neural network model. 

By comparing the 12 sets of data, we can see that 
the minimum precision of single BP neural network 
is 2.80 mm, maximum precision is only 1.03 mm, 
and the calculation speed is slower; while the lowest 
accuracy of WNN is 0.95 mm, maximum precision is 
up to 0.48 mm. Clearly, the accuracy of wavelet 
neural network model is much higher than the 
accuracy of a single BP neural network model, and 
can obtain better forecasting results. Moreover, the 
accuracy of the embedded wavelet neural network 
model is relatively better than assisted WNN. This 
proves that wavelet de-noising indeed removes some 
of the noise in the data, so that the integrity of the 
data is better and more regularity. It also shows that 
wavelet neural networks, particularly for embedded 
wavelet neural network using Morlet wavelet 
function, have a good predictive ability, more suitable 
for the deformation monitoring and forecasting of 
actual engineering project. 

As for M12 point, from the comparative analysis 
of the cumulative settlement between the predicted 
and measured values, the prediction accuracy of the 
cumulative settlement is higher than the prediction 
accuracy of the integrated interval settlement. The 
reasons are following: 1) The point sedimentation 
rate is stabilized, largely 0.1~0.2 mm for every 
observation period; 2) The settlement values greatly 
fluctuate, easily to form the extreme point during the 
monitoring period. Wavelet de-noising can eliminate 
noise data very well. Fig. 3 (a~d) show the 
cumulative settlement predicted and measured values 
of three models for the four points. 

For the points of M9 and S11, from the 
comparative analysis of the cumulative settlement 
between the predicted and measured values, the 
prediction accuracy of the indirectly integrated 
interval settlement is higher than the prediction 
accuracy of the directly cumulative settlement. The 
reasons are following: 1) The point sedimentation 
rate is rapid due to the increased load, although the 
latter has slowed but not stable; 2) The interval 
settlement values is stable during the monitoring 
period; 3) The direct prediction of interval settlement 
can effectively prevent the accumulation of 
cumulative settlement error, which in certain extent, 
can improve the accuracy of model predictions. As a 
whole, the effect of interval settlement prediction was 
better than the cumulative subsidence prediction. for 
the three model applications. Fig. 4 (a~d) show the 
cumulative settlement predicted values of three 
models through indirectly integrated interval 
settlement  for the four points. 

Finally, for the points of S5 and S11, model 
prediction is achieved by 7 groups of samples, each 
of the 4 observations as input to the model; while for 
the points of M9 and M12, the groups of samples 
are 10, each of 6 observations as a model inputs. 
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From comparison, it can be found that, although 
the wavelet neural network prediction accuracies of 
S5 and S11 can meet the engineering requirements, 
but the effect is less than the M9 and M12 points. 
Especially for the S5 point, the best precision is 
0.85 mm with an average of 0.91 mm; for M9 point 

the best precision is 0.54 mm with an average of 
0.75 mm. For M12 point, the best precision is 
0.48 mm with an average of 0.6 mm. This shows that 
the more the training samples are, the higher the 
precision of the network model to predict. But the 
learning rate of the network goes down. 

 
 

    
 

(a) Point of M9                                     (b) Point of M12 
 

    
 

(c) Point of S5                               (d) Point of S11 
 

Fig. 3. Comparisons between the predicted and the measured cumulative settlement values. 
 
 

    
 

(a) Point of M9                                    (b) Point of M12 
 

    
 

(c) Point of S5                                        (d) Point of S11 
 

Fig. 4. Comparisons between the predicted and the measured values of integrated interval settlement. 
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4. Conclusions and Discussions 
 

The engineering deformation is an extremely 
complex nonlinear dynamic process; wavelet analysis 
and Neural Network are powerful tools for non-linear 
dynamic time-series modeling. Based on wavelet 
analysis and neural network theory, three network 
models of improved BP neural network, assisted 
neural network, embedded wavelet neural network 
were established. Using the three models, cumulative 
and interval settlement were predicted with multi-
point engineering measured data, respectively. Under 
the two different data modes, the accuracies of three 
models were comprehensively compared and 
evaluated. The results showed that the two wavelet 
neural network models are better than single BP 
neural network model, and the greater the number of 
training samples, the higher the accuracy of the 
model to predict settlement. Also wavelet neural 
network model has higher forecasting accuracy and 
faster computing speed than single neural network. 
WNN can provide more effectively and more 
precisely predictive analysis for building deformation 
monitoring and forecasting. 

When monitoring points tends to stable, it is 
better to directly predict cumulative settlement. When 
monitoring points has been in a state of rapid change, 
it is better to directly predict the interval settlement. 
When the settlement values fluctuation greatly, 
cumulative settlement prediction is better for WNN 
model. Though WNN has its unique advantages, but 
also has its shortcomings. For example, the optimal 
choice of wavelet decomposition level and wavelet 
function depends on tests, and learning algorithms 
and the network nodes in the hidden layer are not 
easy to determine. All these are needed to further 
research in the future. 
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