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Abstract: The basic signal model of deformation monitoring with GPS was introduced and the main problems of GPS deformation 
monitoring in mining area were discussed. For the problem of noise signal extraction in GPS deformation monitoring, the 
Kalman-EMD method was proposed to obtain the effective deformation signal. The reliability and effectiveness of the methodology 
were tested and verified by analog signal. The results of experiment in Mongolia show that the accuracy of the proposed GPS 
deformation monitoring model is equivalent to that of level method. 
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1 Introduction 
 

The traditional way of deformation monitoring in 
mining area is to utilize the level, theodolite and total 
station. With survey instruments and theory developing, 
the application of GPS in mining deformation monitoring 
becomes reality [1−5], such as GPS-RTK, and precise 
point positioning technology. For the signal of GPS 
monitoring contains both useful and noise parts, pre-data 
processing is a necessary step to get rid of noise to obtain 
useful information for further research of deformation 
monitoring, and the main methodologies are polynomial 
fitting and filtering method. 

Noise, which exists around us, is unavoidable and 
interfering useful signals. Generally, noise can be divided 
into surveying noise and kinetics noise. Surveying noise 
which is independent of kinetics system, is caused by 
surveying instruments and digital translation processing. 
For example, in GPS short baseline, multipath effect 
cannot be eliminated by double difference. It becomes a 
main obstacle in GPS high precision surveying and 
affects judgment of tendency of control points. The 
deformation information in short period is usually hard 
to distinguish from noise for similar characteristics. 

Kalman filter has unique advantages in term of removing 
white noise and predicting the future state of the system 
[6,7], while EMD is good at information extraction 
ability [8]. In this work, the method of extracting 
deformation information was investigated based on 
Kalman noise filtering capabilities, and the deformation 
information extraction was focused based on 
Kalman-EMD model. Finally, taking the dynamic GPS 
data of mining area of Inner Mongolia Yitai Group 
Suancigou surface coal mining area as an example, the 
law of surface subsidence was evaluated by Kalman- 
EMD model. 
 
2 Dynamic deformation signal 
 

Noise is composed of plus noise and square noise 
due to different ways of collection. So, monitoring signal 
cannot be described precisely. Plus noise is irrelevant 
dimension of signal. Deformation signal can be depicted 
as 
 
f(t)=s(t)+n(t)                                 (1) 
 
where s(t) is deformation information and n(t) is noise. It 
can be seen that signal value ( )f t is determined by its 
statistical characteristics and can not be polluted by noise 
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signal. In most cases, noise signal value does not change 
too much. 
 
3 Deformation signal extraction based on 

Kalman-EMD 
 
3.1 Kalman filter 

The Kalman filter is a set of mathematical equations 
that provide an efficient computational (recursive) 
solution of the least-squares method. The filter is very 
powerful in several aspects [9,10]: It supports 
estimations of past, present, and even future states, 
though the precise nature of the modeled system is 
unknown [11,12]. To extract white noise, we need to 
establish state equations and observation equations. After 
discretization, the mathematical model of Kalman filter 
can be defined as 
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where Xk is the state vector at epoch k; Lk is system 
measurement vector at epoch k; ψk, k−1 is the state 
transition matrix from epoch k−1 to k; , 1 k k−Γ  is the 
system noise matrix; the term Ωk−1 is the process driving 
noise at epoch k−1; Bk is the system measurement matrix 
at epoch k; Δk is the measurement noise at epoch k. 

When standard Kalman filter is adopted to deal with 
deformation signal, the filtering equation is 
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where X(k/k−1) is forecast value; DX(k/k−1) is its 
covariance matrix; Jk means state gain matrix; Ek 
represents predictive residuals. 

Kalman filter is a series of the recursive calculative 
formulas [13], which means that prediction and 
modification happen constantly in the progress. It does 
not need a large number of observation data in state 
estimation, and when new observation data are available, 
filtered value of state can be obtained at anytime so that 
we can get real-time observation results [14]. 

3.2 EMD 
EMD is a signal analysis method proposed by 

HUANG of NASA, which conducts signal 
decomposition based on its time scale characteristics 
without setting any basis functions before. Theoretically, 
EMD can be applied to any kind of signal decomposition 
[15]. Especially, when dealing with non-stationary or 
non-linear data, EMD is more appropriate [16]. No 
matter how complicated the signal is, it can be treated as 
different simple and non-sinusoidal components. 
Different from other filter decomposition techniques, 
EMD introduces distance of maxima and minima to 
determine local scale, making decomposition self 
adaptive and fully data-driven [17]. Experience shows 
that the progress of decomposition conforms physical 
laws and can extract the basic approximate signal cycle. 
Decomposed IMF meets instantaneous frequency 
characteristics, which facilitates monitoring of the signal 
transient characteristics and long-term trend extraction. It 
has been verified that the precision of deformation 
information extraction is higher than that of direct 
extraction because EMD is influenced by the cumulative 
impact of noise at each decomposition scale [18]. 

The operators calculated IMF from EMD and 
residual are defined as imf ( )F ⋅  and residual ( ).F ⋅  And the 
above two operators also define the similar processing of 
high frequency and low frequency filtering. The 
decomposition formula from scale i to i+1 is designed as 
follows: 

 
fi+1(t)=Fimf(ri(t))                               (4) 

 
ri+1(t)=Fresidual(ri(t))                                                                       (5) 

 
The reconstruction equation is 

1 1
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1 ( )F − ⋅ are inverse processes of Fimf(.) and 

Fresidual(.). 
The original signal can be expressed as follows: 

1
( ) ( ) ( )

n

i n
i

x t f t r t
=

= +∑                                                                  (7) 

 
3.3 Deformation signal extraction with Kalman-EMD 

Related works have confirmed that Kalman filter 
can effectively remove white noise in the signal. In this 
work, the model of deformation information extraction 
using EMD based on Kalman filter is proposed. It takes 
advantage of Kalman filter to get rid of noise prior to 
using EMD to obtain high accuracy deformation 
information. Figure 1 illustrates the basic idea of the 
deformation information extraction model. 
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Fig. 1 Flow chart of Kalman-EMD model for mining 
deformation with GPS 
 
4 Validation 
 

From Eq. (1), we assume that the data collection 
model is 

 
ui=yi+et                                                                                              (8) 

 
where et is normal white noise sequence and yt is signal 
value of ut. 

Analog noise signal is 
 

yt=sin(2πt/150) 
 
Sampling interval Δt=1 s and sample size is 1690. 

The signal mixed with Gaussian white noise which 
conforms to normal distribution is shown in Fig. 2, while 
Fig. 3 shows that processed after Kalman filter. 
 

 
Fig. 2 Original analog signal with useful signal and noise 
 

The original signal extracted by EMD is shown in 
Fig. 4 and Fig. 5 depicts that dealt after Kalman filter. 
Because the quality of original signal is not very good, 
Fig. 4 does not show components of IMF (1). Compared 
with Fig. 5, it can be found that the original clean 
components IMF (5) extracted by means of EMD form 

 

 
Fig. 3 Signal after noise reduction by Kalman filter 
 

 
Fig. 4 Multi-scale decomposition of original signal 
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original signal added with noise have generated obvious 
deformation. In contrast, noise reduction dealt after 
Kalman filter possesses clear complete cycle 
characteristics, consistent with the original signal 
yt=sin(2πt/150), confirming that the assumption above is 
correct. The evaluation indexes are given in Table 1,  

 

 
Fig. 5 Multi-scale decomposition of signal after Kalman filter 
 
Table 1 Evaluation of noise reduction with Kalman 

Evaluation 
model 

RMS/ 
mm 

RE/ 
mm 

BIAS/ 
mm 

ER/ 
mm 

R/ 
mm 

EMD 0.500 0.32 −0.006 0.663 0.822

Kalman-EMD 0.197 0.041 −0.003 0.975 0.988
RMS: Root mean square error; RE: Root mean square relative error; BIAS: 
Bias between the original signal and de-noised signal; ER: Deviation 
between the original signal and predicted signal; R: Correlation between 
original signal and de-noised signal 

from which we can see that Kalman-EMD has evident 
effect on signal extraction. 
 
5 Case study 
 

The experiment was conducted on a mine of Inner 
Mongolia Yitai Group, located in Ordos Loess Plateau, 
covered with thick loess and aeolian sand. In this area, 
vegetation is sparse, and settlements are scattered. 
Moreover, as affected by water erosion, ground 
fluctuates considerably and the relative elevation 
difference is 50 m, belonging to typical Hilly areas. 
Deformation monitoring, especially dynamic 
deformation monitoring can be hardly carried out by 
traditional leveling method. What’s more, the regularity 
of surface movement and surface movement parameters 
are different. All these reasons together bring it difficult 
to select parameters of surface mobility prediction and 
protectoral coal pillar design. In order to get more 
accurate and detailed access to real-time dynamic 
deformation data the surface of, we conducted dynamic 
monitoring experiments at typical subsidence monitoring 
points by means of GPS (RTK mode). The experiment 
was combined with level, theodolite and total station to 
validate the feasibility of usage of GPS for continuous 
dynamic deformation monitoring. The experimental 
apparatus Huace X90 series receiver worked 30 h from 
8:00 am on December 3, 2008 to 6:00 pm on December 
4, 2008 at sampling interval of 5 s with satellite cut-off 
elevation angle of 10°. Total station was used to monitor 
the points every 1 min and level was used to check 
stability every 4 h. Considering that subsidence is the 
main surface movement, the experiment took H 
directional signal analysis. 

Multi-scale decomposition of the original signal 
extracted by EMD is shown in Fig. 6 and Fig. 7 depicts 
that dealt after Kalman filter. We can see from Fig. 6 and 
Fig. 7 that using only the EMD method for separating the 
IMF still obtains localized distortion components. By 
comparing Kalman-EMD model with the EMD-only 
method, the quality of noise-canceling is decomposing 
significantly improved. 

We regard the traditional method as “true” value, 
because it could reflect the real land deformation. From 
Table 2, the subsidence of GPS-RTK raw data every   
10 min is about ±10 mm, while the actual subsidence is 
only less than ±3 mm, and the maximum error of 
monitoring is 17 mm, much lager than the tolerance 
requirements. The difference between cumulative 
subsidence and the actual subsidence has reached 10 mm. 
which has lost significance. And this is the reason why 
GPS was not be used in deformation monitoring. 
However, with Kalman-EMD model, the subsidence is 
nearly the same with the traditional method, subsidence 
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Fig. 6 Multi-scale decomposition with EMD only 

 

 
 
Fig. 7 Multi-scale decomposition with EMD after Kalman filter 

 
Table 2 Comparison of subsidence of surface points in 90 min 

Total station with level  GPS-RTK dynamic deformation monitoring method 
Time/min Subsidence/ 

mm 
Cumulative 

subsidence/mm  Subsidence with 
traditional method/mm

Cumulative 
subsidence/mm

Subsidence with 
Kalman-EMD/ mm 

Cumulative 
subsidence/mm

0 1 1  −10 −10 1 1 

10 3 4  8 −2 2 3 

20 1 5  −15 −17 1 4 

30 2 7  12 −5 2 6 

40 2 9  11 6 2 8 

50 1 10  8 14 2 10 

60 1 11  −9 5 1 11 

70 2 13  14 19 1 12 

80 1 14  −7 12 2 14 

90 3 17  −5 7 2 16 
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monitoring is consistent with the actual amount of 
subsidence, and the maximum error is less than ±1 mm. 
The results show that the accuracy of Kalman-EMD 
model is much higher than the required accuracy 
specifications, thus confirming the model presented in 
this section has good practical engineering significance. 
 
6 Conclusions 
 

1) The composition is analyzed based on Kalman 
filter and EMD and the model of Kalman-EMD is 
proposed to extract GPS deformation information. The 
reliability of this method is verified by analog signal 
analysis. 

2) The proposed model can effectively extract 
deformation information and its precision can reach a 
comparable level of leveling. 

3) Kalman-EMD model of GPS deformation 
monitoring data processing can effectively improve the 
accuracy of GPS dynamic continuous monitoring and 
subsidence monitoring is consistent with the actual 
subsidence, which is confirmed by experiment conducted 
at Inner Mongolia Yitai Group. 
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GPS 变形监测信号提取在矿山测量中的应用 
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摘  要：介绍基本的 GPS 变形监测信号模型，并探讨 GPS 在矿区变形监测中存在的主要问题。针对 GPS 变形监

测噪声信号提取问题，提出 Kalman-EMD 方法获取有效变形信息，并通过模拟和内蒙古伊泰矿区实际观测数据对

该算法的有效性和准确性进行了验证。实验结果表明：利用该算法，GPS 变形监测结果可以达到水准仪监测水平。 

关键词：变形监测；GPS；卡尔曼滤波；EMD；噪声提取                                 (Edited by Yun-bin HE) 


