
Metallurgical and Mining Industry274 No. 7— 2015

Information technologies

Underground Multi-Target Recognition of Ground Penetrating Radar 
Based on Multi-Feature Information Fusion

Hailin Zou, Chanjuan Liu, Shusen Zhou,  Mujun Zang

School of Information and Electrical Engineering, Ludong University, Yantai 264025, China
Email: zhl_8655@sina.com

Abstract
A multi-parameter feature and recognition method is established for GPR underground targets based 
on multi-feature information fusion ideas specific to complexity and diversity of detecting environment 
and underground media as well as non-stationarity and aperiodicity of GPR echo signals. This method 
carries out multi-parameter feature fusion by selecting power spectrum, wavelet packet energy spectrum 
and higher-order spectrum, and on this basis, executes recognition and classification with the wavelet 
neural network. The experimental results show that compared with single–parameter feature recognition 
methods, this method can effectively realize recognition of the tubular bodies, spheroids as well as 
geologic bodies made of metal, plastic, cement and other materials.
Key words: Ground penetrating radar, Target recognition, Wavelet packet 
energy spectrum, Higher-order spectrum, Wavelet neural network

1. Introduction
As a shallow-earth non-destructive detection 

technology, the Ground Penetrating Radar (GPR) 
is widely applied in detection and recognition of 
underground targets. It is difficult to determine 
target feature invariants and detect targets due to 
non-uniformity and chromatic dispersion of un-
derground media, interference and clutter noise in 
the regional electromagnetic environment, as well 
as variety of underground targets. How to select and 
extract the target area data from massive data and 
correctly judge the extracted target data is a difficult 
problem in GPR data processing and application.

The core of target detection and recognition is first-
ly the extraction of target features, i.e. how to set up 
a feature attribute model of underground targets and 
non-target images, and on this basis, extract useful 
information and distinguish effectively underground 
targets; secondly it is feature selection, i.e. solve the 
cooperative degree between pattern classifier and fea-
ture set to improve the recognition and classification 
capacity of the classifier.

At present, the features of underground target 
recognition mainly include time domain instantane-
ous parameters feature, geometric feature, transform 
domain feature, polarization feature, etc. The time 
domain instantaneous parameters mainly include In-
stantaneous amplitude, Instantaneous phase position 
and Instantaneous frequency. With these three kinds 
of instantaneous information, the target bodies will be 
recognized more correctly.

The geometric feature mainly refers to hyperbola 
feature of underground targets. In the two-dimension-
al echo image (B-Scan image) formed by GPR mul-
ti-channel scanning data, the target echo wave mostly 
takes on the geometry form of a hyperbola or an ap-
proximate hyperbola. The transform domain feature 
means there are a number of clutter waves existing in 
the complex environment, which are of similar attrib-
ute to the targets to be recognized; in most cases, it is 
impossible to correctly classify and recognize them 
in such a complex environment. As a result, it is re-
quired to carry out concrete analysis on composition 
of echo signals. The common transform methods in-
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clude Fourier transform, wavelet transform, principal 
component analysis, singular value decomposition, 
Wigner time-frequency distribution, etc. The polari-
zation mode of transmitting and receiving antennas 
exerts an impact on waveform of echo signals, so dif-
ferent targets have different signal features under dif-
ferent polarization modes. The selection of features 
has a close relationship with actual environment, thus 
further analysis shall be carried out. In addition, full 
consideration is not given to the orientation informa-
tion of underground targets during extraction of some 
features, so it is necessary to link together detection, 
imaging and recognition in order to improve the com-
prehensive analysis capability of targets.

The recognition methods of underground tar-
gets are summarized into the following types on the 
whole: time-frequency analysis method [1-3]; sup-
port vector machine method [4,5]; neural network 
method [6-10]; statistical method [11-14]; fuzzy clus-
tering method[15,16]; wavelet transform method[17], 
etc. All these methods obtain good results, but none 
of them discuss GRP conditions at different noise ra-
tios; moreover, most of features are recognized with 
single-parameter features, so in this case, the correct 
recognition rate is limited to a certain extent.

The key of underground target recognition is to ex-
tract the most distinguishable feature of GPR target’s 
reflected echo signals. Due to diversity and complex-
ity of detecting environment and non- stationarity of 
GPR echo signals, it is unlikely to completely distin-
guish underground target properties with the single 
feature, no matter which is obtained from time do-

main, frequency domain, wavelet domain or spec-
trum estimation. Also, there is no way to solve ex-
traction and recognition problems of invariant feature 
of underground targets in different geological envi-
ronments and interference effects. The extraction and 
recognition of underground targets is still a difficult 
problem.

The studies show that the power spectrum esti-
mation method is relatively effective to distinguish 
and locate targets; the distribution of wavelet ener-
gy spectrum has a close relationship with the size, 
form and type of target and reflects the changes of 
target features. Compared with power spectrum, the 
higher-order spectrum can restrain Gaussian noise, 
has high resolution and could obtain signal phase 
position, energy, nonlinearity and other useful in-
formation. Therefore, this paper selects time domain 
parameter, Welch power spectrum, wavelet packet 
energy spectrum and higher-order spectrum to carry 
out multi-parameter feature fusion, and then uses a 
wavelet neural network classifier for classification. 2. 
Extraction of multi-feature parameters of under-
ground target

Since the actual underground target bodies are 
different in the form and material, the time domain 
parameter feature, Welch power spectrum feature and 
wavelet energy spectrum feature are hereby used to 
carry out multi-parameter composite feature fusion 
and the target recognition will be realized with a 
wavelet neural network classifier. The whole process 
is shown in Figure 1.

Figure 1. Block diagram of extraction and recognition principles of GPR underground target feature

2.1 Pre-processing of GPR data
The GPR echo signal is composed of direct-cou-

pled wave, ground reflected wave, back scattering 
wave produced by discontinuity of underground me-
dia, random disturbance, etc. The direct wave that is 
constituted by direct-coupled wave and ground re-
flected wave has a direct impact on target echo sig-
nals. As a result, a series of preprocessing must be

carried out on original data in order to extract the 
useful signals from target signals, including filtering, 
time-delay calibration, etc. As for original B-scan 
data extracted, this paper firstly restrains ground clut-
ters and direct current with the mean value method, 
and then removes wideband clutters and periodic ran-
dom waves through Wiener filtering.
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2.2 Welch power spectrum estimation of GPR 

echo signal
Because GPR echo signal is non-stable or aperiod-

ic, the traditional Fourier transform spectrum estima-
tion method cannot be used, especially for ultra-wide-
band transient electromagnetic scattering signals. The 
studies show that, among many spectrum estimation 
methods, the partially-scanned Welch averaging over-
lap and periodic spectral estimation is effective to dis-
tinguish and locate targets [18]. This paper conducts 
computation by selecting Welch power spectrum as 
one of composite features of under -ground targets.

The basic principle of Welch power spectrum 
method is to divide data into K sections to ensure 
each section has some overlap; smooth each section 
of data with a proper window function, and finally 
average each spectrum. Different commonly-used 
window functions have different impacts on results 
of estimation. The main lobe of rectangular win-
dow is narrow with high resolution ratio, but it has 
big variance and high noise level; the main lobes of 
Blackman and Hamming windows are wide with low 
resolution ratio, but they have small variance and low 
noise level. The window function can be selected ac-
cording to specific signal conditions and occasions.

Welch spectrum estimation and calculation meth-
od: divide sampled data into L  sections to ensure 
each section has some overlap; smooth each section 
of data with a proper window function, and finally 
average each spectrum. According to probability and 
statistics theory, if the data with original length of N
is divided into L  sections without any overlap and 
the length of each section is LNM /= , the estimated 
variance will be only L/1  of the original data without 
division, thus realizing the purpose of consistence. 
In the premise of keeping the amount of data un-
changed, if L increases but M decreases, the resolution 
ratio will be reduced. By contrast, if L  decreases but 
M  increases, although the deviation is reduced, the es-
timated variance is increased. Thus, the values of L  
and M  shall be properly selected on the condition of 
paying attention to requirements of resolution ratio 
and variance. When dividing, ensure each section of 
data has some overlap in order to reduce influences of 
the number of sections on resolution ratio.

The calculation process of Welch power spectrum 
estimation of GPR echo signals is as follows: provid-
ed s (n)N  length of A-scan signal is 512, now divide it 
into 7L =  sections and the length of each section is 

128N = , 50% overlapped. Besides, add a Hanming 
window w(n)(n 128)=  to each subset[19].

Firstly calculate Welch power spectrum of each 
section

(1)

where,

(2)
is a normalization factor, in order to obtain an evo-

lutionary spectrum without offset estimation; ( )w n  is 
a window function. Average L-section periodogram, 
and the power spectrum estimation of the whole sig-
nal ( )Ns n  is gained:

(3)
2.3 Extraction of wavelet packet energy spec-

trum feature of GPR echo signal
The GPR echo signal has a characteristic of 

non-stationarity, the traditional analysis method based 
on stationary signals cannot realize scientific process-
ing and analysis while the wavelet transform with the 
time-frequency localization function is an ideal tool 
for non-stationary signal processing. While reserving 
the time domain feature of target echo signals at each 
scale, the wavelet packet analysis can also provide 
signal feature information within different frequency 
ranges and reflect subtle variation of target features, 
thus improving the time-frequency resolution ratio 
of signals. The studies show that, the target reflec-
tion echo signal of GPR is composed of a variety of 
frequency components, and different frequency com-
ponents have different features in the scale space of 
wavelet; in other words, the wavelet spectrum struc-
tural feature of signals at each scale space has obvious 
difference. As a result, the wavelet spectral features 
with different distribution can be used to study detail 
features and recognition problems of GPR signals in 
the multi-scale space. The ideas are as below: based 
on finding the wavelet spectrum of signals at differ-
ent scales, set up a wavelet energy spectrum function 
about decomposition scale and build a feature sam-
ple model according to the corresponding spectrum 
feature vectors formed by various target bodies, thus 
analyzing the signal of target bodies. In such case, 
carry out wavelet packet decomposition for GPR tar-
get signals extracted, in order to extract target feature 
information.

Carry out wavelet packet decomposition for GPR 
signals ( )x n  to obtain the energy distribution char-
acteristic within different frequency ranges. Provided 
that the wavelet packet coefficient at k time on de-
composition scale of the jth layer is ( )jC k , the wavelet 
energy of signals at the jth layer is defined as:
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(4)

When the signal energy is large, the value of wave-
let energy jE  gets high; in order to highlight the sig-
nal structural feature of sample models and facilitate 
data analysis, normalize processing results of wavelet 
energy spectrum feature vectors to eliminate energy 
difference caused by the same targets with different 
burial depths. The normalized energy of signals at the 
jth layer is as below:

(5)

The wavelet energy spectrum feature vector of 
signal ( )x n  at each sampling point is as below:

(6)

2.4 Higher-order estimation of GPR echo sig-
nal

The further research shows that it is impossible to 

reach high recognition ratio by distinguishing with 
the wavelet energy spectrum method when the en-
ergy distribution is approximate. For this reason, by 
analysis on high-order statistic features of the signal, 
this paper extracts the high-order spectrum feature 
vectors for recognition. The higher order statistics 
generally refers to higher-order moment, higher-order 
cumulant and their spectrum—high-order moment 
spectrum and high-order cumulant spectrum, which 
are all called higher order spectrum. Compared with 
higher-order moment, the higher -order cumulant can 
effectively restrain Gaussian background noise with 
high resolution ratio and can obtain phase position, 
energy, non-linearity and other useful information of 
the signal. Therefore, the higher-order cumulant is 
usually used as a tool of analyzing time series during 
actual application. The higher-order spectrum used in 
this paper refers to the higher-order cumulant spec-
trum.

For stationary random process { ( )}x n with a zero 
mean value, the k-order cumulant expression [20]is 
as below:

(7)

The 2-order to 4-order cumulant expression is as below

(8)

(9)

(10)

where, ( ) { ( ) ( )}xR E x n x nτ τ= + stands for self-cor-
relation function of signal ( )x n .

Based on Wiener-Khintchine theorem, the 
self-correlation function and power spectrum density 
of any stationary random process { ( )}x n  are a pair of 
Fourier transform, so the higher-order cumulant and 
higher-order cumulant spectrum are a pair of Fourier 
transform.

(11)

The k-order cumulant spectrum 1 2 1( , , , )kx kC ω ω ω −  
of { ( )}x n  exists and is continuous, and can be defined 
as ( 1)k − Fourier transform of k-order cumulant as be-
low

Provided that the higher-order cumulant 
1 2 1( , , , )kx kc τ τ τ −  is absolutely summable as below

(12)

Where, | | , 1, , 1i i kω π≤ = −

When 3k = , it is the three-order spectrum, also

called Bispectrum, the Fourier transform correspond-
ing to three–order cumulant is:
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(13)

When 4k = , it is the four-order spectrum, the Fourier transform corresponding to four–order cumulant is:

(14)

The higher-order spectrum is featured with:
(1) The higher-order spectrum is mostly a mul-

ti-dimensional compound function; in other words, it 
has amplitude and phase position. The higher-order 
spectrum contains phase position information while 
the power spectrum does not contain such informa-
tion.

 (2) The higher-order spectrum is a periodic func-
tion with the period of 2π .

 (3) The higher-order spectrum is symmetrical.
Among all higher-order spectrums, the three-or-

der spectrum is the one with the lowest order, easy 
to calculate, but it has all features of the higher-order 
spectrum. Therefore, this paper adopts the feature ex-
traction method based on three-order spectrum (also 
called bispectrum). Similar to power spectrum esti-
mation, the estimation of higher-order spectrum is 
divided into two categories: one is parametric estima-
tion method and the other is non-parametric estima-
tion method, including direct and indirect methods. 
Take bispectrum estimation as an example, the direct 
method firstly estimates the Fourier sequence and 

(15)

(16)

(3) Carry out statistics of 3 ,ˆ ( , )x ic l m  and calculate 
its mean value to get cumulant estimation of K-group 
data, i.e.:

(4) Carry out bispectrum estimation:

then carries out triple correlation calculation for the 
sequence, thus obtaining bispectrum estimation; the 
indirect method firstly estimates the three-order cu-
mulant and then obtains bispectrum through the Fou-
rier transform of cumulant sequence. In this paper, the 
bispectrum estimation is carried out with the indirect 
method, and the steps are as follows:

(1) Divide the experiment data { ( )}x n  with the 
length of N into K sections, and each section has M 
data, i.e. *N K M= , and then de-mean.

(2)Provided that { ( )}ix n ( 1,2, , , 1,2, , )n M i K= =   
is data at the i th section, its three-order cumulant es-
timation formula is as below:

(17)

Where, 1L M< − , ( , )w l m  is a 2-dimensional 
window function, and the commonly-used windows 
include optimal window, Parzen window and spec-
tral domain uniform window. Similar to estimation 
of power spectrum, the purpose of using a window 
function is to get the approximately smooth estima-
tion results.

3. Underground multi-target recognition based 
on multi-feature information fusion

3.1 Wavelet neural network classifier
The traditional classifier algorithm firstly obtains 

parameter estimation from training samples, and then 
calculates the matching degree of samples to be iden-
tified and various pattern samples. Since it is difficult 
to obtain a complete sample set due to complex un-
derground environment and various forms of target 
bodies, the target recognition cannot reach the ex-
pected performance in the actual application. Wavelet 
neural network (WNN) is a network formed by

widely-interconnected non-linear processing units, 
with the properties of large-scale parallel processing, 
distributed information storage, non- linear dynamics 
and global scope of network, etc. The sample param-
eters of wavelet neural network classifier are hidden 
in connection weight of network. It does not need to 
be known and the expected goal will be achieved by 
feedback and automatic adjustment of network output 
errors during repeated trainings. Therefore, this paper 
selects the wavelet neural network design classifier, 
whose structure is shown in Figure 2.

The number of nodes at input layer, hidden layer 
and output layer is respectively , ,T K N . The weight 
value of hidden layer is the wavelet base function, 
and the transfer function of output layer is sigmoid 
function

(18)
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Figure 2. Wavelet neural network classifier

Provided the total number of input training sam-
ples is P  , the output of the pth sample and the nth 
node can be expressed by the following formula

(19)
Here we choose Morlet wavelet, use conjugate 

gradient method to optimize the WNN and adopt 
one-dimensional variable-step searching method to 
solve the step size i

wα , i
bα , i

aα .
4. Comparative analysis of measured data pro-

cessing
The test data is collected and supplied by a GPR 

system developed by Professor Yang Feng Team of 
China University of Mining and Technology (Bei-
jing). For comparative analysis, the experiment is 
conducted in four aspects:

 (1) Test the recognition of objects with different 
forms. Adopt the data respectively measured from 
spheroids, tubular bodies, squares, etc. The exper-
iment method is firstly to preprocess the measured 
data, calculate parameters and extract features in or-
der to recognize the form of target.

 (2) Recognition of objects made of different ma-
terials. Adopt the data measured respectively from 
metal (iron) tubes, plastics, cement, soil, etc. Firstly

preprocess the measured data to obtain typical-chan-
nel data and goalless multi-channel soil data. Carry 
out training and recognition through Welch power 
spectrum and higher-order spectrum estimation and 
by using wavelet neural network.

(3) For above measured data, carry out target rec-
ognition respectively by using the wavelet neural net-
work (WNN), BP neural network (BP-NN) and RBF 
neural network (RBF-NN); Table 1-3 lists out the rec-
ognition results of four types of underground targets 
with three methods respectively.

(4) For above measured data (the number of train-
ing samples and samples to be recognized is the 
same), carry out recognition with wavelet packet 
neural network respectively by using the Welch pow-
er spectrum, wavelet packet spectrum, higher-order 
spectrum estimation and other single parameters, to 
verify the performance of multi-feature parameters 
proposed in this paper. Table 4 lists out recognition 
results of four types of underground targets under sin-
gle-feature parameters.

Table 1-4 shows that, the average recognition rates 
of WNN, BP-NN and RBF-NN classifiers are respec-
tively 96.17%, 77.57% and 83.70% for four types of 
targets.
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Table 1.The recognition results of four types of underground targets with BP-NN methods

Material of objects The number of 
training samples

The number of 
recognition samples

BP-NN recognition rate

Metal 910 165 81.21%
Plastic 770 169 73.37%
Cement 850 173 79.77%

Soil 1030 220 75.91%
The average recognition 

rate
- - 77.57%

Table 2. The recognition results of four types of underground targets with RBF-NN methods

Material of objects The number of 
training samples

The number of 
recognition samples

RBF-NN recognition 
rate

Metal 910 165 87.27%
Plastic 770 169 85.21%
Cement 850 173 83.24%

Soil 1030 220 79.09%
The average recognition 

rate - - 83.70%

Table 3. The recognition results of four types of underground targets with WNN methods

Material of objects The number of 
training samples

The number of 
recognition samples WNN recognition rate

Metal 910 165 98.18%
Plastic 770 169 97.04%
Cement 850 173 95.38%

Soil 1030 220 94.09%
The average recognition 

rate - - 96.17%

Table 4. The recognition results of four types of underground targets under single-feature parameters

Material Time domain 
parameter

Welch
power spectrum

Wavelet packet 
energy spectrum

Higher-order 
spectrum

Metal 73.94% 83.03% 87.27% 95.19%
Plastic 65.09% 72.20% 78.11% 93.49%
Cement 69.36% 73.41% 76.88% 89.60%

Soil 70.45% 78.18% 79.09% 89.55%
The average 

recognition rate 69.71% 76.71% 80.34% 91.96

WNN has better classification and recognition 
performance than BP-NN and RBF-NN, and its con-
vergence speed is also higher 17.79% than that of 
BP-NN. This indicates that: the time domain feature 
parameters can reflect the form and position informa-
tion of signals to some extent; the power spectrum 
estimation is relatively effective to distinguish and 
locate targets, and the distribution of wavelet energy 
spectrum has a close relationship with the size, form 
and type of targets, reflecting changes of target fea-
tures. The higher-order spectrum has advantages in

restraining Gaussian noise, improving resolution ra-
tio and describing phase position, energy, nonlinear-
ity and other details of signals. The recognition ratio 
can be effectively improved by combining above four 
items.

5. Conclusions 
It is impossible for the traditional stationary-sig-

nal-based analysis method and single parameters to 
extract target features specific to complexity and di-
versity of detecting environment and underground 
media as well as non-stationarity of GPR echo sig-
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nals. The wavelet packet decomposition can improve 
the time domain resolution ratio of signals and the 
energy spectrum indicates the distribution interval of 
signal energy, but the single energy spectrum cannot 
correctly distinguish different signals; the higher- or-
der spectral analysis can effectively restrain Gaussian 
background noise, with high resolution ratio, and can 
also obtain the phase position, energy, nonlinearity 
and other useful information of signals. As a result, 
this paper proposes an underground target extraction 
and recognition method based on multi- parame-
ter feature fusion. In other words, adopt the power 
spectrum, wavelet energy spectrum and higher-order 
spectrum to carry out multi-parameter feature fusion, 
and recognize and classify with the wavelet neural 
network. Finally, verify by processing the measured 
data that such method can effectively recognition of 
the tubular bodies, spheroids as well as the geologic 
bodies made of metal, plastic, cement and other ma-
terials. However, due to insufficient samples, the gen-
eralization ability of this method still requires further 
verification and improvement.
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Abstract
Due to the problem of low level of accuracy and practicability in the existing method, this paper puts 
forward geometric information extraction framework of buildings based on the matching degree of model 
and image. On one hand, this framework maps building model to image to determine the typical feature 
region of the image which contains the geometrical information of buildings, such as overlapping and 
shadow region, on the other hand, it makes use of building contour and other information obtained from 
the building detection stage to find the best model parameters through the matching degree of the two. The 
new framework is applied universally. Geometric model of building parameters, typical feature region 
and the extraction method could all be adjusted in accordance with practical application. Take the most 
commonly seen flat topped buildings as an example; it discussed a specific application of the framework: 
under the condition of different imaging parameters and model parameters, it analyzed in detail the method 
of mapping building model into of overlapping and shadow typical feature region of images; it designed 
the matching degree of overlapping boundary and shadow boundary to measure the matching degree 
between the model and the image; The optimization method based on genetic algorithm is presented. The 
model parameters which enable the maximum matching function are used as the geometric parameters 


