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Abstract: Sparsity is a significant features of synthetic aperture radar images. A method based on sparse 
representation is presented for synthetic aperture radar target recognition after analyzing the statistical 
characteristic of synthetic aperture radar images in order to solve the high dimensional problem based on sparse 
representation in pixel domain. It trains samples and generates templets using the extended maximum average 
correlation height filter, extracts the template’s generalized two-dimensional principal component analyze 
features to form an over-complete dictionary, sparse representation coefficient of the test sample’s feature is 
computed base on the optimal dictionary. Classification and recognition is realized according to the energy of 
coefficient. Experimental results based on synthetic aperture radar images in MSTAR database show that the 
proposed method has lower complexity and short recognition time, it is a feasible and effective method for 
synthetic aperture radar images target recognition. Copyright © 2013 IFSA. 
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1. Introduction 
 

Synthetic aperture radar (SAR) is a form of active 
coherent imaging radar with high resolution working 
in the microwave region, whose imaging features are 
all-weather, long-distance range, able to penetrate 
certain coverings and identify camouflages. As a new 
kind of reconnaissance remote sensing device, SAR 
is widely used in aerial and space reconnaissance and 
monitoring. High-resolution images can be generated 
by SAR as a result of the long distance transmission 
ability of the radar signal and complex information 
treatment ability of modern digital electronic 
technology. As being affected by the inherent speckle 

noise, SAR images are inferior in readability and are 
difficult to handle with. The image features can be 
changed tremendously as slight fluctuations of 
imaging parameters or the variation of surroundings, 
and further more affect the accuracy rate and identify 
speed of SAR images target recognition. The main 
SAR images target recognition methods are focused 
on 3 types as based on templet matching, based on 
model and based on the core. A lot of research was 
proposed by domestic and foreign scholars in this 
aspect. For example, SAR target recognition based on 
Gabor filter and sub-block statistical feature was 
proposed [1], SAR target recognition based on view-
aspects partitioned by fuzzy clustering has good 
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recognition rate [2] and the improved sparse LSSVM 
is used in SAR images target recognition [3]. 

Compressed sensing (CS) theory is a method for 
signal representation and compression which has 
been put forward in 2004 [4, 5]. The main contents is 
including sparse representation of signals, 
measurement matrix design and signal 
reconstruction. The purpose of sparse representation 
of signals is to indicate signals with as little as 
possible of atoms in an over-complete dictionary. 
Theoretically, any signal has compressibility as long 
as the corresponding sparse matrix being founded 
out. The sparse representation of signals has been 
applied to various aspects of signal processing such 
as the non-stationary signal analysis, signal encoding, 
identification and signal denoising, etc. The research 
focuses mainly on 3 aspects including sparse 
decomposition algorithm, over-complete  
atom dictionary construction and the application of 
sparse representation. 

The main research questions are with sparse 
representation identifying, how to select the over-
complete dictionary and how to set the objective 
function so that the sparse solution obtained has 
distinguish ability. Sparse representation is firstly 
used in the field of face recognition. Cotter and some 
other researchers introduced the theory of sparse 
representation into this field in 2010 and succeeded 
in such fields as facial expression recognition [6] and  
3-D face recognition [7], etc, and presented a better 
recognition accuracy compared to traditional  
k-Nearest Neighbor (KNN) and Linear support vector 
machine (SVM) algorithm. Vishal and Nasser applied 
sparse representation in military target recognition 
and the result got from the method approves that a 
better recognition effect has been obtained [8]. 

Sparse representation also has been applied in 
object identification of SAR images in recent years. 
Extended maximum average correlation height 
(EMACH) combined together with index wavelet 
fractal characteristics has been applied in SAR 
images target recognition [9], extracting the 
generalized two-dimensional principal component 
analyze (G2DPCA) characteristic to construct 
dictionary and using the energy of the sparse 
coefficient to realize the target classification of SAR 
images [10]. But for index wavelet fractal 
characteristics, the apriority information such as 
target size and orientation of the imaging process 
shall be as a basis to detect the specific target of 
images effectively. While extracting the features of 
the training sample to construct over-complete 
dictionary, the dimension is relatively prominent, and 
redundancy is large and will affect the speed of 
sample identification. This paper applies the 
compressed sensing in SAR images target 
recognition, utilizing training sample to generate 
template, extracting G2DPCA feature of templet to 
form the over-complete dictionary and obtaining the 
sparse representation coefficient under the sample 
dictionary. Designs are sorting algorithms according 
to the distribution feature of coefficient vector 

between the real categories of test sample relative to 
other categories and realize the effective recognition 
of SAR images target. The simulation results approve 
that the algorithm specified in this paper can realize 
relatively high-precision SAR target recognition and 
promote recognition speed greatly only by simple 
image preprocessing, templet generating, features 
extracting, over-complete dictionary construction and 
sparse solution. 
 
 

2. Sparse Representation Theory 
 

One of the important contents of CS theory is the 
signal sparse representation problem. Using sparse 
representation theory to solve the problems generally 
includes two aspects, i.e., constructing over-complete 
dictionary and solving sparse coefficient. 

A given set for N-dimensional signal  

vector 1Nf R  . 
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Where in the formula:   is sparse matrix and   
is sparse coefficient. Signal f  shall be defined as 

sparse if it has )( NKK   nonzero coefficient 

based on  . Considering   as a dictionary and if 
N M , the set   shall be an over-complete 
dictionary, and the every single column of vectors 

( 1,2, , )i i N  
 
are known as atoms. For any given 

signal  Ny R can be indicated as the superposition  

of i . 

Sparse matrix selection has a direct impact on 
sparse signal representation. General sparse matrix 
selection has two kinds: One is directly selecting the 
standard matrix that satisfies (Restricted Isometry 
Property, RIP) criterion [2], such as Fourier, Wavelet, 
Curvelet and Gabor etc. Another is combining of 
specific target feature to select sparse matrix, the 
atoms of dictionary can reflect the characteristics of 
the target images. 

In consideration of the redundancy of the 
dictionary, the expression of signal f  is not unique, 

while sparse representation is the best signal 
representation to find a best linear combination of the 
atoms within a dictionary. 

The sparse degree of a signal is expressed directly 
as the most optimization problem under norms l0. 

 

 
0
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Since N M , the solving process is a NP 
problem, requiring combinatorial search, difficult to 
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be realized along with dimension increasing and 
sensitive to the noise.  

In consideration that the actual signal of interest is 
only close to sparse but not really an ideal sparse, the 
measured data is more or less affected by the noise, 

norm 1l  is more stable to the noise and the error and 

norm 1l  has equivalence to the norm 0l  under certain 

conditions, the formula specified above can be 
transformed to: 
 

 
1

min . .
l

s t f


     (4) 

 
In the formula (4),  limits the amount of the data 

noise. At present, many algorithms are used in 
solving this kind of problem, three typical algorithms 
are convex optimization algorithm, the greedy 
algorithm and the combination algorithm. 
 
 
3. Algorithm Realization Based  

on Sparse Representation 
 

SAR images target recognition refers to detecting 
radar target, processing echo information, and then 
determine the target attribute, category or type. SAR 
images recognition becomes a difficult problem as a 
result of the high dimensional volatility, the complex 
background during image formation process and the 
variable factors of SAR sensor itself. Focalized on 
this problem, scholars at home and abroad has put 
forwarded various kinds of recognition algorithms.  

In this paper, simple pre-process on the SAR 
images first, take logarithmic operations on the 
images to change the multiplicative noise into 
additive noise, and then select the regions of training 
center containing the target image to process the 
division, generate the templet on training target 
images, build the over-complete dictionary by 
extracting the feature information of the templet. For 
the test images, following the same steps as simple 
pre-processing, images division, extracting the 
features of the images, sparse representation under 
the over-complete dictionary and finish the 
classification and recognition by using coefficient 
energy features. The recognition algorithm 
framework is shown in Fig. 1. 
 
 
3.1. Image Preprocessing 
 

The coherent imaging methods of SAR has 
caused coherent speckle noise on the image which 
affects the image quality, and leads to the difficulties 
for the extracting and recognizing of image features. 
When the resolution cell of image system is smaller 
than the Spatial detail of the target images and pixels 
degradation of images are independent from  
each other, speckle noise can be modeled as 
multiplicative one. 
 

 
 

Fig. 1. Sar target recognition framework. 
 
 

Supposing x  is an image with speckle noise, e  is 
the noise and the ideal image is S , then it shall 
satisfy the relation as below: 
 

 *x S e  (5) 
 

To take logarithm on both sides: 
 

 
10 10 10log ( ) log ( ) log ( )x S e   (6) 

 

Therefore, the multiplicative noise of the original 
image has been changed to additive one.  

Take T7 tank image (138×138) with an azimuthal 
angle of 109  speckle denoising as a sample. Select a 
target region of 54×54 contained within the sample 
image center to realize the division. Generate a new 
target image based on the biggest scattering point of 
the target section as the centricity. Adjust the target 
section of image under different azimuth angles to an 
azimuth angle of 90 . As shown in Fig. 2(c). 
 
 

       
 

(a) tank image (b) section 
image 

(c) pre-
processed image 

 
Fig. 2. Sar image pre-processing. 

 
 

Compared the images before and after the pre-
process as show in figure 2 (a) and (c), we can view 
the features of the image after the pre-process as 
below: aimed at description on the target, with fewer 
clutter around the target. After being adjusted to the 
image center, the detail information of the target has 
been enhanced. Besides, after the angle adjusting, the 
impact to the target from different azimuth angles has 
been minimized. 
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3.2. Training Process of EMACH Filter 
 

EMACH filter is actually a kind of templet filter 
that has been put forward in 1987 by Mahalanobis 
and it is widely applied in specific targets recognition 
with [11, 12]. The features of high suitability and 
strong ability to resist noise etc. This paper adopts 
EMACH filter as a training templet. 

First use EMACH filter to obtain a 2-dimensional 
function through training of the sample images, and 
then conduct relevant processes on the images of the 
same size to be inspected, get the relevant responding 
of the images and distinguish the target according to 
the strength of the respond. Fig. 3 listed the T7 tank 
sample images used for the filters from 109  to 120  
training within MSTAR database. A total N pictures 
of target images with the size of 138×138. 
 
 

 
 

Fig. 3. 109  to 120  T7 tank image. 

 
 

Input an image and take the center section 54×54 
as the training image. After aligning the angle of the 
54×54 training image, extend every single pixel line 
by line from left to right to a one-dimensional 
vector ix , in length. Calculate the average vector of 

all the ix  as m . Define h  as the filter of EMACH. 

FFT2() is indicated as two-dimensional Fourier 
algorithm, and assign (0,1)  , 2( )FFTM m , 

2( )i iFFTX x , [1 ]i N  , 
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When formula (7) take the Max. namely when h  

is the responding feature vector of the Max. Features 
of the matrix -1

( )
β β

x xI + S C , it is the filter required. And 

the last result h  is a one-dimensional function of a 
length expressed as length×width. Revivify h  to a 
two-dimensional matrix and get the filter templet 
required. As show in Fig. 4. 

 

 
 

Fig. 4. EMACH templet. 
 
 
3.3. Feature Extraction  

and Dictionary Construction 
 

Feature extraction is a very important step in 
target recognition system, quality of feature 
extraction directly affects the accuracy and time of 
target classification and recognition.  

PCA is a kind of multivariate statistics analysis 
method, linear transforming multiple variables to 
relative fewer important variables, which is a method 
for dimensionality reduction in mathematics field 
[13]. When PCA is applied in two-dimensional 
image, the matrix of two-dimensional image has to be 
transformed to one-dimensional vector, damaged the 
two-dimensional spatial structure of the image and is 
easily cause curse of dimensionality. ICA is a new 
kind of multidimensional digital signal processing 
technology, focused on the high order statistical 
properties among the data, leading to the 
characteristics unrelated to each other while 
statistical independence as far as possible [14]. Use 
the substantive characteristics of the data on 
statistical relation aspect efficiently which can 
express the feature information of the image very 
well. It has achieved good effect on image target 
recognition by the combination application of PCA, 
ICA and LDA [14-16]. KPCA algorithm is the best 
orthogonal transformation based on objective 
statistical properties, the newly generated 
characteristics are orthogonal or unrelated to each 
other. This kind of algorithm expresses the original 
vector with random error by using part of the newly 
generated characteristics, a tendency to more 
confirmable of the transform vector and more 
concentrate of the energy. However since translation 
invariant is required for the signals to be processed 
by using KPCA algorithm, the application in high 
resolution radar system is limited [17]. 2DPCA is 
different from PCA. 2DPCA seeks the optimal 
projection direction directly based on 2-dimensional 
image and has avoided the trouble brought out by 
dimension shifting [18]. 2DPCA is widely used in 



Sensors & Transducers, Vol. 161, Issue 12, December 2013, pp. 67-73 

 71

face recognition [19]. For the 2DPCA promotion of 
G2DPCA, it is no need to transform the  
2-dimensional image to one-dimensional vector. At 
the same time, the correlation between line pixels and 
column pixels has been removed, decreased the 
dimensions of the feature extracted, improved the 
recognition performance, has relatively good 
robustness towards target azimuth change and has 
been widely used in SAR target recognition [20] and 
face recognition [21] by G2DPCA. 

Assume that the training image set after pre-
processing is  , ,1 MI I , m n

i
I R , , ,i=1 M ,  

and M  is the total amount of the training sample. 

Centralize the training sample i i I I I , while I  is 

the average value image of the training sample. Find 
out a group of orthorhombic projection axes 

, ,1 lu u  and , ,1 rv v , constitute left projection 

matrix  , , m l
1 l

 U u u R  and right projection 

matrix  , , n r
1 r

 V v v R and make the projected 

sample meet the maximized overall distribution. 
 

 ~
T

iB U I V  (10) 
 

And T
lU U I , T

rV V I , lI , rI is the unit 

matrix of l l , r r respectively. While as in 
formula (8), the solving of the optimal mapping 
matrix can be realized by solving the minimization 
problem, namely: 
 

 ~

,
2M

T
iopt opt i

i=1 F

arg min     U V I UBV , (11) 

 

where as in the formula,  
F

 is the Frobenius norm 

of the matrix. For a given image, the feature is as: 
 

 
opt

T l r
opt


    

 
D U I I V R  (12) 

 

The column vector set ,1 ,2 ,[ , ,..., ]
kk k k k nD v v v  

consisted by the features of kn  templet under k  

classification of the target. The features of all the C 
classification of training templet in sequence 
arrangement to form an over-complete dictionary 

1 2[ , ,..., ]CD D D D . 
 
 

3.4. Recognition Algorithm 
 

Construct the over-complete dictionary by using 
the features of the templet images and solve the 
coefficient of sparse representation based on the test 
sample. A new improved orthogonal matching 
pursuit algorithm [22] is adopted in this paper to 
estimate the sparse degree of the signal step by step 
by variable step size. The optimal coefficient is 
solved out through multi-iterative calculation. 

Assume that the total number of class is C  and 
K  sample templet number is kn , calculate the 

feature of the test sample and then solve the 
Coefficient of sparse representation x under the over-
complete dictionary. 
 

  , , , , , ,
1 i

T

1,1 1,n C,1 C,nx x x xx     (13) 

 
The coefficient value of the coefficient vector 

reflects the level of similarity between the test sample 
and training sample. Since the training sample 
generated templet has the classification information, 
when constructing the over-complete dictionary by 
the features shall be arranged logically. The nonzero 
element within Coefficient of sparse representation of 
class k  will focus on the responding classification, 
as shown in Fig. 5. 

 
 

20 40 60 80 100 120 140 160 180
0

0.5

1

templet order number

BRDM-2            BTR70              D7                 BMP2              T72            ZSU-23-4

 

 

 
 

Fig. 5. Coefficient distribution of BTR70 test samples. 
 
 

Calculate the sum of every classification of the 
coefficient in this paper. Determine the largest 
classification as the target belonged one. 

The specific steps of the algorithm are as follows: 
Step 1: Conduct simple pre-process for images. 
Step 2: Generate templet images by using 

EMACH training sample images. 
Step 3: Extract the G2DPCA features of the 

templet images to build up the over-complete 
dictionary. 

Step 4: For any test sample my R , solve out the 

optimal coefficient under the dictionary D by using 
the improved Sparse algorithm. 

1 2[ , ,..., ] m n
C

 D D D D R . 

Step 5: Calculate the coefficient sum of 1̂| |x  

under class k: ,
ˆ( ) sum(| ), 1,...,k k i kr | i n y x . 

Step 6: Determine test samples category 
according to the sum of coefficients: 
identity( ) arg max( ( ))k

k
ry y . 

 
 

4. Simulation Experiments  
and Results Analysis 

 

4.1. Test Data Introduction 
 

The test data in this paper is provided by U.S. 
MSTAR Work group, which is actual measurement 
static data of SAR target on ground with high 
resolution, including 5 classifications as BRDM2, 
BTR70, D7, BMP2 and T72, with a imaging 
resolution of 0.3 m×0.3 m, Azimuth coverage 
0~360°. The selected training sample used in the test 
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is the imaging data taken when the target is under a 
depression angle of 17°, while the test sample is the 
imaging data taken when the target is under a 
depression angle of 15°. Since some of the SAR 
images are noise polluted seriously from certain 
angle, the amount of images sample for every single 
target can be used is different. The amount of training 
sample and test sample used in this test is shown in 
Table 1. 
 
 

Table 1. MSTAR data subset. 
 

Type 
The total number 

of training set 
The total number 

of training set 
BRDM2 274 298 
BTR70 196 233 
D7 274 299 
BMP2 233 192 
T72 196 232 

 
 
4.2. Experimental Results and Analysis 
 

Train the filter divided and aligned target images 
to a template, selecting all the images within a 12° 
azimuth angle to be trained as a template, 30 templets 
for every classification of image and a total 150 
templet obtained. Extract the feature from the templet 
images, normally selecting 2-dimensional feature line 
quantity l  and column quantity r  equivalence [21]. 
After several tests, 13l r  has been selected 
finally since it has a relatively higher recognition rate 
and a faster recognition speed. Select the solving the 
transformation matrix W , the final feature 
dimension is d r . Comprehensively analyze and 
compared after many tests, it presents a best effect 
when 9d  , 13l r  . Extend the extracted feature 
of every single templet images to column vector to 
form a two-dimensional array of 117150, built up 
an over-complete dictionary D , solving out 
coefficient of sparse representation of the over-
complete dictionary of the test sample feature. 
Classify and recognize the test sample per the sum of 
various sample coefficients. The recognition rate and 
recognition time of all target samples are shown  
in Table 2. 

 
 

Table 2. Recognition rate (%) and recognition time (s). 
 

Type 
The total 

number of 
training set 

Recognition 
rate 

Recognition 
time 

BRDM2 298 94.37 10.41 
BTR70 233 96.75 9.96 
D7 299 98.42 13.18 
BMP2 192 96.31 14.39 
T72 232 95.19 11.85 

 
 

Pre-process on images with the same method. 
Compare the algorithm in this paper (Method 4) to 
the method specified in this paper to the SVM 

(method 1) specified in Document [23], sorting 
algorithms KNN (method 2) and algorithm (method 3) 
based on sparse representation mentioned in 
Document 7. The recognition results are shown  
in Table 3. 

 
 

Table 3. Comparison of various algorithms to recognition. 
 

Type 
Method 

1 
Method 

2 
Method 

3 
Method 

4 
BRDM2 95.64 96.36 98.12 94.37 
BTR70 89.70 96.15 97.24 96.75 
D7 98.33 98.74 100 98.42 
BMP2 92.35 95.12 96.24 96.31 
T72 90.95 96.75 98.23 95.19 
Average 
recognition 
rate(%) 

93.09 96.62 97.97 96.21 

Average 
recognition 
time(s) 

50.24 46.47 31.40 11.96 

 
 

From the Table 3, we can get the conclusion that 
based on the same condition of feature extracting, 
SVM has the lowest classification recognition rate 
and longest duration, and the method 3 has the 
highest recognition rate. Matching pursuit sparse 
solution of classification has been used by this paper 
and Method 3 with a better recognition effect 
compared to SVM and KNN. Compared the results of 
method III and the arithmetic specified in this paper, 
it presents that although the arithmetic specified in 
this paper has a lower recognition rate, the average 
duration of method 3 is 31.40 s while for this 
arithmetic is only 11.96 s, has promoted the 
recognition speed significantly. 
 
 

5. Conclusions 
 

In order to overcome the defects of SAR images 
feature extraction and classification problems, A 
target recognition method for SAR images based on 
sparse representation is proposed according to the 
sparsity of SAR images. The main innovation points 
of this method is the use of EMACH filter training 
templets, generalized two-dimensional principal 
component feature extraction templates are 
constructed over-complete dictionary, solving sparse 
representation coefficients of the test samples in the 
dictionary by using the improved orthogonal 
matching pursuit algorithm, using the energy 
characteristic factor, finally realized the recognition 
of SAR images target.  

Through simulation experiment of MSTAR SAR 
images data, the results show that the method of this 
paper significantly improves the recognition speed in 
the precondition of ensuring the recognition rate. 
 
 

Acknowledgements 
 

This work is supported by Aviation Science Fund 
project of China (NOs. 2011ZC52034). The authors 



Sensors & Transducers, Vol. 161, Issue 12, December 2013, pp. 67-73 

 73

would like to thank all the editors and anonymous 
reviewers for their valuable comments  
and suggestions. 
 
 

References 
 
[1]. F. M. Hu, P. Zhang, R. Liang, et al., SAR target 

recognition based on Gabor filter and sub-block 
statistical feature, in Proceedings of the IET 
International Radar Conference, 2009. 

[2]. N. Li, F. Liu, A SAR target recognition method based 
on view-aspects partitioned by fuzzy clustering, Tien 
Tzu Hsueh Pao / Acta Electronica Sinica, Vol. 40, 
Issue 2, 2012, pp. 394-399. 

[3]. X. R. Zhang, Y. F. Zhang, L. C. Jiao, SAR target 
recognition based on improved sparse LSSVM, in 
Proceedings of the SPIE –The International Society 
for Optical Engineering: Automatic Target 
Recognition and Image Analysis (MIPPR’09), 
Vol. 7495, 2009. 

[4]. D. L. Donoho, Compressed sensing, IEEE 
Transactions on Information Theory, Vol. 52, Issue 4, 
2006, pp. 1289-1306. 

[5]. E. J. Candes, M. B. Wakin, An introduction to 
compressive sampling, IEEE Signal Processing 
Magazine, Vol. 25, Issue 2, 2008, pp. 21-30. 

[6]. S. F. Cotter, Sparse representation for accurate 
classification of corrupted and occluded facial 
expressions, in Proceedings of the IEEE 
International Conference on ‘Acoustics Speech and 
Signal Processing (ICASSP ’10)’, New York, USA, 
2010, pp. 838-841. 

[7]. C. Zhang, Y. N. Zhang, Z. G. Lin, et al., An 
efficiently 3D face recognizing method using range 
image and sparse representation, in Proceedings of 
the International Conference on Computational 
Intelligence and Software Engineering (CiSE ’10), 
Wuhan, China, 2010, pp. 1-4. 

[8]. V. M. Patel, N. M. Nasrabadi, R. Chellappa, Sparsity 
inspired automatic target recognition, in Proceedings 
of the SPIE – The International Society for Optical 
Engineering, Automatic Target Recognition XX; 
Acquisition, Tracking, Pointing, and Laser Systems 
Technologies XXIV; and Optical Pattern Recognition 
XXI, Lecture Notes in Computer Science,  
Vol. 7696, 2010. 

[9]. D. Liu, Research on SAR image target detection and 
recognition, Nanjing University of Aeronautics & 
Astronautics, 2009. 

[10]. Y. X. Wang, G. Zhang, Target recognition in SAR 
images using sparse representation based on feature 
space, Journal of Chongqing University of Posts and 
Telecommunications (Natural Science Edition), 
Vol. 24, Issue 3, 2012, pp. 308-313. 

[11]. S. M. A. Bhuiyan, M. S. Alam, M. Alkanhal, 
Automatic target recognition and tracking in FLIR 
imagery using extended maximum average 
correlation height filter and polynomial distance 

classifier correlation filter, in Proceedings of the 
‘SPIE – The International Society for Optical 
Engineering: Automatic Target Recognition XV’, 
Lecture Notes in Computer Science, Vol. 5807, 2005, 
pp. 1-15. 

[12]. K. B. V. K. Vijaya, M. Alkanhal, Eigen-extended 
maximum average correlation height (EEMACH) 
filters for automatic target recognition, in 
Proceedings of the 'SPIE – The International Society 
for Optical Engineering', Lecture Notes in Computer 
Science, Vol. 4379, 2001, pp. 424-431. 

[13]. Z. G. He, J. Lu, G. Y. Kuang, Fast SAR target 
recognition approach using PCA features, Systems 
Engineering and Electronics, Vol. 30, Issue 10, 2008, 
pp. 1855-1859+1943. 

[14]. F. M. Hu, X. H. Fan, M. Y. Wang, A method of SAR 
target recognition based on Gabor filter and ICA, 
Modern Radar, Vol. 33, Issue 6, 2011, pp. 32-36. 

[15]. R. H. Huan, P. Zhang, Y. Pan, SAR target 
recognition using PCA, ICA and Gabor wavelet 
decision fusion, Journal of Remote Sensing, Vol. 16, 
Issue 2, 2012, pp. 268-274. 

[16]. R. H. Huan, R. H. Liang, Y. Pan, SAR target 
recognition with the fusion of LDA and ICA, in 
Proceedings of the International Conference on 
Information Engineering and Computer Science 
(ICIECS’ 09), 2009. 

[17]. H. Li, B. L. Jin, H. T. Zhai, Translation invariant 
feature extraction algorithm of KPCA base on high 
resolution radar signal, Computer Simulation, Vol. 29, 
Issue 1, 2012, pp. 9-12. 

[18]. J. Yang, D. Zhang, A. F. Frangi, J. Yang, Two 
dimensional PCA: a new approach to appearance 
based face representation and recognition, IEEE 
Transactions on Pattern Analysis and Machine 
Intelligence, Vol. 26, Issue 1, 2004, pp. 131–137. 

[19]. Y. Zeng, D. Z. Feng, L. Xiong, The symmetrical 
variation of 2DPCA for face recognition, Advanced 
Materials Research, Vol. 255-260, 2011,  
pp. 2004-2008. 

[20]. L. P. Hu, H. W. Liu, K. Y. Kui, SAR target feature 
extraction and recognition based on generalized 
2DPCA, Journal of Astronautics, Vol. 30, Issue 6, 
2009, pp. 2322-2327. 

[21]. H. Kong, L. Wang, E. K. Teoh, et al., Generalized 2D 
principal component analysis for face image 
representation and recognition, Neural Networks, 
Vol. 18, Issue 5-6, 2005, pp. 585-594.  

[22]. X. X. Ji, G. Zhang, An improved orthogonal 
matching pursuit algorithm for blind sparsity signal 
reconstruction, Journal of Astronautics, Vol. 34, 
Issue 8, 2013, pp. 1146-1151. 

[23]. X. Yu, Y. K. Li, L. C. Jiao, SAR automatic target 
recognition based on classifiers fusion, in 
Proceedings of the International Workshop on Multi-
Platform/ Multi-Sensor Remote Sensing and Mapping 
(M2RSM’2011), Xiamen, China, January 2011,  
pp. 1-5. 

 
___________________ 

 
 
 
 

2013 Copyright ©, International Frequency Sensor Association (IFSA). All rights reserved. 
(http://www.sensorsportal.com) 
 


