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SAR Target Recognition Based on Dictionary Learning and

Extended Joint Dynamic Sparse Representation

CAO Na' WANG Yong-Li* SUN Jian-Hong? ZHAO Ning! GONG Xiao-Ze?

Abstract This paper proposes a target automatic recognition (ATR) method for synthetic aperture radar (SAR) images
based on dictionary learning and extended joint dynamic sparse representation. First of all, in the step of image pre-
processing, the target area and the shadow area formed by the target obstructing the ground are segmented. Combining
the information of these two areas can represent the image better. Secondly, instead of directly using all the training
samples as fixed dictionaries, a dictionary learning method, LC-KSVD (Label consistent k-singular value decomposition),
is introduced into the training phase to learn the feature dictionaries of target area and shadow area. Finally, the extended
joint dynamic sparse representation algorithm, EJDSR (Extended joint dynamic sparse representation), is proposed in
the testing phase. It allows two features in the image data to share similar but not identical sparse patterns. It can also
handle the noise, occlusion, damage problems of images. The experimental result on the standard data set shows that this
method makes different categories more distinguishable and effectively improves the target recognition accuracy of SAR
images.
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Fig.1 Flowchart of SAR target recognition based on dictionary learning and extended

joint dynamic sparse representation
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(a) Original image
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(b) After transformation
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(c) Segmented target image
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(e) Processed target area image
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(f) Processed shadow area image

K4 SAR Ef% (LA BMP2 i) FikkFRgs
Fig.4 Preprocessing result of SAR image

(take BMP2 as an example)

#2 DL + EJDSR Jrikm R

Table 2 The identification result of DL, + EJDSR
S BMP2 BTR70 T72 HBIEHE (%)
BMP2-SN9563 190 5 0 97.44
BMP2-SN9566 181 6 9 92.35
BMP2-SNC21 182 4 10 92.85
BTR70-SNCT71 0 196 196 100
T72-SN132 0 0 196 100
T72-SN812 9 12 174 89.23
T72-SNS7 20 6 165 86.39
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FrASCHE Y RS A LRy AR LR )



1244

RAE: B S S R IR G sl S MR 1) SAR AR

2645

BN RGR A IR 28, K F R 75, SE5
R EEAS R UL 5. X JURh 735 5 A

ik 1. SCHR [4] a4 R R S SAR
H#riH 5] 32 (Sparse representation-based classi-
fication, SRC).

vk 2. SCHR (8] i pg e ) SEE SAR
H RIS 73 (LC-KSVD).

Jivk 3. SCHR [9] TR ETERG SIS R L
SAR HrH A ¥ (Joint dynamic sparse rep-
resentation classification, JDSRC).

Jik 4. [RIEHRL B AR DR I 52 X e
GG IEE SRR G B SR s i (DL +
JDSR).

Tk 5. ASCEE M P[RR E A XA 5
A AE R, 46 2y ) M0 R IR A 3 AW B2 R
#¥%E (DL + EJDSR).

9500 %

90.48 9091

90.00 88.29
85.00 83.71
80.00
77.18
7500 I
SRC

70.00
LC-KSVD JDSRC DL+ JDSR DL +EJDSR

BI5 RIS T

Fig.5 Recognition accuracy of different methods
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Fig.6 The variety trend of recognition accuracy with

the dictionary size under different sparsity
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