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SAR Target Recognition Based on Monogenic Features
via Multiset Canonical Correlation Analysis

WANG Yuan-yuan
( Chengdu College, University of Electronic Science and Technology of China, Chengdu 611731, China)
Abstract; A Synthetic Aperture Radar ( SAR) target recognition method based on the multi-scale
monogenic features is proposed. To fully exploit the discrimination capability of the multi-scale monogenic
features, the Multiset Canonical Correlation Analysis ( MCCA) is used lo fuse the different types of
monogenic features from different scales including local amplitude, local phase, and local orientation, which
results in a feature vector containing the internal correlations of each kind of feature. In the classification
stage, the Joint Sparse Representation ( JSR) is employed to classify the feature vector fused by the three
kinds of features, and to further exploit the internal correlations of different types of features. Finally, the
target type is decided according to the reconstruction errors from JSR. Experiments are conducted on the

Moving and Stationary Target Acquisition and Recognition ( MSTAR) dataset to evaluale the performance of

the proposed method, and the results prove the validity of the proposed method.
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Fig.1 Tlustration of SAR image feature extraction
based on monogenic signal
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Fig.2 Basic procedure of the proposed recognition method
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Fig.3 The optical images of ten kinds of targets
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Table 1 Training and test samples under the
standard operating condition
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Fig.4 Confusion matrix of the proposed method on the

10 targets under standard operating condition
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Table 2 Recognition performance of different methods
under standard operating condition

TERA FEFEHE/ % i [ 78/ ms
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SVM 97.88 54.3
SRC 97.36 58.8
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Monol 98.26 86.5
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Table 3 Training and test samples under

configuration variance
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Table 4 Recognition performance of different methods

under configuration variance %
el
A5 95.42 CNN 93.96
SVM 92.58 Monol 94,27
SRC 92.14 Mono2 95.03
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Table 5 Training and test samples under pitch
angle variance
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Table 6 Average recognition rate of different
methods under pitch angle variance %
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