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SAR Image Target Recognition Based on Cross Domain Few Shot Learning

SHI Songhao, WANG Xiaodan, YANG Chunxiao and WANG Yifei

College of Air and Missile Defense, Air Force Engineering University, Xi’an 710051, China
Abstract Due to the difficulty in acquiring SAR images and the scarce number of samples available for research,solving the SAR
image target recognition problem under few shot conditions has become a community-recognized challenge. With the development
of deep learning in the field of computer vision,a variety of few-shot image classification methods have been derived,so a cross-
domain few-shot learning paradigm is considered to solve the few-shot SAR image target recognition problem. Concretely., the fea-
ture extractors of different domains are first trained in multiple source domains,while a generalized feature extractor is obtained
by knowledge distillation. In this stage.the central kernet alignment method is used to map the extracted features to a higher di-
mensional space,so as to better distinguish the nonlinear similarity between the original features. Then the target domain image
features are extracted by the generalized feature extractor obtained in the previous stage. Finally,a prototype network approach to

predict the class of the sample. The experiment proves that the method obtains 88. 61% accuracy while reducing the model pa-

rameters, which provides a new method for solving the target recognition problem of SAR images with scarce samples.

Keywords Deep learning, Meta learning,Cross domain few shot learning, SAR image target recognition, Knowledge distillation
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fungi 53.11+1.14 54.67+1.13 64.86+1.12
vgg_flower 89.97+0.56 90.60+0. 56 91.25%0.57
ERE:=A MSTAR 77.10£0.88 82.72+£0.69 88.6110. 81
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Fig. 4 Results of Sdl,Mdl and the proposed method on different

datasets

3.4.2 MSTAR ##% % LK S T o4 4 54 A

1230 43 S 56 3 R UM A NEE AR 1 1% . K-way 5-shot
M 5-way 1-shot, 7 MSTAR # ¥ 4 #4788 4E . %t F 44
1255 B 2850 A 5 AN a1 ASREARAE Sy SR 4 DA 36 T
AL TR 7 85 38/ AR S T % B AR B4 2 1 8 T, S & B AL
B 600 AMES, B 95 %6 10 B A5 B, I SR & JL/NRE A 2 3 )y
¥ Matching Network, MAML, Prototypical Network, Rela-
tion Network FI Meta-Opt F Sy % o J5 ¥ #E 47 W L, & 3

Uk L 7E K 2 SR s S R 2R 5 T 8 /N AR 2 3] O 1k TRk kAR

B I 45 R R B S HE B Meta-Opt J5 ¥, AR ST R 7E 5-

shot fll 5-way 1-shot FH#ERGEE /> BI4E S T 7. 12% M1 1. 15%
%3 MSTAR #44 Liy/MEAR 2E 2] 45 31 1A

Table 3 Comparison of few shot learning methods on MSTAR

dataset

it K-way 5-shot 5-way 1-shot
Matching Network 56. 83 48.28
MAML 55.37 47.59
Prototypical Network 59.92 46. 82
Relation Network 58.67 47.19
Meta-Opt 62.51 49.18
Ours 69.63 50.33

3.4.3 TMEAHBERRE 5L BF ReGMEEERF

MG 2.2 71, 2 IR B BE A BE 5 R I oR BT DA B
PB4 A (NCO) S F5 1] i HL(SVMD L # # 11] 3 (LR) . Ma-
halanobis i #M°1 (SCM) B; K 3T 48 (KNN) B 48 28 07 5, DL &
PETC (L2 90 8l A 5% A ABL B S B AR AE 1 2 T A LB
M 4 haf L&, X F ImageNet B B0 & , NCC+ COS
1) 20 & 7 AR B4 5 W % T Omniglot F5 #4415 . SVM
+COS By 432 o 1 B T8 w5 5 0 T 3R K38 4o 4 hr B 43 2 80 4
LW E A L2 EEMALHY SVM+ COS 432t B s &5 5 % T
SAR EE BFREL W B A NCC+ L2 44 315 T B UF ik
o PR B AR SCHT 4 5 18 F SAR B B AR, R
I NCCHL2 KA 5.
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Table 4 Comparison of results with different distance metric functions and feature similarities

A& Nce+ Cos Svm—+Cos Svm(12) + Cos Lr+Cos Sem+ Cos Knn+ Cos Nee+ L2
ilsvre_2012 57.93 57.64 56.89 53. 84 52.17 49.17 56.08
omniglot 94. 32 94.58 94.18 93.67 93.24 93.18 93. 84
aircraft 88. 14 88.19 88.25 88.22 86. 54 85. 37 87.23
cu_birds 80. 61 80. 32 80. 40 79.06 77.35 73.35 80. 58
dtd 76.38 76. 44 76.33 74. 64 74.36 72.05 76.51
quickdraw 82. 38 81. 81 83.07 80.42 81.43 77.72 81.33
fungi 67.94 68.67 69. 27 64.17 58.72 59. 94 64. 86
vgg_flower 91. 88 92.09 91.97 91.30 90. 47 88.67 91.25
MSTAR 87. 44 86. 96 87.24 86. 28 87.28 79.46 88.61
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