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Abstract Deep learning has become a research hotspot in the field of image recognition. Different from traditional image recogni-
tion methods,deep learning is to automatically learn features from a large amount data and has a strong ability of feature learning
and representation. However,under the condition of small samples. the traditional deep learning methods such as convolutional
neural network are difficult to learn effective features,resulting in low image recognition accuracy. Thus,a new image recognition
algorithm under small samples was proposed to solve the classification and recognition of SAR images. On the basis of convolu-
tional neural network, it combines convolution operation with autoencoder to form a deep convolutional autoencoder network
structure. The algorithm firstly preprocesses the image and enhances the image using 2D Gabor filter,and thentrains the model,
finally, constructsthe image classification model. The proposed model can automatically learn and extract effective features from
small sample images,and improve the recognition accuracy. On 10 categories of target classification of MSTAR data set, 10%
samples from the training data were selected as new training data, the rest were valid data,and the recognition accuracy of the test
data in the convolutional neural network is 76. 38 % , while that in the proposed convolutional autoencoder is 88. 09 % . Experimen-
tal results show that the proposed algorithm is more effective than convolutional neural network in small sample image recognition.
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Fig. 1 Preprocessing results of SAR image
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Fig. 2 Convolution pooling layer and fully connected layer
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Fig.3 Convolutional autoencoder
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Table 1  Statistics of experimental data
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Fig.4 Training results of convolutional neural network
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neural network
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Fig. 6 Input image and output image of convolutional autoencoder

TR BE R TUUN 25 2 09 1 25 A% 0 455 280 b £ 2 B 245 3 20
PO 25 4 AR R B, BV BR TR 3 () o 2 2 T8 118 4 T % 0 4
2 LA A A O 03 S TE 2 B 2 5 A5 4 B 28 ) 4 A5 A
PR 2R R L MG A RS0 B, 2R
& B R 22 [ 46 58 80 52 A AT () 3500 /N A A 8040 387 40 T )
BRI AT IR I3 26 . B 93 22 73 28 38 SUR 42 % eR B L Ak 4 A
Adam, 27 >] %0y 0. 000 1L YN ZRIK BN 60 HIE By Be il 2R 45
R 7 fiR,

Ch) %y i P 1%

25

" —— %% 100 p
20 ‘ —o— Bilf -
|;mo0000000c0000a00000000000C
sl 80
2 X
S 3%
05 | 00000000000000000000000000 <40 |
4 —o— Jg%
0 4 204 J —o— RiF%
0 10 20 30 40 50 60 0 10 20 30 40 50 60

epoch epoch
Ca) 2R A5 1K Ch) A A5 1L
7 T s O B (N s
Fig. 7 Training results of convolutional autoencoder in fine-tuning

ML 7 TTAL, Zead WO S5 B B S o S48 DI 2 1) 7L 00 o o 3
AEAIR P2 B 2 DI R 000 38 o e e B 5, T A AR b
ZMER BT EINARZRA YA B LRI, B, £
I B BE . H 20 T R A 891 2k 400 YT  H 4 0535073t BE A %
PRI SAR FUSRHAE 5 76 G008 By B, F)H 4 55 2% 19 45 4 F AL &
A DU 2R S B R O ME R R U 2R 10 IRAE A HER R E &
KBRS E L.

TR B B v [ 1 5 R g B 2 o SRR BRI 5 B R
22 ) 25 BERLAR [R] , 2 4 A UG Sy B 1 (o) BT o 1 Ak 34 18]
B, 55 1 2 A6 B Ak 2 B ik B AR AR RS 2 )RS B AL
i A FRAE E AN 8 R . 5B B 2 W 45 4R T 1
FEAE T CHN ] 5 BT ) Al L, FE BT B il 5 1 L BE A8 BT A A0 1
A EG 300 2 R3S JE FRAE

Ca) 55 1 24 R AiE (b5 2 J2 i i RRAE &

B8 BT H i a2 FiE AL rh % B AL 2 (0 B R AT B
Fig. 8 Convolution pooling layer output feature map of convolutional

autoencoder



128

Computer Science THEHLEIZ  Vol. 47.No. 5. May 2020

TE MR o BEAT I 28 B 20 B A 23 28450 0 1) F- 3%
HERR A 88. 09 040, H LU 3 AR 48 I 45 B RUAT 17 i JEE Y 4
Tho BRI P 2R AL 5 25 TR E S T AR 2 Y T Ay X G
m# 2 fr.

2 BB G MRS B g AL LAY TR o 0 R T L
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