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Abstract The neural network based on attention mechanism can focus on extracting the feature information from
the key areas. The application of this characteristic in the polarimetric imaging target classification can help us to
obtain the relationships among different polarimetric images and to extract more feature information from critical
areas. To solve the difficulty of target recognition in cluttered natural backgrounds, this paper presents a
polarimetric imaging target classification method based on an attention mechanism. Firstly, the attention
mechanism and the convolutional neural network are combined to construct a polarimetric feature extraction model
suitable for limited samples. Then, proper polarimetric images are selected as the input model for training so that
the attention module can give more weights to the channel domain and spatial domain feature information that is
easily classified to obtain higher classification accuracy. The experimental results show that the classification
accuracy of the proposed method can be further improved in different natural backgrounds and reach more than 95 %

in the self-built polarimetric target database, which is obviously improved to compare with that of the traditional
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deep learning classification method. Thus, our method is more suitable for target classification in cluttered

backgrounds.
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classification
OCIS codes 110.5405; 100.4996
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Fig. 1 Characteristics of polarimetric imaging targets. (al)(a2) S,, S, and S, samples of different iron flakes;

(b1)(b2) S,, S, and S, samples of different bullets
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Fig. 2 Flow charts of data processing. (a) Flow chart of data processing in CBAM; (b) flow chart of data processing in

channel attention module; (c¢) flow chart of data processing in spatial attention module

3.1.2 HARHERk

2 BB e S 8 AU AU — 1k IR LR M O R
B CBAM #H B, # 56, #I JH CBAM #3155
A 22 38 38 i AR B 1 3 T8 v O R 2 TR T, OF
5 F0 8T 1 REAE 1 L TR FH 46 FRUR 3 3k 74T 50 1F 4 B
AR USR8 B I 2R B 22 A 3 1Y R AE B

(@) (b)

Conv 7X7

Batch Norm

P 3 A [l A5 e f) B Ak JEL U AR

input data

Conv 3X3

Batch Norm

ST, GRBRELSREDTMH b5, s 2
BMER 020 1 BIEZS A L R AR 4 P i
PREL Relu REETHM AL R IR RE ) . & BB
Bl b PR AR AP 3 () TR, o CBAML_3 30K
CBAM 1438 38 V2 ek vh 2288 - B8 3, Conv
7~ A f AR, Batch Norm it IH— kA3,

Conv 3 X3

Batch Norm

output data

Ca) 45 BUBEHR P B B0 AL B R AR 5 (b) 5% 22 A5 Bl v A9 B 4fs Ak 28 3 72

Fig. 3 Flow charts of data processing in different modules. (a) Flow chart of data processing in convolution module;

(b) flow chart of data processing in residual module
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Fig. 4 Structural diagram of polarimetric imaging target classification network based on attention mechanism
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Fig. 5 Experimental equipment and experimental environment. (a) SALSA polarization camera system;

(b) outdoor shooting; (c) targets placed in grassland; (d) cropped target sample
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Fig. 6 Experimental results for target classification in sandy area. (a) Classification accuracies of proposed

method and traditional methods; (b) training losses of proposed method and traditional methods
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Fig. 7 Experimental results for target classification

in bare soil area. (a) Classification accuracies of proposed

method and traditional methods; (b) training losses of proposed method and traditional methods

100

g 90

g

2 70

3 .

& 60 Y -8, S, S,+Resnet18
50+ / — proposed method
40y 5 10 15 20 25 30 8 40

1r --*S,+Resnet18
— 8, S, S,+Resnet18
— proposed method

~

0 0
) 5 10 15 20 25 30 35 40

Epoch

K8 R DX R F AR O 28 SRR 4

o Ca) B2 M Y 5 1 S5 4% 8 5 1 4 43 ZE VR BE 5 (b) AR ST vk 5 4% 4 T vk B U4 R

Fig. 8 Experimental results for target classification in grassland area. (a) Classification accuracie of proposed
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Table 1 Numbers of model parameters and running time

Number of model Running time in Running time in Running time in
Network
parameters /10’ sandy area /s bare soil area /s grassland area /s
Resnetl8 1. 1181891 192 177 197
CBAM-Resnet18 1.1292276 241 221 250
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