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Remote sensing image scene classification based on
multi-channel self-attention network

YUE Hong-Guang', HAN Long-Mei* , WANG Zheng-Yong', QING Lin-Bo'
(1. College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China;
2. Chengdu Institute of Planning & Design, Chengdu 610041, China)

Abstract; High resolution remote sensing image (HRRSI) scene classification is widely used in many
fields such as land monitoring, environment protection, urban planning and so on. The existing scene
classification methods cannot fuse the local-texture and global-semantic information well, and the rela-
tionship between the features of each channel has not been effectively explored. Therefore, this paper
proposed a new method based on multi-channel self-attention network for HRRSI scene classification.
Firstly, the multi-resolution features are extracted by Convolutional Neural Network (CNN); then, a
feature fusion unit is used to establish the local-global relationship between multi-scale features. In addi-
tion, Inter-Channel Transformer, which is based on multi-head self-attention mechanism, models the
merged representations in the channel dimension, and reasons the relationship between the features of
each channel, further expands the global receptive field to capture its semantic structure information.
Finally, the proposed method improves the classification accuracy. This paper also designs series of ex-

periments on AISC and SIRI-WHU datasets to demonstrate the validity of the proposed algorithm for
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HRRSI scene classification task. The OA(Overall Accuracy) performance are 95. 70% and 94. 00% on
AISC and SIRI-WHU respectively. It has surpassed the state-of-the-art algorithms.

Keywords: HRRSI scene classification; Convolutional neural network; Self-attention mechanism; Multi-

channel feature
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PR RE T THIAH 22 K. 7R SRS 2 UERR R (OA) I
KT ICT ARERIAN R 1 3 18 1 T A 0. 4 A4
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Tab. 3 Contrastive experiments of channel inference

HELE ICT BIBIERE N =] OA/%
i v X 95.70
AISC20)
X v 95. 30
v X 94. 00
SIRI-WHU!27]
x v 88.58

4.3.3 mkxiy  ARSCBOE T RS ENSL L, U
IR A th CBAM 1 ICT B A RPE. sk
4 FR 5 PR,

F4 AISCH HERERIE
Tab. 4 The ablation study on AISC'*

Method OA/%
MRFNI26] 88.17
MRFN26) +-CBAM! 28] 92.71
MRFNEZ6)+1CT 91. 70
MRFN[26] +-CBAM 28] +-ICT 95. 70

x5 SIRFWHUY #9584 ah L
Tab.5 The ablation study on SIRFWHU™"

Method OA/%

MRFNL26] 84.17
MRFENL26] -+ CBAML28] 90. 62
MRENL26)+ICT 91. 04
MRFNL26] -+ CBAM28] +ICT 94. 00

(1 BIMUAEF 243 B3R fib A ) 4% (Multi-
Resolution Feature Network, MRFN) , B {A& 432
VERR R AR 88, 17 Y F 84. 17 %.

(2) £ MRFN 1% BasicBlock # e v & i
CBAM J&5, Al LE HH OA 43513 T 4. 54 ~H
43 RAL6. 45 ANA 43 a5 I AT WL CBAM 3R &
TR ZS (] H )38 A R ZS [R5 S s TR
[RAIE R IR BE

(3) MU ICT X Z 38 18 ¢ 1E 7 1 4t 2 1]
ARIBT, OA ZFFIM 88, 17% 1 84, 17 % T8 T
91. 70 %1 91. 04 % , Bk il WL, ICT FEEe A5 5 S 1
T MJRERRIE 1) 4 SRR A %) B, A P2 10 = 20
SEERE BARIR T BUREA T JE v e 1
ARG B, 1 E B, 7E CBAM M ICT By 3
JINEF R AF A SRR P BEZE baseline FFEAE -
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