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Remote sensing landslide target recognition based on attention fusion
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Abstract: Aiming at the problems of traditional remote sensing landslide recognition methods based on
convolutional neural network, such as too many model parameters, insufficient attention in areas of
interest, and difficulty in capturing long-term (global) dependency, an automatic landslide recognition
algorithm of remote sensing images based on improved self-attention and convolution block attention is
proposed. The algorithm is based on the encoder-decoder target recognition framework. In order to
enhance the model’s attention to local features of landslide areas, the convolution block attention
mechanism is applied to the extraction of shallow features, and the landslide target feature association
information is obtained from the spatial and channel dimensions. The improved self-attention mechanism is

applied to the extraction of deep features, so that the model can capture global feature information within
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and between feature maps, which effectively distinguishes landslide targets from background areas.

Experimental results show that the landslide recognition precision of this method is 96.81%, and the

average accuracy ol pixel segmentation is 90.11%. The proposed method can effectively improve the

accuracy of landslide identification while keeping the model lightweight in comparison with FCN,

DeeplabV 3+and other algorithms.

Key words: image recognition; remote sensing images; landslide recognition; self attention; convolu-

tional block attention

1 7]

Uu\l

B 5 1 SRR R 1Y) & e S Je T B X R
F1 BRI, X W S A W M R O R LA
TEHLSE R S M B S A Y AR
Senl, EE SO0 AT H AR T LR B
N H AR PR I 1 B R B B A
JUITHRAE , 5 % 2 A 3R 12 IR AU Hie A &5 4 L )
WA B v AR A L BN U 5 | 3 R
G RA AT N AR B RORAL o A
AU R R

UEAESR TSR O IR USRS L
i 2 20 3 5k 4 B SR G RRAE il 22 2 B AL
(MLP)™ Sz FE i HL(SVM) YA #2874 4%
(ANN) "4 5 26 28 k17 12 & H A3, A 3h 1k
TR (RS RUAK O T T, AL AR
IR TR 2 ) B ARFE B UM & N 4 (CNN)
B RBEINGAEA AN N TR B A I, KR 4R
T IR B ROCR IR B TR 2R T B R
B 22 AR T CNN it A 42 46 g &2
RUBE 43 # DCNN BERL | ) FH 4 372 42 45 1) i e 455 78
ZALBE T, U B H AR R U AR B A F1 87. 68 %0,
BER TSRSk, F/NEEY®KT
Faster R-CNN M543 15 T2 #21%, LB T i
fIE T8 35 H B 09 v U1 58 (E G I 25 3% ke v 98 3 X
AR A BR . A X B B AR ST A S IR
A T, 25 7 A SRR A R T AR L R R AR 1Y
Mask R-CNN ¥ 3 $2 W5 ¥ |, 1% 07 15 46 000K 2 3k
) 94. 0%, I T AR R T MY = AR W Bk
F B E e T R H AR SR R
) B, F 455 T UNET BB HE 4L, 5] A FPN
S5A A BLR 401 % pREL, K ks T HAr i i1 5
508, BPXF CNN Jay #0252 B 2 30 3 5 b 3R
SO LA DK 3 1 ) B0, o S A5 a5 A A o
S5 K R TE G R AL R TR R Y 2 RO AR

TR 45 SO 42 Jmy BRI RE T, 76 ¥ 3 1) 56 PR DR 35 AN
X A3 ik AR SRV Jr TS U] AR . b G
T 25 - f% 55 25 45 ¥ 76 W BRI AR 55 BRI =
ik 2 2 AV HR 2 RO RRAE G T B 43 ) ) 46
HE B2 3 4o 8 % 3% 42 £ WUJmy AR AR AE L A1) FH Bk BR 3%
e R AN BV < 1| = R 2 sy 7 £
ELA T R RS B2, RE 98 A A5 55 i IR AR
FME A

BT R N g5 0 0ROk R 2
JEE R G Jn SRR, B = B 4 S0 (2 )R))
FEAE ] AR OC R A8 7, X B AT B Xl G v
AR BRI e ) AR SO — R T
J7 Rl G RGO B B AR IR O . B O A
WRJZFRAE 5] A 8 B 5 A5 R L
S T M XS R AR A L R, R IR R R AR
2, R it A & 1 (Self-attention, SA) i i
ROk bR SCRRIE T 914k, B B B FR BRURAAE
(] AH DG OC FR o %07 1 F H CNN 1 BIZ IH 24 fi 22
A RGEE SR T A TERE BRI R, A SCH
JE B R A /NI TR, Bk R SR S I UK A
T8 SRS I S A R AR Sk B 9 BCH T SR 4 B M 4 B
AR A SR X, R R A SOy AT W 3 X R
AR AT PE

2 B TR E A aRAAhiE BB YR A

2.1 ETFENRMENMEENE

BT R IR B i U ) 2 25k R 1
7R o %07V A S T 2 -k T e R R 45 4 L i )
T AT o3 B 4 AR AR 1 4 AR E AT 5 AR 2
i FH % FR B 1 & 7 (Convolutional block attention,
CBA) £ Bk Bk BR % 4 (Skip connection) #f 17 i 3
O T Xl 4 B, 7 22 AR A 2 M BT R B e
H E T D G A R B 0T R 0 A R ) R )2 AR AIE 3R
7N LT AR R G SO T B9 4 JR AR OC AR o



1500

64+64 64

128 128 QA

¥ 256 256

512

512

256

-0 — -l

Y ]
EE>Em>EE

512

d Wiy’
ﬁ » 3x3 Conv

Y 2x2 Max pooling
A 2x2 Up sampling
[ SA Encoder

256

[ Feature map

[d cBA

—» Skip connection
B SA Decoder

P13 3 0 Rl 0 U 0 4 45 4

Fig. 1

2.2 HHBEFEANE

HERE HLE B Vaswani 5 2 , HE T
R IE A R AE PN 0 AR B OCHR M BB A8 R AR
()RR . B AFFEE XE R w, ot
C H . W 53 5| Dy i 38 250 25 o) i FE M SE 3 . &
S8, G BUKE Xl ) 21 34NN [\ A RRAE 25 1) Q
K. VER, yww, Hoh d<< C, 3 R fiF 0 38 1) 4t
o BEFS¥ Q KV b — {3 1Y 42 JE R IR AL
T IFEIE R gy kv, €Ry (i E€{1, e n ) ),
Tn=HW, ¥ Q.K.V k= mmrwumw
SHPEAE N QLK V'ER, vo ATERE I /i
JE—AS Al 45 55 B (Scaled dot-product) :

! 1T
ﬁchKcvosmmmx( V', (1)
d
K!T
pi= softmax( qi/7 ) , (2)
Vd

Hd, softmax 0 — L8 B ek . B ARk U, 56
iR Y LR SO B p, R g FBEAS

Landslide identification network structure of attention fusion

fe, V) R DG B 2
AE B
K
EAFEZIIE S FIRKEERTAEER
Jiits. SCER[22 ] N HEY ﬁﬁﬁ%?ﬁﬁ&iﬁ
ML TE B A R AE 28 [ 5 B Q (K V2 IR R, A
PEFRATTHRE s — Fh ek i [ = AL BK 5T 5]
LB A G K VM e S R AR B BE K,
V'ER, ., HHs<n, AEE AN .

)V”. (3)

285 ok Bk Y A T R RE 8 46 e IR 81 Ak K
P KV S BE DT 3 B s 20 A 2
R AR B AR
2.2.1 M BAEEN BB

AR Bk B R ST HLE BT B T S S
B R AN 2 Bz o s B g AT SCHRRAIE (]
XERc pow, EM 3 DRI QK. V, &1t

AR I ALE , o, il B
gk N QUK VI B i AT F B

1T

f;nll(Ql9 KU, V’/) — Softmax(

Input sxd
=l ez
CxHxW sxd CX
o )

0 —50) =
=
Positional
encoding I e Soilinss

nxs

P2 St A R i R b

Fig. 2

Improved self-attention encoder module
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