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Scene Classification of Optical High—resolution Remote Sensing Images
Using Vision Transformer and Graph Convolutional Network

WANG Jianan', GAO Yue', SHI Jun’, LIU Zigi'
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(2 School of Software, Hefei University of Technology, Hefei 230601, China)

Abstract: Most existing optical remote sensing scene classification methods based on convolutional neural
network mainly perform global feature learning and fail to consider the local features in the scene, which
cannot effectively address the large intraclass difference and high interclass similarity. Therefore, a novel
remote sensing scene classification method based on two branches of vision transformer and graph
convolution network is proposed. Firstly the scene image is divided into patches and the then positional
encoding and vision transformer are used to encode the patches. Consequently, the long-range
dependencies can be mined. On the other hand, the scene image is converted into superpixels. The
convolutional neural networks features of each superpixel are pooled and used to represent the node of the
graph structure. Then the graph convolutional network is applied to model the spatial topology
relationships. Finally the final feature representation of the scene image are described by the features of the
two branches. Experimental results on the optical remote sensing image datasets demonstrate the
effectiveness of our method.
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FHARZ BN AR AE $8 3R 37 50 N 28, XE DLRAE 55 G SCAE R, DT TG 125 5 e by 107 0 1 JR% 37 5 26 I 22 S ORI
(] A ABL A e 1 i)

VT4, 2 TR 22 W 2% (Convolutional Neural Networks, CNN)' 52 2 112 56 1 5 9% i B b 7 T 328 8
E 15355025 . Z0U Qin 255 IR B 15 & M 4% (Deep Belief Network, DBN) i ] F 1% &3 5 40 25 . XIA
Guisong 25" 3R T AID i 25 5248 5048 45 L 0 IE T CNN1E 5 2K A7 %tk . CHENG Gong 284211 T
NWPU-RESISC45 i &% 1% 3 5 88 %, L8 T AlexNet'" . VGG fil GoogLeNet "4 22 it CNN J5 ¥ 78 1%
B L2 EfE . YU Yunlong 55K S T B4 S TR B2 RRAE Rl HE HE , (1 FH S50 3 R I 5 M VR 2 ) &6
¥ % 3 54 28 @A . HE Nanjun 25748 T £ 2 HE & P 7 22 W 1k J7 3% (Multilayer Stacked Covariance
Pooling, MSCP) , i F #E & CNN FFAE [&] (149 W3 75 22 50 FE A iR 37 5 O0F SE B ar 26 X7 R 2 HOg A H]
26 ML CNN LR sl il A5 o AR W2 AR IE I A %8 5t REAS 4L . Ak, BIAN Xiaoyong 48 42 H T
Z R 2 )2 /)5 9 96 15 (Multi-Scale Multi-Layer based Gaussian Coding, mSmL-Geoding) I F F i it = 4
% R CNN $F i 73 4 o ZHANG Jun Z5U 48 T 2 RO 3 B 55 fF 3 78 (Multi-scale Deep Feature
Representation, MDFR) J7 ¥ , fifi F X 38k b3 J5 22 44k CNN FRAE , FE S Bl 2 RO IR AR AE A o o5 — 7 Il , 38
B SRR R AR B THA Y RN R B CEE, ML R AL R TR R 2, B R
fiE 2 2] {3 AR v S VR B 5 N 0 JR i B 3 X . CAO Ran 28"l T 28T [ 1 2 s WL B0 VR B R A &
% (Self-Attention-based Deep Feature Fusion, SAFF ), )\ %3 8] F13 38 P 4~ 4 i 40 fk CNN FFAE , 482 T 7 4% R
X 5 9 B 3 B AR DL K3 SRR AE B (feature map) (KOG R G BHNRE 1o /N S5 B Y T 22 RUBE R IE A8 46t
FIE 2 D0 AL AH Rl 0 RUBE VR B2 ) 8 B A R 3y o R R R D PL 3 5 1 CNINARIE R R B ),
B2 Z0m 1 37 50 R Y R B B I O R DL BT E Y S B P OC &R L X B OC R BB 5 Y 5 07 R 1Y 1R R R AR
3, N4 = 37 543 28 I HEA 1 o

AR AR Y BE T 0 e o 4 R ] A LR 24 X3 S 45 A8 1Y) 18 RS EIR 7 5L a1 28 5 o S 0 T A e A 4 A
(Vision Transformer, ViT)"™ %37 5t P9 A9 K 85 24K 56 R IEATI2 98, i3 T Transformer 454 1 i 5 &
G HFAE 27 5 Lk, 4 FH 1R 35 B R 4% ( Graph Convolutional Network, GCN)™/%f 3 56 4 38 (1) 23 8] 47 $ 56 £
A7 AL, gt Ny EL A 2 8] 06 R BN 1 38 B R AR IE 60 s B L Al VIT I GON XUy SRR IR o B K R
B G 72 N A5 B) Fh 0GR Rl BB SRR 3RO 1 SR AN 18 IR s MR I REE SRR BE D .
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P08 R B4y R TJ7 R AL 1 Ca) T, A 3 JE 37 S PR Ak B pl PR A 43 SR s, BV TR O A A 2
(VIT) 14 3153 3 A F RS B 45 (GCON) AR B4y 52 o 36T VIT 1943 32 1 560 R 2 He 3 Be R &
X R 4 23 6] 7 B R AT, B LA VIT 4 i %8 (Encoder) %% A B 43 Bk 8145 34T 4k B, 45 4 4 B 2% )2
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Fig. 1 The pipeline of the proposed method

12 BT 45538 0 IR

Mt A N BRI S S= (X, y) R X, ERCY RIRS i b R R, CHA W
53591 7 1190 30 30K 9 HE N G K, 3 2 9 PR G XE LK )« S0 4 0 LA 0 A ke, U2 1 47
BN m A ERIH I (2, 2, 0, 2,), A G2, ERP ool p R 44 B (G 0 45
Hom= HW/p*, VIT 8 Jelf [R5 A7 2 P AR BT 2% 57 () 2 A8 1 P (R A B A — 4 D
i AR 1% D 4 A — T LA 5 00 5 00 e BRI LR AP BP9,

1128002-3



T AR

o:[I| g E; . FE; -5, E]JrEI ,EGR(/()XD E, ‘ER(W\I)XD (1)
A, EL T 3208 25 G B AR I b EZ T 19 25 (8047 8 I 4 dm A B i A Ron o it i A RoR 5 1y BR
BB A VIT #9453 8377 (Encoder) i % 85 1 )25 — 16 (LayerNorm ) . 2 3 7 2 J3 AL (Multiheaded Self-At-
tention, MSA) Pl K £ 2 &A1 4% (Multilayer Perceptron, MLP) A HE ™ 4n=(2) F1(3) fias . HPpEIH—
A PHE A 25 B0 45 S R T 5 22 X 0, 22 2 IR i 0 2 )2 ELFGHOT pR KO GELU R B, X T B — A G
g 0 2, X H o+ TSR SR S8, TR Ry 37 5t R0 B Y VIT R AE R

—MSA(LN(z, ) + 20 (=1L (2)
2, =MLP(LN(z))) + 2/ [=1,-.L (3)
WE1(b) A1 (c) fizn , 23k i 2 T MSA o] IR R N
MSA (z) :Concat(Hl,Hz, ---,H/,)W" (4)
Kb H.(i=1, -, h) A F£R N
H,. = Attention(Q, K, V) = Attention (zWZ-Q, Wk, zWZ-V): softmax W) (zW,-V) (5)
b

X, W WEeER W eR Y, W eR" ", H d,=d,= D/h, Concat(-) 3 m LA 1] B HEZ |
Attention (- ) /R £ 3k 1E & 1AL
1.3 ETESRMNEHFFERN
o T 1O S RN A 6, A L b a9 g iR s R R 5 h BR T BRI AR B b A A BB R B
Gy MM 2 [ A7 AR — € B 25 [P R o IS 3 50 20 gk B 22 A Jm B Ak B BT 3 e 4725 4l 1 26 Ak B BT Y
Jry # S (R 4 0 OC R A B T2 T 37 SRR R RN 1 ST RE 00 o R, B X 3 R S R0 TR 1 3 ) 4 b
JEF R SLIC B35 % b st R BEAT 3t 43 80, 0 A 3 5 o R AR 32, 3 28 AR 38 T LA 37 35t D9 1Y Jd 20
b3 TT o [R)E R UI ZR 0 5% 25 0 4% ResNet ' X 8 A~ G 8 O CNIN HFAE , 78 A BB i — 20 R AE
(feature map) J5 , # #i5 Z 1 15 2] 19 HE 5 K, Bl H i Kb 4k (max pooling) 77 2% A4S R K 1) CNN FR1E 17
A B, DT A 3 AR R IS VLB CNINVRFAE 78, K 33k 288 15 3K (19 CNINCRP AR AR O TR 25 0 B 45 0,92
BeER ", H s RANBB R o BARE XN A CNNFFELEE, h i & SR FFAC R N
|1 if B;belongs to Spatial 4 — neighborhood of B, or B;belongs to Spatial 4 — neighborhood of B, 6)

0 otherwise

XA AHIR R B, (i =1, -, s) HESL28 0] 4 4B 3006 2, S0P T % B YR s (A0 0 6 R MM s PR Ik, S B
AR T 25 HAGR K 8] 1) 25 (8] 3 Fh 4 #J R 7 1 5 B 0 44 %) 43 J2 A % R0 T ) 3 1 25 T O 2R 4%
AR R A CNNRFAESEAT IH B AL 38 8 25 R4 5 36 R A 2 CNNRFAE , 3RO R 19 56 81 %o , /)

H = 6(AHOWY) (7)
X HO € R RS LRSS S M RE R R ARG HY D ERY T FR ifﬁ%ﬁf:ﬂﬁ%ﬂi H" =
X HI 4 R 0 CNNFRAEF AC R 2 B A B E AR AR I A=D (A+1)D 7175$u
ﬁ%oﬁﬁ&ﬁ%DﬁDf:ZMMWWGM““Bﬁw%ﬂénd)Eﬁ@ BRI, M, E A GON BT

BAZB AL, 52 BT 5 T 23 [ 40 Fh 5C R AR IR A

2 KWHERSHMW

21 HiE&E
SEEE T B PR A IT ) AIDY HINWPU-RESISC45' " 38 8 37 5 E 4G 8008 45 T PF A% BT 32 07 16 19 128 Ja
Y oy kR . AID B 8005k A 30135 28501010 10 000 3K IR o A4 MR 1 RS R 60018 % X 600 1%
o BRI AEGE R BN 220 B 420, 75 (8] 43 FERAE LN 0.5 m B 8 mo Ak, B0 (Y R AR 2
TEARR AR ST RER, FEENZERB K. NWPU-RESISCA5 KU 510 & 4517 5280, 4 3 5
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FH & 7004 BR BHR KN R 256 18 3 X256 8 K . S o R AE M 0.2 m %] 30 m, 5 AID 4
b, NWPU-RESISCA5 ¥4 4 HA KA KR F & 2808 2208 1 v A28 [RDAE RLRE & 55 B 25 R AR, DT 38
TR RWMEEE
22 ZWEE

R T AR AR S SCHR [ 9-10 128 A Bl 45 38 T A ) A9 INZR 0 EE 32, /AR ATD B4 4 v B A 2%
S G T BEAILIE % 20060 AT ISR, oA 8026 ME MK . Ak, i 4 ATD A9 I 25 0 3 1L 52 152 3 Ry 50 %6 -
50% . X T NWPU-RESISC45 B4 48 | 43 5 K R 09 I 25 L 3 35 % o 1026 .20 % , 4 Ho4r 90% .80 %6 43
S AT . S0 R H AR UE R 2R (Overall Accuracy, OA) IR i 22 (Standard Deviation, Std) 22 & P4 43
L OA W LA B2 IEM 43 25 00 S 5 A7 00 R LR, Std FH T B it OA I AR fbRE B o % B4~
SRAE WAL B SCH 10 UK, 8 MR 40 28 445 SR 10 U M 00 S50 R o 2 1 Ry HL A ) e 2 45

A SCAE A Py Torch o 52U L I RE , 78 VIT 43 32 A R /N IR BE O 224 X 224, 915 R 43 18 16 X 16
EHR S, 2 3k T I B (MSA) (19 3k 8 Head 15 %y 12, 4i % 4 (Encoder) $t i L 5% 2y 12, 1 ] VIT 1
ImageNet-21k I/ Fll 5 AU E VIT-Base ™ #4711 %5 o 2T GCON M RRAF $2CGH 43, i H] ResNet=50 S £2 Bt
Y BRI CNN RRAE , A 15 W9 2 GON BEAY | & )2 1 RRAE 4E 505 B 0 256,48 ReLu FIAE GCN 1 (1 ST bR
B, AL )38 £ BN Intel Core 17-9700X CPU(3.60 GHz) LA K NVIDIA GTX 2080Ti GPU,
23 SERMEMLEE

X AID Al NWPU-RESISC45 4 48 #F 47 18 J8 37 5 3 1 52 40, O i 488 1 19 O ik SRR MR 10 3% 5
KT FEAT T LA, A4 CaffeNet " \VGG-16""""  GoogleNet """ B 4> 37 4 B 5 iF B4 HE 22 (two—stream
deep feature fusion) " | £ 2 Uk F& th Jr 22 3t Ak 7 ik (MSCP)™™ (3 F 2 RE £ 2 19 & 7 4 % (mSmL-
Geoding)'"" B VR BERRAE 26 /8 (MDFR) 5351 36T 22 0 DL A0 U8 BE R AR il 7 15 (SAFF) L R
B TE = 1 4 7 1 (scale—attention network) ™.

2 LA T A D7 AID B4 B SCse 85 58 . T LR A S RRAE RlLA 1 4328, RU53 3208 BE R A il
B 7B R MSCP Y 7 A 1 43 28 M REAE I 45 LL 1) 43 91 2 20 %6 F1 50 %6 B9 4 18 F B 8 f F B4R 19 CaffeNet' ™ |
VGG-16"" (GoogleNet", Xt FHF L REM ik, W mSmL-Geoding' " A MDFR™, 1 Ffli il T 24~ R
MIRFIE R, 7= TR W A kR . o0 — i, B TR M ik, W SAFF R R R M4 ik
T E T3 5 G B T 43 25 09 R S B0 58 43, R ok B A G AR e B PERE o R LG R T AR SO B B
1R )RR HE AR 2R, 43 1 Dl 94.52 %6 F196.80 %4 , 38 BH 1% J7 12538 ik fl A AL 0 B A8 4 R LA BRI 4% (R REAE L 250 T
PG PN 8 ) K B A4 08 G 8 R 5t PN B ) 2 ) 4R DG 2R L R B T T L M Pk R Y SRR AR RO .

F1 AIDEIEEH20% F50% YL BT AREFERREZNBFERE
Table 1 Stds and overall accuracies of different methods with 20% and 50% training ratio in the AID dataset

Method 20% training ratio/ % 50% training ratio/ %
CaffeNet"”’ 86.86-0.47 89.53-40.31
VGG—VD—16" 86.5940.29 89.6440.36
GooglLeNet'"” 83.440.40 86.390.55
Two—stream deep feature fusion'" 94.09+0.34 95.99+0.35
Mscp 91.5240.21 94.4240.17
mSmL— Geoding™” 91.69-40.36 95.61-+0.28
MDFR™" 90.624+0.27 93.3740.29
SAFF! 90.254-0.29 93.83+0.28
Scale— attention network """ 92.5340.33 95.72-0.27
Proposed method 94.5240.25 96.804+0.17

5 AID 5 At , NWPU-RESISC45 £ 4 48 B A B0 5 K 3 5 A8 1b K 28 8 22 8 P R0 288 1] 4 ) vk
1 SRR N TR R S R T E S APk . 2 Won TRk HE )R AN ) B fE NWPU-RESISC45
R EAR G AR 2 . BAR VBT RS M ST 2 R B FIE T3 B AR T A iy
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CaffeNet " \VGG-16""Hl Googl.eNet "o {H 371 B B & , 3% THFAE @l A A0 5 35, AU 30 R BE R AiE b 5 D
MSCP" 7= iy 43 2 M RE AR W /E ATD B0diE 45 L i R B, X AR KRR b2 i T NWPU-RESISC45 5 4% 4 %
KA EAG AL TSI . X T3 T2 R, MDFR" AR E , i mSmL-Geoding' ™ i Tt A T 5 4
CNNRHE 4> A, o O af i oy 280 RE . AR ML T ALH vk  RIEFE B ML ik h Falg T
2 B R AIE 7 3 R 25 3P LA MBI T SAFE . X DA b 5 vk, A Sy B HUS T 8O AR 1 4
A, VIR EL 1o 10% 120 %8 B0 R, 43 BIHAS T 90.50 % #193.31 % BRI R o 56 B A SOy 206 0 3 5%
00 45 R EN 25 BRI 25 AH 45 6, 850 %5 08 T R DN 00 R AR RRAE RN 23 A1 HR 40 06 R LG9 T 3 50 28 SCRIE Y
FREE ST P EUAS T 54 1 43 2 B

%2 NWPU-RESISC45##E&EHR 10% F120% Y &L Gl TAR FEMREEMBEERE
Table 2 Stds and overall accuracies of different methods with 10% and 20% training ratio in the NWPU-RESISC45 dataset

Method 10% training ratio/ % 20% training ratio/ %
CaffeNet"" 81.22+0.19 85.16+0.18
VGG-VD-16" 87.150.45 90.360.18
GoogleNet'" 82.5740.12 86.02+0.18
Two—stream deep feature fusion'""’ 85.024+0.25 87.014+0.19
MSCPM! 85.33+0.17 88.93+0.14
mSmL—Gcoding'™ 89.3440.48 91.64+0.26
MDFR" 83.37+0.26 86.89+0.17
SAFF!" 84.38+0.19 87.86+0.14
Scale—attention network'"”! 88.92+0.29 92.254+0.18
Proposed method 90.50+0.26 93.31+0.15

24 HBZE

T2 J5 B sk VIT F GCON PN b 343 5, S8 1 1 J 37 ¢ LB P 4 IR g 4RO DG % R0 23 [A] 41 P OC &R
B AT, DR I 2 O R i A B 37 5 R A R AE s v o X 33X T A Ak B 3 S AT T Rl SR ORI AR O TR K
HAEARHVIT (w/o VIT)HIAH GCN(w/o GCN) B &L T 72 ATD Al NWPU-RESISCA5 %4 45 1 1 8 473
RUER R bRME 2, % 38 . Al LU F], proposed method w/o GCN 4 F proposed method w/o ViT, 3
W15 GCN 5t 43 3 25 F A 1L , transformer 43 32 S5 46 77 A= 1 8 109 43 SR I PE R, TR B % b 28 1 A6 2 i 1
CNN 4 5% 43 257 1%, proposed method w/o GCN L H A7 AT H i 20 288508 o X 1 B transformer 2% > AR i
1Y RE ) 70 38 7 5 oy R B T R AF A I ET S A Gl kG VT R GON AN 43 52 Y R R, BT
P& 7 B A ALY 73 S UER R

%3 AID 1 NWPU-RESISC45 ##E & F TR 77 & MO iH BRI X LE
Table 3 Ablation experiments of the proposed method in the AID and NWPU-RESISC45 datasets

AID NWPU—RESISC45
Method . . . )

50% training ratio/ % 20% training ratio/ %
Proposed method w/o ViT 89.90+0.50 88.10+0.21
Proposed method w/o GCN 94.20+0.22 91.70£0.18
Proposed method 96.80+0.17 93.31+0.15

25 GIDHBEBENERFEFELRK

Sk T 56 IR T B D 9 T S A S R Ay A AU 6 B T DenseNet—121 i £ 75 75 e AR R A
ViT AIAH GON G 8L T 78 GID" B 45 L2 Je kg . GID Bdis 8ok IR TR E & 4 25 AL, & | 4 R
KA m, AT 5 EREECEAY B ZRAR KA 38 150 3K EIME , K/ A 6 800X 7 200, Sk 7 fill
Yy S YR Ay 5T B SR TE 5 A RIS SE kB iE— 2500 R 15 5 P2 (RE L E I b\ 0k b (K [l
Mo T AR AR EAR MR AR N TR T T X AR AR X388 FH TR T899 N 3 )
522 000 K EMG , BIE K /M & 3R 56 X56.112X 112,224 X 224, 5 %F GID %44 4 15413 5t 12
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Frocys , RS 2000 TN 2R, B 2690 T /9 80 % I T+, & 48 1 =R Iy A 78 GID Budls % i 4y
KERE . T LA B, AUl transformer 45 44 (1) proposed method w/o GCN 4 F 4% & 1 i) CNN 43 2% 77 3

DenseNet, MY A# H GCN 43 32 #4) proposed method w/o ViT 43 Z& 7 FAK T DenseNet, iX 7] fg 2 1 F GID
HHE 5 ATD A NWPU-RESISC45 WA Bt 82 9 A AL, 28 11 22 5/, T B 70 H s 44 3 14 B 45 F A
REAR - 1 2 W 37 S5 N 1% Jmy B 0 I DG 28, DT 52 e U5 ME BB . Tl ok VT 1 GCN AN 43 S B R, BT 4 O ik
SR OL T A Ty vk, 38 W] 3 S 37 ¢ PRI P9 4 IR 8 A DG 38 s (140 H0 00 R I IR & A B T 1 s B A 3
SRR R 1Y % 5 fe

*4 GIDHEEE20% NEILGI TRR A ERNSEEFRE
Table 4 Overall accuracies of different methods with 20% training ratio in the GID dataset

Proposed method w/o Proposed method w/o
Method DenseNet—121 . ) Proposed method
ViT GCN
OA/% 69.10 68.50 70.20 72.30

2.6 HERLEHNR

R SRR N ar RCR R T R E N K . XM A CNN 432407 % DenseNet
T4 7 578 AID NWPU-RESISC45 LU & GID =58 % (1) 4 #b i % (Frame Per Second, FPS) #f17
TEEE I, AN SR o AT LLVE B AR 7 R AE AN BUE 4R By FPS BB AL T DenseNet-121, 3 150 B AH 14
AR T CNN 7 i, e J5 A T transformer 4544 F1 GCON 25 14 19 43 3, 1H 58 880R 45 2 W] b (4 2 7, [m) i
W R W] transformer 75 TH R A 73 EROR T 1 HA BAF 19 1 FH AT 5

%5 AID.NWPU-RESISC4570 AID ##5% FFriR A MRA R LIL B
Table 5 FPS comparison of proposed method in the AID, NWPU-RESISC45 and GID datasets

Method AID NWPU-RESISC45 GID
etho
50% training ratio/ % 20% training ratio/ % 20% training ratio/ %
DenseNet—121 63.4 63.5 24.4
Proposed method 135.6 138.1 139.3
3 it

ASCHE T — PO 2 08 SRR 37 5 3 2 05 5 %07 VR 43 ) ) AL 5 48 25 R0 161 6 BRI 4 4 3l %o 1 U 3

Sr PR AT A, A B W 8 % e e A2 4 1 PR PN A A I B B A OC R, e i BT A AR I 4 R R 3 U 37 R T T

B 25 () 1 1 O AR, 3 T A O 28 3R 7 i Al b, A 0SE B AT S8 03 B 0 Y 4 I 3R 2R O i T R IR R 9

Gr2 . AEE PRI AID (NWPU-RESISCA5 Fl GID I8 8% 6 15 37 5 43 28800 58 b 1 52 30 B 4iE 17 o i Jy 14

T 1 B3 5% o3 2 vh BAT B B4 70 S U RE ), (] o] 3 W] T J 37 S PRI AR N 308 o 7 1 I B g AAROE G 2 F 23 () 4

F G R A2 4 AT B T3 THRHIE 27 1 48 001 g
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