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Table 1 Scene dataset information

Datasets Images per class Total images Images size Scene classes  Spatial resolution/m
UCM 100 2100 256X256 21 0.3
AID 220~420 10 000 600X600 30 1~8
PatternNet 800 30 400 256X256 38 0.062~0.493
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Table 2 Influence of parameter d on classification performance of AID dataset

d OA (20%)
128 93.02
256 93.08
512 93.11

1024 93.70
2048 93.23
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Table 3 Ablation experiment on AID dataset with a training ratio of 20%

Architecture Methods OA (20%)
1 Without MDC module 93.2840.33
2 Without MAFF module 91.234+0.25
3 Without CBF 92.9140.22
4 ResNet50+MDC+MAFF+CBF (Ours) 93.70£0.11
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ResNet50 15 Y 20 Jig 19 25 A ) 25 347 3 56 43 28, AR SCIR) A SR T ResNet50 VE Sy HEfilt 457 1E 4 B0 2%, 76 I 2 e A

F4 EUCMBEE WS RERER

Table 4 Classification result comparison on UCM dataset

Methods OA (80%) OA (50%)
GBNet" 98.5740.48 97.0540.19
ARCNet"" 99.124-0.40 96.8140.14
Fusion by Addition"" 94.72+1.79

Fine—tuned ResNet50""" 91.90 89.43

Siamese ResNet50"" 94.29 90.95
Two-stream fusion " 98.0241.03 96.9740.75
CNN-CapsNet''* 99.05+0.24 97.5940.16
Ours 99.3240.20 98.13+0.18
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B 80 %6 I 43 25 HERA % 1L Siamese ResNet50 55 5.03% , 7E I ikt A K it Jy 50 % if 5 7.18 % . HIEWA T A 3¢
J5 1 e A i — 2D 4 T3 SR 37 S 4 28 A T R

UCM #4548 AR ARG A BFE anIE] 6 s o AT AR 1, 21 M3 528 00 b A 19 20152 88 17 100 %
53 2K BE o AN &l 7 BT R AL ER A (forest) S 423 (parking lot) BN 28 51 & A= TR L 9 5 20 31 45 1% 19 2891
oo Horp RS BI Y  JORE EE IR B T 90260, A 10 %6 Y IR B 1R ) Sk 5 JR K BRI (golf course) 251, A Ay ix

Sparseresidential 1.0

Chaparral - »
Agricultural -
Airplane -
Tenniscourt -
Harbor - »
Golfcourse -
Intersection - »
Buildings - »
Runway -

Beach - «
Baseballdiamond - =
Forest - «
Denseresidential -«
River -«

Overpass -
Mediumresidential - =
Storagetanks -
Parkinglot -
Mobilehomepark - o
Freeway -«

0.8

0.6

0.4

0.2

8
8
8
8
8
H
8
8

Sparseresidential -
Chaparral -
Agricultural -
Tenniscourt -
Golfcourse -
Intersection -
Buildings -
Baseballdiamond -
Denseresidential -
Mediumresidential -
Storagetanks -
Parkinglot -
Mobilehomepark -
Freeway

B 6 80% Il 4t % T UCM # 45 % ty 38 % 4 1
Fig.6 CM on UCM dataset with a training ratio of 80%

(b) Misclassification sample from
golf course

~
(c) Samples of parking lot (d) Misclassification sample
from freeway

B 7 FRARAE R A R R A4 o i A R

Fig.7 Typical samples of forest and parking lot categories and misclassification samples
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AR, A5 T 20 GO B T2 XU A il 1) O 27 1 IR R 3 5 2 26

P2 PR AR A 5 R TE AR B B R o A R 28 I 43 RS BE R 9500, A 504 19 3 St RN B DR ) Sy v A I8
(freeway ) 25|, P 2375 5 UG AR AL S 1R A5 X — AR 52 . — 2628 R 22 S /N i 37 5, 3 L X Kk 3 (tennis court)
HE Bk (baseball diamond ) . #5849 (buildings) , 38 F 23 B AR AL (%) 43 250 B2 10 A FH AR SO 76 S T axX 26 3
SRR BE Oy 28, A R R AT A B T 1, FE AR S TR O I A s .
2.6.2 AID 3 # & £ s5ik

AID B4 5 5 UCM Bl 2 A 1L, 3 5o 28 0 i B i 7 e 31 30 4>, 3845 10 000 5K 37 5 G AR R 4 PR A8
AT L, E — 20 80 T ATD 08 4 1) 0 JEME B o K i B0 4 B IR H R 43 s E Sk 50 %6 F1 20 %6 R AT
R (I

RS HEADDHIBELWSEERER

Table 5 Classification result comparison on AID dataset
Methods OA (50% ) OA (20%)

ResNet50'% 91.31+0.58 88.2340.70
GBNet'" 94.5840.12 92.20+0.23
ARCNet'" 93.10£0.55 88.754-0.40
Two-stream fusion'*” 94.5840.25 92.32+0.41
Ours 95.84-+0.26 93.7040.11

WS, YN ZRAE A B S 5090 F1 20 %0 W A SO iRl I 1 by 57 3 2R 05 s o AR SO 2
2o Xk AN (5] 2 R AR AT B 2 XA A 92 LT 43 2 RRAE2E B, GBNet "L T 43 2 AR AR AT R A
5 A LE RE S UE W BT £ 1 15 2 XU R Rl 5 O 1 B R L AR 5000 BYREAR YN ZRINE , MR A2 T 1.26 %0, 1E
2096 BIREA I i, R R T 1.5%0 . Two-Stream Fusion ™ >R F W i A [ 1) il 6 5 w6 Ok il 5 AN W) 25 L 11y
TR 6 BURRAE , i JH 5000 F1 2006 B AR A SEAT YN R imp , A SCT5 ¥6 5 M L, e 22 03 il 42 71 17 1.26 6 A
1.38%0 . LA Lxf eSS RUE B A SOO7 4R A5 1 Fe e PR RE R 548 %5 T ATID MUl AL 19 70 RS

K8 R T INZREE AR 50 20 Wiz ot 4 AR AR A I o Wl DL Y, 30D 5t 2R A 2142800 1Y

1.0

0,00 0.00 000 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00 000 0.00 000 000 001 0.00 000 0.00 000 000 0.00 000 0.00 0.00 000 0.00 0.00 000

Airport B

Bare land - oo [ 0o 001 000 000 000 000 0.0 001 001 000 0.00 000 000 001 000 0.0 000 0.00 000 0.00 000 0.00 000 000 0.00 000 0.00 000
Baseball field - .00 BEZH 0.00 000 0.00 0.00 000 0.00 000 000 0.00 000 000 0.00 000 0.00 000 0.00 0.00 000 0.00 000 000 0.01 000 0.02 000 000 0.00
Beach - .00 BR0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 000 0.00 0.00 0.00 0.00 0.00 0,00 0.00 000 000 0.00 0.00 0.00 0.00 0.00

Bndge - 000 0. .00 B 000 000 000 0.00 000 0.00 000 0.00 000 000 0.00 000 0.00 000 001 001 0.00 000 0.00 0.0 000 0.00 000 0.00 000

Center -o% 00 00 000 000 |8

Church e e 00 000 000 000 I
Commercial -eo 0o 00 000 00 000 001
Dense residential -oe o 0o 000 000 000 000 000 KXY
Desert -0 003 000 000 000 000 00 0.0 000 8

Farmland -oe 0 0% 000 000 000 000 000 000 000 S

Forest -0 00 000 001 000 000 000 000 000 000 0.00 Y

Industrial -oo oo 000 000 000 001 000 a0 001 000 000 000
Meadow - 00 000 006 000 000 000 000 000 000 001 000 000 KIS

Medium residential -om o o s 000 a0 000 st aor 0o a0 000 ase 000 [N

Mountain -0 oo 00 oo 000 000 000 000 000 000 000 000 000 000 000 R

B 003 000 000 000 000 000 002 G0 000 G0 000 GO 000 GO 000 0.0 000 000 000 000 005 000 000 000
001 000 090 000 000 001 000 000 G0 000 000 000 G0 000 0.0 000 000 000 000 001 000 000 000
B 001 000 000 000 002 000 00 000 G0 000 00 00 000 001 001 000 000 000 001 001 000 000
000 000 0.0 001 000 000 000 001 000 0 00 000 000 000 000 001 000 000 000 000 000
B 6.0 000 000 000 000 000 000 000 000 00O 000 O 000 GO 000 GO 00D GO 000 00
000 000 000 000 001 000 G0 000 G0 000 000 000 001 000 000 GO 000 000 000
000 000 0.00 000 0.00 000 000 000 000 000 001 001 00D 000 00 G0 000 0.0
P .00 000 000 000 001 000 000 000 001 01 000 001 000 001 000 000 000
000 000 0.00 000 000 001 000 000 000 00O 000 00O 00D G0 000 0.0
000 000 000 000 000 000 000 001 000 000 000 GO 000 000 000
400 000 0.00 000 0.00 600 000 000 000 600 000 00 000 090
AR ) ) o 4 (047 ) ) G () 675 60 00 65 607 6 TR+ 0, 60 G 9 s G0 507 643 s ) 65 O
Parking 000 0.00 0.00 0.0 000 001 000 000 000 000 000 000 001 000 000 000 000 UM 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.0
Playground 000 0.00 0.00 0.0 000 0.00 000 0.0 000 000 000 000 000 000 000 000 000 0.00 [}

Pond -0 60 600 601 600 660 600 608 60 60 06 06 000 000 00 000 000 000 000 [EE

0.4

000 0.00 0.00 000 000 000 0.0 000 005 000 000
002 000 000 000 000 000 000 000 000 000

Port -oor 000 000 000 000 000 0.00 0.00 0.00 0.00 0.00 0.00 0,00 0.00 0.00 0.00 000 001 000 0.00 KRR
Railway Station -oo1 000 000 000 001 001 000 002 000 000 000 000 004 000 001 00D 002 0.00 000 0.00 0.00

RESOT -950 00 30 000 000 501 001 601 000 80 00 430 61 bo0 500 000 507 000 030 a0 st e |

24 0.00 001 000 0.00 000 0.00 0.00 000 0.00
001 0.00 000 0.00 0.01 000 0.00 0.00
2 000 001 0.00 001 000 0.00 000

RIVET -0 000 000 000 000 600 600 600 600 600 600 600 660 600 660 630 6a8 30 050 000 000 000 000 [IY 000 000 000 000 000 000

0.2

School -oo1 000 001 000 000 001 001 003 002 000 0.00 000 006 000 001 000 002 0.00 000 0.00 000 0.00 001 0.00 U 000 0.2 000 0.00 000
Sparse residential - o 00 000 ac 000 000 000 as0 000 000 ace 00 001 600 020 000 00 ae0 000 00 ace 000 001 ae 000 [
SQUATE - 001 000 000 000 000 001 008 000 000 060 000 000 001 00 a00 000 GEL 000 000 000 00 0a0 002 000 001 000 |
Stadium - oo 000 000 000 000 000 000 000 000 0.00 000 0.00 000 0.00 000 000 000 000 0.01 000 0.00 000 000 000 000 090 0.00 [

Storage tanks - em oo 000 000 000 a0 001 00 000 000 000 000 a0 000 030 000 000 000 00 000 000 000 000 000 000 000 000 000 [IN

Viaduct -oo 000 000 000 000 000 0.00 000 000 0.00 000 0.00 000 0.00 000 0.00 000 0.00 0.0 00D 0.00 000 0.00 000 0.00 000 0.00 000 000 RG]

1
l-

d
d o
h

= O C T S P TU R R R R.E N T EE 532 89
EE SO B EE B S e EEE2EEEE5E8CEE5E¥8
B - 3E 552 c8SE5EcEEal ~aEg2ZEESEE5S
R=] 20 =00 NI ET =LA S8 OOTTE S
<):8-:me E'caéu*so-oﬂ S 5 2T R8RS =
=] OCEETE S22 & Fafor
° '@ :Emz > 2 % o
Ao g B =g = g 2 g
g Oy £ A2 s £
o 2 5 5 z @
2 5 & g
A %’ 7]

B8 500 il % th & T AID $4E & #9338 48 15
Fig.8 CM on AID dataset with a training ratio of 50 %
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B ER R A 95 % AU B (park) 2k ZE 3k (railway station) | JE B Hb (resort) (22452 (school) i PU A~ 28 51| 4
HERR AT 9020 o A3 JEUER R B IR 3 5t R 2= ) IR 31 1 9026 By 43 Mg 2, Ho v R 2 BOZ S0 FEAS 1
B 538 7 Tolk (industrial) 28 51 o 10— 26y 7 4k 52 28 0 45 0 17 BOxE DL X 73 19 37 55, QA %5 4F 2 X (dense
residential) 5 #i 13 7€ X (sparse residential) Fl H %5 4 2 X (medium residential ) , 4328 W i 2R 43 51 35 3 97 %6
97 % F1 98%% , AT LA B AT T B db 4 2S o AR, BN 9 BTN L IRT I LU R SR EL A AE ALY AR S0 B R TR £
23 [ 43 A 2B T 9926 .98 %6 F1 98 %6 1Y R 43 M BE L IR SE A SCOT ¥ B |

' (a) River (b) Port - (c) Bridge

H9 AID#HAEE & i & 0 A if 37 & & 5 3 5K
Fig.9 Samples from river.port and bridge scene categories of AID dataset

2.6.3 PatternNet # #& & L 44 2f 1t

PatternNet £ 45 48 15 H B WS $0 e S A0 1L, IR 36 1T IR 2 1037 57 2800 8. 3% 6 O PatternNet $tdi 46 F#Y 73
AR X TIZEAE A A SO B S I T R RE R A A8 400 3K B 99.4204 F1199.60% 0 AR L
7R R B R LR i LA A R T B T LR 9 3 5 S R B EAT XS L . SDAResNet ™ [a] i
G123 18] B 07 R G T 3 R S U E VR 7 AR B B R 0 EHE R Ol T OB T A I 5 ik A I
ARSI R OB Ay S S R AR 5000 M1 2006 B IITZR FE AR il i 1 0.02% F10.12% . itk 7RI B 4R b
R BIESE T AR SCT7 TR RE S 2 35 B v B R IR A0 3 55t 0 2B

%X 6 TEPatternNetHIFE LW RLERILR

Table 6 Classification result comparison on PatternNet dataset

Methods OA (50%) OA (20%)
GLANet (SVM)™ 99.4040.21 98.9140.19
SDAResNet™ 99.5840.10 99.304-0.08
VGGNet (SVM)™ 97.540.02
ResNet101 (SVM)™ 98.64£0.02
Inception-V3 (SVM)"*" 97+0.02
Ours 99.60+0.06 99.4240.05

I He 2Rk 20 %0 B % 500G B 12 A TRV S B AN 1) 10 BT /R, 38 N3 52 i g 34 A 2R AR Se B T
99 % DL b i 43 2K B, 4 R o 37 §E L A ) T 100 % BY 43 2 T 3, A0 3% & B¢ (nursing home) .+ 7 & 1
(overpass) .7 AR M (chaparral) . &AL (airplane ) VU4~ 37 5¢ 2800 B ME B R A 5] 99% . Hovp SR 2 B £ T A 7 5%
FEN I 53 2R B B I (A L AR T 9590 MERR R . AN SCHE L SDAResNet ™ A [, 76 T 5 i 1 53¢
KW 4 2 MER RSB T AR KAV TE, 1 7E SDAResNet B8 F 470 50 75 319 93% 427+ 5] 1 100% , 3iF
BT AR SOy 1 RE A% 5 o X A 2% 3 A v 1) 3 Uk 3 w2 )
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AR, A5 T 20 GO B T2 XU A il 1) O 27 1 IR R 3 5 2 26

1.0

01l well -[E80.000.000.000.000.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00
S()larjanel - 0.00pHi080.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Nursing home -0.000.00[%80.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0,00 0.00 0,00 0.00 0,00 0.0 0.00 0.00 0,01 0.02 0.00 0.00
Parking_space ~0.000.00 0.00 fl8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Oil gas field -0.000.000.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 .00 .00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Dense residential -0.000.000.000.00 0.00fB0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Cemetery -0.000.00 0.00 0.00 0.00 0.00 M8
Shlpplng yard ~0.000.00 0.00 0.00 0.00 0.00 0.00 Hl8I0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0,00 0.00 0.00 0.00 0,00 0.00 0.00 0.00 0,00 0.00 0.00 0.00 0.00 0.00 0.00 0,00 0.00 0,00 0.00 0.00 0.00 0.00 0.8

.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Freeway ~=0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 g&HY 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Overpass ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 (1 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00
Harbor =0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 g%l 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Chaparra] 0,00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 IR 0.00 0.00 0.00 0.00 0.00 0,00 0.00 0.00 0.02 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00
Runway ~0.000.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00{#%eE0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Baseball ﬁeld ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 gMHH0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
]§each ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 {#iI0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sparse residentlal =0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 §¥sls} 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 046
Swlmmlng_pool ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 §¥el§0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Rallway ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 &l 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Transfomer Statlon ~-0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 EXEE]0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Crosswalk -0.000.000.000.000.000.000.00 0.0 0.00 0.0 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00 0.00 g 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00
Closed road -0.000.000.00 0.00 0.00 0.000.00 0.00 0.00 0.00 0.00 0.000.00 .00 0.00 0.00 0.00 0.00 0.01 0.00 [JE 0.00 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00
Basketball Court ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 pME$0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Golf course -0.000.000.000.000.000.000.00 0.00 0.00 0.00 0.00 0.00 0.00 .00 0.0 0.00 0.0 0.00 0.00 0.00 0,00 0.00 [T 0.00 .00 0.00 0.00 0.00 0.00 0,00 0.00 0,00 0.00 0,00 0.00 0.00 0.00 0.00 L0.4
Ferry terminal ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 gH#[#] 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 .
Wastewater_treatment_plant ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 el 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Football field -0.000.000.000.000.000.000.000.000.000.00 0.00 0.00 0.0 0.00 0.00 .00 0.00 0.00 0.00 .00 0.00 0.00 0.000.00 0.00 FRJ0.00 0.00 0,00 0.00 0.00 0.00 0,00 0.00 0.00 0.00 0.00 0.00
Storage tank ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 [¢eE]0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
River -0.000.000.000.000.000.000.00 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 FREY 0.00 0.00 0.00 0.00 0.00 0.00 0.0 0.00 0.00 0.00
Tennis_coul’t ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 k&&IH0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Parking_l Ot -0.000.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 {BEY0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Forest ~0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 gHH0.00 0.00 0.00 0.00 0.00 0.00 0.00 " 0. 2
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Optical Remote Sensing Image Scene Classification Based on Multi-level
Cross-layer Bilinear Fusion
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Abstract: Remote sensing, a kind of detection technology, provides non—contact surface observation
through sensor platform. With the rapid development of unmanned aerial vehicle, remote sensing and
satellites technology, quantitative remote sensing images with higher resolution can be generated.
Compared with medium and low-resolution remote sensing images, these high-resolution remote sensing
images contain richer ground objects and spatial details, which can express the spatial structure and texture
features of ground object more clearly, providing good conditions and foundation for remote sensing image
interpretation and analysis. Therefore, high-resolution remote sensing images have become an important
data source for fine earth observation. The scene classification of high—resolution remote sensing image
refers to the analysis of extracted remote sensing image information, dividing the scene image of interest to
different categories, such as forest, river, railway, etc., and is widely applied in environmental
monitoring, urban planning, military object detection, global climate change research and other fields.
Unlike general natural images, the geometry structure and space pattern of remote sensing images are
highly complex, and there are also problems such as complex background and many types, which is a great
challenge for effectively describing remote sensing image content. In addition, as a result of the complexity
and diversity of remote sensing image scenes, different scenes may contain almost the same ground object
targets, or the same scene may contain different ground object targets. At this regard, how to design
discriminative feature representation to describe the image directly affects the quality of scene classification.
In the past few decades, many approaches have been proposed, and most of these methods can be divided
into two main categories. The traditional scene classification methods, such as Scale Invariant Feature
Transform (SIFT), Histogram of Oriented Gradients (HOG) and Color Histogram (CH) , mainly use
hand-crafted feature but highly depend on the priori knowledge of the designer, resulting in the features
with low—level semantics and limited representational capacity. By contrast, convolutional neural network
has been successfully applied in remote sensing scene classification as its excellent feature self-learning
ability. It can learn features directly from data without the need of priori knowledge of the designer.
However, the accuracy of the scene classification approach based on CNN largely depends on the network
structure and due to the complex spatial patterns, large inter—class similarity and high intra—class diversity
of remote sensing scene images, the scene classification accuracy is severely limited. To address above
issues, a novel remote sensing image scene classification algorithm via multilevel cross—layer bilinear fusion
is proposed. Firstly, ResNet50 avoids the issues of model overfitting and gradient vanishing. It is employed
to extract the remote sensing image multi-level features. In this way, the four multi-scale multi-level
features of conv2_x, conv3_x, conv4d_x and convb_x layers were extracted by ResNet50 model. The
dilated convolution with different expansion rates can perceive scene information at multiple spatial scales,
promoting the network to acquire features at different scales. The context features at multiple spatial scales
are extracted by setting the expansion rate of dilated convolution to different values. Then, the scene
semantics of the feature information is enriched by serial fusion of multi—scale features. Since features at
different levels contain different types of information, the high-level features provide global semantic
information, which is helpful to identify and locate objects in the image. On the contrary, the low-level
features contain rich local spatial information to refine and enrich the internal structure of salient objects.
Such features can help high—level features to complement their loss of spatial information, which is
beneficial for classification. The global context information of an image has a global receptive field.
Considering the global information, the scene category can be inferred and the interference of background
details can be filtered. By taking the advantages of low—-level, high-level, and global context features, a
multilevel attention feature fusion module is presented, which can effectively enhance the feature extraction
capability of the model. The spatial attention is designed to focus on the key location of the scene image,
which adaptively learn the importance of different image regions, depressing the irrelevant information of
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background. The global context information is integrated into the feature fusion process of low—level local
features and high—level semantics features to realize the complementary feature information of each level,
resulting in pleasing scene classification accuracy. Finally, inspired by fine-grained visual classification, a
cross—layer bilinear fusion method is utilized to perform layered fusion of multilevel features, and the fused
features are used for classification. Hadamard product operation at any two different levels is utilized to
extract second-order bilinear information. Based on this cross—layer modeling to capture the association
between local features, the hierarchical feature interaction and efficient information integration can be
achieved, and the deep semantic information and shallow texture information contained in different
hierarchical features are fully aggregated. Moreover, compared with the traditional bilinear pooling
method, the Hadamard product is the product of two matrices’ corresponding elements, which does not
change the dimension of the matrix, effectively solved the dimension explosion caused by the outer product
operation. Through extensive experiments conducted on the UCM, AID and PatternNet datasets, the
effectiveness of the proposed method is verified. Compared with other advanced approaches, the proposed
method achieves more excellent classification performance. On the UCM dataset, for training with 80%
data, the overall accuracy reached 99.32% , and the classification accuracy is increased by 0.75% compared
with GBNet. On the AID dataset, the proposed method achieved 95.84% accuracy in 50% of training
samples, with an improvement of 2.74% compared with ARCNet. On the PatternNet dataset, 50% of the
samples are trained, and the overall accuracy is 99.6% , that has increased by 0.02% compared with
SDAResNet.

Key words: Remote sensing; Scene classification; Dilated convolution; Multi-level attention; Cross—layer
bilinear fusion
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