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FHLOK, BRMZ ML CNN (Convolutional Neural
Networks) 7EEI§ 73 28 GUUIRAS 1 S 0 3 Je
bi)5, V52T CNN B TAE W 7E i IR B G 3 5

BEE&WE : FERRH QIR X E (45 :2019XXX00701) ; 1 F5 44 T A5 & 1T (45 : 2020SK2134) 5 1 4 H R BHF# 54 (45

2022J130625)

F—EFE/ N TR ORI A0S, E-mail: wangwei@csust.edu.cn
BEEEEN: L3 50 M AU A, E-mail: wangxin@csust.edu.cn



2662 National Remote Sensing Bulletin

ERCEIR 2024, 28(10)

RAEF PRI . RARTE (2020) @ LEEIT
R MR, S THRG B N 2% 5 4
WA B 2ET5 0 0T I AT BRI R
/D I BT 2 A AR 22 I 28 3k LA R 2 Sk 21 157
SOOTRMRERE . Li 5 (2020) A% B L) SE
(Squeeze—and—Excitation) {EEIHLE (Hu%E, 2018)
T B 155 53 BRI 45 B HRNet - (High—Resolution
Network) (Sun%§, 2019) H, Fr#t ) SE-HRNet
A DA 41 X0 oA 8 FHERY 7 5280 . Zha 5
(2022a) $2 4 JR BK A 1 AL B ok 32 0T &
I, B BENE 7 ] B BB B R A
TRMNESE (2021) 4 ) — B2 T 00 1 =T AL
1Y B A SR MBI R IE RN i, T A Re e S
Xof et DXl R I R 8 DG, R T i R SR
INHSERIPERE DT o BRI U7 O A U B
SrRER, A —ERRRYE. CNN7ESZIBUR
BRAFAE 7 T R ARG, (HMELL AR A R AE R,
2 )R fE B B TR R R T i R AN A

AR, BfiZE Transformer (VaswaniZf, 2017)
YR B 2 2] Oy i pl R i, A L R | A
Z K. 5 CNN Jay #8 #8509 R 0l K 6] 19 02
Transformer 3 £ [ 7 &2 7 L HE 0% OCHK & K&
AR R, IR BRI 4 s AR 1. 1T
Z W 5% 22 150F Transformer 22 44 1 [ 2% v H T
IR EBR G AT S, IR AR B ROR .
Bashmal 5§ (2021) #& tH — Fp 3& T # 58 5% 4 4%
(Dosovitskiy 45, 2021) B30k, JFMH
AN [R] R E5 i e o S W I SRR Y T SR AE B A Y AR
B, CNN-Transformer f IR 45 2R A7 FI] T 45 5 P Af
PRI e . Zhang % (2021) 48 —Ffp 44 e J&
B 1 TR R R oy 20T RONEN HITE
1A # ResNet (He %, 2016) w1, H§58 T #
TR RFE SR IAE J7 o LisE (2022) f&ihi—Fp T
R PER I7 5 4 JE R Uy S 2%, i R 2% T L il
A T CNN (1 Jr) F4R1E F1 2E F Transformer 1 42 )7
FRAE, MIMTEE 40 MG . H AT R /iR A 424
SR SIS 6 SR 7E I 28 6 J2 B Bk A AR, T
J& JUA By Bk JH Transformer B, SR T X S8R 4 42
FFE R 2 Wy BoTC A AR 4 A B, 1T PR 82 0
TE3E R G 5 JAE 55 P B TERE

BEXF AR, A SCBT T — e 2% 4 B
B Y e P A SR R AR s A AR AT ) 2 U R 5 5
I3RAA ADC-CPANet. A SCHY FZTTHk: (1) 42

HH R B R S OB e ADC AR HR | B AT LA Ak
2 I 5 A 1 - o e A T S [ A% B e e 1)
Bett . (2) $2H4R— R RRE SR BRI CPA 15
e, AT LU S B4 JRy — SR A REAE I S 3
FRAE A RLA A, A 7E CPA B b 42— Fh B %
PRI Z B I 0o R A AR HURE T (0 2 B RS
IMETERE S, (3) HET ADCAH AN CPA 2
T 1 B EUG s 4y AR ADC-CPANet.
2 FREAIZERY T

R EUR Sy R BN ZE TR 2K
FEARLE w5 (A5 s R o, PR e R R 3 3 i 26
T 55 AR 8 % 40 BRI 22 ROBERRAE A 4R BLRE 7 -
BEXT BRI, A SCHE R AR AR SR BB B ADC
RPN 4 Ry — JR) AR AIE B BB B CPA B gk, I 5
TR B T T — Bl AR AR T 25 B B X R I
G Jey R IE Ry 8 AR AE 1) 38 JK R 3 5 4 I 4%
ADC-CPANet.

2.1 ADC &t

HIREGEA FEFEWEE LS, I TE R
FIG 3 5 50 28T 55 vhox 3 SR EHR B A T JR SRR AIE 32
B g, ST, ARSCHR R SRR AF SR B b
ADCAREHE, ZARHGE G MetaFormer (Yu %, 2022)
A —4EH . Hop, MetaFormer 32 H ¥ Transformer
BB b A IR A %% (Token Mixer) %4 Ay ith fk #4
YEJEAR AT LA B i 3 R, (H b B 5 5 &
R FRFRAE B UGS 78 53, by S 90 T 80l 4 B
JRTBRRE, AR SC T T — R R X R IR S R AR
h R ALY Token Mixers 3F X FR R B 45 B4 H 3x3
BT, 3RS DG IREBERIFHAL AT,
BMEELBRZ G YA GELU S %L (Hendrycks
1l Gimpel, 2023) Fitbr#EfL (loffe FI Szegedy,
2015) . AEXTFRE B RE IS A R R IUR) S FRRAE -2
TS T R Tl A 5% 1 & Pk . AF9E (Ding
4, 2019) FH, K 3x3 B RV AR X FRAEG FRAL
() I K 25 b ] 8 e R T Y R AERE ) . IR TE
MetaFormer 178 =X A 45 FH AR X BRI B G AL AL Fil &2
BB — XA B R M ADC B, Bk n
K1 7R . ADCREH ) 2 )2 IR AL — X4k 1 )
FEHZEEANL (YRR 4) RGeS
AR, 22 2 INHLNT DLSR IO JEASFIIE B R TIE
XU 7 T HLA AT LAAT 25000 8 i 5% ) £ 7 25 (8]
WA A, TR R R e



F ik 45 . ADC-CPANet: —FftJa)ii—24 Ry Ak a4 (1 38 SRR 5 0 2 i3 2663
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Fig. 1 ADC-CPANet structure
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U O RRE e G 4R B E AT DR, 15 3R/
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2, 8T B — [l R ISR A R R IR S I e, RS AR E B ARG R . RERE
By, AR T HALMEE ARERNZ 5 HERS AT 103 3 T R 4 SCRG R A B
IR ERE I MGDA  (Multi-Geonv Head Decomposition HRFIE

Attention)

FHEIE X e R" "B AMGDA J5 , 75 %6/
R Q. A K VL B RE v, HREX 0
Ah: Q= WWPX, K=WEWOX, V=WWox
Hor, WOFIRIE IXTI B, Wi 3x3 %50
FN2MHER (HEBC R C), ZrHERETE
A RAYRZ Y, AT I3 B 22 1) PRI RRAE
$225 3 % Q A1 K" HEAT Softmax #24E, 15 3] Softmax
(Q) FSoftmax (K"). AN[ETK/NJyHW x HW 1]
BRWHE T EIIE, A K Softmax (K') FIV
SRS B TR B R R/ €xCo 3R T HE R/
HCx CHEE IR —A0T 22 2 S5 B Y AT 8
L, 193 A TR A R R OC R TR K. &
Ja 1z = I E S Softmax (Q) &A1 2| MGDA 11
L a5 R . MGDA SR JHPIIK Softmax #AF THE PIK
W, S A ] ) 375 5 2 A 2R
B TR (1) For.
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(Softmax( ) 6)(((Softmax K') 8) ) ) D
Lob, HFEQe R™ . K e RC™AHIV e R™* S
IR RN HXWXC () 5K g AT 22 3043 . Y ]
FAWMSEOERE, o NASE. RUTZ TR
TIHLH, AR SOR R IR B ST RIF T
PR TR . BRI 2 R
222 WHEEEHHE

XF T H AL e A Ok U, T A5 9 2% 35 i
B BR A REAE A [ R R B AR, Ry T AR A
KB R BB LR, A= AL AT LUAT 3L
MR FHBRIPERE . AN A2 Huang 55 (2022) 21
WEIA R, 5IABLETEE L .

XUAE T 3 I HLH b PR A 20 S Tl T
153 SRS [T )53 3. I3 s, Zeih gl
BEEE N, HTHReRER; Al hasn
WEN, MTMRRER . miEEE s
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Fig. 2 Multi-Gconv head decomposition attention
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Fig. 3 Two dimensional attention
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2.3 ADC-CPANet

B B G ST B T RV R 25 4 &2 4
MIFRERL, 2T ADCHIRAI CPA BRI, A0t T
— i IR G 43 ISR ADC—CPANet, H85H
mE s, SR 1R .

&1 ADC-CPANeti¥#HSHiZE
Table 1 Detailed parameter configuration of ADC—-CPANet
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. H W 1 x 18/, C=192
',?fé, 4 IZJ/I\E/% 37 X 5 N
K [ADCBLHex1 ]+
[CPAEHLX3]
e Ix1 B Eo) R G Y

AR, C=TRIZE ]

AL HE i 1 R R B R BT SRR,
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BEHLH CPA B HL 47 22 RUBE B R AE SR s ) A
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WHTEEZNRTEL, MSRE 1B s
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#, (R ADC BRI By T 50 58 U 2 1 (K14
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HYRFERR R
3 SEAIRAE S

3.1 HiE&E

ARSI H i R R F LK A BT R AT 1) e JR
FS B04E 45 RSSCNT B4 4 (Zou 55, 2015) Al
SIRI-WHU B4 (Zhao %%, 2016) . PiAhEE 5
R R G 5 AT 55 N T B o FEBE 4

RSSCN7 4k 45 6015 2800 iR B 1%, X sL 5]
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Fig. 4 RSSCN7 dataset
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Fig. 5 SIRI-WHU dataset
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SEH R T ALENGR 3 AT 55 b i RPN AR
W, BERAHWERE (Accuracy) . K (Precision)
Al (Recall) . 754 (Specifity) . ~F- 17 73 %%
(Fl-score) 1E R PEAG R e . AR F U 1E
BB IEREA RO N T, BN IR A IEREA KON F
T B ) AREAS KA Ty, TO0 AR A B AR 5K
HF,, W ERPE R AR TR AT
T, + Ty

Accuracy = T,+ T, +F,+F, (2)
Pmﬁm=ﬂ?ﬂ (3)
Recall = T ZPFN 4)
Specifity = szyﬁy (5)

FI - score = — 2T (6)

2X T+ F,+ Fy
32 ZWiRE

Scarh, Ry T HE R ERRE A S A 1) 2R
XPECHE DEAT B B s A By S i Bl AL AR B R
& F /N 2 R 224%224, 8K G HEAT B ALK O i
B 0L A BRAERAE

TE S R, KA A ) 4 2% > ik
B 0.0005, MHEmEWSLT R, R B ) IR
2] REFE B VEPF, HU0, SwinTransformer (Liu
45, 2021), CMT (GuoZ, 2022). ViT (Dosovitskiy
8, 2021) MPIIREE 2 R 551 0.0002, A PR
BRI S B, S IR B AL 35 R A AdamW 4L 4%,
L I R B (weight decay) 13 & 8 0.05, ik
PRI BSCR FH 58 SUAR 40 2 pR B, g 2H S 3 2 A IRBL
(epoch) & K 400, VIl Zr4E Ak 48 )tk R~
(batch size) & J 16, T HEAE RF A SN
Ubuntu 20.04.4 LTS, CPU %4*5 % Intel (R) Xeon (R)
Silver 4214 CPU@2.20 GHz, GPU !5y GeForce
RTX 2080Ti, CUDA JRAN 11.1.74, 455 L AE L
4 Pytorch. It A B AL (1)1 25 55 0 1AHE W] — PiC 2 2R
5 T itktr.

3.3 HELL

R T B 45 2 KA A P, AR S i) DA
S BIHLNEREE R . TR REAE PRI A B
BTN, 7E RSSCNT $0dG 4 b i sc e 45
WMrFR2P7R. Hri, ¥ ADC-CPANet ' ADC £
Pl CPA #5545 3] CPANet; ¥ ADC-CPANet

o CPA BIH - Hl ADC #5815 2] ADCNet; K CPA
FEHLF ADC AR e 3k 2 I P 58 #6245 5] CPA-ADCNet.,
MW7, CPANet F1 CPA-ADCNet 7F W 25 45 1 By Bt
i H AR s Sy CPA 8 . X e HAE RSSCNT $idis
R LR 2ebERE, SIS ADCNet, CPANet
FIIAZ 8 M 25 I 5 A9 CPA—ADCNet 1 B R K T
ADC-CPANet., ZSEI R TR HE e S T Y
ADC-CPANet W] LAFE LA i BE R ER R Ry 5B ARk
A JR il , AT DABE s A A i B AR PERE . ADC—
CPANet=T ¥t ADC-CPANet H1%5 3 FlI% 4 B Bz i) CPA
BB I B o0 2, M85 IR)Z FREFEIEE 1 )5
LY 3R 25 T VT AN 48 AR 294K T ADC-CPANet.
NoDconvNet il B CPA 55k o 35 F1 I 156 v 3 g He v
MIREEG L, AT CPA BEHR L RS2 B4 JR - 10E
SCHZE LR, WK TEREA T N R LA L,
CPA A5 rp B2 B Jrg 0 A 11E i % T35 I 453 784 42 L 3]
AT . AT RYEEE . MHSANet T4 CPA #i 3k rp
) MGDA Bl 23k HiE R )1, LR R L,
RIS, WL RBRA S ADC-CPANet.
T 3 AR RLRL A R R A TP A 4 AR AR T
ADC-CPANet, NoTdAttenNet fif] 5 ADC A& £ i1 CPA
e RO Ed Ry =W I i B = G T T Oy [
R I8 8 A B Y B D 5 NoGeonvNet i 5 CPA 5
HLf ) MGDA 23 i %0 2 i 4R, S EURZ 1Y
I/INFREAE 4 R T 9 5594k 5 NoAcNet i ADC £
Hod AR X PRI B A B e R R, B8
BERY () Jry R RAE SR ELRE 0 N, [R] B R AR T A Y
X PG B Btz R B 1) 5 e
F2 HBTETEMIERT L
Table 2 Comparison of evaluation indicators of

ablation methods

1%

IR MRS KR BhER 5 Fl-score
ADCNet 96.07 96.13 96.09 99.37 96.09
CPANet 94.64 94.74 94.66 99.13 94.66

CPA-ADCNet 95.54 95.60 95.54 99.27 95.54
NoDconvNet 95.36 95.53 95.36 99.24 95.37
NoTdAttenNet 95.54 95.57 95.51 99.27 95.54
NoGconvNet 95.89 95.94 95.87 99.33 95.89
NoAcNet 95.54 95.54 95.53 99.29 95.53
MHSANet 95.18 95.23 95.17 99.21 95.19
ADC-CPANet-T  96.25 96.33 96.24 99.39 96.26
ADC-CPANet 96.43 96.53 96.43 99.41 96.46

T MR (e .
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3.4 XfEbsEIg

A T BE ADC—CPANet [¥] 4% 75 fife P 32 Ja&k 6 14
SRS TP RA RN, ASCIE T 320 1
2. 51 XS RRZ AL & CNN G544 rf 28 B 1) [ 28 25
), W ResNet50 (He%§, 2016), LK HAETH A
) EfficientNetV2 (TanFllLe, 2021) FlConvNeXt
(Liu%s, 2022). 552255 I 7 Transformer 454
RIS R A VIT (Dosovitskiy %5, 2021) .
SwinTransformer (Liu%§, 2021) Fl1PoolFormer (Yu
85, 2022) . #5320 MU fU AT AR — SEE T 4
Jei ¢ AIE I JRy ¥ 4 AR A A 9 TR B B AL BotNet
(Srinivas 5%, 2021). CMT (Guo%§, 2022). CoAtNet
(Dai%¥, 2021) FIVAN (Guo%s, 2022),

S M ADC-CPANet 5 — SR i 2% )
FBAVE 73 2RI h i S8 ST, Bk A K
GRS N 224%224, MHRZERANFE 3 F7R, L3 AT
H, ADC—CPANet Hy% 2% BEIE IR TRz CNN AL,
1 ResNet50 (HeZE, 2016). EfficientNetV2 (Tan Fl
Le, 2021) #lConvNeXt (Liu%¥, 2022). 5 FHjEL
SeHE TR SR CoAtNet (Dai 55, 2021)
SwinTransformer (Liu %5, 2021) “5AH H B34 AL
MR . SIRARACMT (Guo%, 2022). VAN
(Guo %, 2022) AHH:, ADC-CPANet )24 Al B
IINTIREERAHIY . kAl UL, ADC-CPANet HATEL
RASE A, JUHAES T S BRI

*R3 BHEMESEESTTESI
Table 3 Comparison of network parameters and

computation for each classification

M

T TR E~ign

ResNet50( He %,2016) 4111.51 25.56
EfficientNetV2(Tan il Le,2021) 2874.31 21.46
ConvNeXt(Liu%¥,2022) 4457.48 27.81
ViT(Dosovitskiy % ,2021) 16848.65 86.38
SwinTransformer( Liu 55 ,2021) 4350.76 28.24
PoolFormer( Yu%4§,2022) 1818.83 11.89
BotNet(Srinivas % ,2021) 3997.89 20.85
CMT(Guo % ,2022) 1211.64 9.44
CoAtNet(Dai %,2021) 3320.71 17.75
VAN(Guo%%,2022) 879.57 3.85
ADC-CPANet 2057.60 3.73
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(He %, 2016) H1CoAtNet (Dai%, 2021) I,
SR TR KR S BT, R0y
SIS T 1.07% F110.89% , IR & &, it
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2% 155 96.04%. 5 ResNet50 (He %, 2016) Fi
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Table 4 Comparison of experimental results of classification networks on RSSCN7 dataset

1%
FEEAY HER R e PENGIES FeS Fl-score
ResNet50(He %5 ,2016) 95.36 95.40 95.34 99.24 95.34
EfficientNetV2(Tan 1 Le,2021) 94.29 94.31 94.27 99.07 94.29
ConvNeXt(Liu%§,2022) 91.61 91.76 91.61 98.61 91.59
ViT(Dosovitskiy %, 2021) 89.82 90.01 89.80 98.31 89.79
SwinTransformer(Liu 55 ,2021) 93.75 93.80 93.76 98.96 93.74
PoolFormer( Yu%§,2022) 92.86 92.93 92.87 98.81 92.86
BotNet(Srinivas %% ,2021) 94.11 94.41 94.10 99.04 94.14
CMT(Guo%,2022) 93.75 93.87 93.74 98.97 93.74
CoAtNet(Dai %% ,2021) 95.54 95.63 95.51 99.26 95.50
VAN(Guo%,2022) 94.11 94.23 94.11 99.03 94.10
ADC-CPANet 96.43 96.53 96.43 99.41 96.46
TE: MU A
&®5 SIRI-WHUHRSE L &S EMELEERXT L
Table 5 Comparison of experimental results of classification networks on SIRI-WHU dataset
1%
T w2 i % LN Fl-score
ResNet50(He %¢,2016) 95.83 95.97 95.83 99.62 95.83
EfficientNetV2(Tan #1 Le,2021) 95.21 95.29 95.21 99.55 95.19
ConvNeXt(Liu%,2022) 91.04 91.21 91.04 99.18 91.00
ViT(Dosovitskiy 45,2021 ) 89.38 89.68 89.38 99.03 89.35
SwinTransformer( Liu %:,2021) 94.79 95.00 94.79 99.52 94.79
PoolFormer( Yu % ,2022) 93.75 93.85 93.75 99.43 93.75
BotNet(Srinivas %¢,2021) 90.00 90.19 90.00 99.09 90.03
CMT(Guo %,2022) 94.79 9491 94.79 99.52 94.77
CoAtNet(Dai %5,2021) 95.83 95.97 95.83 99.60 95.86
VAN(Guo%¥,2022) 95.00 95.07 95.00 99.54 94.99
ADC-CPANet 96.04 96.02 96.04 99.62 96.02
TE MU R A
- . 80 ADC-CPANet 7 SIRI-WHU {4l £ il i 4 -
» . o ERAENRVIENE W T PR T A,
CRAL CWERHT CSLHT ROCAR” 4
TukX 5
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Fig. 6 Confusion matrix of ADC—CPANet method on

B

RSSCN7 dataset
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Fig. 7 Confusion matrix of ADC—CPANet method on SIRI-WHU dataset
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ADC-CPANet: A remote sensing image classification method based on
local—global feature fusion

WANG Wei,LI Xijie, WANG Xin

School of Computer and Communication Engineering, Changsha University of Science and Technology, Changsha 410114, China

Abstract: The rapid development of remote sensing technologies, such as satellites and unmanned aerial vehicles, has led to a surge in the

amount and types of high-resolution remote sensing images. This advancement marks the onset of the “era of remote sensing big data.”

Compared with low-resolution ones, high-resolution remote sensing images provide richer texture, detailed information, and a more
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complex structure, making them crucial for applications like urban planning. However, images within the same category can vary
substantially, whereas images from different categories may appear similar. Therefore, multi-scale feature extraction is important for remote
sensing image scene classification. Current methods for remote sensing image scene classification can be divided into two categories
according to the feature representation: those based on manual design features and those based on deep learning. Those based manual design
features cover scale-invariant feature transformation and gradient scale histogram. They can achieve good results for simple classification
tasks, but the feature information they extract may be incomplete or redundant, so the accuracy of classification in complex scenes remains
low. By contrast, the methods based on deep learning have made incredible progress in scene classification owing to their powerful feature
extraction ability. Compared with traditional methods, Convolution Neural Networks (CNNs) are commonly used in visual tasks,
particularly those that involve more complex connections and diverse convolution forms. CNNs are effective at extracting local features, but
they struggle with capturing long-distance dependencies among features. The Transformer architecture, which has recently been applied to
computer vision, addresses this limitation through its self-attention layer that enables global feature extraction. Recent studies show that
hybrid architectures combining CNNs and Transformers can utilize their advantages. This study proposes an Aggregation Depth-wise
Convolution (ADC) module and a Convolution Parallel Attention (CPA) module. The ADC module effectively extracts local feature
information and enhances the robustness of the model to image flipping and rotation. The CPA module integrates global and local feature
extraction, with a multi-group convolution head decomposition designed to expand the receptive field and enhance feature extraction
capacity. A remote sensing image scene classification model called ADC-CPANet is designed on the basis of two modules. The ADC and
CPA modules are stacked at each stage of the model, improving its ability to extract global and local features. The effectiveness of ADC-
CPANet is validated using the RSSCN7 and Google Image datasets. Experimental results demonstrate that ADC-CPANet achieves
classification accuracies of 96.43% on the RSSCN7 dataset and 96.04% on the Google Image dataset, outperforming other advanced models.
ADC-CPANet excels in extracting global and local features, achieving competitive scene classification accuracy.

Key words: remote sensing image, scene classification, convolutional neural network, Transformer, Multi-Gconv Head Decomposition
Attention, ADC-CPANet model
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