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 E ARARSERAEZRARCEATGART AL — A5 R EFRREE LR T EREKERG LR, FT#E
BREAG AN ERTH LRV ENAEERRERERBRFIEE, B9 R ERTB ARG, AKX P, RET K
e T ResNeXt MA A LS EE AMH AMALE SUM(EZHGEI) L EH R oEEZOHER, B L7 N M
FHEBEANH A REAFERT AR ORE . REGTEAR TR THEIE A EHRIE N, RG4S ResNeXt W%, &
JEAMRALE 69 SVM ik B A RAYZ M B Kheh A ER TRA L LR R B AR SR R A A K HE LT HRA
TR, ZMAEREKIELE AID LOERER AN . KA MESEASREFENRRENAZERS, LHKLE
B MABUS TS o RESFERRRG S EHER,

K4 & B AL B AR 2 M % ;ResNeXt; 12 & A A4 ;%% 2 % ;SVM

FEZESEE TP751

Remote Sensing Image Classification Based on Improved ResNeXt Network Structure

YANG Xing' , SONG Lingling' and WANG Shihui'*?

1 School of Computer and Information Engineering, Hubei University, Wuhan 430062, China

2 Hubei Province Educational Information Engineering Technology Research Center, Wuhan 430062, China
Abstract Remote sensing image classification is one of the key directions of remote sensing image information processing,and its
classification accuracy greatly limits the overall development of remote sensing technology. Traditional machine learning algo-
rithms and model structures have the disadvantages that they cannot quickly extract feature maps from remote sensing images,
and the classification results are not accurate enough. Aiming at this problem,an improved model based on the ResNeXt network
model combined with the attention mechanism is proposed to replace the fully connected layer model with the optimized SVM
(support vector machine) algorithm. Firstly,it introduces the attention mechanism in computer vision,assigns different weights
to different features,improves the ability to extract effective information for the classification part of the image,then combines the
ResNeXt network,and finally replaces the end of the convolutional neural network with the optimized SVM algorithm. The fully
connected layer is used to improve the classification effect,and at the same time optimize the network performance without in-
creasing the hyperparameters of the model as a whole. Experimental results of the network model on the data set AID show that
the improved network model has a significant improvement in the ability to extract deep features,and the optimized network mo-
del has a better classification effect for multi-classification tasks.

Keywords Remote sensing image, CNN, ResNeXt, Attention mechanism, Scene classification, SVM
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FREAERARE LR EEI T ENTEREGRS XK.
BAMRKEMEHE K ¥1H KK (K-means) . £ W 53 5 7
(PCA) Fi B 4 7% . H %i 15 2% (Auto Encoder, AE) V& J & {5
[ 2% (deep belief networks, DBN) ,

K Bl R 2 (K-means) 5 1Y L 2 LA 80, Sk &2
Fe ARG A 5y B . HJR IR TR AT T AR E — 1 K
B, BEEMHCR S K B EBCER, B AW AR A —Fh B
3R AR S8 e E S K M

443 B 2 (Principal Components Analysis, PCA) 52
JBT L 2 — b B Al F) Bl o3 A7 07 125, AR AR S v D A A v
S BEARE A TS T RE DR R A IR R . % 5 ik
AT LAPR B TG AR B v 1 32 2 40 28 X 43 2R R R 1
1525 DU A 30 e IR I 75 AN 48 B R . AR RO W 7T
B2 A SRR A AR

i i Y i ( Sparse Coding, SC) B 37 AR 2t — 4l Ak
B o0 A I 1) e, R S DA (S A5 A T e BE A R R A
XL AR AT TR AR 0 3 28 0 R K 2
FH 3 A SR AR AT PG AR AR B2 il o 2 W, T4 T 43 26

H % % s CAE) 1Y B ARS8 A0, 55 1 S it 45 111 i 2% 9 B
i FUH A T Sk AT AR A AR L U R A 1) ek T A AR A 0 B
it o P AT T PR UL R A A B ) LI A B0 W 2 R IR
YE B 015 B . H Gt B 25 UK S Gt B 7 B A T 24 45 v 1 1
P33 B AR A 33— Fi B AL TC B A R BT, Guo %F
3 A5 A LT A G i Y B R SR R A A TR S S Y
BRI S R T — AR LA B G A 2% Dy B A 2% Y A A
500 BT R ARG TN Bk L A R T A% Gt T vk SR o HE A T s AT A
3 45 17 5 50RG: T RS 2 A1 A ) T

VR B A5 M 4% (Deep Beliel Networks, DBN) 1 £~ 3% [}
35 IR 2% B Hl. (Restricted Boltzmann Machine, RBM) 4H ji%, , %% {4
M4 45 # 78 DBN B9 f Ja — JZ B & BP M 4%, i T % RBM
BBt R AR ) e DR AR B R A ) & DL R b I R
TR KR HBRE
2.2 FHEHE

RS TEEEGMBEEBEREK B RLEE
B A5 B, 7] I A7 AR 28 T JE bR 28 15 5 1 2 M 3 1Bk i 2
FRFXE. BATRZ LB KA AT SVM B i
A GAN Bk ny it . Zhao S50 R OG 1 R 4T 43 #0115 B &
afi B2 1 [6) BT 2> BB AR R REAR S 5l AIE R4 2 4 i T
— o 3 T [R5 X R B 2 2 B e B O ik
2.3 BEHZHE

ST RS MR BRIGZ SRR UHAET 21
B2, BB M 4% W % (Convolutional Neural Network,
CNNDR IR I R RAL Z — B R — Fh il b 48 W 4%
Z MR GRS A2 B TRZ LR e E R E A

BN Z WK G ZAR Y R R HA T e RIE R 4328,
25 ML B ) 25 A R 40 45 AlexNet, VGGNet, GoogleNet, ResNet,
MobileNet %, i3 &b [ 45 A5 83 o I 25 K &2 09 2 F bR 215 B
) 54 e 3R 0 2% s A ) AL AL L T 30 o 9RO R A B R A
FY 4328 i FEAS 4 2R 45 3L L HE X DN iRPL 5 47 00 42 T2 1k R
42 W 43 2R Y B R e T R R LT A 1 B AR R AT I 2% 1)
EERS PR A RSN IUICE R EP SR s N e o U R N G
ST (R AG f ib B RD R, 320 T 1) 3 A A% Bl T £ RO )

& B 20 I 4 TR 25 Ml PR AR G A S IR L 4 Ak A e
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F5 AL (TLBO) AT 48 6 B A 40 5 &% (CAE) , I 4% Ho 4t
B AL — A CNN &5, 1] A 5% T B 2 AR 43 260 | Jiang
SN B I WL 45 4 Inception-ResnetV2 [ 2% 25 1 , 44 £t 5
J3E 5 i Ak 1 D) 4 AR i 40 2% 1 e B 1) 00 4 R R BL 5
B AR 0 R R A (Y . Cheng % 3 4 # ] CBDNet
5 W I 45 A PR A5 T Ak B B B i T T IR A% T i, BB Res-
Net50 [ 4 A5 R, Jf 48 11 7 — R 36 JC 8] B | F AR 805 2 1Y
“soft-center loss” & J 44 % bR B, A SLHE T T 16T 43 28 B AR 5
BB JIU R 2 I 2% B 18 5 B 2 B S B RAT L X
T R RN T R 2 ) BRI N T R A R A
R 38 Sy 1T B ARSI A T I .

3 KBWAE

3.1 W INRE
3.1.1 ResNeXt M % 85 A IK B 4 42 32 B

ResNeXt /& ResNet g #F 5 (1985 5, A e J5 K 19 ResNet
P28 25K TEHE N T cardinality (9 40HEE, 48 w5 T BORL 43 28 19 i
B, BT LLFER B0 8 S 800 8 B0 T LA B TR T 5 LT
A3, ResNet Fll ResNeXt Y block Z5# % Fb N E 1 fF 7w .

256-d
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Fig. 1 Block structure comparison diagram of ResNet and ResNeXt
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it b gk 47 3 55, 5 % T Inception & 51 AY “ split-transform-
merge” 551 £ 53 ST SEAE, T B HEAT 40 20 AR EE R 2R 8L {H
J& ResNeXt 547 4L (0 4548 56 4 — B0, P & ] 8 (I A2 784 X Lb
e 2 s,

AN J2 Inception H1 I AN 7] 43 32 19 #1 $h 85 49 J2 A8 — H
B8 E AL, WUR TR E AT R AR E s KM E S
. M ResNeXt WA 3 SRR FMN 519 02 58 4 — By, H45
B BE iR PR J2 T 2 rh Bh B TR BIORIORY 2T I IR T 070 5 22 T 2%
3 J2 A 5 A — 4% short-cut, XAE LA 2] T ResNeXt M
2 2E ) X RE IS5 K 5 Inception V4 5 BEAL AN [ 22 4b 7E F
ResNeXt 452570 3 ¥ $b 45 4 58 42 — k£, Inception V4 77 5
AT T H ResNeXt J& 56 #E 47 4 TR AR 1 PuAT B2 462 n
Inception V4 f&Se 17 PR 15 0T B BB AE .

ResNeXt i A B2 /3 H &, 5 AlexNet 32 8 1 5 1 ]
il 1 Bk 3 2 A7 43 21 B AU [ ResNeXt [0 25 46 8 {5 % T In-
ception R £ 43 I BAR T 45 6 5% 22 M 4%, JF ik & 40 X
P D5 1 58 4 — B0, 76 181 1k I 2% 45 1 1 [ B 32 T PR R
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Fig. 2 ResNeXt and Inception-V4 structure comparison
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Fig.3 Schematic diagram of attention module
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Fig. 5 Spatial attention module structure
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R S R R R RS I Y 2k B & AR S 5K 0 4R 2 2
R E N 0.001,

*1 LRSHECESL

Table 1 Experimental parameter configuration

L5 ¥ i

BERL Windows10
GPU Quadro RTX 5000 16 GB
IDE Pycharm2017

EERA Python3. 7
AE 4 Pytorchl. 6

3.2.2 HEBH

T R R T A A R AR S URCHE 4B ATD (Aerial

3
3

P

Image Dataset) fil NMPU-RESISC45 Dataset(NWPU45) #17
SCEG U, Horh ATD BUHE 4R 32 R T 4R AL 1 RRAE A 3
BRI, NWPU45 2 ] T 3 ik A2 7Y 19 7z 1k /g ) LA K U
TR, TR L R R R 3 B 4 S U b o AR el
T RBE R A BCE 4 . NMPUA45 & iy i b Tolk K 2% 4
A R AT R AR Ay 2K 0y A L AT R R ROIE
31500 sKiE R L W s 7 ALY IR SR 3R 45 R
S5 A 200 700 KB ERIEME O . AID BT R
PR R R RE R T 2016 4E KA L7 30 Mg,
TAEMAAH 220~420 5KER, LA 10000 KGR KA
600 * 600 i1 i & P 1% . ATD %45 4 16 £ 1 45 28 70 il an 141 6
Ji 7R

Pl 6 AID #odfs 42 2 BR 1 7R 61

Fig. 6 Examples of various images in AID dataset
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E g i3 4 0 T R 3 485 B0 vz AL BR 0, T AE B2 08 iR JE TR W)
PR AR A A B0 AR (1 B M . IR B R B Ol 300 A R,
ERANYI N A Adam Ph 4625 3E 47 R AL I 45, LA
T P R o) A BERDRE g A BOHE SR IO R B AR S L A
FIHTEREERZIZER SVM W 4 245 4, %8 B S 37 8% o6 0K
B W IR 3 v £ s ), T O T DR T Ay BRI £ 43
BAE 52/ ¥ SVM Ll “one-against-one” J7 20 #F 47 1/ 4% ,
SR R rb i BRS04 T T . Kappa R £ —
AT — BR300y 8 B . o) T S BT A 3 R AUR
Ho 8 2 3 T IR ¥ Hi B (Confusion Matrix. CM) Y . BU{E 15
FHL—1,1],#8% KF 0. U (Accuracy, Ace) FlIRVE
# B4 (Confusion Matrix, CM) 5 F F PE A 43 246 #1443 28
BOR . Ace IEBIRIFEA SR & B0l 8 8o i A 4 1, Hoat
AW

Acc:%xmo% (3

Hor T 3R 73 2 0 ) B RE AR B0 s N 37 T 3 48 B0 4 AR
B, TR R R R UL 2 42 i R 2 21 OO L 1 B o A
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5 ATRES IR R B | RBIR A AR RN R A
SR 3E A R VA R VL A 3T 2 R A B 1R I Y 2
Z 16 53 28 Y BARAE L

4 ZWHERSHMN

4.1 EENERT R W 2% %R & 00
i 5 2 AR 42 9 6% T8 JEE ) 396 0 R4 2% o % )= AR AT ) B B
BE I 2 AR5 — B B $& 1, (HR 20 0k B — 52 J2 HUS B R A $2 B

B0 ST 25 KW BE R B, AR SCAY R AE $2 OB B CBAM _
ResNeXt B T 5E B ResNet W 45 51 “ Jin % X 45 )2 B4 T A2 A
W70 ARSI 51 AT TS HLALAE Hh g 1 25 S AL, AT
PATE G E& i A 55 B

S 36 UE 38 3 T 7 A G A3 [ R AR AR U 4y
JE A R 2 B R T A A R N T AL i ) 255 4 A
FES 03 2 AL S 00 19 45 A5 50 ATD dia 45 09 73 2885 1
HPEATR L B EE AR 2 A,

F 2 KBRS IR 2

Tabel 2 Classification accuracy of each model

CHLT . %)
S § A E (Ace) _
AN A AL A mNEE A E
VGG16 65. 10 67.65
MobileNet 82.45 83.39
ResNet50 81. 34 84.56

i3 2 2 T A (0 S 06 25 10T L L B T R 4 2 40
IR UL I D 5 AR 5 5 5 A TR R ML 7E B 48 AID |
I35 B 2 Ace #8457 T 55U A9 48 7, Ui CBAM 48 Bt
FER 4> 28 B A 4R BUR U B I 1 /E . RE U8 4R TR 2 5
TR 25 X T8 B R AE B A R AEBE 7. HNSEB SRR E A
7] I 265 %t T 328 B PRI A% 11 b 3R O 77 76 25 57 vl AL B 4R 1 i
7B X T AR (9 24 2] 58 1 Fiz Ak e i th A S AR,

4.2 AEMEERHMERBEREITL

J9 B CBAM_ResNeXt [ 25 45 71 % T 32 J2% P& 14 1 3 28
AbBEAE Sy, A SCTERCHR & AID [ AR R W 46 4 AL (45
A AR o 25 4 B R AR R 5 W SENet. ResNet50,
VGG16) 1Y 3255, 300 A YN 25 JE I P 43 ZE HE IR Ace BEE Il 25
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Performance comparison of different networks on AID data set
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Fig. 8 AID data set classification confusion matrix
H1 8 Jr 7 B B W LA HG L S SCRT 2 1A e 26 A5 T A
AID $fi 4k 1R B . H Kappa & $0A 2] 0. 95, 15 B 4
B BB OB, RE A R B3 28 TR TR A U R BT B AR T
FRUbh 25 P 26 o 18 SRR R 4 43 26 B T o
4.3 A[ES 23T M 4% & B 0
HRAE AT AL IS 09 SVM 1Y 43 25 68 I, A9 IR 52 56 K 7
B4 454 CBAM_ResNeXt W 2% 7 4 BRI I )2 45 1iF AE 4
A BE BN T Tz i JLAR B 45 2% 23 SR o3 2 8% 20 ) 2
K i 4F (K-Nearest Neighbor, KNN)P 4k % 1 it #7 (Naive
Bayes)? | g 3 # (Decision Tree) Fl 4> % # )2 (Fully Con-
nected) , LA B AS SCBT 8 Y B4 B2 1 22 43 24T 55 19 SVML, 43
I3l 26 BB R TR 3 4% 1 B 16 26 A A L I I 7 Bd 4R
AID F #9532 ROR T W53 2 45 38 00 7 24 v fy 1 Sy e ¢
MG, AR 8 1 2RBOER Ik 3 Figl .
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Table 3 Comparison of different classifiers
KB TR RN
Fully Connected 91. 38
KNN 87.13
Naive Bayes 89.63
DecisionTree 85.07
SVM 93.65

4.4 SHEMHENR

A 0 A AR ) A A P T ST I AR SO AL T ) — A i
SRR B 5 NMPUA5 , DL J A 328 [k TR G 4 25 408l i T 4
J73¥ 1) RSC11 DataSet, SIRFWHU, UC Merced Land-Use
DataSet, RSSCN7 Dataset 1% 4 55 5 b 09 P BE ., 5246 ¥ 17
22U B 22 YR U 1 258 10 S 3 (B AR DA A8 TR i M AR R R 42
HERR R, S5 0 s 4 g,

A BERTE AR B g AR B

Tabel 4 Model performance on different datasets

9 % %5 -

HEE Hig AN HEHE e S
RSCI1 DataSet 512 %512 1232 11 93.11
SIRI-WHU 200 * 200 2400 12 92. 87
UG Merced 256 %256 2100 21 93.38
Land-Use DataSet
RSSCN7 Dataset 400 * 400 2800 7 93.26
NMPU45 256 * 256 31500 45 91.75

W R 4 P 50 Y S B BOHE T DAAS S Al B R B
Tol dab S84 A5 Hiw A BOHR PR 7 — BOUR L AR ST R Y 90 2% 45 4 A
A 22 R PR R A RIS A A B BT B e
B A S 0 B2 Y B, W] LS T 2 G R R 4R
4.5 BSHEFEMBBEEZRESN

o BE— 2 LA [F) R AE 3 I 2% i P BB L X B 03t Bk
I 45 51 7 SENet, ResNet50, VGG16 FIAR 3C BT 4 th 19 CBAM_
ResNeXt 514 (1S $oi TEEHRAE AID LI 25 554 5 0 1
WHIRE T Fnw H T VF o 85 B 8% 1K 52 2% B 1 GFLOPs (Giga
Floating-point Operations Per Second, GFLOPs) , 4t 11 4% 3£ &
x5 4,
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Tabel 5 Performance comparison of different network models
Network Model T/s GFLOPs SHE
SENet 12.3 4 35.7X10°
ResNet50 13.6 3.9 25. 6106
VGG16 15.7 15.5 138X10°
CBAM_ResNeXt 11.8 4.2 25.3%10°
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B T8 2 22 AT B U5 1 5 BT 55 R A5 R WoR 4 2K
MARE, AEXFUMEEMAEMMNE RERKRES, 5
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