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Abstract

With the application of hyperspectral remote sensing images and neural networks, the classifica-
tion of vegetation cover types based on hyperspectral remote sensing images has been further
developed. However, since hyperspectral remote sensing images have more abundant spectral in-
formation, traditional classification methods cannot extract spectral features and spatial-spectral
features at the same time. In order to solve the above problems, this paper takes the U-Net model
as the framework, integrates the 3D-CNN and multi-scale feature extraction module, and proposes
a neural network model based on three-dimensional convolution and multi-scale feature fusion.
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In the process of feature extraction and classification, the network better integrates spectral in-
formation, spatial information, global information and detail information, and finally improves
the classification accuracy of the model.
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TG 22 R K15 (Hyperspectral Remote Sensing Image, HS1) [1]7E =M F 4 28400 A T2 1 8
A3, ESRECHER R A R E S HE B [1], mbik & R (HS) R s SR | G R-AE, AT
SIS [F] L R B R AR HERA 22 o Bl G IR R (HS ) SRECE AR R 8, 856wt il Bds it AT
RS2 RV EitE ey s MR DI T

FEGE 1) LR 3 O B T o — B O i i B, A DA LR SRR A = 5. T
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INEEORAP SRS ARSI TR, R ARSI R G AT RRaE R fe . R, IR I A B . &
eV R G PR A5 (A A 78 2 270 3 2K AT UM Y I I PRI R B D, AR, A IR
WA, AT R RIS PR ARSI AN G A B R A R . Ak, JE I b
H A Sy SR ST AL AT LA 5 3 M DR e SR SCRE o AR 5 SR A SRR T DU T B ARk I
DAL, A B T8 5 9 NI AREE TAE,  BRAR o< F X A dn A 7= 14 2k o

N1 A BRI A G R R ER, TN ST R S B S B R . X LR R B4 1 4R
Bt S (S — 2= SR 4] AKIRIREL[5]5) . EMDHT[6]. LT KDMAR[T]E . XL ILRES
N 15 0 B B AR BUE SIS AE OB R . RN, mb iR R G B B K, X B Ak B
ASHTHEH TR N T BAREER AL BRI EE = 7 R, R PR T — RAVEAR A3 T, FE
EFE RFAERELE(Un 3 5o o AT AN/ N AR 3R [8]) . RFIERNE S5 . S 1 SLB AR R (3 T R 42,
FEN T G5B B IR MG AN R EVEIAT T IR T ARG 7B FE B R SR 72 [9]. S HF
FEHL(SVM) [10]. PRI [11]55, (R L6772k DA 78 43 F) FH s G s EoE 1 3= = D6 E B 23 18] BRSO R
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JE 2 SR RN FAAPLE N 4% (CNIN [L2]) FHIE PR 40 22 R 25 (RNIN) [13]85 732 S F 3t B 3 284145 h . 1X
SERET BB A% H 202 ) MU RRFIER R, JRAE o Rl R i ) 2 (R R A R, T HE 1 43 2R A
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2.1. BET=HENM S REFERM S NS MEEREIET

ASCLL U-Net L8R g REAil, A ailb@ R IR st it 1 — Mk T =4 B 2 ]
FRE Rl A 0 22 X 45 450 (Neural network model based on 3D convolution and multi-scale feature fusion,
MS-3DNet), HHE AL ML 1.
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Figure 1. Structure diagram of neural network model based on 3D-multi-scale feature fusion
1. BT =#ERE REFERM SRS MR R R ERE

EE L A, mEbiE R S e iEiE Encoder BRHUHEATRMIESRAL, ERFESEEUM BUR FH =42 RE
FRIE S U (3D- Inception) BEATRFEFEHL, $2HURHIE 7 7 R 25 i KAkt ik (MaxPool) 5 A 2l F — 2
3D-Inception, 7] I 4RFAE A4 S5 A a0 e Bk R e A\ 21 [5] 2 1Y) Decoder HRdE AT+ G - i8I 3D-Inception
BEHUHATRAESEEL, AT DLdid = 454588 [m] I 2 BURFAE B 00 G I RR e A [ RRAE, & mT DU IS 2 R
(14 %52 B 2 AN TR RUBE ROARFALE o
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5, DRIULRENS SEAF U EOE TP SR RHE . 5 4B, =GN A S50 RE, BI7E
B ANKAE AR AL E LA A R S B AT P R . XA B TR SRR, Rt 1)
FRRE, R AZ AR ). 4RGN AT LUEN 2 2 B0 5 CER OO A SLARRRIE, AT R
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Figure 2. Schematic diagram of 3D convolution
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2.3. ETEZREFRBARESREREIT

FH T 4 7 5 73 S 7 R S Le ) T e B A AR AR G EARRAE W TR SR VR T e B AR LY
AT, XSO F R S B E o ER B TR A AR bR bl 8 5 R R B ORI A (]
yHRE, ARG BT Y B EORER, T S Eoe (S BRI, AR SCER R AR T = 4E AR
122 RS AR R A5 PR e 22 9 48 15 78 (Nletworks based on 3D-CNIN and Different Scales, DS-3DNet) % 4 fi &
BEAT T ¥erh, BDSR B AN [RRBE A A RS2 B 06 2 AV RRAE 3R AT 52 B, BV Inception BEER[17]HEATRFIESEHL .

FARKAL, B as it/ 1x1x 1, 3x3x3, 5x5x5, MaxPool PUFA[Fl (K2 E, HAKLE
W 3.
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Figure 3. Structure diagram of a multi-scale feature extraction encoder
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Figure 4. Encoder structure diagram
4. YRILIREEHE
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3. RWERS

AR SIS RS I T . CPU 6XE5-2680 V4; GPU NVIDIA GeForce RTX A4000, ‘&7f 16.9 GB; W
17 32 GB; PyTorchv2.0.1, Pythonv3.10.12, Linux #/E &%

3.1. BURENR

IndianPines % 4 2 18 FH 32 [ 5 25 i K B (NASA) ) AVIRIS (Airborne Visible/Infrared Imaging Spec-
trometer) {& /&4 KA 1 EOG G MG EOR . REE B R E BN 29N Ab X, FZHTHH R HE A
+HFIH .

IndianPines A4 4 G R <1 145 x 145 83K . G R T — /MRAHIX, GFEH. k. EKE
4. IndianPines HdlE AT T 224 NMIESHDEIER B, o 20 AN BRI BRI I R BR, R
TRIIG. LTAMERIUE LT AN Sl B o X e T I8 B P Bt FH R A TR A [ A 1) Y6V A

IndianPines #4015 145 x 14518 %, W5 16 NEA. Ho /A 2 A3 2 Soybean-mintill,
Hrgik 2455 >, L 23.95%; A 2552 Oats, FEAN 20, (LK 0.20%. DN T FEIE A ELW LW
% IndianPines 4 4 IREAR SN 04, BB FIbR 2 LIS 5.

3.2. FENIEHR

32.1. BEIEE(OA)
SR (Overall Accuracy) [20] 4 48 SR BT A9 A 195 S TERR 2, EDRIE W 40 K0 RE A KL
MRERBUG L. DRI, R S A RN

OverallAccuracy = TP+ TN 1)
TP+ TN +FP+FN
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Figure 5. Indian Pines dataset
[ 5. Indian Pines #3E4&

Hor: TP——H 9 IE 38 H b ou IER AR A S
TN——TI 9 128 HLSE By TR IR A KL
FP——TUI N I 2H SE P o SR AR AL
FN——T0 09 5 R AE SE B ISR AIRE A S

3.2.2. E¥IBE(AA)
- 358 £ (Average Accuracy) [2018 % T 2200 F41 5%, REANERH R EFRENFEE. 5
SARKEEARRE, PHIREEE S R T A28 RI 1 7 B ER 2R, D I 8 i S oA R 76 AR [ 2031 L 1 20 2K R
Ao 2RI OB, TR ISRE FE R D SR T
B, WEEA SRR AR

TN
Accuracy, = 2
Yo SINTEN @
TP
Accuracy, = ————— 3
o = e PP )
WIe, KRNI SRR EAIN, FFEER SRS, A2 TRE
N-1
AverageAccuracy = % > Accuracy; (4)
i=0

3.2.3. Kappa &

Kappa %% (Cohen’s Kappa coefficient) [20]& —Ff FH T VPAl /- R RIERE I Gt i, B 5558 T ALY T
D55 SE PR 2 TR ) — 850k, WA TR AER 2 . Kappa ZRECEH AT & 4y 3R 7E 2 250 5
H RS . Kappa RV TIREMRE, HARWT:

P +P
Kappa = —2>—= 5
ppa =~ (5)

e

Horr, P Fn SR HER X, BB TN 5 S PR 5 2 (R — B, P FonBEALAERS R, IR T
SR a Z ) — Bk A . Kappa REIUETEE A1, 1], Hd XanF:
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Kappa=1: 5632, BTN SLhrl g8 4 —50.

Kappa =0: BEAL—HC, B AT SEPRuLgE i — 2otk 5 BEL B i) — BerEAd .

Kappa < 0 — AR T REHLAKT:, AR T -5 52 Bn 2 K — SRR T BEAL 0 i — ok

Kappa > 0: — Bk TREHLAKF, B AT 5 SE RV 52 H — Bk i T AL P00 i) — Bk

Kappa RETHES KNS H: B HIHER 2 (Po) IBEHLAERR 2 (P), X T — N EA K A0
TR, RV R IR E AT S TR IR

UL 5% 3] R 2 (Po) T LA ok YRR R0 P PO i3 2 7 36 2 TR A S BEA Bk o 52

K
JEPML ©)
Zi:le:lnij

b,y FORTREFEFE S 1 ATE j IR
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3.3. L3R

FEXS L SEB R IP ATFEAR ST SRIR LU, DLV A SO th ) 3 T = 4E A0 2 R RMIE Rl
B IR 22 9 284578 (Neeural network model based on 3D convolution and multi-scale feature fusion, MS-3DNet)
55 F A SRR H 1) 772 2 TR 22 SR

SIS AR, IR S b 20% R A E N IR EE RN GG R R (M ZREEANIAIESE LU 1:1), HoRFEA
FFEINASE, PEASTRFR R AR AERFE(OA) ~FIAMERFE(AA). Kappa R, Lo RIL#E 1. & 6.

U-Net DS-3DNet

Figure 6. Classification results of different network models in IP datasets
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Figure 7. Heatmap of the classification results of different models
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AR 1A, ARSCHR R T = 4E B AN 2 ROBEARFAE Rl & (1 10 22 ) 28 15031 (DS-3DNet) VL 7E PFANY
Tabr-FIIKE B (AA) . BARKE BE(OA). Kappa %0514 98.20%. 98.50%. 97.95%, 5 IiiTA e bris @+
FHOR ST R B2 3 52

Table 1. IP dataset classification results

=1L IPHIBEDRER

R 1D-CNN 2D-CNN 3D-CNN U-Net DS-3DNet
OA 83.67% 92.15% 93.25% 95.22% 98.20%
AA 76.28% 90.37% 94.13% 95.12% 98.50%

Kappa 80.46% 92.18% 94.14% 94.53% 97.95%

3.4. JHRASCLE

34.1. =HERIER
N T B AUE = e AR [ X S0 45 A A R, AR AR IE U-Net A7, SR = 45441 U-Net

MR G ResNet #i4[21]. R =4EX 1K) ResNet Bi% | JH 4G FCN BHI[21])F0% F = 4547 1) FCN
MERIHEAT T RS EG, SRIGaE R AR 2.0 K 8. ¥ 9.

Table 2. Statistics of ablation experiment results for the 3D convolution module

2. S ZHBRRRAER K SR Gt

Model OA (%) AA (%) Kappa (%)
U-Net 95.74 94.66 95.15
U-Net + 3D-CNN 96.80 96.18 96.36
ResNet 92.52 89.88 9151
ResNet + 3D-CNN 92.89 90.46 91.93
FCN 94.45 91.75 93.69
FCN + 3D-CNN 95.19 93.28 94.53

FCN+3D-CNN

ResNet

U-Net+3D-CNN ResNet+3D-CNN

i

Figure 8. Segmentation results of ablation experiments of different models
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U-Net U-Net+3D-CNN ResNet ResNet+3D-CNN FCN FCN+3D-CNN
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12 12 12 12 12 12
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Figure 9. Heat map of the classification results of different models of ablation experiments
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TR 2 0 =i AU S0 25 R E T e A, =4S BB A3 o 1 o R G i
H, ATV AR IR DG REE R, SRTHE AL A R RE FEVERE, B 5IN 4B B RUBIEL, U-Net AEAY (1A
RS B2 (OA)RTH 1.06%, “FH4945 2 (AA)IRTE 1.52%, Kappa REHETF 1.21%; ResNet #5570 [ S 44k 2 (OA)
T 0.37%, V3K (AA)FZ T 0.58%%, Kappa F £ 1 0.42%; FCN B (1 (1) S 4445 B2 (OA)H2 71 0.74%%,
SEHRE B (AA)IR T 1.53%, Kappa 2 %3271 0.84%.

3.4.2. EFFEIREBEHERE(Multiscale Feature Extraction, MFE) B4z R0 28453k

N B8R HE T AN R R RFAE SR U g i 28 A5 Hons 2 45 3™ AR (M, AR SCR A G U-Net #5244
R LT AR R BERFAESE U i 25T H ) U-Net B2 | J545 ResNet A4 SR 5: T AN [A) RBEAFAIE $i HY
()9 2R A L) ResNet #5784 | i FCN AR FH 45 A [R] RUBERFAE SR 9t i 28 A5 H 1K) FCN B 3
ITIHRALSEES, SRIeas R 3. 1410, & 11,

Table 3. Statistics of ablation experimental results based on multi-scale feature extraction

%% 3. S METARIREFHERI ARG RIRAHR S A R 5

Model OA (%) AA (%) Kappa (%)
U-Net 95.74 94.66 95.15
U-Net + MFE 96.25 96.13 95.94
ResNet 92.52 89.88 91.51
ResNet + MFE 93.24 93.16 93.40
FCN 94.45 91.75 93.69
FCN+MFE 94.15 94.33 94.71

U-Net+MFE ResNet+MFE FCN+3D-MFE

ResNet

Figure 10. Segmentation results of ablation experiments of different models
10. T EIMREHFRSEE 5 BILER

U-Net U-Net+MFE ResNet ResNet+MFE FCN FCN+3D-MFE

0 5 10 15 0 5 10 15 0 5 10 15 0 H 10 15 0 5 10 15 0 5 10 15

Figure 11. Heat map of the classification results of different models of ablation experiments

11. T RIHRELHRR SIS 57 LRI E

ML 3 AR, TN A R ) G A A AR R AR B v e i R R i AR, AT AR
RABZ S S, $ETHER I RS B RE, B 5T N T AN A R R IE SR U S 2 A5, U-Net 5
AU RAARKS 2 (AR T 1.03%, “FYIAS % (AA)FETF 1.01%, Kappa REHETE 1.41%; ResNet FE7Y () 44
FE 2 (OA)IRTH 1.89%, “F-HIkEE (AA)IRTE 1.79%, Kappa REHZT; 1.22%; FCN BRI S AKS B (OA) =
T+ 0.43%, “FEIK5E(AA)RTE 0.91%, Kappa REHTF 1.05%.
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3.4.3. EF U-Net LR RS2SR

N T BRIE S T AN [R] RUBEARFAE S ) G A 2R A HROGT S0 225 SR AR (R, A SCET X SR I B T =424
TR 22 R RAE LA (1) 480 22 0 248 1570 (DS-3DNet) HH K1 B R B2 [22] 8 T 1 W A SE 8, 73 @& AN B Bk ko
$Z1/) DS-3DNet #5 | ffEH B 1 JZ HIBkIRERZ 1) DS-3DNet #7187 £ 2 J2 BRI ZE#2 (1) DS-3DNet
A RE )G 3 2 MIBkERIERER) DS-3DNet 4 (R B Ak ERIZE 82 1Y) DS-3DNet #i81, SLIG4h H L
4, B 12, E13.

Table 4. Statistics of ablation experimental results based on multi-scale feature extraction

® 4. HMETARIR BRI ARG RIRAEM SN E R 5

Model OA (%) AA (%) Kappa (%)
No Skip Connections 86.14 86.55 85.67
Retain the last Skip Connections 91.44 90.25 90.31
Retain the last Two Skip Connections 95.32 94.87 94.76
Retain the last Three Skip Connections 97.11 96.52 96.56
Retain All Skip Connections 98.20 98.50 97.95

Retain All Skip Connections

No Skip Connections Retain the last Skip Connections Retain the last Two Skip Connections Retain the last Three Skip Connections

Figure 12. Segmentation results of ablation experiments of different models
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Figure 13. Heat map of the classification results of different models of ablation experiments
13. TRIMEELHRR LI 5 HKERKAIE

I 4 LA, AR BEERIERE DS-3DNet AR AR B 4 kiR 42 1) DS-3DNet #5 8 7E A5 5 4y
KIHER T EAFERRZE R, W SREE(OA). TEIFEE(AA). Kappa REUEIEMTabr EI2E
FA: 12.06%. 11.95%. 12.28%, Z(HEK, $ETHLLEAE, RN CAE B In—ZBEiEsR:, Sk
F 5 (OA)FETH 4351 5.30%. 3.88%-. 1.79%. 1.09%, P15 (AA)IETH 554 3.70%. 4.62%. 1.65%-
1.98%, Kappa 2327170714 4.64%. 4.45%. 1.80%. 1.39%, it 43 Hr o] LA Hi BG4 Bk BK 4 32 (14
B BRI B T AR A M R AR TH (1 52 e 0 BRI

4, GERIE
F T4 45 46 R 2 0 46 Bt 5 0 4 VR BE T N, RS NvE AR5 ., S8URBgnT £k, i Bt
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Ttk E G kL, FHEEFENEEDLEHERE, 54 1D-CNN. 2D-CNN ASAeiR 4f (1 [F] 1) Hfe
Jei e A5 AN A (S o R T ) A 4 7 i ) FH 2R 20 () e e vl i R LB B3 i, T AR AR Ad
WA AR CIERFE, A S s G E BT XA, AR A RARHAERT T S i 12 B B R 7 B B A
KB SRAFAE, AT R LR AR, ASCLL U-Net WZEAR A = BHE ALl A 7 3D-CNN [ 44 45 5 R[]
JUEERHESREL A A I I SRR, SR T 36T = 4R 2 RBERFIERL & (#2225 15 24 (DS-3DNet), fiff
R ERAERATRAE SRR 2R i fe v, IR ARG . TREE. &REEMaTEE, M5
W26 12 73 KRG FETT A 1 — 5 Tt
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