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M5 =T HE 8 E M2 M4 (hybrid convolutional neural network with triplet attention, HCTA-Net) #5# | j% #& 71
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Hyperspectral image classification based on hybrid convolutional
neural network with triplet attention

WANG Ruiting, WANG Haiyan, CHEN Xiao, GENG Xinzhe, LEI Tao

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi *an 710021, China)

Abstract: To solve the problems of a high spectral dimension of hyperspectral images and the failure of the existing net-
work to provide multilevel features at the depth level, which affects the classification accuracy and speed, the kernel
principal component analysis is used to reduce the dimensionality of hyperspectral images to have the best data differen-
tiation after dimensionality reduction, and a hybrid convolutional neural network with triplet attention (HCTA-Net)
model is proposed to design a hybrid model based on 3D, 2D, and 1D CNN to extract the fine spectral—spatial joint fea-
tures through the fusion of different dimension convolutions. The model also adds depthwise separable convolution into
the 2D-CNN to reduce the model parameters and simultaneously introduces a triplet attention mechanism, which uses a
three-branch structure to achieve cross-dimensional information interaction to inhibit useless feature information. Exper-
imental results on the Indian Pines, Salinas, and Pavia University datasets show that the proposed model is superior to

other comparison methods, and the overall classification accuracy reaches 99.16%, 99.87, and 99.76%, respectively.
Keywords: remote sensing; hyperspectral image classification; deep learning; feature extraction; dimension reduction;

depth-separable convolution; attention mechanism; hybrid convolutional neural network
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SEZ [R) A, A HST 4325 0] AT T Il AR K A Bk K
PEAIE 58 — A~ i B4R T HST 20 J5 1 R B AR A H A
B BME

HST 732 5 2 [m] I 2% SO 335 A2 8] R AE AR
Bo ARG HSI 432K 5 ik T2 T I %S00
T8, R AT DX B 01 1 R AR X BOHE R AT 26,
U)oy 2 25 A 5 K 3L 4B (K-nearest neighbor al-
gorithm, KNN)'™ | 37 # i) & HL (support vector ma-
chine, SVM)[S]\ g 571 s KNN AR 0%
T ZREMWINGFEA, SVM M BEZ it Hughes
G, AR 2ORE BERNAE, DR T i 4k /R AR 1Y HST
B4R, X2 2T B RCRAE A A AR . WA
R U], 2 EE B ADGIE R AE ) BANR R RS, A
B T4 5 40 2K RET, T2 Fauvel 251 48 45 i
Pt | Zhong 25 HE VP 1 A R 45 19 43 207
BT UORR G, (Bl TRAE R IR BE ST AR, A7)
ANEETE A RO -2 AE B F 5, LA
R 8 7 RIKF- o

VLA R, TR A7 ) GE AR OO0 5 i AR 42 I RE
T, # AT EST A s, He %Y
T UK 1D-CNN B HSIT 4302, 4328 25w f
TALGE ) 5325 vk, (H 2338 WU [AVRHAIE 2% 25 1Y 1)
L, Xu 25U — R XU ONN Y 34T 1Y
2D-CNN 5 1D-CNN H] T4 O 1% 25 [A R-AE,
UL TR Y= S Y= M (7 S Sy o
23 A RGAE ) R G I v o 13— ), Zhang 5™
&t —Fh 3D %55 % W 2% SSDANet, B 45 Xf =
YR HE FEAT OGS - MR AR AR IR, S R T
HSI“EE & — B Re i, 5 BE A BRI /Y e,
A0 R AR R B O, B OR TR A i
R i, Guo 281 1 — R IR FE P[]
M 2% CACNN, #f 3D-CNN 5 2D-CNN i —Fp i &
Z 2R RS RIS AHSE & T HST 2028, 13 34
R B A SR BN O T 23 (R AH O RRAE AT AN %
KiE

Wb, TESRIURFIE HEAT I S, WIS 32 N6
PR E AL Y S A, i R R 0 L DR 4 i T AR
5 B, BRAERE FRAETE 43 FCAR I ALE, DT 2 55
R 3P BE . Hu 21T BT 45 0 9 4%
(squeeze and excitation network, SENet), 4% —~
3 3ok 6T 368 3 R AR AT AR (8 T R I ML . 7R
BRI b, S 1R A 1] 5 5 1E P S 4 R I AR IR 4
A R T H AT RS E, Woo U i T B B
= I (convolutional block attention module,
CBAM), X4 A WY RRAESJEAT 29 sRIG SR AL . )
Ab, FEF R SIHLH A CNN BERIYE HSI 4324035k

TS T 808 B AR . U0 Fang 2617 411
T HRVETE 1M 4% MSDN-SA, £ 5 T 6k B ] fY
FACHE . Ry3th— 2 Bk 2 1A £ S, Roy 451
7E A’S’K-ResNet [ 2% 17 | A JE T3 75 1 19 1 386 1
i —28 AL, ST k23 5 B G
298, Yo T K L5 I FRIE R IR BE /) . Ahmad
OV =y R IR AT A AfNet 454, 118
o7 b R ] EEELREAE, W A T IUARAITCAUE B

BEXTELA OGS o BB R A L R AT
JEOGTE 25 B BR G R, TRIL AR B £ 2
UCRFESE ), AR SCHH — R R T IR GBS =
P25 A5 (hybrid convolution neural net-
work with triplet attention, HCTA-Net), =% 51 ik £
U 445

1) &3 T —/~ i 3D-CNN., g it /) 2D-CNN
F1 1D-CNN 41 5 1 TR A 4 B p 48 W 45 454, 5847
F 15— 25 [a] 35 5 R 25 0] 3k B A RRAE, 2 713K
AW ATk RE

2)7E 2D-CNN B i i AR BE ] 73 15 45 A1
(depthwise separable convolution, DSC)™”, B&{I% T %
AN A =

3) 51 A =433 75 1R e Triplet Attention”
FERE N REFEE X, DU E =2 -
23 [V RRAEAE A J 2 X 4 ) g A o

4) FIH 3 4~ PFHr 48 45 X Indian Pines. Sali-
nas Il Pavia University 3 />3 FF 114 HST 36 4 1) 53
REE R HATERGITAL, SLI 25 R IA SO 63
T Tk,

1 HCTA-Net #£ A % 1t

ASCHRE I FIRGEPRS = EEE T
HLI A 65 R 5325 )5 1 HCTA-Net, 2 1A i 2
WE T FR, FEW =H A A BE R 2k
U P 28 RN 28 ST . B 0, SR 32 4 o Bt

[22]

J57% (kernel principal component analysis, KPCA)
B Ye 2 CxHxW(C N PLBE, W H 535 D B4
P B AN wE ) 1Y R i HST 808 B 4 31 B A i
Be, AR BRI SOOI R B BRI E R,
I /D J S R AL B I ] A s 0] 52 2R 3, SRS T
R /INA KxKxB 1) = 4 R Hedi A 3 53 25700
poZg b, Ho KO8 1R/, HOR, 3 28R I
2 A FE MR % 219 3D-CNN,, Triplet Attention, 2§
#EJ5 ) 2D-CNN Fil 1D-CNN BEHe 44 LAY TR A 45 1
P 2%, i I 5 1 A0 3 4 (8] £ 5 A0 B 2 40 3 R
AEJH T 23 200, B i softmax 7328 %45 5
TR 2By U 73 25 45
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1.1 REERMEMEELR
1.1.1 3D-CNN A3

WS¢ W, 3D-CNN 1] [&] B %7 HST £ 4 17
FEE R 025 [A] H5AE A B 2 B, 1HL it 25 19X 285 T
JE IS IN, 27 R AN R AR B B R TF R R
R, R A SCR I = 2 1Y 3D-CNN X} HST %1
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n
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Fig.2 3D convolution diagram
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1.1.2 2D-CNN #3k

2D-CNN BLH ¥y & 25 (8] 4 9F 17 £ 46 IF g

HSI /Y J5 i 25 | RRAE o e, @i | & 3D-CNN
AR AR IR 1B B Ol 3 S TR R AE S, D gk — 2P
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Fig. 3 2D convolution diagram
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i 1 B0 5 T AN R AR A AU w7, 2 5 i1 )2
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1.1.3 1D-CNN A3
Ryt — SR G RERRIE, A SCHE 3D-CNN 5
2D-CNN fEHLILRE |, PR —)2 1D-CNN #idk, i
‘n%lﬁ]fﬁr“ CNN HJal A, s30T HSUK 211
eSS HRHE, K 4 4 T —EBURE R,

I-7-4

H4 —%ERTE
Fig. 4 1D convolution diagram
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[ i 9 /0 ] 2 o] S8, R UIRAE, A SCHE 2D-
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Kl 7 45 5 T Triplet Attention A 254y, 24
B CxHxW I, Fi A 3 53 L HARSE I
e

D55 143 3O IEERE C M2 M 4E 8 H &2 H.
RS2, AR B ST H S0 ik g e % 90°,
ICAR Ry WxH>C B FRAE &, SE7E w48 FE E
#47 Z-Pool, Z-Pool J& X} iy A #4721t 4k A1 e

Kb fb, BENS IR B RRAE 10 3 & R, Al A 46 /N L
W, SRR K 2xHxC B FAE, SR )5 i it
7x7 W FUZ A BN 2, 24538 Sigmoid #iE 242 %
AN B TR AN TR o B i Zead pk 22 A0 e, WY H il
B A e i 90°, K 7 ) A 7fe [ml i G RR AR BT, A5
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25 738 o Ve e FR A 4 O 0 AL EE e I I A R AT
B, A5k CxH>*W 4EJEFREE

3) 55 3 43 3RS EE A S, AR
fIEE 28 355 Channel Pool, 28 I MR Ry 2x Hx W Iy 45
fEEL, #Emzeat 7x7 BZ BN 2, 280N R
B S ) A . B R FH B 25 A8 48 R e
TR VE R T B ) A Ofe Il R U REAE BT, AR
CxH*W 4 FEFFIER]

4) figJe X 3 A0 3 Y CxHx W 48 JE 41k
AT A IO

CxH*xW
l y i
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WxHxC HXCxW 2XHXW
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| Batch Norm | ‘ Batch Norm |
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—
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REE
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Fig. 7 Triplet Attention architecture diagram

2 SR HEIREE AL

LWHIEE

o T ¥ HCTA-Net B84 5 H i i 3 0 7 12
A1 X%F H, AR 3% H Indian Pines. Salinas £l Pavia
University 3 A FF A5 2 iE 17 52 5, B dE =
Hfs Bk 1 iR,

F1 HSIHEESH
Table 1 HSI dataset parameter

2.1

280 Indian Pines  Salinas  Pavia University
KA EDEREGIM i BRAIEHR
KAV AVIRIS  AVIRIS ROSIS
T FEl/um 0.4~2.5 0.4~2.5 0.43~0.86
KGR 145x145  512x217 610x340

23 [] 3P /m 20 3.7 1.3

SV 55 18 &
gk
e Indian Pines  Salinas  Pavia University
B 224 224 115
LR B 200 204 103
A 10249 54129 42776
e 16 16 9

& 8~10 43 %45 i T Indian Pines, Salinas fll
Pavia University CHEAEA R 900 % (6 J6] 15 090 5
HK

Aldalfa Grass-pasture-mowed

! Corn-notill I Hay-windrowed

Corn-mintill Buildings-grass-trees-drives

Grass-trees Stone-steel-tower

Oats Grass-pasture
Corn Soybean-notill
Woods Soybean-mintill
Wheat Soybean-clean

-

(a) thE (b) HBHE

8 Indian Pines #3E &

Fig. 8 Indian Pines dataset
(@) R EE  (b) KIS HHE

& 9 Salinas #{iE&E
Fig. 9 Salinas dataset
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Grapes_untrained
Soil_vineyard_develop
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Vineyard untrained
Vineyard_vertical trellis

Asphalt
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Gravel
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() PR

B 10 Pavia University #{iF &%
Fig. 10 Pavia University dataset
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KPCA X} HST #F47 M4k, 38 i 5| A% eR %k, 38 5%
X HST B ds i JE 26 A5 5 A B AE 7, M4 ] 5
A P RFAE B, 5 K PR B b 3R A A (5 8 . il
SR it HST B 25 3 543 1Y sk R, A8 SCR ] Indi-
an Pines B4l S 1 30 4~ £ ALY, TUHRR A 99.25%,
% H] Salinas £ £ /T 15 > FE W4, TBRE N
99.9%, % H Pavia University 05 8 /7 15 4~ F %
5, TTHRFEHN 99.9%.
23 XWSHITE

RSB 3 M Intel(R) Core(TM) 17-9700K
CPU @3.60 GHz, N7} 32.0 GB, GPU NVIDIA
Geforce RTX 3 070, 4% 4 ¥4 5% % A JT K Y Tensor-
flow 2.0 HE 2ok 45 2 X 245 A R IR AT 50 80 . X

Indian Pines ZHE4E, M\ AEAS 2 51 BEHLIEHL 10%

10% F1 80% FYFE A% 21 Bl I 25 4 | 56 ik 4 5 I
4, % F Salinas fll Pavia University £0 & 55, M5
A KB BEHLIE B 5% . 5% F1 90% LA 2 Bl
e B ESE S5 S . HCTA-Net [ 45 45 7Y (1)
B AT RN R 25%25, IRk AR ECH 50 1Kk,
2 ) R E K 0.001, ZJ5 R H Adam 4k
TR 2% AT 2 20 2

TE 3D-CNN e rfr, 3 4> 3D B A% K/ 53 3l
H(3,3,7). (3,3,5) Fl (3,3,3), AR A4 08 % 5 > 4
8. 16 F1 32, fE ek #f 2D-CNN e, 2D #] 43
BB KN R (3,3), XY E R A KU 64,
J34h, £ 1D-CNN b, SR H 128 45 R K/
3 BYUE A . S5 A H] ReLu #l Dropout B 2H

H ;

(a) Ground truth (b) SVM

(c) 2D-CNN

(d) 3D-CNN (e) HybridSN (f) DTAResNet (g) CNN-ASS (h) HCTA-Net

B R Wk 2% fi I A B v vT BEAFAE A E LA 1Y
A, AT A R i T IR T iz et fE .
J& , ARSCR ALEBRKS BE (OA). “F34K5 B (AA). Kappa
R (K) 3T FE IR, RV A [RIBL R 2 8] 5
225, Hp, OA M2 IEWES MG ek )
AR s AA R R PRORS BE 78 45 A 28 500 rp i) 2 1
Kappa 7 £ HH ok A Wr— 250k i 72 5 B 4328 il
gh IR 5 B S 1 2 Al — 20k

3 5 ARk B R M A ST AT

B A SCHE Y HCTA-Net A5 U 4 1F B M
A, BHEES svM™ 2D-cNNPY | 3D-
CNN" HybridSN"*" DTAResNet"?’!, CNN-
ASSPS R HEAT S XF LAY BT, A A AIE S B 2
BN, SESG AR AR R RS it A7 . AR 7k
1F Indian Pines. Salinas Fl Pavia University Z¢ 4542
A EE AN 11~13 Fis, 4525 B 50 2K B
%% 2~4 fir7n . LA Indian Pines A 4], H1& 11
Al AE AU SVM 7 B0 25 BRI A s %
B 5, 3D-CNN J5vE 18 i 3D #2FH 55 5% 2% N 2% S48
AL T X —30 4, HybridSN i i 3D 5 2D L Fh
A B T/ MERE, DTAResNet 5 CNN-
ASS 38 1 FRAE SR BRI S| B AR e e — 20 o [
I TH5 YRR EE . WA SCHE H /) HCTA-Net J5 1543
IR i ESLAE O, A, R 2 AL, R
Oats 5 Soybean-clean 4b, Hiflh 14 2E#E 3] T
98% LA I 435K B, IIE B HCTA-Net 15 7 fig i
%EEQAE%EE*E’JJ‘&% 72 [ R AR AR L, DLk
[ SZE NP S

11 AR 7% T Indian Pines XK & R

Fig. 11 Classification results of Indian Pines dataset with different methods

(a) Ground truth  (b) SVM

(¢) 2D-CNN

(d) 3D-CNN  (e) HybridSN (f) DTAResNet (g) CNN-ASS (h) HCTA-Net

12 AREFAZET Salinas HIBEHLER

Fig. 12 Classification results of Salinas dataset with different methods
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(a) Ground truth  (b) SVM (c) 2D-CNN  (d) 3D-CNN (e) HybridSN (f) DTAResNet (g) CNN-ASS (h) HCTA-Net
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Fig. 13 Classification results of Pavia University dataset with different methods
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Table 2 Classification results of each category of Indian Pines dataset with different methods %
20 SVM  2D-CNN  3D-CNN  HybridSN  DTAResNet = CNN-ASS  HCTA-Net
Alfalfa 59.52 100 100 100 100 100 100
Corn-notill 68.35 83.99 90.48 95.87 97.77 98.24 98.70
Corn-mintill 51.00 84.83 96.77 95.28 97.33 99.80 98.80
Corn 44.86 90.48 99.32 99.49 100 95.95 98.81
Grass-pasture 88.74 94.56 97.76 99.75 97.89 96.60 99.70
Grass-trees 93.46 97.56 98.67 99.83 99.10 96.90 99.03
Grass-pasture-mowed 84.62 100 100 100 37.04 100 100
Hay-windrowed 97.68 94.61 99.23 99.24 99.64 100 100
Oats 16.67 66.67 100 5.26 31.58 85.71 76.47
Soybean-notill 62.40 90.18 95.99 99.87 95.46 99.47 99.70
Soybean-mintill 84.71 88.58 99.69 99.01 97.54 99.52 99.13
Soybean-clean 47.19 78.29 99.38 98.11 98.31 98.02 97.58
Wheat 93.51 93.26 100 96.55 100 96.85k 100
Woods 96.66 98.40 98.05 99.71 99.87 98.44 100
Buildings-grass-trees-drives 56.03 89.80 100 98.13 99.55 99.57 100
Stone-steel-towers 90.48 94.67 98.31 94.52 90.63 96.43 98.39
OA 76.29 89.87 97.28 98.36 97.55 98.66 99.16
AA 70.99 78.19 85.85 91.96 90.11 96.64 98.27
K 72.62 88.42 96.89 98.13 97.21 98.44 99.05

R3 FEAET Salinas BIEER LN HHRER

Table 3 Classification results of each category of Salinas dataset with different methods %
255 SVM  2D-CNN  3D-CNN  HybridSN  DTAResNet CNN-ASS  HCTA-Net
Brocoli_green weeds_1 97.64 100 100 100 100 100 99.67
Brocoli_green_weeds_2 99.92 99.83 99.91 100 100 99.86 99.58
Fallow 96.54 98.58 100 100 99.39 99.63 100
Fallow_rough_plow 98.94 97.91 99.92 98.54 97.89 99.03 99.21
Fallow_smooth 98.00 97.93 99.83 96.95 99.62 99.33 100
Stubble 99.76 100 100 100 100 100 100
Celery 99.21 99.85 100 100 100 100 100
Grapes_untrained 91.44 89.64 99.41 97.91 96.18 98.89 99.90
Soil_vinyard_develop 99.30 99.63 99.98 100 100 100 100

Corn_senesced_green weeds 93.39 97.69 99.83 100 99.59 99.77 99.90
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251 SVM  2D-CNN  3D-CNN  HybridSN  DTAResNet =~ CNN-ASS  HCTA-Net

Lettuce_romaine 4wk 94.29 98.81 96.81 99.81 99.28 100 100
Lettuce_romaine Swk 99.73 99.24 99.66 99.25 99.54 99.84 100

Lettuce_romaine_6wk 98.16 99.42 100 98.23 100 99.64 99.76

Lettuce_romaine 7wk 92.23 96.41 99.89 100 100 99.32 99.90

Vinyard_untrained 52.35 88.86 95.33 99.93 99.95 99.20 99.79

Vinyard_vertical trellis 98.95 98.88 100 100 100 100 99.81

OA 90.58 95.78 99.12 99.29 99.01 99.52 99.87

AA 94.37 97.64 99.41 99.53 99.41 99.64 99.84

K 89.48 95.30 99.02 99.21 98.90 99.47 99.86

R 4 AEFET Pavia University BB E R L HEER
Table 4 Classification results of each category of Pavia University dataset with different methods %
25 SVM 2D-CNN 3D-CNN HybridSN DTAResNet CNN-ASS HCTA-Net

Asphalt 94.98 96.32 99.97 99.25 99.29 98.53 99.49

Meadows 97.44 96.73 99.45 99.74 99.66 99.82 99.98

Gravel 73.08 84.42 99.75 99.29 92.55 98.47 98.82

Trees 84.44 97.21 99.85 98.01 99.38 99.13 99.63
Painted metal sheets 99.69 100 100 100 100 99.92 99.91
Bare soil 70.24 96.12 99.17 99.71 99.48 99.98 100
Bitumen 1.42 96.29 99.92 98.44 97.84 99.25 100

Self-Blocking bricks 88.14 87.13 90.76 97.36 91.58 98.35 99.29
Shadows 100 97.75 98.84 99.50 99.87 97.84 100

OA 88.08 95.30 98.73 99.27 98.46 99.34 99.76

AA 78.83 93.33 98.63 98.38 97.74 98.29 99.68

K 83.88 93.75 98.32 99.04 97.96 99.13 99.69
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Table 5 Network parameters and training time of different classification methods

S 3D-CNN HybridSN DTAResNet CNN-ASS HCTA-Net
WS 199153 4844793 21975725 4787507 573989
ESRIEI 124.2 76.1 441.4 63.7 425
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