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Abstract: Hyperspectral image classification typically assumes that the training and test data share identi-
cal categories and that no unknown classes appear in the test set. However, this assumption is rarely satis-
fied in practical applications. In addition, the subtle inter-class differences inherent in hyperspectral data of-
ten lead to overlapping feature distributions and consequent decision boundary ambiguity. To address

these issues, an open-set classification method for hyperspectral images is proposed that integrates contras-
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tive learning with DenseNet. First, a spectral feature extraction module is employed to obtain the original
spectral features, and multi-level feature interaction is realized through DenseNet. A transition module is
further applied to compress spectral channels, thereby yielding clearer class boundary distributions. Sec-
ond, the extracted spectral features are mapped to a spatial feature extraction module to obtain spatial-do-
main representations, where ResNet is adopted to capture local spatial structural information and enhance
spatial perception. Subsequently, contrastive learning is introduced to reinforce intra-class compactness
and inter-class separability, and is combined with a hard-sample mining mechanism to optimize ambiguous
boundary features and improve the model’ s discriminative capability for boundary-region samples. Experi-
ments conducted on the Houston 2013, Pavia University, and WHU Hi-LongKou datasets demonstrate
that the proposed method achieves superior ground-cover classification performance on unknown catego-
ries, with accuracies of 68.81%, 69.24%, and 59.26%, respectively. Meanwhile, overall accuracies of

89.49%, 95.06% , and 95.03% are obtained, indicating that the recognition of unknown categories is ef-

fectively enhanced while maintaining high classification accuracy for known categories.
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ty, WHU-Hi-LongKou 3/~ FF 84 4 L4717
S2 % . Houston2013 % #f 45 40 & 3491 905 1%
L1 B B BN 2.5 m, 154 4
2 5, ¥ “water, parking lot 2, tennis court, run-
ning track” ¥ A R H R, HRAE R E KR =
SUNZRAmal . 2 145 o B 2R A 10 28 00 ) L
ER PR EYNE TR NS

Pavia University £ 842 &% 610 X 34018 & ,
103 e B, 25 M) o BE A0 1.3 m, Hh A7 920 .

%1 Houston2013 B &£ T KA iF1E

Tab.1 Land class details in Houston2013 dataset

&, e A hEAR FLAH B
. Healthy grass 1251
Stressed grass 1254

- Synthetic grass 697

Trees 1244

Soil 1242

Residential 1268

. Commercial 1244
- Road 1252
B Highway 1227
Railway 1235

Parking lotl 1233

Novel 1882

4 “Shadow " ¥E Rl R A2 5], A 8K HENE
IZE R 2 s .

%2 Pavia University #{#& & T ith 25 51 1%
Tab.2 Land class details in Pavia University dataset
g 2 A Rl FLAE A
B aopnac 63l -

Meadows 18649

B oo 200
Trees 3064
Sheets 1345
Bare soil 5029
. Bitumen 1330
B ricks 3682
Novel 947

WHU-Hi-LongKou %% % 4 75+ [ i1 Jb 45 Je
FHAR R4 U & 550X 40018 %, 270 ik BE L 25 []
SEHER R 1.3 m, A A R K 0.463 m, HA 9
ANKH L B “Mixed weed " VE A2, Hi4r 8
AR TS, W3R 3PTR .

3.2 XBRTFERSHIEE

5256 PR 855 2 Intel(R) Xeon(R) CPU E5-2620
vA@2. 10GHz 4b ¥ %% . 128 GB W % il NVIDIA
GeForce RTX 2080Ti GPU W ; It #b , T J& 2%
> HEZL )& Pytorch, ‘B fifi ] Python 7 4 4 #2185 5
R FH WA 5% 3R K ) SRR Rk R AT A
e 2w W, 2% 20 3 1X10°° 3% W 19 2
1X 107, B 1k W fR DI 25 st PR 2 2 S K 3K
AR BB 500, R T80 I g ke A
R MR B IS S 10 RO E AR A

#3 WHU-Hi-LongKou % #& & 1 i 2 31 i£ &
Tab.3 Land class details in WHU-Hi-LongKou dataset

Bl

Novel

5229

25 FEA hi &l LA A
Corn 34511 ,
Cotton 8374 4
Sesame 3031 5
Broad-leaf soybean 63212 l
Narrow-leaf soybean 4151
Rice 11854
Water 67056
Roads and houses 7124
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e RS 2, B 32 B F2s (R4 AE 3 U4 E 2R I8 A8 O 5T

VAL J5 o Ve AE 7 1, R BV 28K
(Overall Accuracy, OA) 343 2545 B (Aver-
age Accuracy, AA)Fl Kappa & % 3 Tl 45 A5 X £
R UEAT A PEAL o OA IR 1E B 3 JEFE AR 5 )
A S B LE B . AA N 3R IR 45 28000 3 25 0
FE 0 F B 08, 68 0% 7 & A 8] 28 0 B 1y o 2 2
5o Kappa R 8RR 70 8 45 1 5 b 11 2 92 E 1)
—F M. Memory KRl Zhad b G 2
f# . Training Time 1 Test Time 43 jl % 7~ 1% 7Y
SRl 1 o T R A E S R A R T i R = 8
WK . W Ah, Training Time A 41 35 Yl 2k 13 5 79
B A 5 A B A S v R St R b (R
5 RS 0 A L H AL R S ) A R X S B R
Y #E B Test Time WAL 45 #5280 7E I3k 45 | A 4
JHLIS 8]

3.3 WXL RS
3.3.1 RR & EFiEwgaik

T B UE CLCD kA st , A K e
0SC-SCL™ , DCRN'® , Hybrid SN’ , ResNet *”
1 3D-CNN ' FI DTCL™ 45 # B #E 4T T 3¢ .
Horfr , DCRN J& — > XGH 18 O % -2 1) 57 1E £
BEAY o3 391 XsF 245 18] R O 3% 4 AF 2F 47 5 AE £ B, 4R
J5 il 1 2 R AE , B )R #E47 3 26 . Hybrid-
SN 456 4 =2 5 U IR & 6 R M &, 7T [F]

AR . ResNet 3 i) 5% 22 7% 12 22 it TR )2 I 45 )l
S 18 B T % ) AL, 398 iR 00 24 1) R E IR 4 M
RIKAETT o 3D-CNN R JH =4k 45 B H 4 4b B iy
3% Sz 7 B T () B AR AR O A A A S
OSC-SCL J2& — i JF il 8 43 26 07 vk Ll ok 51 A%
LU 27 > 1 8 28 N R SO A E) 4y B v, DT 4
L M1 2 A ) B 7 O 1 5 R RN 28 Y X4 g
DTCL (Dynamically Temperature Contrastive
Learning ) i 12 2 45 I FE 46 B pRE A A 0T EL 2 >
AR SCKEZALE 5] A OSC-SCL He £ B R o, D) 5
WEA SO EE A B e e X T 27 ) T i . A
[[] 77 ¥ 7 Houston2013, Pavia University
WHU-Hi-LongKou 4l 48 I 19 40 25 45 3 430 4n
FA~L 6. ANEITETE 3L FH
G5 1oy E 5~E 7 R .

% 4 7] 50, CLCD #% % 7 Houston2013 %%
WA LAY OA, AA Fil Kappa 45 b 1 1k 21 5 55 {
5y B 89.49%, 90.79% F1 89.43. M #H T
OSC-SCL J7 ¥ , A8 C#E Healthy grass, Synthetic
grass, Trees, Soil,, Residential , Highway %5 3% | 43
o4 F+ T 0.35%, 0.1%, 0.14%, 0.19%,
0.24%,2.35%, 1ii #£ Stressed grass, Commer-
cial, Road, Railway , Parking lot1 5525 51| I W& itb F
OSC-SCL, 43 5 IR T 0.46%,1.45% ,1. 76 %,

R4 AEFHEEHouston2013 4 IEE P L RBEITLL

Tab.4 Comparison of classification accuracy of different methods on Houston2013 dataset

LAY Healthy grass ~ Stressed grass  Synthetic grass Trees Soil Residential
3D-CNN 83.6943.17 42.714+6.01  60.26+2.87 48.76+E6.41 28.34+4.76 47.5246.20
ResNet 84.204+0.52 78.364+2.31 87.81+4.62 65.834+12.76 62.26+15.69 73.694+3.13
HybridSN 91.1947.27 91.634+4.59  98.10+3.16  94.03+4.04 90.28+12.55 84.334+5.75
DCRN 90.254+2.70  97.32+2.52 100. 00 98.93+0.90 96.54+4.79 91.25+5.96
OSC-SCL 98.59+0.41 98.76+0.75 99.85+0. 25 94.01+0.09 99.78+0.30 91.64+0.18
DTCL 99.2140.37  98.40+0.31 100. 00 94.004+0.14  99.76+£0.26 92.2940.38
CLCD 98.9440.78 98.30+0.13  99.95+0.08 94.15+0.12 99.97+0.04 91.88+40.68
H R Commercial Road Highway Railway Parking lot1 Novel
3D-CNN 44.70+14.41 53.2845.30 39.704+2.47 37.62+3.20 28.8348.65 —
ResNet 42.71+1.51  71.99+7.03 51.404+13.71 47.484+6.20 39.01+8.99 —
HybridSN 61.054+17.71 80.07414.71 55.734+13.82 63.67+£29.06 71.17+£9.53 —
DCRN 74.634+7.54  93.264+2.82 88.07+8.38 79.52415.53 88.02+12.80 —
OSC-SCL 86.96+0.37 87.20+£5.04 95.64+4.18 79.044+1.06 91.90+2.24 62.01+3.96
DTCL 86.3640.68 83.264+3.64 97.62+0.70 80.23+0.76 92.93+1.74 60.624+3.98
CLCD 85.514+0.49  85.44+1.71 97.99+0.56  78.19+2.85 90.41+0.26 68.81+6.91
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Tab.4 Comparison of classification accuracy of different methods on Houston2013 dataset
Fi 4 OA/% AA/% KappaxX 100 ~ Memory/MB Training time/s Test time/s
3D-CNN 40.55+1.81  42.954+1.90 35.34£1.96 227.01 15.38 3.01
ResNet 55.26+1.72  58.73+1.57 51.33+1.86 795. 35 97.72 16.91
HybridSN 69.49+2.71  73.43+£2.65 66.80+2.94 422.30 13.47 3.21
DCRN 79.03+=2.13  83.15+2.16  77.20+2.34 211.70 29.41 3.37
OSC-SCL 88.84+0.27  90.45+0.24  88.01+2.60 309.73 510. 70 12.94
DTCL 88.71+0.63  90.39+0.49  86.42+5.17 309.73 508. 32 13.20
CLCD 89.49+1.08 90.794+0.79  89.43+6.68 641.79 362.31 12.84
R 5 A[EF AT Pavia University {IB &£ F IS R B EITEL
Tab.5 Comparison of classification accuracy of different methods on Pavia University dataset
LT Asphalt Meadows Gravel Trees Sheets Bare soil Bitumen
3D-CNN  65.014+3.30 81.7643.51 50.47+2.85 94.5242.13 89.39+3.19 43.00£7.03 76.66+7.62
ResNet 69.95+2.16 81.744+1.43 52.55+4.79 93.11+2.54 97.25+2.97 58.97+1.29 77.59+13.70
HybridSN  91.55%+6.23 85.97£8.03 86.92+9.62 98.48+0.56 99.6940.29 95.714+3.84 90.86+5.85
DCRN 95.47+3.19 85.5242.14 97.81+1.67 96.23%1.45 100.00  99.5840.38 99.72=0.36
OSC-SCL. 95.53+1.93 92.514+1.07 95.65+2.11 97.77+0.43 100.00  99.7940.26 99.99+0.03
DTCL 94.80+1.94 93.054+2.02 95.54+1.60 97.09+1.13 100.00  99.97+0.07 100. 00
CLCD 95.10+2.35 94.29+2.12 95.494+2.25 97.86=+0.81 100. 00 99.93+0.14 99.904+0.19
el Bricks Novel OA/% AA/% Kappa X 100 Memory/ Tr-aining Test
MB time/s  time/s
3D-CNN  64.21+5.45 — 70.75+1.76 62.7840.57 61.73+2.14 168.45  10.06 6.52
ResNet 71.06+6.94 — 74.25+1.06 66.91+1.87 66.50+1.44 606.57  55.10 36.03
HybridSN  71.54+11.87 — 86.36+3.49 80.08=+0.75 82.43+4.21 304.93 8.46 6.85
DCRN 95.58+3.03 — 89.96+0.79 85.55+0.48 87.04+0.99 156.14  16.38 6.55
OSC-SCL. 90.9343.30 65.7548.94 94.09+0.44 93.10+1.31 86.65+6.27 216.87 279.79  31.34
DTCL 95.59+1.79 66.794+8.11 94.61+1.05 93.6540.45 87.83+6.65 216.87 259.51  29.27
CLCD 92.80+2.26 69.24+6.97 95.06+0.94 93.85+0.44 94.00+0.51 458.06 192.13  30.14

0.85%,1.49%, 1 Novel £ 427+ T 6.8%, 7t
S3 SR T4 O VR AR I R 3 R AT 55 A AL
P A KIS LA, CLCD 1432845 R 5 1
1] L R e o #2301, H A Highway Al Novel 25 5
S HE T Sy i BT A A AR R U AR SO IR R IX
53 Gy R VR 25 0 3 By T A 0T 5 Y R AE A AR
Vi

% 5 Fr s, 1€ Pavia University #0854 I+,
A SCHE A 7 2 7 Meadows, Trees, Bare soil,
Bricks Fll Novel FLANZE A1) b 1y 0 M RE 3 A W 2%
# 7, 4y ik ) 94.29%, 97.86%, 99.93% ,
92.80% M169.24% . MIE 6 1] LLFE | i L8245
DX H 18 300 % T R RS L D N MR i — 2D ik

(Way

2
H

B AR 3068 RO REAS B 205, AR SCOT VA RE S
A R T IFHCAE 23 2 W PR RE L AT S8 G T H A
R

M 6 7] L& P, 7 WHU-Hi-LongKou $ 4
AT OSC-SCL J5 i, 7E Sesame, Broad-
leaf soybean, Narrow-leaf soybean, Rice, Water,
Novel %2851 73 5 2 7+ 17 0. 296, 0. 426,0. 9%,
0.17%,0.02% #1 9.1%. 1 £ Corn, Cotton,
Roads and houses 82K 5] 4> %] F F& 17 0.04%,
0.51%,0.71% . B RRBM T XI5, 2 —
AR B T AR SCOT A TT AR 23 SRAT 55 v Y D
o I 7RI RUE I, AR SCOOT iy 7 R4 R S |
Sl W PR B Ol BT A 3 X R D, U B AR R A
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Tab.6 Comparison of classification accuracy of different methods on WHU-Hi-LongKou dataset
. Broad-leaf ~ Narrow-leaf )
LA Corn Cotton Sesame Rice Water

soybean soybean

3D-CNN  36.064+5.96 89.86+£0.98 36.48+3.21 52.76+£1.76 57.18+19.05 68.69+5.31 97.11£0.50
ResNet 87.8841.68 92.37+2.24 60.8646.07 47.44+7.40 79.764+3.09 85.80+£8.68 98.74+£0.55
HybridSN  97.20£1.33 92.9943.64 92.9740.98 83.8948.76 ¢
DCRN 99.5140.55 93.43+10.37 99.8540.27 89.59+1.88 96.134+3.15 98.78+£0.63 99.98+0.02
OSC-SCL  96.04+2.26 98.02+£0.50 99.79+£0.19 90.38+0.84 96.60+0.56 99.5040.15 99.7140.04
DTCL 95.76+1.37 96.274+0.51 99.6940.26 89.8040.48 97.27£0.83 99.73+0.20 99.63+0.26
CLCD 96.00£0.62 97.514+0.44 99.9940.02 90.8041.33 97.50£1.12 99.67+0.12 99.73+0.14

©

5.90£2.10 96.004+2.75 99.9540.02

» Roads and Memory/ Training  Test
L Novel OA/% AA/% Kappa X 100 . .
houses MB time/s  time/s
3D-CNN  69.81+7.68 — 66.02+1.45 56.444+1.40 57.90+1.63 408.00 17.49 61.56
ResNet 86.10+5.07 — 76.13+2.06 70.994+1.12 70.364+2.34 1371.33 132.96 417.99
HybridSN  96.66+0.49 — 89.94+2.59 83.32+0.64 87.06+3.18 787.37 16. 00 71.44
DCRN 97.48+2.61 — 93.63+0.61 86.0841.27 91.71+0.77 408.45 53.58 67.61

OSC-SCL  96.434+0.28 50.16+£3.00 94.68+0.16 91.85+0.36 87.034+4.45 565.93 656.99  264.90
DTCL 96.28+0.54 52.8243.91 94.4540.47 91.9240.47 92.50£5.37 565.93 648.66  239.44
CLCD 95.724£0.28 59.26+6.64 95.0340.47 92.914+0.71 92.93+2.48 1200.09 614.69 284.38

ResNet
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Fig. 5 Classification results of different methods on Houston2013 dataset
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Fig. 6 Classification results of different methods on Pavia University dataset
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Fig.7 Classification results of different methods on WHU-Hi-LongKou dataset

b B R AAE SRR AT T s . DA
Houston2013 % 95 4£ 4 4] , 75 #H [7) 0 7} 2R 48 T,
CLCD J ki A7 5 R 641. 79 MB, H e 3£ 2%
i H OSC-SCL #9 309.73 MB 3 Jin T 332.06
MB. A b T 3 R T Py R — 7T,
U ) DenseNet >R = 4 4 BUT 5B F R A 4
PE 3G 0T v fa] R AF B B, TR T T
FE 5 F s o5 — T 1, TRUME R 2 42 18 5 0% 76 X LL 2
2] 73 [a) o TG TT AR T Z2 R AE B) A A ALBE L U 3 A
MEREAS , R REAR Ok T84  BAF T RS . SR, X
— AR TR T B R 25, OA 2
T+ 7 0.65%, AA T T 0.34% , Kappa & %2

F+ T 1.42, Novel #£ 7+ T 6.8% . R W17 & A
A PTG AB A oAl ok 1Y o R R AR T L X —
ShIF RS AT DL 2 Ry, U W] CLCD 78 & B2 35 m
THE AR T, SEBL T A Y T g 2
fie )1 .
3.3.2 HakERHH

CLCD J7 iy etk 3= 2 4 i £ HSM il DSB
PSR, A SCBE T T T il S 58 K 43 BT sk S
PIAVER, S5 R 7 FroR o SC5e 40 4 FAg O -
(DR FEE T3t 2 19 40 2507 OSC-SCLs
(2) ¥ OSC-SCL 1y % fili I jm A HSM; (3) 7
OSC-SCL 1y JEfifh | Jm A DSB; (4) £ OSC-SCL

RT HBMZBER
Tab.7 Results of ablation experiments
Dataset HSM DSB OA AA Kappa <100
— — 88.84+0. 27 90. 4540. 24 88.01+2. 60
— N 89.3340.93 90. 6740. 60 89.39+2.75
Houston2013
N/ — 89.36+0.54 90. 8440. 28 84.29+3.22
N/ N 89.4941.08 90.7940.79 89.4346.68
— — 94.0940. 44 93.104+1. 31 86.65+6. 27
— N 94.7840. 49 93.1140.47 90. 9342. 80
Pavia University
N — 94.6240. 61 94.054+1. 29 90. 694 3. 55
N N 95.06-+0. 94 93.85+0. 44 94.00=40. 51
— — 94.6840. 16 91.8540. 36 87.03+4.45
— N 94.7840. 33 92.0840. 32 90.034+6.18
WHU-Hi-LongKou
N/ — 94.9640. 28 92.1640.77 90. 23+3.83
N N 95.0340. 47 92.9140.71 92.9342.48
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OA FIAR HIZE 1Y 43 2605 B2 143K 3 f ey, 3R B AR
e B A T ANION , HSM 34 3 1 FLREAS H1 5] fig

DSB it Ak 6 1% FRAF L AFBE J1 . — & Y R VE )
P TR CAE R 732568 ) o 4F Houston2013 %4
PR v, ot 4l HSM I, B8R OA Fil AA 15 5]
PETE X S P o HSM i Ak T 11 78 R AR 11 40 51 g
by L NG 5 o = N L A (N T(TI = 2 s 7
DSB £ e, #5578 4% B4 SO 35 R AE 1 R 1A R
X REAE 43 A S IRk . Horh Kappa & 8032 FHAE
A3 A B R K, I L% B S R A S A IR VE T
&, T I OA/AA $2THH Kappa F RIS .
G, B 7 DSB BEE 2 8 51 A B M R it —
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VLTI T AR A BAOCR  Fe 4 SR T T B AR
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3.3.3 BARAK Ty LMW

R PEAG CLCD 76 A [ B0 46 1 1 2 B0
P, 74 3 A Houston2013 ¢ 98 45 5 5 3k 47 7 2 5
BB A3 BT o K HHSM v 1 42 1l 326 455 TR M A AR
B R S B BN A S I A e g
.46 43 i) BB BN AL T4 A, =1{0. 1, 0. 2,
0.3,0.31}f1 A, ={0.001,0.01,0.1,0. 15} Hh &
B (A AT A6 S8 . B8 B IR T #E Hous™
ton2013 5 Hl £, 2, 5 AL, A4 L F CLCD 1
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RUFE R 2804l & T W bERe A8 1k, g X 3%
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1% 0L
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F77E 22 90 AH 3 04 1 BB K OF (BT A7 7E — o 22
o GRAXT A WU AR IT B AR E M AR SR A
e T 76 45 38 A L 2 BUAR XA 8 2 80 AL A 1E
R R AW S B A = 0. 3
A =0.1,

9
9
8
8

Kappa

IO —_
ARSI ELS O

-
PRSI

El8 S CLCD A5 8 1 5 1
Fig.8 Effect of hyperparameters on CLCD model
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Fig.9 Feature visualizations of Houston2013 dataset
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Fig. 10 Feature visualizations of Pavia University dataset
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Fig. 11 Feature visualizations of WHU-Hi-LongKou dataset
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BF, 3 4R T T R A2 U AR T R A R
S TR TR A 288 1) i RO O T R AE AR AL A Ak
Y Pz A ag 1 SRR E M. SE I 7E Hous-
ton2013 F1 Pavia University ., WHU-Hi-LongKou
R Y % B k4T, CLCD 9 OA fH 4> % K
89.49%, 95.06%, 95.03%, AA {8 2 % K
90.79%, 93.85%, 92.91%, Kappa {8 43 % H
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LIUJ, LIY Q, LIU Y. Active learning-clustering-
group convolutions network for hyperspectral images
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