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Table 1 Existing multispectral and hyperspectral remote sensing scene classification datasets
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gng%%%%%%@%ﬁ%%%ﬁwi 5 1385 48 380—1050 1 256x256  fidn
490—665 842 10
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443,945,1375 60
AT R AR 6 737 32 400—1000 10 64x64 TR
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Bl R B 2 G A R A W R 5 O
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Fig. 1 Original hyperspectral image after contrast enhancement

WA 22038 F OGS 1 IR 5 B R Y
W2 2% o AR 1 5 o AR AL VR T 12
W T HMEN . PET g, 20T &t
B E N ZEERE R, AR RS
SHELN SRS R SRR EFESE

(1) R H K-Means % &5 G il 52 8 17 R 2
BCE R 16, RS N AR{BLEE AN ]
EPNGIE RPN E R U E S UPA I RN E S L
AT R W) B 55 25 e 0 RR AR (K3), 3
B A FMR 58 Google Earth 5705215, RIS R
SR EIRE S DOGTE A B S W Wy ek, HL R
—, ATLIHRE AR E ) (3 AR T N AL @ K A
HEE@R M) B A S B E B E AL
P S B RCR

x2 HKE—SERXLHSSLBEELERER

Table 2 Band information of hyperspectral scene classification dataset from Zhuhai—1
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Fig. 2 Process of preprocessing and dataset creation
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Fig. 6 Spectral curve of typical objects in scene samples
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3.2 EMIERR
i FH B AKS B2 OA (Overall Accuracy) 1E A 5K

AN AR, THRINEWT

OA = —NN (1)

A, Ny, RERIEF 2L MR A R, VR
MR FEAR S8R . eI Ir A Bl R L6 - 4
BEMLI) 23 2 d S A, fESimes b, 4
Hi S UCSE B B OA 33 {6 5 45 1 22 B9 JC G 4 1 STD
(Unbiased Estimation of Standard Deviation) , i1 5

NAANE
STD = [ D - ) @)

o, wfCRPRSIEH OAH, xfRFE SRR
OA BJMA . 4t — i J] 3+ ) & AL SVM (Support
Vector Machine) 1E 47335485,

3.3 SLWHE
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(1) FETCREMAMA : HHBRE S E(E
SAE R IR HERR AR, SR BoVW . Bk Fisher #%
IFK (Improved Fisher Kernel) (Perronnin 2%, 2010)
oy, Jay 3 24 R 26 M 4w 6% LLC  (Locality—constrained
Linear Coding) (Wang %%, 2010) Zifh 5k, X
WG R Tt T S M4 R G, B AR A S
B RME B4 R SR E .

(2) JETaEAAA: B =G AR RO IE 4E
Wi 28 3R RE , AR SO Ry DG TS B A B K i
P3G D B AR (L R, 4 HSCD-ZH
EuroSAT 5 NaSC-TG2 73 3| %t £ B14(670 nm) . B8
(560 nm) . B6(531 nm), 4(665 nm). 3(560 nm) .
2(490 nm), 8(665nm). 10(565 nm). 12(490 nm)
SUB, TR GIRMB SRR b, AT AR R o 5
I RITESRBURHE , AT S AR SR S
FHARGREE 5T 2 2605 R NRR 4R 5 1) 3 5t b S s
[AFAE , R4 T BE T2 (AW A Y S 56

R AR EE 27 2 O S R E I, e R
w37 5 $E BUE B 7 B CH - (Color Histogram )
(Swain Fl Ballard, 1991) . Jaj #8 — {4 #% X LBP

(Local Binary Pattern) (Ojala%¥, 2002) mf AR
AFHEE AR e SIFT  (Scale Invariant Feature Transform )
(Lowe, 2004) JE7ih =5 Al FFAE, SR 5 68 AR AT /Y
BoVW . IFK = LLC 73k BEAT 4t , H st FEAR
f 2R iR T (Xia%%, 2017).
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Transformer (Liu%%, 2021) A HE OGS4
(7 RFAE . A SCHEHE ResNet34 (He ™, 2016) 5
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(1) CH (Swain fll Ballard, 1991): 4357 Kl
B 3 EE T, GEih A X ) fE B R,
B3 EIT L, PHEE AT —1k, BRI
B CHAFIE . RSO E AR IE BAT 32 ME X
6], a2 AL ) i B AT 96 4 .

(2) LBP (Ojala’, 2002): #Hh0BE&RE
8 M ARIR R IR AR LU HL, ARATRY 8 (o7 — il K5 B
R R B LBP H A ST . Geit KR b LBP i
R B L, AT LA B SR RE 25 ] S B AE
(1 256 HEAFAE [ i

(3) SIFT (Lowe, 2004): SIFTH§AE&id it it
ARG SR BT R R . Sserh, s
EHER R 3 o 16 41 DX, 31587 DI 6 5 )7
K, PHEIE N 128 HERFAE ) £

BT FRERIFEE, 435 BoVW, LLC S
IFK 75 V5 R HE R AR AR A T S AT 100 P A 41 3R M

(1) BoVW (Sivic fll Zisserman, 2003) Jikk
FHERFE D\ SIFT S5 FERMARRAE b2y 2] i, Gt o 72
et R A SRR RN B A, TR
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(2) ZIBoVW, LLC (Wang%, 2010) Jyik
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IS5 R 3 5 e AR AR 4 A G i R EAT B AR TR 1
Y R IA AT ;

(3) AETFLLE2F5¥:, IFK (Perronnin 5%,
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K 3C 3% FH VGG16. ResNet34 5 Swin Transformer
0 24 R AL FEAT I T2 TR LA P 3 5 0 2R 52

(1) VGGHAY (Simonyan Fll Zisserman, 2014)
A T8I 33 B RE SR Z W45, Tz
FH7EALHE TGIHRSSC, HSRS-SC 5 NaSC-TG27E
B IESC R o AR SCR I VEG16 8 HoAy 6 1
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4096 # ] 121 A2 465 B U LR SEAR R AT o

(2) ResNet## (He 45, 2016) fff FHER A
ER R i 1 I Sk AR v s B A R A B 2R
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(3) 2018 4= 42 14 i Transformer (Vaswani ¢,
2017), SRR A TEE LS BT 2 R 2% 254
W h T 5 CNN, 7 25 #h 22 ) 4% RNN  (Recurrent
Neural Network ) Jf-51] 04 3 17 78 FE 5 fiF 42 BB AL
A SCR AR TS B AT 55 b e A0 5 1 B 1Y
Swin Transformer (Liu%s, 2021) Y- RIEBOURE
fIE X Le AL . L H A 4> CNN 2 IR AL i /Y
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Table 3 Mean of overall accuracy of classification and its
unbiased estimation of standard deviation for different
spectral-based methods on EuroSAT, NaSC-TG2,

and HSCD-ZH
1%
Bk
PONEA RS
EuroSAT NaSC-TG2 HSCD-ZH

BoVW (Spectral)  92.92(0.2725) 94.34(0.1683) 88.48(1.5864)

IFK (Spectral)  95.85(0.1205) 93.26(0.3721) 88.96(1.4944)

LLC (Spectral)  93.03(0.1783) 93.48(0.1740) 88.69(1.6598)
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Table 4 Mean of overall accuracy of classification and its unbiased estimation of standard deviation for different
spatial —based methods on EuroSAT, NaSC-TG2, and HSCD-ZH

1%

Dy kAl it b i A
EuroSAT NaSC-TG2 HSCD-ZH
BoVW (CH) 78.96(0.5155) 69.12(0.7788) 82.63(2.1108)
IFK (CH) 90.12(0.2507) 74.23(0.2961) 86.26(0.8715)
LLC (CH) 75.70(0.3695) 65.88(0.5732) 85.19(0.9816)
BoVW (LBP) 77.32(0.3008) 70.32(0.2768) 76.16(0.4390)
JEIRIZ 25T (SVM) IFK (LBP) 87.80(0.1878) 82.81(0.1732) 82.83(0.4124)
LLC (LBP) 74.24(0.1495) 65.29(0.5535) 75.76(1.2371)
BoVW (SIFT) 64.41(0.3930) 70.94(0.4190) 57.78(3.4386)
IFK (SIFT) 76.54(0.3875) 83.22(0.4939) 67.34(0.4762)
LLC (SIFT) 62.11(0.4083) 60.62(0.4380) 57.71(0.8780)
ResNet34 97.23(0.1810) 93.45(0.1282) 93.56(0.8644)
TR~ (End to End) VGG16 97.69(0.1498) 93.87(0.2297) 90.17(0.7207)

Swin Transformer

97.49(0.1380)

94.78(0.2371) 91.32(1.5272)

ResNet34
WRBE: 2] (SVM) VGG16

Swin Transformer

96.98(0.1688)
97.59(0.1263)
97.47(0.1397)

93.19(0.1358)
93.70(0.2427)
94.74(0.1393)

92.34(1.3259)
90.03(0.6158)
90.17(1.590)
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Fig. 9 Impact of dictionary size on the overall accuracy of cascading different spectral and spatial features for classification on

different datasets, spatial features obtained by ResNet34, VGG16, Swin Transformer
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Table S Mean of overall accuracy of classification and its unbiased estimation of standard deviation for different cascade
features on EuroSAT, NaSC-TG2, and HSCD-ZH

1%
B T j"ﬁljéﬁ:‘?ﬂ: ‘ EuroSAT ‘ NaSC-TG2 ‘ HSCD-ZH
REGE  SRRIERERE  QUBARIERGRE  ASTRRAEREREE  QURERIERGREE  ASIAARIERGE  ARRERE
BoVW 97.05(0.1690) 93.19(0.1369) 92.61(1.7516)
ResNet34 IFK 96.98(0.1688)  97.25(0.1952)  93.19(0.1358)  94.44(0.2846)  92.34(1.3259)  93.97(1.5046)
LLC 97.52(0.2234) 93.39(0.1706) 94.64(0.9999)
BoVW 97.61(0.1340) 93.89(0.2356) 90.44(0.5570)
VGG16 IFK 97.59(0.1263)  97.67(0.1442)  93.70(0.2427)  94.63(0.1597)  90.03(0.6158)  90.98(0.5141)
LLC 97.72(0.1448) 93.94(0.2094) 92.07(0.7029)
BoVW 97.46(0.1496) 94.69(0.1595) 92.61(1.3432)
Swin Transformer IFK 97.47(0.1397)  97.53(0.1146)  94.74(0.1393)  94.91(0.1786)  90.17(1.5900)  93.83(1.4659)
LLC 97.59(0.1285) 94.74(0.1631) 94.31(1.8782)
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Hyperspectral scene classification dataset based on Zhuhai—1 images

LIU Yuan'?,ZHENG Xiangtao’,LU Xiaoqiang®

1. Key Laboratory of Spectral Imaging Technology, Xi’'an Institute of Optics and Precision Mechanics,
Chinese Academy of Sciences, Xi’an 710119, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China;
3. College of Physics and Information Engineering, Fuzhou University, Fuzhou 350108, China

Abstract: Hyperspectral remote sensing is a key technology for remotely obtaining the physical parameters of ground objects and realizing
fine identification. It can not only get geometrical properties of the target scenes but also obtain radiance that reflects the characteristics of
ground objects. With the development of hyperspectral remote sensing data to unprecedented spatial, spectral, temporal resolution and large
data volume, how to adapt to the requirements of massive data and achieve efficient and rapid processing of hyperspectral remote sensing
data has become the current research focus. Researchers are introducing scene classification into hyperspectral image classification,
integrating the spatial and spectral information to obtain semantic information oriented to larger observation units. However, almost all
existing multispectral/hyperspectral scene classification datasets have a number of limitations, including inconsistent spectral and spatial
resolutions or spatial resolutions too large to meet the needs of fine-grained classification. Based on the hyperspectral images of Xi’an taken
by the “Zhuhai-1" constellation, we combine the result of unsupervised spectral clustering and Google Earth to establish a hyperspectral
satellite image scene classification dataset named HSCD-ZH (Hyperspectral Scene Classification Dataset from Zhuhai-1). It consists of 737
images divided into six categories: urban, agriculture, rural, forest, water, and unused land. Each image with a size of 64 x 64 pixels consists
of 32 bands covering the wavelength in the range of 400—1000 nm. In addition, we conduct spatial-based and spectral-based experiments to
analyze the performance of existing datasets, and the benchmark results are reported as a valuable baseline for subsequent research. We
choose false-color image for the spatial-based experiments and then use popular deep and non-deep learning scene classification techniques.
In the experiments based on spectral, the spectral vectors at the pixel are directly used as local spectral features, and BoVW, IFK, and LLC
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are used to encode them to generate global representations for the scene. Using SVM as the classifier, the optimal overall classification
achieved by the two experiments on the proposed dataset is 92.34% and 88.96%, respectively. Considering that those methods have a large
amount of information loss, we cascade the features extracted by the two approaches to generate spatial-spectral features. The highest overall
accuracy obtained reaches 94.64%, which is the highest improvement in overall accuracy compared to the other datasets. We construct
HSCD-ZH by effectively exploiting both spectral and spatial features of hyperspectral images, selecting various scenes that either have
representative spectral compositions, clear spatial textures, or both. It has the advantages of big intraclass diversity, strong scalability, and
adapting to satellite hyperspectral intelligent information extraction requirements. Both dataset and experiments can provide effective data
support for remote sensing scene classification research in the hyperspectral field. Meanwhile, experiments can indicate that extracting
features based on spatial or spectral misses a large amount of available information, and integrating the features extracted by the two
methods can compensate for this deficiency. In our future work, we aim to expand the number of categories and images of HSCD-ZH and
continue to explore algorithms for integrating spatial and spectral information that can accelerate the interpretation and efficient exploitation
of hyperspectral scene cubes.
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