it -

BRAESHE” €7 .

il

‘=
=




265580 (25E304H7)
2021588 16H

FRESmRTEHHATI
R EERRZIAARTEFEARERT
FREF M O HAT
FR3Z A% O HATY

RIS EA
R ( PEERERZER ) 1215, 1990
BRBEFTIMLER CNKIZFEZH R
EEihR, FRTUEIEXEIRISEFRAR
B, ATIFEE R BRYfE
H, FrERS, REIFE, e
AR5 ER

Copyright
All rights reserved by Journal of

Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this
journal is for non-commercial
use.

SRR Z A

Tl T Rt ‘ BT (1996581F) )

EEBU PERER

Fhefu PEREFEREXESEIHHRER
TEEREREER
LR ARSI B AR

*F &K 2

RIEHR (TEEREFRFER) HELRERS
EEtE JE=HeEX IR AR 195

HB #% 100190

BFEF jig@aircas.ac.cn

2] i& 010-58887035

R 4k www.cjig.cn

I"ERHBICS IR EF201702185

B &R 7 tRRTAITE

T 18 2ESHE

BINRTT PEERERRZERATRAT
(HBBUEHE: IR0/  HB4w: 100048)

ENRIERLT JEREHEEIRIBIRAS)

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Aerospace Information Research Institute, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Wu Yirong
Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

Address No. 19, North 4" Ring Road West, Haidian District,
Beijing, P. R. China

Zip code 100190

E-mail jig@aircas.ac.cn

Telephone 010-58887035

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E5b &S M1406
E RS 82-831
EREMN 60.007T



2021488 25265 %881 (=228304485)

DEERER TR H )R

Zhongguo Tuxiang Tuxing Xuebao

S -eeve e {aIBE— I
?ﬁ%ﬂ‘i ...................................................................................................................................... I
Fik

EEEGRSIBIFHRGE

IS, EABE, [TIHH— e 1737
= l{%!?‘ 227 Eq—EF'EI’JL'ZﬁH

Z=F, , BRRHT, ZEBBIR, PEITR coeeeeeereesresemsemisenteteti s 1764

=SS AR
LTSNS R EGEBIETRURA

sl e 7 s KB, BKIERG, TEPH, TEFR cvververeereereeresres sttt sttt 1786
I I IESTE AR SRR EOTRRIA
LLETER  HATRES, BKME, ZEETH reervereerereere ettt 1796
HEEIL
HSRS-SCEMIE RS RS KNS MESEIRE
TERIZR, ABIZTE, BETE coeerrerrere st 1809
=SIEESIZHT
BB RS MG KRS 17
Bz}fﬂ ?_1% ;FZ]’« , /%%iﬂ x;zﬁh ....................................................................... 1823
B T R B B BRI 1
%B&\ }:7 EB$A7 q_}"—iﬂ HTE EE;ED ?R}HL:DE .................................................................... 1836

mYEER BRSNS
%ﬁﬁﬁr #OER *fﬁéE’JnJ‘ma#%’f_ulJ

Eg B, TKERIS, FXEELE, ZE[B, ZEZRRI rererererrerre e 1847
&%E ?EW*%*D@?EETJE’JHJ‘GLE@E%"fﬁw
T, MEER, B, SEE, XUTHE, ESHELI -eerreeereoeerssesssssssssessssenssssssssssssess s sssssssss 1860
HEMIIhRRINS SR GRS ER
EB*? iﬁﬂ'ﬂﬁ xﬁﬂg ?—E$ ................................................................................................ 1871
S EGREEIZR LT KRS IR
BKESER  YREISH, MG, ESASEE wrrrererrrrerosrsimssssinsisssssissssss sttt sssssssssssssssssssssnsns 1886

HSRS-SC.HMEERF= SSGEEREE SIkE

A ftoniiigont = @

DERNBIEEGRLEE REREIBRATENRIES FS SSentinel- 2B G EMA

(31809m1) TEHFEE, BREE, ZEZR i s s s st 1896
HEFMRIMGKEeHNSERGER

_Jm:l.y Igﬁ }LKI_L gkﬂﬁ%ﬂ. ............................................................................................. 1910

EICIEEIRD 2
EEEHEER D ENNES | SERREREHTLN

TUREHE, BYES, AFRIEY covereeeremeeees s 1926
1B KA MR OB E R 52
FUN, BRI, BKER, EEFE, FRIGTF creveeeerereeee 1940
BHEER S KN BB RS A A
M2, TR, PRIEEE, B oo 1952
BRI OEE G %
SRIREE, Oyk, TIE, BERL, ZSEBE, TH{EN e 1969
ZREBBES HMT BT EIGEEH %
137, FMBZ, AT, FBIKA, BAYE, SKEBIT creeerrerrmresmiee 1978
EAE BRI ETETU-Netl S EG %
}qu—_‘BEly ggEEID M:I%, ZSFTI| eeerereree e 1994
N2 7\ \* gé 4 ;
S REBGENNNAR R 2000
ERITHELER B DR 3D RIS RS KL E G K AERY
(%1978ﬁ) AIEF, e, ZERBIS, RES e 2021

HEEMAERAF BT REF REBHURRM



Volume 26, Number 8
Published August 16, 2021

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Application of a hyperspectral
image in medical field: a review

(P1764)

HSRS-SC: a hyperspectral
image dataset for remote
sensing scene classification

(P1809)

Combining multiscale superpixel
segmentation and singular
spectral analysis for hyperspec-

tralimage classification(P1978)

Review

Review of spatial-spectral feature extraction for hyperspectral image

Ye Zhen7 Bal Lin, He Mlngyl .................................................................................................... 1737
Application of a hyperspectral image in medical field: a review

Li Wei, Lyu Meng, Chen Tianhong, Chu Zhaoyao, Tao Ran =« 1764

Advances in Hyperspectral Imaging
Predicting near-infrared hyperspectral images from visible hyperspectral images

Mei Shaohui, Zhang BOWei, Ma Mingyang’ J|a Sen ............................................................... 1786
Development and optimization of a low-cost and portable multispectral imaging system

ZhU Haonan, HU Menghan, Zhang Jian, L| ang" .................................................................. 1796
Dataset

HSRS-SC: a hyperspectral image dataset for remote sensing scene classification

XU Kejie’ Deng Peifang, Huang HOng .................................................................................... 1809

Medical Hyperspectral Imagery

Tensor-based graph embedding for discriminant analysis of membranous nephropathy hyperspec-
tral data

Lyu Meng, Chen Tianhong, Li Wei, Yang Yue, Tu Tiangji, Li Wen'ge -« 1823
Fourier transform channel attention network for cholangiocarcinoma hyperspectral image segmen-
tation

Zheng Shaojia, Qiu Song, Li Qingli, Zhou Mei, Hu Menghan, Yu Guanzhen ««::--««+ssseeseeeeeneens 1836

Hyperspectral Target Detection and Recognition
Transformation of local gradient profiles for hyperspectral anomaly detection

Hu Jing, Zhang Yujing, Zhao Minghua, Li Peng, Li YUNSONQ -««x+ssoreeresernrerseneresssnneenennneennnne 1847
Siamese network with pixel-pair for hyperspectral image anomaly detection

Wang Degang, Rao Weigiang, Sun Xu, Qu Ying, Liu Xuemei, Gao Lianru ««:-sseeseeeseesenennees 1860
Rough location and collaborative representation for hyperspectral image anomaly detection

Hu Jing, Zhao Minghua, Li Peng, Li YUNSONQ «++««sweeseesesersmssniimn 1871

Recognition of ocean floor manganese nodules by deep kernel fuzzy C-means clustering of hyper-
spectral images
Zhang Qizhong, Zheng Endi, Wang Yejian, Gao Farong ........................................................ 1886

Hyperspectral Image Fusion and Restoration
Spatial-spectral fusion based on band-adaptive detail injection for GF-5 and Sentinel-2 remote sen-

sing images

Wang Hairong, GUO Qing’ Ll An ............................................................................................. 1896
Hyperspectral image restoration based on frequency-weighted tensor nuclear norm

Liu Sheng, Zeng Haijin, Kong Wenfeng, Zhang Pengdan e, 1910

Hyperspectral Image Classification
Parallel implementation of content-guided deep convolutional network for hyperspectral image clas-
sification

LiU QiChaO, XiaO Liang, Yang JinXiang ................................................................................... 1926
Hyperspectral image classification with enhanced class separability

Fang Shuai, Zhang Kun, Zhang Jing, Cao Yang, Shi WeiKai «+--+-+ssseeeereereeeeesenesisisinnene 1940
Adjustive decision fusion approaches for hyperspectral image classification

Ye Zhen, Dong Rui, Chen HaOXin, Bal Lln .............................................................................. 1952
Hyperspectral image classification evaluated across different datasets

Pan Erting, Ma Yong, Huang Jun, Fan Fan, Li Hao, Ma Jigyi «-::oeoeereereereeeeeseneneneneninnenes 1969
Combining multiscale superpixel segmentation and singular spectral analysis for hyperspectral
image classification

Fu Hang, Sun Genyun, Zhao Yunhua, Pan Zhaojie, Hu Guang, Zhang Aizhu --«++-««+ssseseseeeeees 1978
Hyperspectral image classification using an inverted feature pyramid network with U-Net

Cheng Songyang, Xiong Yujie, Yao Yao, Li QUNgIi -+++-+swwsseesseessessssssssmsnississssisssisinisiniissinns 1994
Convolution neural network method for small-sample classification of hyperspectral images

WU Honghao, Wang LigUO, Shl YaO ....................................................................................... 2009
Hyperspectral image classification model based on 3D convolutional auto-encoder

Shi Yanxin, He Jinrong, Li Zhaokui, Zeng ZRigao =« :tsseeeseersmssisiies 2021



E-mail: jig@aircas.ac.cn EPE]%H;?;E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 CHEERERZIRRIFE

hEE Y ES TPI51 XHkARIRES: A XEHS: 1006-8961(2021)08-1823-13

B3 A: Lyu M, Chen TH, Li W, Yang Y, Tu T Q and Li W G.2021. Tensor-based graph embedding for discriminant analysis of membranous
nephropathy hyperspectral data. Journal of Image and Graphics,26(08) :1823-1835 (5%, MR ML, 254, B0t , W KRB, 2% SC k. 2021 [BE1: 1512 i
s G G RS iR A BT, T R4 ,26 (08) :1823-1835) [ DOIL: 10. 11834/jig. 210190 ]

RIEBRIZTHNSEEBRGRKERANDHI

BRBRRE, EET R, R, 2

1. b H TR R S0, bt 100081 ; 2. o H A GFER B IERR, LT 100029

 OE: BE =SSR R FIL R AR B B AR A T ZS R RDG AR S 7R R 2 s R T V2 6T, SR, X
TN 55 R0, B G R m 4R R 2 2 B0 B AR RE AN, R, IR AE o DTl UG o At R b 2 0¢
W, T AEARGEZS [ P R B B2 =ik R R 2 TR S50 (5 BTSRRI RE ), A SCER I T — R B Tk i3k
T PR 7 3T R 7 AR Bk el ik A 7925 (tensor-based Laplacian regularized sparse and low-rank graph, T-LapSLRG) , T &
FRDGEER I FIN T, ik 7E T-LapSLRG ™ BE TR AR RYIKEREA S 5] ARER ARBR 29 K K i 1 )
AR B sk, KRB RO ] TR A M55 S, R AR B 20 1] TR B R A& R 25 5 8, B IE
T35 TR [EA /U5 RIS S AR R B AR T o 388 5 | A TR & B A ER SR BUECE 19 R 4L e Ak Iy A 23 288
A LASCIBAR R R, BER SEU B SR T S B s A5 4 | i oA 4 Uy vk SR BUCBCHE (W AR R AE 8 T 52
FE M AL (support vector machine, SVM) 432825 %F SR AR LERAAESETT 4025, #F T-LapSLRG FRA5 19 5L 46 245 2 5 41
KR 7 AR B ST 5 A TR RE L3R, DAME T T-LapSLRG BIE WA R, R 4 A RETS Fr, BD&N2E0
PRI B R HE 3 1 (overall accuracy, OA) P2 HE B M (average accuracy, AA) Fll Kappa 2 £ 1 43 JS PERE,
T-LapSLRG 75 JEAE B AT 4E T AY OA Jy 97. 14% , AA 2N 97.05% , Kappa 4 0. 942, & T PE REHE A5 00 T X 1L 97
Ve HFLOA B 1.40% ~ 34.75% , AA 5 M 1.46% ~ 36.89% , Kappa & 1 0.031 ~ 0.73. It 4h, @ it
T-LapSLRG S3E 3R &4 A - SR R A 8] 90% DL b, 4518 T-LapSLRG BIK7E M w2 b B A
WTENR RN A o

SRR ; R AE E DU R ; B B s ik i 5 B 4E (DR) 5 ik A

Tensor-based graph embedding for discriminant analysis of
membranous nephropathy hyperspectral data

Lyu Meng', Chen Tianhong', Li Wei'", Yang Yue’, Tu Tianqgi’, Li Wen'ge’
1. School of Information and Electronics, Beijing Institute of Technology, Beijing 100081, China;
2. Department of Kidney Disease, China-Japan Friendship Hospital, Beijing 100029, China

Abstract: Objective Hyperspectral imaging systems have become promising auxiliary diagnostic tools for intelligent medi-
cine in recent years, especially in disease diagnosis and image-guided surgery. Hyperspectral image ( HSI) has hundreds of
contiguous narrow spectral bands from visible to infrared electromagnetic spectrum. These bands provide a wealth of infor-

mation to distinguish different chemical composition of biological tissue. The reflected, fluorescent, and transmitted light
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from tissue captured by HSI carry quantitative diagnostic information about tissue pathology. Wealthy spectral bands also
contain redundancy, which not only degrades classification performance but also increases computational complexity. Thus,
dimensionality reduction (DR) needs to be conducted to reveal the essence of data by discarding redundant information.
However, most of the current DR methods are based on spectral vector input (first-order representation) that ignores impor-
tant correlations in the spatial domain. Although some spectral-spatial joint technologies have been investigated to overcome
this disadvantage, they still consider the spectral-spatial feature into first-order data for analysis and ignore the cubic nature
of hyperspectral data. Thus, a novel tensor-based Laplacian regularized sparse and low-rank graph ( T-LapSLRG) for dis-
criminant analysis is proposed to preserve the original intrinsic structure information of medical hyperspectral data and
enhance the discriminant ability of features. Method Sparse and low-rank constraints are suggested in the proposed
T-LapSLRG to exploit local and global data structures while tensor analysis is developed to preserve the spatial neighborhood
information. Multi-manifold is utilized to enhance the discriminant ability and describe the intrinsic geometric information.
Consequently, the proposed method not only can preserve local and global structure information but also can utilize the
intrinsic geometric information. Thus, it offers more discriminative power than existing tensor-based DR methods. Vector-
based methods treat each pixel as an independent and identically distributed item. By contrast, the samples in T-LapSLRG
are represented in the form of a third-order tensor that can preserve the original spatial neighborhood information. In addi-
tion, only a small set of the labeled training samples is needed by adopting tensor training samples. With the assumption
that the samples belonging to the same class lie on a unique sub-manifold, T-LapSLRG constructs tensor-based within-class
graph to characterize the within-class compaciness for making the resulting graph more discriminative. In summary,
T-LapSLRG jointly utilizes spatial neighborhoods and discriminative and intrinsic structure information that capture the local
and global structures and the discriminative information simultaneously and make the resulting graph more robust and dis-
criminative. Result To evaluate the effectiveness of the proposed T-LapSLRG, the medical hyperspectral data of membra-
nous nephropathy (MN) is used. The traditional diagnosis methods of MN mainly rely on serological characteristics and
renal pathological characteristics, which is tough to reach the intelligent and automated requirements of clinical diagnosis.
Two types of MN are used as the experimental verification data, including primary membranous nephropathy (PMN) and
hepatitis B virus-related membranous nephropathy (HBV-MN). The microscopic hyperspectral images of PMN and HBV-
MN are captured by the line scan hyperspectral imaging system SOC-710 together with the biological microscope
CX31RTSF. The SOC-710 system captures 128 spectral bands with 696 x 520 pixels and a spectral wavelength range from
400 to 1 000 nm. The obtained medical HSI dataset consists of 30 HBV-MN images and 24 PMN images, involving 10
HBV-MN patients and 9 PMN patients. Classification is performed on the obtained low-dimensional features by the classical
support vector machine classifier to evaluate the performance of the proposed T-LapSLRG. Four objective quality indices
(i. e., individual class accuracy, overall accuracy (OA), average accuracy (AA), and kappa coefficient ( Kappa) ) are
used. The proposed T-LapSLRG outperforms other methods by 1. 40% to 34.75% in OA, 1.46% to 36.89% in AA, and
0.031 to 0. 73 in Kappa. In addition, the classification accuracy obtained by T-LapSLRG for all patients has reached more
than 90% . In clinical diagnosis, the type of disease can be determined when the pixel level accuracy reaches 85% or
more. Conclusion In this study, we proposed a novel tensor-based Laplacian regularized sparse and low-rank graph for dis-
criminant analysis. Experiments on the MN dataset demonstrate that the proposed T-LapSLRG is effective in discriminant
analysis with sparse and low-rank constraints and multi-manifold, and significantly improves the classification performance.
Experimental results verify the nonnegligible potential of T-LapSLRG for further application in MN identification.

Key words : medical hyperspectral image ; membranous nephropathy; tensor; dimensionality reduction (DR) ; graph embedding
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B, XL, =, #iR, wXHE, TR
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(8)
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%Hxv - X x W

+1[Q"
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3.1 EUSREELEHE

TR R o 52 e T 5 S R VA B 4
HFARBARANE, TR IEAAL F 1 850
Sk UL B R R R R4 SOC-710 54
Py 3 CX31RTSF 4561418 W i s ik g R 40
(W 1), SOC-710 RGEAHi 3k EA 25 A R 696 x
520 19 128 PIGiGHY DL 4.69 nm M PERE % T
400 ~ 1 000 nm AGCIELE

soc710
Hyperspectral
Imaging

System

MMMMM

K1 BRI E RS

Fig. 1 The microscopic hyperspectral imaging system
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B, BFXRI, =F, wiR, &XHE, T
R EmIZESSEEGRKERA D

KR 3 K, 2R+ & M ERNE IS L 50mic T
FG E RS, K2 BxRT a5 M
HBV-MN 35 1 PMN fB 35 3545 10 Db % @ K-S il
TCEUR AR ], Fo b € DX 3 Ry B % ) 3 B 1 X
B, BUEEGRE RGNS BAER 1 ThAH . bR IC
1) R 2 R I PR B2 A 12 W7 Dy B AT BLRLIG PRRE IR 1 AR
&, I K PMN B (1D 15684 ) il HBV-MN H
F (1D :17472) FAE G 225250 i U 2R 5000 |

HBV-MN

PMN

(d) AR FRiEIE
Kl 2 x5 HBV-MN Fl PMN A8 £k (0 G FIUAE W R 13

Fig.2 The pseudo-color scenes and the corresponding

ground truth maps of the HBV-MN and PMN

( (a) pseudo-color scenes;

(b) the correspording ground truth maps)

3.2 SHIM

T-LapSLRG J5 A0 5 5 DS, 45 % 11 K/
i, xi, , FHSEA, By DL RREIRAE 4 (B,
By, Byl o A, B ATy 3l Al R AR I A i 20T A
PIE IE W, SR Y {107,107,107,107,
10°,10',10*} . > T ¥4l T-LapSLRG B9 A &L, 51
AT G M SCHE 1) 5 #1425 4% (support vector ma-
chine, SVM) ( Moughal , 2013 ) X £ B 1 15 4 SR ik #F
7024, or2s ke o R HERA M (overall accura-
cy, OA) AT . 255K, A F1 B B2
AR B RR T A = BETRY AR, & 3
BT MN Bl EHAARIE A, B Ay fHAY OA,
SEREH KA, BRIy ER (107,107,10") 7]

%1 HBV-MN #1 PMN #EHEAE 8
Table 1 Detailed information of the
HBV-MN and PMN data

MN 25%! BHE M KGEE  ARIciR R
15684 3 959
16295 3 838
16367 I 194
16389 3 776
PMN 16442 3 663
16466 3 1019
16480 3 1151
16485 3 653
17516 2 319
17002 3 395
17072 3 481
17136 3 453
17198 3 465
17221 3 417
HBV-MN
17276 3 803
17325 3 766
17472 3 704
17559 3 596
18055 3 418
T I MN S8 5 B0 e R R I
PESUNiHIES
97.0
9.5
s
ég 96.0
H
ﬁ% ol 95.5
W% 95.0
: 10?

107 1
K13 T-LapSLRG H3f i A R 2507
MN dladE b 3RA i S A
Fig.3  Overall accuracy obtained on MN dataset by different
parameters for the proposed T-LapSLRG

A RAEYERE, NI, 7E LR S28e v g4 (107,
107',10") 1E AT SHL,
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RBCAG R AL T b Al [ 14 2 18]
FR RIS B AR R AR L sk AR A B G, =
i, =w o TAIRERAREER R HX I A O R R bR
2, B RR/NESG SRR HEAE], BEE & R
ANEEE TN, SRR AR P AL S AR ORI, SORR {1
WA EPLIEFE R, H2, T RWE DRSS
BOKBHEAGEITIRGE R, b b, & AR RS iE
W 2R SRR E , K2 I TLL (3 x3,5 x
5,7 x7,9%x9,11 x 11) fEH MN B8 % 1R
SCHRAER I RS B S AR MERTE (OA) | P i
i1 (average accuracy, AA) Fll Kappa RECK M1t
FIR/INHYSEIR . 26 2 on 120 S FERE 7 11 R/
ik It HAE 9 x 9 BERG T iefEtEfe, XE
PR ANEIE B A R/NTCEE & B AR e e 2 5 )
3 A REIE . R FELA T S rh B85 9 x 9 /RN
MN Bdla £ A9 1R/

=2 MN ##E&E Lk T-LapSLRG
ARE ORI ERLE
Table 2 Comparison of different window sizes
for T-LapSLRG on MN dataset

[LIAPNIN
3 x3 5x5 7 x7 9x9 11 x11
OA/% 89.21 92.68 94.79 97.14 96.55
AA/% 88.95 92.42 94.62 97.05 96. 57
Kappa 0.782 0.852 0.895 0.942 0.931

E O AR R 32 SR SR A 1 O /N B SN

RISEIR 84 o = B ok &, 2 FEAR4ERE N | B,
B,,By} . 5 Pan %A\ (2017a) 5246 — 5, 73 6] £ f)
FEqeicdh 11,1) W BER 0K, A, B Ry
FER RS R, 4 o T ASTE] B 4E Ty i
(BP NWFE ( Kuo H Landgrebe, 2004 ) , EFDC ( Gao
45 2012), LFDA ( Li %,2012), BCGDA ( Ly %%,
2014), CDME ( Lyu %,2017 ), TSLGDA ( Pan 4,
2017a) ) ¥ MN %545 4 K& 4k 21 K [5) 48 B )=, R H
SVM 73 R 88 MR AERRAE AT 0 e g5 2 o,
Original X N AR AR 5 FH SVM 2248 By 432
HERTE . 18] 4 RER ZEEE 7 151 OA BEOGIE4E
B BE IR0, AR5 AR ERE . A, ST A
FoRIIEYE J5 v (B NWFE, EFDC, LFDA , BCGDA
CDME ) #H I, 2 5K 2 R 0y BE4E J7 1 ( B TSLG-

DA, T-LapSLRG) 1] LA H B 2 (1% 23 [6] 45 44 {5 2. 5%
PAFEUFIEE R, TERZEEDT, BR TOig 44
1 B BLA, T-LapSLRG 1 T HAB M4t i, T
G S A Zs  4E Rl (1,1,101

100
951
90F

< 80
#H 80F T
2 st/
£ 70/
P /[
651
" —— Original __, - BCGDA
“F +II§FDCE L gsp%%A
35 —— LFDA % T-LapSLRG
1 1

50 1 1 1 1 1 1
1 5 10 15 20 25 30 35

[Eiiadids S

B4 i HA AN R4 B2 AN [R] P4 D5 VA A
MN Kot dk b AR5 ) B A it

Fig.4  Overall accuracy obtained on MN dataset

40 45

by different DR methods with different dimensions

3.3 ik

9 T B E AT A T-LapSLRG 894 %M, % H
SVM 432528 ( Moughal , 2013 ) Xif 45 B A4 % 2k 45 11E 3F
119725, H I 2 Re 5 J LR R4 7 VA ARA I AR 4t
FROEE T SVM R BRI 43 25 Pk e #E AT e 3¢, LR ]
T-LapSLRG R E M, 4 A5 5 A5 ( RP45 A28 51
TR 1 | B A HERA P (OA) R ERf M (AA) FI
Kappa F %% (Kappa) ) H T#j & 5325 VhgE, 3K 3 41
BT SE S A B T R AR AR Y 10 4ERFIERY OA AN
AA X FH] T-LapSLRG #E3X 201 ¥4 T i
FESS B TEARTN 5, T-LapSLRG AR REIE T HoAts 5
4605 ¥, OA & 1.40% ~ 34.75% , AA &
1. 46% ~36. 89% ,Kappa f i} 0. 031 ~0.73, 1t4h,
SRR B T ok i FROR B LE A ERE UL T3 T )
RN

Fea—Fk 6 hIIH T BRGNS E M DT
flio 24 FNH T A FE4E )7 743845 19 HBV-MN &
HRRERI OA, 3 5 FIH T 3 A [R] (1) B 4 5
BAAFHR H PMN B 1 RHIR BRI OA, M4
MF2 5 ATLIE L, T-LapSLRG 375 ByE RE 1 T HoAth
Frik, XFFEI{% 17002-3 A1 17136-3, T-LapSLRG #)
OA /NTF 85% , H IF AN 52 W 3X WG 24 F8 34 19 58 22
FOHNH T AR Ty AR 1 2 AR R R
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B, BFXRI, =F, wiR, &XHE, T
R EmIZESSEEGRKERA D

%3 {E£fA HBV-MN #1 PMN #3217

10 - F=E D EHBE

Table 3 Classification accuracy with 10-dimensional
subspace using the HBV-MN and PMN data

Wi HB/\Z/;MN F;]\O//LN O0A/% AA/% Kappa
Original 67.44  90.58 80.43 79.97 0.773
NWFE 31.77  88.54  62.39 60.16 0.212
EFDC 92.42  95.97 94.60 94.16 0.885
LFDA 91.80  96.92 93.94 94.36 0.890
BCGDA 68.17  90.67 80.30 79.36 0.595
CDME 91.28  96.15 93.21 93.64 0.875
TSLGDA 95.41  85.87 95.60 95.59 0.911
T _LapSLRG  96.60  98.13 97.14 97.05 0.942

E O PSR R AR BT R R bR T AL 7 2805

HHOA, EAHER OA I M FH T A B4k
FRABRE KGR, flhn, B3 17002 45 3 08
HSI EUE, 20 J 25 R 3 3 i 03 Pl 45 v 14 Jop
ABREFRMA, o KMXMNTFREHMEHENS,
T-LapSLRG B ) o B 4 O F oAt B 4 7 v, 1t
Ab il 3d T-LapSLRG 34509 T A £ 10 JE e v
Bk g 90% LU I, fEIGIKIZ W, il ATEIR R K F
K RE R 2 85% ol By ol A o s 9 28 Y PR A
HE L RFT MN S8R | T-LapSLRG e A 2 7
HBV-MN #l PMN,,

P SEBR s 2 o A FH I AR () o T8 H
SEABREY, B U 78 B X I R A i i U &
KL, S s Tl AN FRELE T2 (B NWFE,
EFDC,LFDA,BCGDA ,CDME, TSLGDA , T-LapSLRG)

x4 HBV-MN £Z 518 HSI ERH 24 EHE
Table 4 Overall accuracy of each HSI image from HBV-MN patients

/%

&l g = Original NWFE EFDC LFDA BCGDA CDME TSLGDA  T-LapSLRG
17002-1 30. 09 13.43 97.22 98. 15 27.32 97.22 100. 0 100. 0
17002-2 75.25 3.86 100. 0 100. 0 72.28 100. 0 100. 0 100. 0
17002-3 16. 67 0. 00 8.97 25. 64 10.26 12. 82 67.95 69.23
17072-1 67.91 66. 98 100.0 100.0 66. 98 100. 0 100. 0 100. 0
17072-2 54.24 22.88 100.0 100.0 55.93 100.0 100.0 100. 0
17072-3 70.27 29.73 100.0 100.0 65. 54 100.0 99. 32 100. 0
17136-1 49. 61 6.98 96. 90 97. 67 52.71 97. 67 99, 23 97. 67
17136-2 98. 68 48.34 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
17136-3 47. 40 0.00 78. 61 73. 41 47. 40 80.93 85.55 79.19
17198-1 86. 16 76.73 100. 0 84.91 100. 0 100. 0 100. 0 100. 0
17198-2 87.10 55. 65 97. 58 96. 77 79. 84 97. 58 100. 0 100. 0
17198-3 82.97 23.63 100. 0 100. 0 82.42 100. 0 100. 0 100. 0
17221-1 79. 89 5.17 100. 0 100.0 81. 61 100. 0 99. 43 100. 0
172212 97.58 62.42 100.0 100. 0 90. 30 100. 0 100. 0 100. 0
17221-3 76. 92 33.33 100. 0 100. 0 74.36 100. 0 100. 0 100. 0
17276-1 90. 03 47.04 100. 0 100. 0 90. 65 100. 0 100. 0 100. 0
17276-2 80. 50 12. 00 99. 00 99. 00 77.50 98. 50 99. 50 100. 0
17276-3 84.75 14. 89 98. 94 98. 58 84.75 95.03 97.52 99, 29
17325-1 69. 95 2.96 82.27 82.76 63. 55 81.77 87.19 92. 61
173252 86. 21 56.90 85. 86 84. 14 80. 67 81.03 89. 31 93.10
173253 60. 81 16. 48 88.28 83. 15 62. 64 84. 62 80. 59 85.71
17559-1 54.27 26.22 67. 68 56.71 57.32 59.76 96. 34 88. 42
17559-2 43.12 27.06 79. 82 76. 61 38.99 77.98 83.30 89.91
17559-3 45.33 8.41 94. 86 92. 06 47. 66 92. 06 100. 0 99. 53
18055-1 68. 63 48.04 84. 14 83.33 62.75 84.31 94. 12 89.22
18055-2 78.79 73.49 93.94 96.97 80. 30 94.70 100. 0 99. 24
18055-3 70. 11 66. 30 100. 0 100. 0 63.59 100. 0 100. 0 100. 0

TE I TR RR R R BT HBV-MN AR (19 A0 HSI UG I 19 5 ff OA
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%5 PMN E2&S0E HSI BRE B4
Table 5 Overall accuracy of each HSI image from PMN patients
/%

&l g = Original NWFE EFDC LFDA BCGDA CDME TSLGDA  T-LapSLRG
16295-1 89. 58 93.16 80. 46 83.71 92.18 72.96 72.96 90. 88
16295-2 83. 74 77. 86 93.77 94, 81 88. 24 95. 50 96. 89 100. 0
16295-3 64. 88 69. 01 86.78 87. 60 66. 53 89. 67 76. 45 88. 84

16367 42.78 88. 14 91.37 93. 81 59. 28 91.24 95. 88 98. 45
16389-1 87.37 98. 99 99. 50 100. 0 88.38 100. 0 100. 0 97. 48
16389-2 60. 31 92.22 72.76 79.77 65.76 81.71 86. 77 86.77
16389-3 70. 09 92.21 98. 44 100. 0 75.39 99. 38 98.75 100. 0
16442-1 99. 80 78.71 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
164422 98. 39 98. 67 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
16442-3 94. 53 79.10 92. 61 93.25 97. 11 90. 68 88. 10 97.43
16466-1 96. 05 87. 84 100. 0 100.0 99. 39 100. 0 100. 0 100. 0
16466-2 78. 74 93.97 100.0 100.0 75. 58 100.0 100. 0 100. 0
16466-3 96. 05 66. 96 100. 0 100. 0 97. 66 100. 0 100. 0 100. 0
16480-1 78. 74 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
16480-2 97.37 99. 26 100. 0 100. 0 97.97 100. 0 100. 0 100. 0
16480-3 100. 0 70. 32 100. 0 100. 0 99.75 100. 0 100. 0 100. 0
16485-1 99. 82 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
16485-2 97.01 100. 0 100. 0 100.0 100.0 100. 0 100. 0 100. 0
16485-3 98. 50 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
17516-1 99. 21 98. 43 100.0 100.0 100.0 100.0 100. 0 100. 0
17516-2 98. 96 97.92 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0

TE LR FR AR E T PMN B A9 EEIE HST RSN L OA

% 6 HBV-MN #1 PMN #i{EHS BE0 B A EmE
Table 6 Overall accuracy of each patient using the HBV-MN and PMN data

/%
&l Fr g = Original NWFE EFDC LFDA BCGDA CDME TSLGDA  T-LapSLRG
17002 38.99 8.35 80. 51 84. 30 35. 44 81.27 93.37 93.92
17072 65.28 44.70 100. 0 100. 0 63. 83 100. 0 99379 100. 0
17136 65. 12 18.10 90. 95 66. 45 66. 45 92.05 94. 47 91.39
17198 86. 16 50. 32 99. 36 99. 14 82.58 99. 36 100. 0 100. 0
17221 86. 33 33.09 100. 0 100. 0 83. 69 100. 0 99.76 100. 0
17276 85. 80 27.02 99. 38 99. 25 85.31 97. 88 98.76 99.75
17325 72.85 28.20 85.77 83.42 69. 71 82.51 85. 64 90. 34
17559 46.98 20. 13 81. 88 76. 68 47.15 78. 02 92.79 92. 95
18055 72. 49 64. 12 94. 26 94. 98 68. 66 94. 50 98. 57 97.13
16295 80. 43 80. 91 86. 87 88. 66 83. 41 85. 56 82.22 93. 44
16367 42.78 88. 14 91.24 93. 81 59. 28 91.24 95.10 94.97
16389 71.26 93. 94 90. 21 93.30 75. 52 93. 69 100. 0 97. 48
16442 90. 58 82.92 96. 53 96. 83 98. 64 95. 63 97.13 98.79
16466 90. 58 80. 92 100. 0 100. 0 90. 68 100. 0 100. 0 100. 0
16480 98. 87 89.31 100. 0 100. 0 98.94 100. 0 100. 0 100. 0
16485 99. 54 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
17516 99. 06 98. 12 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0

TE IHLIF R FOR AR BT MN & X R 5 OA,



5$26% /58 H1 /2021 F£8 B
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SRR R A SVM 202888 407519 OA, Il 5
FEARBIE AL 5% 8 50% A%, SEE 45 R0
T-LapSLRG A2 He HAm R AE )7 A B TR T2
KR U HIE AR VN A A A & /N (BN 5% ) 1
TOLF, 25 L, i SR g5 AR UEB T T-LapSLRG
FESEBR MN I R4 v BAT AN m] Z 0 R FH v T

100
90
80
S
#H
£ 70
&
£ 60
it , e
Np e W CDME
EFDC  —+— TSLGDA
401 —+—LFDA —4— T-LapSLRG
--=- BCGDA
30 L L 1 1 1 1 1 1
5 10 15 20 25 30 35 40 45 50

IMEFEEAT 2L %
S fdiHl HBV-MN Al PMN & DUASTR] 43 o i
DN ZRAE AR A AN [+ ) B2 7 1 AR AT 9 AR f
Fig.5 Overall accuracy obtained by different DR methods

with different percentages of training samples

using the HBV-MN and PMN data
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