1007-4619(2024)01-0055-14

National Remote Sensing Bulletin & & 5 4

ETZEZKEREFINESLERGRER

B oA 1,2,3
UL R )

ANE S SRS 'S

L BRI THENLS B, TR 518060;
2. HARIGERTR I X 3 BRER BT W T o5 5562, W31l 518060,
3. HE IR BT IS SR, WY 518060

B = FOUERGEERRIAE D — RO R B HAR I, R HAR R B, R ST RAS KX
O CARAS DNRS BE 32 37 R W AR MR . 10 LA [RDRE, AR SCH T — i 723 1% 22 B 1 A0 ) v D 3 IR
SRR . BT, BRI MO GE Gabor SR I, HREGRGIEFIR M 2 R 28R E s Hak, R Z 8%

FI B 2% PR AR 22 RUBE 25 PRI AL I 4R O TOR B, S

ZIERHETP R EEAE R RS, AR 80 28

fiE, G5B TEAS AU I 5 DR IE U1 R A THA RSG5, AR S S 0 5 15 S MRS 1 X A0 B . AR SR R B D v —Fh
RO B 00 S i R 0y s, ER WM SEGR A 2 A Wi a0 7 2 RO EEASIRRME, DI % B iR
AR XERT; AR E R IR S T R S R A XA . KA SCHR H Y O 1 5 O R AT I S E A I A
e, 765 GEEURE DI TIRTE, Sl R KA SR B ERHE (Receiver Operating Characteristic,
ROC) ik, ROCMZ FEEM ML AUC (Area Under Curve) DAK 4140575 5% 0 A9 A6 B K PR F8 45

WEM] T ARSI AT Hefb 9 sk o

K@ FOLRERIR, SERN, 28 A RS,

FE4ZES: TP701/P2

T Gabor, XUHNIEDIPR%L, HFEHE5R

SRS B, X, W, AR 2024 B TR S HRAREFIHNERIZEGRERN .2 EEHR,28(1): 55-68
Jia S, Liu K, Xu M and Zhu J S. 2024. Hyperspectral anomaly detection based on spatial-spectral multichannel
autoencoders. National Remote Sensing Bulletin, 28(1) : 55-68[ DOI: 10.11834/jrs.20242398 ]

1 5 7

GG RS HST (Hyperspectral Image) E A5
T I3 B AR i A6 H ) 7E T UL 2 £ A0 B FL N
BRI, RERE TR M) B hIOs 40 B FRRAE
HY A (] b 40 B ST 1) D i il 2 B A 22 e, PRt
T o A B AT LR ) ) MR REAE (Rasti
45, 2020), mEOGIGERALE T RO E B
EMEE, BA CEIEE—7 iR EOGIEE
8 5 A I AT DAL R — A~ 3 R TC BT 55
FERBIARE T8 50570 Hix, 28D
WA EEV S S, AR AT AE
2020), fEL GEFFC 55, 20205 Vanegas 5%,
2018) , ZEHji% 5 [E Bj % 4 (Ren 55, 20205

FE HEA: 2022-08-09; FEZA: 2022-12-19

Chang, 2000) %,

FE = G R S Ry ik v, SR 2 B S
HEF G RX (Reed—Xiaoli) Bk, K& AR
TR AT T e . RX BB RR N 22 )R
RX H GRX (Global RX) #3k, EMBiks &2 )i
EZICE W, Z W R E AR ITR T SO E R
WA, 38 e A (R T SR A SR Oy 2250
Wi, R TR 5 TG RE B AR RO 595 S E
22 T) P g 25 R R A i 25 R AR A K0 S A
BRIt s BT ERE  (Reed #l Yu, 1990). fH
B, REGOGET SR B EA AT, wE
B Ram—EERE T AWEZ T afm. N T
A5 30 T o 4 1 SO RN S T 206, )R
B RX B LRX (Local RX) B33 1o 1 sl XU 7 o W

HEETIH: EBFARPFIES (T 62271327,41971300,42271336) 5 7 A48 HL Al 5 % F 5L AL AT 9% 264 (485 £ 2022A1515011290,
2021A1515011413) ; YT BHE R (45 : RCIC20221008092731042,1CYJ20220818100206015, KQTD20200909113951005)

FE—EEE N BRI A T e IR BAL B . E-mail: senjia@szu.edu.cn

WISEE T R0, W5 0 R E OGS BUR = A A 5% . E-mail: m.xu@szu.edu.cn



56 National Remote Sensing Bulletin i & 54k 2024, 28(1)

HEAT JR 0 S H R, (A R AR S S P Oy 22
FELESEIAERD , T = S A R (Molero
A5, 2013)c UURE S T 1R/ NGk B TS R E
i WANHBGE . FE T RXETKRX (Kernel RX)
SR FH e 4 2 [R) rh AR AR (] 2 M OC R T B R A
PO, B DG R WG B e S A, fE—
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Fig. 1 The flowchart of the proposed method in this study (G is a high—dimensional feature space composed of & Gabor kernels and

image convolution amplitude; G’ is the main characteristics of G)
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Fig. 2 Comparison of anomaly detection results on Gulfport data set at Gabor kernel size is 3, 7 and 11
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Table 1 The information of five hyperspectral data sets
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HR B= ™ 0 *
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A3 ATan b ic R Hibn, & 60
BE R

(3) Pavia Center Z(#4E . ZLREIEAK AT
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Fig. 3 The false color images and ground truth of five public data sets

HIAH

-
+

(a) Los Angeles

(2) LRX (Molero %5, 2013) J&# RX &k F
FHXL G 2Z 8] (4G oot s 8 5, dF i Ts &
D7 2 RE RS S, BT R A2 8 2w
(ESIW - A1 S NS T o o 1 % O e i e o
RX Bk (R, ZBEIEAEARR 0 &GS s 1
HR/NEAN R, FEOXITIEZALRE 18055 .
PEASSCE S I I 5 A m G g b, NS K
WETE [3, 19] ZI), A R/AhikEsE [5, 21)
Z I, #RLL2 A R T HUE , N R/NRZNT
MR RV, TR EDGIE IR, A Sk R R
IS EAE X T A S

(3) CRD (Li 1 Du, 2015) PhlAFERITEN
FA AR R IR T e g AR 5 u 4 R
W RIS T &8 500, S NHXREG T R 7
WAL TG . %I IE W E R S 80 A4 = G i AL
PWHOEATM, FEOZ T ENZALRE RS . TE
ARSI BT Y 5 A mo G s v, B R/ NSk
T A/ B UL Y [ 1] B BB 5 LRX B30k 1 AR
] o A SCHe B i DG A 10 SR DL WL 2 804
R ITIE A SR, R, IE WS B
5107,

(4) RPCA (Chen%%, 2013) FIHw CEGAE
JEIEAE L) R DM R S R e, ST — A
IR IR R, A 5 A A Y R R N R
TS Ve R /M, AT = G ER o3 i
fRRRTS 525 AR B 8 F 25 0] . AR =
FAMP B, AR 55 .

(5) FrFE-RX (Tao%¥, 2019) Bk id %

PO T AN,
’; ‘
o >4 ] &

e
b PO

(¢) Pavia Center

(d) San Diego

(e) Salinas syn

B fe8 L I A o) R O i SR A T AR B, 8 O
T A B SR RRAE o R R (A R e O AR
AR R, AR IR A BN SR
TG B TR Rz e T . IR MOGIE A
BEZ BT SR BENL, 454 I B 15 B R A
S R 2

(6) FEBPAD (MaZ%, 2021) NL45E T
BB 8 L A e S AR R A T, RS R
S AH. FEBPAD J7 VA FEARBRAE MR JEAT L3177
sealifl, DA sl 1y seas i), thay
oS AR B S AR S O AR, 4k
1717 AR FH 2 ECE B X R IR ST A 7 5 R

(7) KIFD (Li%E, 2020) J5ikie—FhoRa7 7%
MRAIRZ T, 3840 AL @ 65 EZ ) 42 )R AR
R, WK R M Srh Bk, AR
TR ) 4 S R AT A A, DAZE
TEEUR R B

(8) AE [ 4 fith 85 75 151 % P 5 S G ) 43 3k
P72, Hob s UL AR B S RS ARG &
MRS R R R 2 L RS W AR
A SCH U B A G ooe X 2 G BRE T B A,
A ) 5 BEOG I ) a 0 5% 25 705 1 g
TCRE AR TR

(9) RGAE (Fan%%, 2022) J&—Fhdt T4 K
B G A 25 10 i G SR A I RS, T A g
FE VI Zias A v ke e s RN i R RIURR, R R Z 1)
A EMEZ 2 Bk, T8 AE ZE I Z5orb o 4 b Ak
PRME RS RN SR HE, AL, Jus it fE,



62 National Remote Sensing Bulletin i & 54k 2024, 28(1)

I FH E 8 22 R R I MG 0 S i O .
43 LGRS

A SCHE 44 B m G IEEE A0 1 AS8
RGO BT S, TR SR A R AT X
Fearir, AN HEBR I 47 o SEBR i RNLLT 4
ANOTEHEAT IR (1) SIS R E; (2) 4
WAL AVEREPE I 2R s (3) ROC 4R 78 35 i AR
(4) B SEFEoTiERLIE .

S A — M AR EUE I e bR, AT LA RO
e A5 H BAn, (HARSEAET SRS, 2R
GRERIN ST E A N LR e Sy €k o)
HF . ROC T2 2 24 56 Uk 5 v j B AR B kA W)
IR, AR LAY RS AR 3 5 R R i it 2. 24
KA p KB VI, AR p U, W GEW]%Z 5
BRI R R RIS p, = NN R R
po=NJN, X, N,. N.. NFING BN EEE—
B {E A B B F AR R R R SR AR R B
HE R R RO = DL R P IR R 8. AUCTE SR
/RROC &M SR m A, 2 — DB
GG B A R R I SR O 4 1R TR b
AUC fE B R R IIZ B 2 R BB GT . % 5 W80T
S5 FGOTHAERIE, HREBOTHEIEAE SR
BOCHIE A Z [ A BE B O, RSBt
HRAROUB A S X oy, W2 LR BT

K4 JE7R T 10 F 5 3 R 7 YA TE 51> R 6T 4L
b/ S S EL A Rl AR ST BN N w2l RO VAL
BAREEMR IR H Los Angeles . Gulfport, Pavia Center.
San Diego 1 Salinas syn, HAKUTT . ¥FT Los Angeles
$4i4E ., GRX. CRD. RPCA. FrFE-RX I FEBPAD
T LI 2 e B A, (H2k £ T 5% HiR
MG R, BAFTER 275 5, S BT 5%
W HPRR IR 7R 2% ; LRX, AEMIRGAE J5
TETE Los Angeles #0448 I 1935 st i/, AT LA
FIW S BARI AL S, HRRARAFTE R R W
HARIAZAIED s KIFD J7 vk Al LA i 09 7 B
Ry 24 RAT R H AR, (HR AR 2 T e s
IR SCHE H ) T ¥ TE Los Angeles KU 45 [t A7 7
P, 2 H bR E B ARG R TR LS
WA P AFAE I R DX . % T Gulfport B 4, 14>
KB RAT & A2/ NE AT 8 B 5 H AR
GRX. LRX. CRD., RPCA. FrFE-RX #1 FEBPAD
Ty AR AT LUK 2K A R AT A, (ELAR TT R A )

/NEYRAT RS s AE A RGAE J7 B %A Ko 31 B VLAY
SeH HAR; KIFD J5 ik nl ARG £ 34~ 64748, [H
BF, e ) G A SR S MRS, R P i R R
22y ASCHR Y 5 AT AR G oA ) 3 4 S
H¥ro XtT Pavia Center 54E£, GRX. LRX. RPCA
N FFE-RX J7 & WA DN I s /b S HAR S 1.
W, RS S5E BFRSH R, rTRASH, X35
JrikER B R4y 7% Hbr; CRD. FEBPAD FIASC
P ITIEEEAE 20, S T S HER
FIWT; AE R RGAE J7 2% B4 I P& mT DAY 28 43 9
S HAR; KIFD J7 ik 7e s 48 v 2Rk, Joikms
IEIRA 55 B bR XFT San Diego $dl4E, 34K
T8 9 A 5% HF5, GRX. CRD, RPCA. FrFE-
RX. FEBPAD. KIFD, AE. RGAE FIA 342 Ay
T A AT DI S w H bR, i H A SCEE Y O vk
Al DLV B M DX 2t 5 F B AR s LRX ¥ £E San
Diego ¥t 8 4E I J07445 2 E LAY S0 A 1] . %) F
Salinas syn $4E 4, GRX. RPCA I FrFE-RX J5 %G
PAFE EDUL R S8 K, LRX . CRD FIFEBPAD
TEE IR 55 BAn; KIFD J5 i i T 75 1 5%
Wi, JCVEHI SR RIS s AE. RGAE J7 ik Al
AR SCHR Y 7 vk T LA B0 B S A
3 L T N 7o O 5
O Fp 7, RERUELRIE SR B bR R AE 1 S Al
e, AT RABA X SR B AR T R

K5 R T 10 R AE S MBI EE A ROC 45
Fo AL TR OGS EIEEE Los Angeles. Gulfport
Pavia enter fll Salinas syn, 0] DLAR B A 2] A SC
P T IR AR R p R B VI, R p S i
/NEY 5 X F San Diego 84S, AL p, i85 1
B, RGAE kM E R p R/ . 25 LITIR,
HEROC IR 7, A SCHE H 0 7 I 78 5 A 5di 4k
AR T A 9 Fh Iy i

F2R T 10 B 5L 7E S A mOL ik S 48
AUCTERYTE L. AUCHREEREE S [0, 1], H
TRBE Afi/NE . 3R 2 TP g — A7 I A B R T Y
B AE, BRI 10 Fh 7 32 o X 8Os 4 AT 5 AR
B SR vk . B R g, v LB W 2],
1E Los Angeles fl Gulfport (4542 1, LRX J7 i X} 7
AUCEHEE A SCEE 7 vL 1 AUCHH, (H2AKIH /I
FARSCHRE B 5 2 X R Y AUC . 7F San Diego
BT, AR SCH M HEA S =, KIFD F



i

T2 1R 2 A e 00 R OGS PR S A 63

RGAE J7 i AUCHE K TASCE I Mk, 1
Salinas syn U4, AE Jy 5 X% A AUC {E 4% 3
E/INT AR SCHRE 5 TR B B AUCAE . AR SCHRE
Y 5 R TE 5 B0 4 i AUC (B MK IR 2 0.9910
0.9912, 0.9968. 0.9806. 0.9812. X} F &} Fp 5

CRD

RPCA

Rl 7 i 7, 7E S5 U B AUCE 9134
MUK R 0.8955, 0.9429. 0.9253, 0.9012., 0.9259.
0.9372., 0.8201, 0.8130, 0.8699. 0.9882. F[LLFE
W, ARSCHR O R B R M R L T A T Y
AT BRI IR 1 .

FrFE-RX FEBPAD  KIFD AE RGAE A HE

K4 10FPIFIEAE S R 1 S A 45 R K

Fig. 4  Anomaly detection maps of ten methods on five data sets
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Table 2 The AUC values of different anomaly detection methods on the five data sets
Bt GRX LRX CRD RPCA FrFE-RX FEBPAD KIFD AE RGAE ARSI

Los Angeles 0.8404 0.9847 0.9654 0.8474 0.9224 0.9175 0.9750 0.7224 0.7468 0.9910
Gulfport 0.9526 0.9853 0.9630 0.9536 0.9790 0.9217 0.9720 0.5605 0.7567 0.9912
Pavia Center 0.9538 0.9545 0.9396 0.9603 0.9107 0.9494 0.8141 0.8523 0.9041 0.9968
San Diego 0.9403 0.8655 0.9411 0.9318 0.9740 0.9774 0.9928 0.9528 0.9919 0.9806
Salinas syn 0.7906 0.9245 0.8175 0.8127 0.8432 0.9201 0.3468 0.9772 0.9499 0.9812
Sy 0.8955 0.9429 0.9253 0.9012 0.9259 0.9372 0.8201 0.8130 0.8699 0.9882
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Fig. 6 The box—plots of different anomaly detection methods on five data sets
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Table 3 The run time of different anomaly detection methods on five data sets
/s

VGRS GRX LRX CRD RPCA  FrFE-RX  FEBPAD KIFD AE RGAE KSR
Los Angeles 0.08 50.95 12.75 6.63 18.62 2.99 55.56 15.81 125.03 104.63
Gulfport 0.08 47.02 15.58 3.24 16.79 291 58.55 18.65 116.56 102.32
Pavia Center 0.06 53.26 8.61 3.76 14.67 3.37 75.97 4.35 171.29 98.36
San Diego 0.09 47.01 12.20 3.28 18.72 2.95 56.12 18.12 114.06 103.48
Salinas syn 0.11 50.51 6.49 3.40 19.56 3.10 59.72 31.25 120.37 104.13
Sy 0.08 49.75 11.13 4.06 17.67 3.06 61.18 17.64 129.46 102.58

K7 J7R T 10 Fh 7 B 5 B4R B 5 A
SRR ARG, ASCH BIEBCE N 0.5, X T
Los Angeles 04548 , A% SCH4& 19 5 ¥5 A KIFD Jy 12
AT DA R P S B, A SCHR Y O TR
MEREEE /D X F Gulfport £U4li4E , HAA AR SCHEHAY
D7 B3 AT LA — A K iy AT g HAn . X T
Pavia Center 2048 48 ,  FUA A SCHE 0 A9 7 15 7T DA
W 6458 Hbrh iy 44, HAFETETS 5t 1Y
T4 X F San Diego BPEHE, A SCHEH B9 T 74 A
KIFD J5 /] LA I BN pric i =A% s, H
e ARSCER I B T IR T R T /D o X T Salinas
syn B4, LRX. CRD. RGAE FIAS SCHE H 1 7
AT LA B0 000 S e WL, o, LRXO7 i
FR4M/NERR, CRDFEERER 2D/NER, A
St I E R 3A/INE RS, RGAE AJ LU I 5] /)N
B 5 H bR, B2 BT A 5 g A R I 3] 2 2% &
Wi KM Bis. 28 LRk, A nrk

TE 5 B0t 58 b G 25 R i) A 1k BB R B i
U, RIS SCHR A4 J7 v ARG I 45 R T LU BE 25 ) 5
fr 55 HAz .

KA T 10 RS8R0 7 278 5 EdiE %
TAEALEE S RIAR (B 0.5) RYAUCHE, 4
— AT L BB 10 007 2 th g e A E o XS T Los
Angeles . Gulfport, Pavia Center Fl San Diego iX V4>
B A, AR I TR B i, AUCE 230
470.8082, 0.7655. 0.8984 Fi10.8800, Xt F* Salinas
syn §Ldli ik, RIEAFHITTIE /2 RGAE, AR SCHR
tH A 71 e 0.0238 it S T AE 5 Bt 4R
T2 AUCE AT, AR SCE M A O 12 AR
THAL O MO T, a7 TR, FEE T A
syEIny, AHAG BRI TR AR R . W
RAGR2PHAUCHH, X HAMR RN s 7
SRR WURAG T2 36k ARG T ARE 238 V3R A1 A0 g
FHir, SFEAUCHH TR

x4 SNHEELENER_ELEKNAUCHE

Table 4 The AUC values of binarized images of detection results on five data sets

Bl gk GRX LRX CRD RPCA  FrFE-RX  FEBPAD KIFD AE RGAE A3k
Los Angeles 0.6331 0.6163 0.6508 0.6203 0.6201 0.6114 0.7787 0.6209 0.6209 0.8082
Gulfport 0.6074 0.6121 0.6075 0.6073 0.6170 0.6170 0.6660 0.6072 0.6068 0.7655
Pavia Center 0.8768 0.8755 0.8831 0.8739 0.8768 0.8763 0.8785 0.8752 0.8764 0.8984
San Diego 0.6527 0.6565 0.6486 0.6574 0.6483 0.6564 0.8635 0.6673 0.6717 0.8800
Salinas syn 0.5717 0.6324 0.6276 0.5716 0.5717 0.5724 0.5678 0.5720 0.6770 0.6532
P 0.6683 0.6786 0.6835 0.6661 0.6668 0.6668 0.7509 0.6685 0.6906 0.8011
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Table 5 The results of ablation experiments (AUC values)

3DGabor_ 3DGabor_ 3DGabor_  ASXC
PCA AE AE_tanh ik

Los Angeles  0.9432  0.9751 0.9760 0.9780  0.9910
Gulfport 09112 0.9880 0.9880 0.9902  0.9912
Pavia Center  0.9821  0.9658 0.9704 0.9840  0.9968

Hin MAF

SanDiego 09761  0.9654  0.9637 09775  0.9806
Salinassyn ~ 0.8603  0.9300  0.9324 09745  0.9812
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Abstract: Hyperspectral anomaly detection is a type of unsupervised target detection that is crucial in the national economy and attracts the
attention of numerous researchers. However, hyperspectral anomaly detection faces several challenges, such as diversified anomaly targets,
difficulty in distinguishing anomalies from the background, and low detection accuracy. A hyperspectral anomaly detection method based on
multichannel autoencoders is proposed to form a high-dimensional spatial-spectral feature space to address the above challenges. First,
weighted spatial-spectral Gabor kernels with different scales and directions are proposed to extract the spatial-spectral features from
hyperspectral images. These Gabor kernels are then redefined to increase the gap between the central and surrounding values in the kernels.
The spatial-spectral features are extracted by weighted spatial-spectral Gabor kernels to form a high-dimensional spatial-spectral feature
space. Second, multichannel autoencoders reduce the redundancy of multiscale spatial-spectral features in spectral dimension, extract the
principal features from high-dimensional spatial-spectral feature space, and transform them into the principal feature representation space.
Finally, a feature enhancement method based on hyperbolic tangent function and morphological filters is proposed to improve the distinction
between abnormal targets and background noise and address the background noise in the spatial dimension. Mahalanobis distance is used to
detect anomalies in the enhanced principal feature representation space. The proposed method is compared with nine state-of-the-art
anomaly detection methods on five hyperspectral data sets. Anomaly Detection Maps (ADMs), Receiver Operating Characteristics (ROCs),
Area Under Curves (AUCs), and box plots between abnormal and background pixels are used to evaluate the performance of the compared
methods. AUC is a quantitative evaluation method, and the others are qualitative evaluation methods. The anomaly detection maps obtained
by the proposed method easily locates abnormal targets compared with other methods. The ROC curves on five hyperspectral data sets show
that the proposed method has a superior performance. The AUC values of five hyperspectral data sets are 0.9910, 0.9912, 0.9968, 0.9806,
and 0.9812. The box plots show that the proposed method increases the gap between the anomalies and the background. The ablation
experiments show that weighted spatial-spectral Gabor can extract more significant spatial-spectral features than three-dimensional Gabor.
The principal feature representation space obtained by multichannel autoencoders is highly conducive to hyperspectral anomaly detection
and improves detection accuracy. The feature enhancement method based on hyperbolic tangent function can improve the distinction
between abnormal targets and background noise. The proposed method can extract significant spatial-spectral features from hyperspectral
images to address the diversification of anomaly types and form a high-dimensional spatial-spectral feature space. The multichannel
autoencoders convert the high-dimensional spatial-spectral feature space into the principal feature representation space, which can
effectively reduce band redundancy in the spectral dimension and decrease the computational complexity in the anomaly detection process.
The feature enhancement method based on hyperbolic tangent function can significantly improve the distinction between anomalies and
background noise to locate the abnormal target.

Key words: hyperspectral image, anomaly detection, multichannel autoencoders, weighted spatial-spectral Gabor, hyperbolic tangent function,
feature enhancement method
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