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Abstract; Hyperspectral imagery has a lot of applications in the national defense and civil fields. Especially,
the anomaly target detection does not need any prior information and thus has become one of the key technologies
and research hotspots in hyperspectral image processing and information extraction. Through systematic research
and analysis, this paper summarizes the existing anomaly target detection algorithms in detail, analyzes and
evaluates the key problems involved in anomaly target detection, gives the future development direction of
the technology, such as sparse representation , tensor decomposition, and deep learning etc. , and presents the
existing problems of the algorithms. Some innovative ideas and future research trends are also proposed.

Key words: hyperspectral imagery; anomaly target detection; sparse representation; tensor decomposition

BAERR B REE RIS 515 B IRBUEOR , Bk i
BT R R Z — BN AR R T K2
KRR B ARSI T AR 7 T B ST R o
1990 4%, Hi REED 25" $2 A2k RX B R 9T
G E G HARMRI AT e Sk Ik
G E R RE 5 SR AR I B 57 % B R
SrE) USRI, SRR T SR B AR R e
L, JCATREZ S A 7% BARS I A R PR,
X} B LA B A R BT 5 AR Y R R 5, AR 3C

0 35§

S & R (Hyperspectral Imagery , HST) J& 71 F i
BRAMIGEBARL S IER “ EiE G —" 89 =4
%, OF g EEM—4OLEER, &AL T2
B FRARE SRR BB R B , X L R I
T HY R BEDE 5 ERE E, 15 LA S A A T
AHPPRAE " o FTAER, TS B R A B STBK Ay
B E G T W EE T W, TR R K RGBT

Sy BRI P15 B A RN R BT 45 5 T AR R
ROBTIE AR . Horp Rl 5 i B AR — T

W B 9 :2020-04-17 185 B #1:2021-01-25
EEWE:HEK AR FEE (61901082) ; R ITH AR ZHSE
(LH2019F040)

EEE T EZ (1976 —) , 5B, EHEFEA, LG, BB, 5T
1) 6 B AL PR AR B o

M5 BIRBUETA BERE T ST = e B R H H AR
Rz I B BT BERE , HE X AR R FTHEAT RIS o
1 FhiEEGLEMIARXE TSR

1) BARERMITR M, Wtk EGREA MR
B £ HHB R BLE] B SRAR KA N HL G IR B
T AR U R I A R T R B R BB TR R



w5 MEZ%:

LB RFE B AR I B RISt R 57

4 TR, 3% S ] R — 7 TR 57 Wi B0 A 1 A B, T
— 5 T 5 e B G AL TR 5 B SRR HE B .

2) ERE R, BT RIGIEREGE AR
RR] SCTE B BB B AR N T B RS R 2 5] —
FEFLNE B ICIR A (0] RETE = VG B 5 vh i £ 78 , I
oo AR ARG T R Ak FERAS o 52 S 4, IR, TE = 060
B G ALE RS B AR B P T U R & BT iR R —
PMEEHRNE.

3) FYRIGEE, R E AR R Y FOLE
FevERY BB AR , bR B AT 4 R — Y R 7E
ARFEMERTAATREERB Y RIEASE, Bis
HCEBREIRM 2REE RFEESL S SHEER
PR FAAEHE 57, 33 4 ] 2 52 mA) 2] s D61 B 1R Y
AR o
2 BRitEGREBRFEENEE
2.1 ETFHitERP RX REM#HRE BREN
Hix

RN TSR AAAT TR, ERE B
Wi, Gt A FERXTH R 5 B BB T RIR, %
FEAYJE B T bR WL IG5 %45 DN 8 (B 5T R B
BB HETEMA . SCER[2 [ R A RX SF 4 i
RETHRITRA MR B iR E . AHZTsEI
4307 RX BN E SRR G Zoum o, AR
BHERGHRER S S AN B AR, B FBUE O s
ROFRE RN, HARE O 2ASE) K", @
I EE REGREAERISE R F 2R 2RNE T, &
—FPEE T SCRLAR R B A9 i R 5 R I ( Con-
stant False-Alarm Rate,CFAR) ﬁ}‘%[“*ﬂ o

RX B BLA BT AR 4 RE AN SE I AL B 32, B
HASWAE LB 1) B TrRGEEGETEEA
A BRI, TE R 4 5 1] FP AR S B R b 7 2 M & 17
FERHEAERA R ;2) RX HRERERGEL
ARG EITEDS A, Bl TERIEEGRNE R
P, TE— S R B O T X AMMR S I AT, B e
UK BE A B RN B — B

KRX( Kemel RX) B3 2ty KWON $2 H (1 2 i
FAEZRE RX 58 Hink B s, BB FH TEt
T EMGR B B H B AR R R, B AR T R AU D =
DT MR R ARV B BOE TH IR IR R, (A8 R OB B B 5
H BRI GRS B RS R T RX B BEHA —E
&5 AR REEWAETE ER BIEA B LA
Y4, CHENG %' St E AR RX Sk ibt7 ik ik,
SR R TS B R 0 T A B R I AR R
WEFS TIRERM & &, I8 H T — A TG 4E B4

23 IR UE U AL HE) RX SRRk U B, R sk R 2
Gr4E T TG RX BT HE R E), 35 ELAG DIDKS 1 o ki
RIRE Bk 3 ZHAO Z512) %) T2 4t KRX BIL7EAERY
SRR AR TR B A [, 2 TSRt T
IIARZS - B B9 KRX S il vk, FIT 2 - B4
AR RS T BRI

SRR BT RX 5505 o B e B R A SR
ZHE X RIS b, BB
B RS B E ST, HEA — B R 3
PR A0, B A AR 2 R, AR
RIS EHT S AU P (INCIEEE. Hh3kpl 2= 58 80
T ) (IEEE Geoscience and Remote Sensing Letters) ) 53 Hi5
B, L RX S H o AR 1 58 B AR 7 B R,
P79 BEFE B 2 A IR TR A B T A
2.2 ETNMEMNHBRRTRE BRENEX

G E R BLE R K R, R
PR SR NG L, T LOE T B SRS B
BERE AT ENE BRI, METIE X BLLE %
PRAFAY IR , BE 4515 20 58 05 B 503 B W s S,
F AR R R B A 15 B AL B 3T B 7T o 0 3
WA BRI 45 R e, R R A R TR
HFTRARN THET 5% BN k. 2014 48, YUAN
TR TR G T R RS SRR B R R A B
IERDGIELS & B2 S H 5, MRS BT S
ERRARI , A HG T Al 5 3 A I e , B 4 O A
5 13 TG B 3R 52018 4R, MA 2210 38 5 o 5 e
R TR (R B B AN R TR S, R E A
BRI B A T B A [ R, 482 1 T ) P S0
E% I ML THMRISR KB T Bk, M
B TH At 2 K T N BB T A R 4R
2019 48, YANG 2/ R T BT 45 RO Bk R A
I T AT R i e B A Bk 3 5
APk 247 SR 1524 0 1 A WK 0 3 0 o 2 AR 5 T4
BIREFH R

L ERRR, TR BLRR B3 B ARG 7
B BRSO EOCERGE RELANRY BRE
ELIE AR M A T X B 5 B B & BT
B SR BB R R AN BBt R0 R A, B
BT — S B B B AL BRI E—
RE F L FEEIERE T KW RS HIEE, AT
A I TR BRI B A ER 4 B8R R Tt e vk 15
SRR, X2 [ A ) A AT R R, e S o 2 ]
R AR AR G S BRI EAR S, SBOx %
g B — 5 G R B, TE G TR0 N B A Rt
SITHA T H—S .



58 Moot 5 &

H2WE

2.3 ETKENBNRE BIREQNUEE

B AR T R R B AL B S — S AW
AR B R R S U, B 2 R EE R
B BRSO ZS [ 4R R 4E 1 1 7T LAPE R = 29k
BHTHERALIE Y, AR, KR AR TRk
B e B AR I RS ke, 2014 4F GENG %™ Rit&
SHEERR RX S TR LB R B ARG E
W, B R G LRI R AR BT T 5% B ARAS I 89 3¢
Rk, L TR BB G B A AT B iR
B BRI A BB AR, T B 45 S L
M BRI, DM B, 301 T W S o i
W ek T B F 2 E A W B 25 81, 4R 8 T
S BAMGIIERE . M 2017 SETTIG , BEFT K BEAMIR A 1k
ARSI IE I 15 5% B ARG I AR R Ry i 2 — P
XU %50 45N BOR 5 | AT G R G 5% B AR
L ERR R A TR T, 0 T RS B R4,
PR R TR AR R R, SR BRI
MBS PR Bk B, A0 25 0 ) 8 i R kA
BLIFE R A0 TG A A LB BBk . ZHANG 457
G54 FE R 25 1) 7 1 5 K B MR T B sk B4
SRR B TR B G MR 2 — s i S,
b, T4 23 1B B RO A, A 2B o G D 45 R0
WhEE .

25 (7 [ P A SCRRBOHE e L B % AR 2 3R 2 TR H
KO BE AT 0, K B 40 A PR T 5 H AR AR 9B 5% 1R AR
HIRAESRIBE 2 —, BREZ MRS
G 0 1 4R 8 3 BT T A e SE B )R L
H TR EDOCIE BG5S % B Ry kg —
A S [ R T O HE VR 2T, 96 T A 6 ST BB 5% 3
— B ETFRAONF, LT SR H S B AL B AR
gid LA S S A N SRR 5

3 BREERE

2010 FHEFH TR AT M IR, BRIV ELE S
ZHT 12 Fim o RE R TR, 5 BRIt & 5 T
ZHAMKBRTE, HIL, X &bk B E S A #E
il IR BRI B A B R E 2 . T 4Rk, HiE o045t
AT HLas T R POR MR RS B A B A
AT & R BT A B % e B B S AR A B
BEFEIEARWIRA . 58 BRI R 2 M B b) 192 T48
THER B RX BEIH8h , AW A BT I AR A1, 1
FSRRFOR TR BRHOAR  Z o4t T ML AR =2 > 55
TR, NE GOt R 28 M AR A S - 34 6 55
R SE T REBEARHE B R Ak MR
T ARSI S 5 B S AT 9 TR AR R SR IR R R T vl I

b5 /(1

1) XEOLEEARE R MR W E
AR — A Zn KR, P ROLIE R R E S
RERBMAE HIMEEMHD . i TRAGRTHREY
SIS DL AL, A0 AT B HER E XL E RBEFEE
TR — P PORMERE . H HARS A iR # =
RIS o B, 3o ve o i 1] 45 A9 vl JUL R A DR B 4 DA
TR G AL B Al AR N B, S H A e T
R0 BE RV 1k 4 1o L B R 0 LA AR T
HER.

2) HHEE IR ARIEEGRF HivK
o 2008 4, HE5idt - TR - FRUAR LB RHT - B
HRAR T R B AL, DA A A, 1R BALBREA T
KRR, 8RR B R R A B AR AR 5 | AR
K. TR, ME N TR R R, PLak 5 T 5
YR T T —— IR o o ok 2 S E A, LR o
21 RARR M B OGS E G R B2 5 A s A
2P R R B A SR BN KB TSR
W EEETHEFEE A SRR R, X — A
SR EGR R W B s g B LR 5
BRI, RIS 2T 7 ik B T 57 0 B AR U AF 9 A9 18 40
BARZ NI, X — 7 1 R R K H BT SEN R BT R
AR IR 2 ) SHAA B BB A (BERERS 5
R RBRAERESE) tHE &, R AE RO TE E R 5 W
HAMS BT S PRI EE T 1.

3) R E G SR AR I SC AL B R, ST
Pt Ak B 1o o i [ AR GR35 B 5 A 1 A9 S B ) R
— AR R R, AR EEN ERELRE
RO, 3o T2 AR A B A5 BRI A R I A
YR AR, FIEHE G R % H AR L A0 3
B T WO T R, ANk RX A 3 S e A 2
Bk ETBAST KRR LS, HEGRIA
B T GPU 53 A ik BRI A B mOG I A
G BRI S AR, BT Gd RSE R AL R RY
KA

4) FOCEEIGS B IE L R R, &
RS IR T S A s AR AU e G B R B
PRFFRLATSEER. P, AT AR A9 R v (A =8
g DR i B ERRE ) E AR EH
PRGN B A R ] TS Pl SR R SRR R R —
T ELE G LR R B R R IR B 3 S A A
A RER ST AR BE AN ST

S5t LRI R SRAEIHT , TR R TR 2 AR 5T G0
RN PO, X R i R H ARG T ER AR R
TEBWEE M %, B T ARRWOBIZTT mA




w5

MEZ%:

LB RFE B AR I B RISt R 59

BLFABRE IR SR BRI, U0 SE 4 i S T 4B 1Y
TRy i HAl & 8 B 15 B AL BREAR Oy 1 FIR ok B9 B
FEOT RS E , RARRFEOGIE BB H B AN 5T
RS I

(1]

[2]

[3]

[4]

(5]

(6]

(7]

(8]

[9]

[10]

(11]

(12]

(13]

2% X W

ZHANG B, CHEN Z C, PENG D L, et al. Remotely sensed
big data; evolution in model development for information
extraction[ J ]. Proceedings of the IEEE, 2019, 107 (12) :
2294-2301.
REED I S, YU X L. Adaptive multiple-band CFAR detec-
tion of an optical pattern with unknown spectral distribu-
tion[ J]. IEEE Transactions on Acoustics, Speech and Sig-
nal Processing, 1990, 38(10) :1760-1770.
KR AESCR, L, % mOLERE B AR 8 kot
FLRHELT]. Btk R 2019, 40(7) :6-9.
DRER, LR, R, % 28 DR e A5 T = E K
PG E G R AR T]. B RME2AR ,2019,37(1)
64-72.
BILAE, Phole e, RS, 4F. RS B R SRR
BRI B H BAMEII[T]. R EER (R
Bl2AR), 2015, 40(9) :1144-1150.
XIF, TR XG4, % BEERE RX Btk s %
R [T]. B4R ,2019, 23(3) :1993-2002.
TEHE, RFEAN, X Pe, 4. BR/DEFRL B R IEIE K
G P RIgR kR [T]. Bt 51EH],2019,26 (1) . 38-
42,
BANERJEE A, BURLINA P, DIEHL C. A support vector
method for anomaly detection in hyperspectral imagery
[J].IEEE Transactions on Geoscience and Remote Sens-
ing, 2006, 44(8) :2282-2291.
KHAZAI S, HOMAYOUNI S, SAFARI A, et al. Anomaly
detection in hyperspectral images based on an adaptive
support vector method[ J]. IEEE Geoscience and Remote
Sensing Letters, 2011, 8(4) ;:646-650.
KWON H, NASRABADI N M. Kernel RX-algorithm: a
nonlinear anomaly detector for hyperspectral imagery
[J]. IEEE Transactions on Geoscience and Remote Sens-
ing, 2005, 43(2) ;388-397.
CHENG B Z, ZHANG ] P. Anomaly detection in hyper-
spectral imagery based on spectral dimensions transfor-
mation and spatial filter[ J]. Journal of Applied Science
and Engineering, 2017, 20(1) ;107-120.
ZHAO C H,LI ] W, MENG M L, et al. A weighted spa-
tial-spectral kernel RX algorithm and efficient implemen-
tation on GPUs[J]. Sensors, 2017, 17(3) :441.
KA, B BT RO LR B EEE

[14]

[15]

[16]

(17]

[18]

(19]

(20]

[21]

[22]

(23]

(24]

[25]

REGIIRIT]. TS558 51,2012, 34(2) :268-272.
BB HRR, TR BT SIOMP Ml 77 w6
HEBBEARRIT]. i /RE LB KESER,2015,36
(7) :992-996.

YUAN Z Z,SUN H, JI K F, et al. Local sparsity divergence
for hyperspectral anomaly detection[J]. IEEE Geoscience
and Remote Sensing Letters, 2014, 11(10) ;1697-1701.
MA D D, YUAN Y, WANG Q. Hyperspectral anomaly
detection via discriminative feature learning with multi-
ple-dictionary sparse representation [ J]. Remote Sens-
ing, 2018, 10(5) .745.

YANG Y X, ZHANG J Q, SONG S Z, et al. Hyperspectral
anomaly detection via dictionary construction-based low-
rank representation and adaptive weighting[J]. Remote
Sensing, 2019, 11(2) :192.

LING Q,GUO Y L, LIN Z P, et al. A constrained sparse
representation model for hyperspectral anomaly detection
[J].1IEEE Transactions on Geoscience and Remote Sens-
ing, 2019, 57(4) :2358-2371.

LUO J, GWUN O. A comparison of SIFT ,PCA-SIFT and
SURF[J]. International Journal of Image Processing,
2009, 3(4) :143-152.

HAO R R, SU Z X. A patch-based low-rank tensor ap-
proximation model for multiframe image denoising[J].
Journal of Computational and Applied Mathematics, 2018,
329(1) :125-133.

FANHY, CHEN Y J, GUO Y L, et al. Hyperspectral ima-
ge restoration using low-rank tensor recovery[ J]. IEEE
Journal of Selected Topics in Applied Earth Observations
and Remote Sensing, 2017, 10(10) ;4589-4604.
ZHANG ] P, TAN J, ZHANG Y. Joint sparse tensor rep-
resentation for the target detection of polarized hyper-
spectral images[ J]. IEEE Geoscience and Remote Sens-
ing Letters, 2017, 14(12) :2235-2239.

GENG X R, SUN K, JILY, et al. A high-order statistical
tensor based algorithm for anomaly detection in hyper-
spectral imagery[ J]. Scientific Reports, 2014, 4 :6869.
ZHANG L L, ZHAO C H. Tensor decomposition-based
sparsity divergence index for hyperspectral anomaly de-
tection[ J]. Journal of the Optical Society of America
A, 2017,34(9) :1585-1594.

XU Y, WU Z B, CHANUSSOT ], et al. Joint reconstruc-
tion and anomaly detection from compressive hyperspec-
tral images using mahalanobis distance-regularized tensor
RPCA[ J]. IEEE Transactions on Geoscience and Re-
mote Sensing, 2018, 56(5) :2919-2930.

(TF4% 65 1)



58 2% RE PSO-SQP BILTEMAL A RGN M: 7 BL A R b 65
(5] Z=mE, X0W0, K0S, A 2k 25 i A8 Ar 28 6 I 4 [14] THOMPSON K. Three phases of testability[ C]//Aircraft
Be e wrat [T 1. s 7~ T8 ,2012,32(6) : 108-109 , Design, Systems and Operations Conference, 1988 :1-10.
145. [15] VOAS J M, MILLER K W, PAYNE J E. Software test-
(6] Z4k,BRA,TKIE,Z. £ T AHP 8990 144w ability and its application to avionic software[ C]//The
I 1], FEMHR ,2010,36(2) :30-33. 9th Computing in Aerospace Conference, 1993 .507-515.
(7] FAEAXERX, G & WS PLIS 45 2 i [16] BRAMON C, NEELEY J R, INMAN K; et al. NASA space
FEFELI]. HENNE 56 ,2014,22(3) . 677- flight vehicle fault isolation challenges[ C]//The 14th In-
679. ternational Conference on Space Operations, 2016:1-7.
(8] XM BT MR AHP Wil L)) BELR (17] KB, REL, L5, % BT NSCA-IM MK ISR
K2R ,2017,29(1) :79-83. ST L)]. mE R B TR A2 R, 2012, 36 (4) 1 650-
(9] FkE, XIEE, bfi#. 2T DSPN H£ i Bt 5 R 655.
TR S 2] RETREIR SR, 2010, (18] UMY, Bk, WR. & TRt A S e g I i pe AL 4
30(7) :1272-1278. Bk [I]. K1 536 ,2014,39(1) :44-47 .57,
[10] LITP,LIY,QIAN Y L et al. Optimizing reliability, main-  [19]  FJAZ, B2, TARME 2. 34T % 25- B AR 40 A
tainability and testability parameters of equipment based on [ R R FEEE B[ 1], e 54,2017 ,24(3) :36-
GSPN[J]. Journal of Systems Engineering and Electron- 40.
ics, 2015, 26(3) :633-643. [20] ABDELHALIM A, NAKATA K, EL-ALEM M, et al. Guided
[11]  FERrs 250N, Mg, B2 R Gt a e fiiik particle swarm optimization method to solve general nonlin-
[J]. AL S i R R ZE2EHR ,2004 ,30(6) :565-568. ear optimization problems [ J ]. Engineering Optimization,
(12]  Fogh, &R, 5HFE BT RABRNAEREAE 2018, 50(4) :568-583.
Witk E 1], HENL S P4E,2012(10) . 1-4. [21] LIPJQIJJ, WANG J H, et al. An SQP method com-
[13] s, 247, X H R, mMLEEi2 W B 340 bined with gradient sampling for small-signal stability
RRESA BT B S H,2013,20(1) :74- constrained OPF[ J]. IEEE Transactions on Power Sys-
76,88. tems, 2017, 32(3) ;2372-2381.
(E#E£ 59 W) hyperspectral image analysis—a survey [ J ]. Journal of
[26] ZHANG L I, CHENG B Z, DENG Y W. A tensor-based Computational and Theoretical Nanoscience, 2019, 16 (4) ;
adaptive subspace detector for hyperspectral anomaly de- 1528-1535.
tection [ J ]. International Journal of Remote Sensing, [29] LIUB,YU X C, YU A Z et al. Deep few-shot learning
2018, 39(8) :2366-2382. for hyperspectral image classification[ J]. IEEE Transac-
[27] YUE J, MAO S J, LI M. A deep learning framework for tions on Geoscience and Remote Sensing, 2019, 57(4) ;
hyperspectral image classification using spatial pyramid 2290-2304.
pooling[ J 1. IEEE Remote Sensing Letters, 2016,7(9) ; [30] WEI L, WU G D, DU Q. Transferred deep learning for

[28]

875-884.
NARENDRA G, SIVAKUMAR D. Deep learning based

anomaly detection in hyperspectral imagery [ J]. IEEE
Remote Sensing Letters, 2017, 14(5) :597-601.





