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Fig.2 The development of hyperspectral abnormal target detection algorithms
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XieZE (2020); Jiang% (2020¢); Fu% (2021).
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Table 2 AUC values of hyperspectral anomaly detection algorithms on different datasets

. RUIKERZR .

RX LRX CRD SRD LRaSR GTVLRR DeCNN-AD SemiDRX FrFT
HYDICE 0.9764 0.9920 0.9621 — 0.9918 0.9919 0.9976 — 0.9935

EI Segundo 0.9815 0.9444 0.9343 — — — — — —
San Diego 0.9515 0.9467 0.9805 0.9500 0.9886 0.9440 0.9932 0.9908 0.9827
Pavia 0.9534 0.9244 0.9322 — 0.9913 0.9965 0.9994 — 0.9977
Gulfport 0.9521 0.9318 0.8983 0.8918 0.9521 0.9820 0.9966 0.9850 0.9852
Texas Coast 0.9534 0.9393 0.9554 0.9580 0.9920 0.9364 0.9959 0.9816 0.9740
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A B A OGS R B AR
MES BT T — 2 B R . 2 E
AT EDETE SR B B L | BB R TR
FKHT BB T. B8ERS ST, SVD &
% (XieZ§, 2019; ZhuZg, 2019), X UA%cHR
T TR B Pt . REAEFANEE, 8T T JReik
PATHIROR ;B IS5 KA IR &40t inl
L, SR CNIN S G A TR 10 32 4K BURE IO 174 s o
FEFE, JF5 HAb DT Bk AT 45 A S B R A ) R
M (Qu&E, 2018; SongZ¥, 2019). {HAEEXTHA
o R S ARG v ) R R, AT B AT
HIER 55T,

3 s EaE b

P G S R [P R A A Y, — B 1 A
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TAEH ZA RIS BUR T AR B A sk
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SIS R AR A R, G 5 I S B o A
PR FH 1) 6—7 /> FH A B8 P2 o T G 43 Aol
JE B Y A R IH B RAE A s R] 43 10 a,
Fe N Salinas B8 R 4 F 1998 4F, HYDICE $ 4% %
KA F 1995 4F , ABU ¥ & >k 4E F 2010 4F 5§
20114055 (23) . Mk Le5UHE P2 SR FH 0 1% AR 5
B FL TR T, DRI G e v Y S A
BRI, e— N AEw EA RS, e i
(1) e DG 3 7 A £ 45 %2 A5 HYDICE Urban 84
J&E, ABUUREE, EI Segundo AR . San Diego’ﬁ(
PP . Salinas BOH 55 55 o A5 W0k BUAT Y ]

3.1
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Table 3 Introduction to hyperspectral anomaly detection datasets
g/ S R G At R R PEBRIEE/mm S B bR SR AR [ /4T
HYDICE Urban HYDICE 307x307x162 1 m/pixel 400—2500 RE BRE 1995
Los Angeles AVIRIS 100x100%205 7.1 m/pixel 400—2500 AL 2011
Gulfport AVIRIS 100x100%191 3.4 m/pixel 400—2500 AL 2010
Cat Island AVIRIS 150x150%188  17.2 m/pixel ~ 400—2500 iiga 2010
San Diego AVIRIS 100x100x193 7.5 m/pixel 400—2500 iia 2011
ABU Bay Champagne AVIRIS 100x100x188 4.4 m/pixel 400—2500 iiga 2010
Pavia ROSIS-03 150x150x102 1.3 m/pixel 430—860 K S
Texas Coast AVIRIS 100x100x204  17.2 m/pixel 400—2500 Jz3E 2010
Gainesville AVIRIS 100x100x191 3.5 m/pixel 400—2500 23 2010
Los Angeles AVIRIS 100x100x205 7.1 m/pixel 400—2500 Bz 2011
EI Segundo AVIRIS 250%300%224 7.1 m/pixel 366—2496 fitihiES RH
San Diego AVIRIS 100x100x189 3.5 m/pixel 370—2510 KL A
Salinas AVIRIS 512x217%x224 3.7 m/pixel 400—2500 P R A 1998
AVON ProSpec TIR-VS  100x100x360 1 m/pixel 400—2450 N B S PR 2012
Hyperion Hyperion 150x150%142 30 m/pixel 357—2576 P& S 6 2008
SpecTIR ProSpec TIR-VS2  180x180%360 1 m/pixel 390—2450 AT YA 2010

HYDICE Urban 4k £ 4 U5 T 5€ [ i 4% iy B 23
[ s H, i3 HYDICE (Hyperspectral Digital
Imagery Collection Experiment) % 8% % 4 3¢ [= 1
T M X B3k T G R, RS R R

307x307, % BEER 210, I B F 400—2500 nm.,
T2 HYDICE Urban £ 22 2 78 J5 1R B0 v A %
FEACEME L . KSR BB BE A BY, (Kang 55,
2017)
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ABU (Airport—-Beach—Urban) #0455 R 5 T 36
FE NASA (1% Mt S5 4 1 52 36 2 (1 — JHUAIL 2% 0] DL /41 A1
JNAZ S GTEAL AVIRIS (Airborne Visible/Infrared Imaging
Spectrometer) SCHG . ELA () S 30 1 4 Fp K [R) B2k
ML AVIRIS TR &%, F048& 1 6 SEA W] X 1Y
PLY . i RE RT3 A A7 55 9 S M IX 3k 13 5K ol
R KRR, ER R G RS 100x100, I B
380—2510 nm, P Bk 224, 1AM, ABU 1 Pavia
B 72 AR BUH ROSIS  (Reflective Optical System
Imaging Spectrometer) &/, 2 ABU &l 5
R HREAE T, BIBRIEAE M L . KRR
W BRI R (Kang 55, 2017),

EI Segundo %04/ 72 &3 1 AVIRIS /& J8H8 R 4L |
FEGFALTERI) . AR ER AR R X
UG IST A250%300, JBE 224, BRI 366—
2496 nm, 75 [ 43 HER N 7.1 m/pixel. 7 Hbr A
figthmE AT R HAR (Li%E, 2022a).

San Diego B 4 J& 1 AVRIS SR 42 1 3¢ [5 25
AL IR R, EREG RST 2hy 400%400, I8
Bi%r224, PBHEH 370—2510 nm, [&I{443 64 Bt
3.5 m/pixel, S HERH EHL (Li%F, 2022a).

Salinas $035 78 J23f i AVIRIS 14 88 76 5 K
5% ) 2 H0r Ll A SR AR I BHE L R IR B RUSF S12x
217x224, ZS[A1 R 3.7 m, fUIGEE . #HEE+
SN % e A S st o SEBRAE S B 4w RRIKIA
SRR D By, BRI ST 180x180%204 . S+ H
oM B RS (YuanZE, 2015).

AVON %45 45 & % F ProSpec TIR-VS &8 %%
FOFE L 29N 2 V)3 KR T B Y AVON Hb X1 45 42
G, BUEAS o BEE O 1 m, UG BRI
100x100%360, HIG3E 5 Fl 4 400—2450 nm. %
i MRS A 68 A Hibk, AFEAMNE
PR AR Bis (Li%, 2022d).

Hyperion $(4i8 22K ] Hyperion BIR 1818, R
A2 1) 2 36 [ B A5 22 9 N 0 AR 3 IX sk Bl L TR AR
AR . 242 9% BY, 357—2576 nm YL [, Tidk)s
EUR I E 150x150x 142, 5% b~ = TURiEY) 6
(Taghipour Fll Ghassemian, 2019),

SpecTIR % 4# 7 2K H ProSpecTIR-VS2 #58 #%
SR A 52 [ 0 U R T BT 9 i e R A, R R
S 180x180x360, AEHAMHER 1 m/RZE, S Hin
MNEF T HAT (Herweg 55, 2012).
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(Synthetic Aperture Radar) %A [R] Fh 25 (1) 22 JE B4
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o JC TG A AR B R RE L AE AN BT 2E 28, X [R] —
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AR AN TR B 500 i O 1 e A A A4 16 1 20
OGN B L R BUR RAT S S HOR R, 1E
T XE DL B ARSI o DR kg fn e 5 i s O't 3 B s
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T35, H BT [ A A [R] 2 Y 32 SR
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EEA B, W LB B 290 400—2500 nm,
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Abstract: The applications of remote sensing images in numerous fields have been increasing with the continuous development of
aerospace and remote sensing technologies. HyperSpectral Image (HSI) is a common type of remote sensing image that comprises a series
of two-dimensional remote sensing images as a 3D data cube. Each two-dimensional image in HSI can reveal the reflection/radiation
intensity of different wavelengths of electromagnetic waves, and each pixel of HSI corresponds to the spectral curve reflecting the spectral
information in different wavelengths. Therefore, the hyperspectral remote sensing images are characterized by “spatial-spectral integration,”
which contains not only spectral information with strong discriminant but also rich spatial information. Therefore, the hyperspectral data
have considerable application potential.

Hyperspectral anomaly detection aims to detect pixels in a scene with different characteristics from surrounding pixels and determines
them as anomalous targets without any previous knowledge of the target. Hyperspectral anomaly detection is an unsupervised process that
does not require any priori information regarding the target to be measured in advance; thus, this type of detection plays a crucial role in real
life. For example, anomaly target detection technology can be used to search and rescue people after a disaster, quickly determine the fire
point of a forest fire, and search mineral points in mineral resource exploration. Hyperspectral anomaly detection has been a popular
research direction in the area of remote sensing image processing in recent years, and a numerous researchers have conducted extensive
research and achieved rich research results.

However, hyperspectral anomaly detection still encounters many difficult problems. For example, the targets of the same material may
exhibit various spectral characteristics due to the different imaging equipment and environment, which may interfere with the detection
results and lead to the problem of “same object with different spectra.” Meanwhile, the targets of different materials may also exhibit the
problem of “different objects with different spectra.” Then, most of the existing hyperspectral anomaly detection algorithms are only in the
laboratory stage and with low technology maturity. Furthermore, the hyperspectral data may have numerous spectral bands that contain a
considerable amount of redundant information, which increases the difficulty of data processing. Moreover, the number of publicly available
hyperspectral anomaly detection datasets is insufficient and mostly old.

In this paper, the main research progress of hyperspectral anomaly detection is first summarized. The existing mainstream algorithms
are then classified and summarized. These algorithms are mainly divided into five categories: statistics-based anomaly detection methods,
data expression-based anomaly detection methods, data decomposition-based anomaly detection methods, deep learning-based anomaly
detection methods, and other methods. Through the investigation, analysis, and summary of the existing methods, three future development
directions of hyperspectral anomaly detection are proposed. (1) Database expansion: new datasets with additional images and highly sophisticated
remote sensing sensors are introduced. (2) Multisource data combination: the advantages of different imaging sensors and various types of
remote sensing data are maximized. (3) Algorithm practicality: the anomaly detection algorithms are relayed for application on real platforms.
Key words: remote sensing, hyperspectral remote sensing, hyperspectral anomaly detection, deep learning, matrix factorization
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