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! Sparse representation
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! Reed-Xiaoli (RX)

2 two-step generalized likelihood ratio test (2S-GLRT)
3 kernel isolation forest based anomaly detector (KIFD)
4 coarse-to-fine

5 low-rank tensor decomposition

6 Jow-rank sparse decomposition
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! collaborative representation based detector (CRD)
2 autoencoder

3 end-to-end

4 Unified framework




b, CRD 5 DA [YY] wloas slgiiy T3] (CRY) 5 )lie by 1 (it (sl ST 1 Lilises (cladsens
Sl ookl b bl o)l jaskis glp el CR Lo, Sal G YY) o conl od Byme [VA] )3 5,00
Blo by oo gan )l gy oddbpelats (cldd 5 0 5S35 (6 brinl Lo ST sl 005 (B ym0 (6 pol oo o (5,880
(LSAD-CR-usSan 4ol j5 9 CR (slis y oo gon (5)bxials jluoSsT o (LSUNRSORAD?) &)y (sladiges
@ oy o |y ey w JuS o a5 A8 o8 pordo ol wlol  LSUNRSORAD .l s [YY] 5 IDW?)
JuSy (b3 ©y50 4LSAD-CR-IDW  ¢pizmen. 5) cop JlSe (Soluar a4l )3 (oluos by (o ©)50
5 CR (g 5l i s Sapm 0wy 315 5 (B1> 05y 5l @5 50 sl sl sy 5 odlistol b 1y taloj] 25
lodls 45 loj Lol el 3ol )8 Lo KT Ky CRD s 51058 o 05l (il 85T 5,8 hos 390t (glyt yooSne Aol
CRD (g (JSetio ol @ iy sl oo il (b ialed (oo €85 il (Seal o Jusy (59l dlnjimn
«wodl> « CRDBPSW g, ;> .Cowl a8l dswg [YF] 3 (CRDBPSW?) wiwspy (359 9 dmejome (siboall b
Lol > (635 o JusSyy eS)lio b lasipe (b ialed culpd g (silopalls @ Blo g Sl edlitl b dinej gy
divoj Ly Sl 903 B Wigd o Julod g 4355 (o lel g 4 taled culpd e A0l (o0 Cnd 4 @ye JBlio S
sl 005 00lis] s ys 139 31 315 0,y > digas S SleM] LolS syt (sl el yr ogds g &1, LAl
robas oo 53 (oobj cutdga (CNNO) JLidglgls' omas (sladSud cdaos (6p50k cilio (slaydgy oo
QY pain bl Sl dlde S6 sl Shs zlswl b CNN ol cobl [YAF[YY] wlosls olis adol,8
5 d9bie gyl os o sl &Yl M oy g e wile JBlo 5 S5 gla Shy o 0 & sl Jlsie
slp o cul ond O)llas hg) o ONN (Jlo ol b 0900 glisiil Bros lo &Y ) gy (oline sl Sy
aile yllai gy S S o sl Jgane ONN GGl oolitisl ol i 2,05 5l ) oy (sladises 4y aSs o0l
5 oslizl b JUsglgls (ela 5,8 puolie pguye ylis cos CNN S g3 s iy el bl (o )binl apess
oL s ey ) sla S 5l oolital 095 o sl 4Sd (6 50L 1 g Wagsg walaS g Bgub oo alals objgal (sladiges
e 4 g ord OBl byl yguad I ol yobo 4y o 4S5 51 (B o] ) o il 0 dlatiiy [YA] 5 ol j0lie L
o9i9l Wl il o ad e Gt J) oS s e oolitul Jlgte (sla 4 I By > bglgls sla S

0liS gaddds S o gl sl (Shg e Mg oo okl oyl el sla She gl slp )l

! collaborative representation (CR)

2 relaxed CR

3 Local summation unsupervised nearest regularized subspace with an outlier removal anomaly detector
(LSUNRSORAD)

*local summation anomaly detection based on CR and inverse distance weight (LSAD-CR-IDW)

5 CRD with background purification and saliency weight (CRDBPSW)

¢ convolutional neural network (CNN)
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!'transferred CNN based on tensor (TCNNT)

2 principal component analysis (PCA)

3 fractional Fourier transform (FrFT)

4 Hyperspectral Image (HSI)

5 autoencoder

¢ deep fully-connected sparse autoencoders (SAE)

7 deep one-dimensional convolutional autoencoders (CAE)
8 patch-based




Gk 511 HSI (()beial) S5 ise (ooloiday (hg) 48 Sleddy (iublyd (gylxial jaeds gl '(SLaSD) (dylas
A pleol a5 g (o5l Sy Gy Sl oSl (i g S oo 4 (S-ADM) Tl 05 glite g 29y S
b ooleing 29y 2)5es D9800 098y b JuSy S-ADM .l oadside 0aiSly sl Shy o ©oll g odiyla
vaouis guls Llgi o SLaSD g, a8 o odly lis b gLyl s8lg HST il edlaiwl b ad pis gy 03 b duslds
w20 Bl jlre (g 03 Ced (6535

bug o Lol am 5 by S Cle 0 4 ]) chanlit dag Gree xSk e el slajls, Sl
sl = TLRR-Net) youds LB ras 4503 < dydl ol (Siinon slons S 395 0 03b Lialos s (slodSid
N ol Jb cpl bl ooy i) isupledl (33 = (A3 o bxial pasuls die) 3 Jie p (e (Bres 4
@ o3hy gy wedie Bl pas Ko &y oxie 9 S o0 b (5)bral e I (6580 il 1) sl all
calo pleal o] Ban o il o1 slptidy (pSiind Sl 60k b TGes 0l Sl &S K [YO] 5 ggdse )
crl el sob 4wl (Bres 615 By 5503 5 (Hw gy (o) Bl Al ye g3 (Sl aSLD (IS0
sl 02bxS 7 0l 45 Ol g e Sl paseds Jae G (b o 1) (CF) Ppgrde (6555816 akai 0,50,
2 ogdle sl ol &) il ul s u plo 9 3580 435 Jai 3 Lol slaosly I hd (S5 Gl 4 Sty
colo 4 lojen (ol dapite loyjg)t 9 (658500 (6500 Lol (Gilodnd Gl Bree 01 b S S ol
e aSud 45 Ay o LS 03> dcgezme 93 (g9, b yile)l @l ol sas Slb )bual ek § (6 ySid
D) byl glagby) plo & Cund gy 3 Mos (o3l

sly el sl Jooly gai (Gilojl sl (S)lasgs 5 )llas g Bres 6350k b Bl o Sl 3 42 5]
C ol pugal pared SaSed dame 5 S I (236 Sl S 4 Jb al b ooy @] (ablE g lxial jaris
2 Codgiee Jlael b mrdituo e jobo & 39290 (slajlo Sl S o (3l Alioim b ol 1y o luial 35U
3fes (Syj Baa pasels glagl ) Ll wimdee 1l 1) lial lojl b @lg b ol SR
3 (MAE) ")bolis (slayliS 101353 porde ol odd 313y gabg0 () 4 pudins jobo 0 [YF] )3 imd o &3l)]  gllaols
JScize (SMONet) S5 51 48,5 plal Jhlis (dglgls 4 Sy yoie dngd 9 0 (Bpno bglgils WolS' (sloases
o (V5 VoSl bl 4Y o (Y 0 olye dlabe 50, Sy () 2l 03,8 &l lize iy dilge 4 ;)

! self-adaptive low-rank and sparse decomposition (SLaSD)
2 self-adaptive alternating direction method (S-ADM)

3 interpretable deep network (LRR-Net)

4 deep unrolling network

3 concept factorization (CF)

6 Jow-rank representation

7 full-image detection networks

8 masked autoencoders (MAEs)

? sparse-inspired masked convolutional network (SMCNet)
19 hierarchical encoder
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! sparse projection layer

!'hierarchical decoder

2 The low-rank and sparse matrix decomposition (LRaSMD)

3 tensor-based Go decomposition (TGODEC)

4 tensor singular value hard thresholding decomposition

5 sparse cardinality

collaborative representation-based detector (CRD)
collaborative representation-based attention network (CRAN)

6
,
8 cross-attention mechanism




Tsb s slyi g ol -0
O35 & S5 o b baiye (slagsbyy anl Brae (650L 3l odlisel b S5l At S o 25k cpl (el gl
o e85 Ll gl & WS o3kl CSKwdlS ¢ jlodingg s Ko o JK5 4 S5 sl 1 By clods 4
P18l 3 o5 g 03 (3Ll 2 (e Vol o Groe (653 L lase (slahgy e S Sl aliuns &y iz
Glaal (g5l )ST g o pl s S5 ol S (sl s Gaoe (oae 4Sed o (b I U ol Glegh ol 5
oS o3litl yloxigol

Goan b5 al 5 Linlesl g adllas 3y50 oyl yglias 3 yloxinl Cilual (gl ST Lol 3,18 5 Altuwa o]
JB cdd g a8 Slawle (Saomn b dgrge slaJae 4 Cons Wilgn &5 sl plyppudl Gres mas 4Sud Sy (2lhb
25350 sl p3Y yal pl g S )] pae pdypends Jo S5 ol b slominel Blual (g5l IS8 da by i
1358 bl g (b cadlllas

Sad Jlle (Ahb > S5 e el

aSs lali b o (S5 a8 )8 asls]

shol ado pl odly CaSo 1 ookl B yo (gl 4y a8 4y Cnlio (60959 £55 cpuS @

S g b la Sty pleal g gl el
S dalgs 1l 5 giluosly pj el » )b ol
by gbb)lS gy » adgl Clllas @
Jo (2l @
8lg ol laodly 1 edlaiwl b ol &l)) g Jaw (gilwosly @

by s oy b awlio g Juo oLl @




&S > 9,5 9 02l g a1
4ln~> )1 Cowl A>g5 D50 v g (ydmo ‘LS))?L“S s hom ‘LS)'Q(‘" iz L;Lmﬁ)lf 5 ‘J.Lb);l alaa) d)u)l_i,,j

e C.‘a.w Jp uol> A 9 odlo L’ TR W) pf ;u.w J.m uo‘a- Calinl @L"’L"*’ )
sl waw > S8 4 Jie lag,louipal L;}L»)Li,:ﬂ °

85 OlLEST g Sase dlge olulis @

Gy bame slo Sogll (il @

Sy dawgs (D C_»)Ué_; °

GO lv903 Bk (saiilej 9 b SRS -V

a o 3
3 9 < >
(olo) gyl lages |3 P %,
3 B X 4 4
D2 D 9 =z
RS \j; 3 3
Wolw [y s lalvslaley]y |y - Ki
v Iv v
Y va Ia.'.:)ndlm)lfd9))4¢\4.]9]uuugﬁ \
v |V |V Yo
Y Je u.>|).lo Y
A W) el b omls &l s Jae jlwesly
Y Y
u.x.9|9 ‘_;Q.AJO)JI dthb.)l.)
VI iv|]v . . . . ¥
¥ Y by slogig) b awlie 9 Jao b))




:obo Cuw 08 -A

[1] X. Jiang, M. Gong, T. Zhan, H. Li, Geodesic simplex based multiobjective endmember extraction for

nonlinear hyperspectral mixtures, Information Sciences, 577, 398-423, 2021.

[2] W. Jia, Y. Pang, R. Tortini, The influence of BRDF effects and representativeness of training data on
tree species classification using multi-flightline airborne hyperspectral imagery, ISPRS Journal of
Photogrammetry and Remote Sensing, 207, 245-263, 2024.

[3] M. Imani, Manifold Structure Preservative for Hyperspectral Target Detection, Advances in Space
Research, 61, 2510-2520, 2018.

[4] M. E. Aghili, M. Imani, H. Ghassemian, Segment-Driven Anomaly Detection in Hyperspectral Data
using Watershed Technique, The Egyptian Journal of Remote Sensing and Space Sciences, 27 (2),
288-297, 2024.

[5] M. Imani, Hyperspectral Anomaly Detection Using Differential Image, IET Image Processing, 12 (5),
801-809, 2018.

[6] I. S. Reed and X. Yu, Adaptive multiple-band CFAR detection of an optical pattern with unknown
spectral distribution, IEEE Trans. Acoust., Speech Signal Process., 38 (10), 1760-1770, 1990.

[7] J. M. Molero, E. M. Garzon, 1. Garcia and A. Plaza, Analysis and Optimizations of Global and Local
Versions of the RX Algorithm for Anomaly Detection in Hyperspectral Data, I[EEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing, 6 (2), 801-814, 2013.

[8] M. Imani, RX Anomaly Detector with Rectified Background, IEEE Geoscience and Remote Sensing
Letters, 14 (8), 1313-1317, 2017.

[9] Q. Guo, B. Zhang, Q. Ran, L. Gao, J. Li, and A. Plaza, Weighted- RXD and linear filter-based RXD:
Improving background statistics estimation for anomaly detection in hyperspectral imagery, IEEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., 7 (6), 2351-2366, 2014.

[10] H. Kwon and N. M. Nasrabadi, Kernel RX-algorithm: A nonlinear anomaly detector for
hyperspectral imagery, IEEE Trans. Geosci. Remote Sens., 43 (2), 388-397, 2005.

[11]J. Liu, Z. Hou, W. Li, R. Tao, D. Orlando and H. Li, Multipixel Anomaly Detection With Unknown
Patterns for Hyperspectral Imagery, IEEE Transactions on Neural Networks and Learning Systems,
33 (10), 5557-5567, 2022.

[12] S. Li, K. Zhang, P. Duan and X. Kang, Hyperspectral Anomaly Detection With Kernel Isolation
Forest, IEEE Transactions on Geoscience and Remote Sensing, 58 (1), 319-329, 2020.

[13] W. Li and Q. Du, Collaborative representation for hyperspectral anomaly detection, IEEE Trans.
Geosci. Remote Sens., 53 (3), 14631474, 2015.

[14] L. Zhang, F. Lin, B. Fu, A joint model based on graph and deep learning for hyperspectral anomaly

detection, Infrared Physics & Technology, 139, 105335, 2024.

[15] Z. Wang, X. Wang, K. Tan, B. Han, J. Ding, Z. Liu, Hyperspectral anomaly detection based on
variational background inference and generative adversarial network, Pattern Recognition, 143,
109795, 2023.

[16] W. Xie, J. Lei, B. Liu, Y. Li, X. Jia, Spectral constraint adversarial autoencoders approach to feature
representation in hyperspectral anomaly detection, Neural Networks, 119, 222-234, 2019.

[17] P. Xiang, S. Ali, J. Zhang, S. K. Jung, H. Zhou, Pixel-associated autoencoder for hyperspectral
anomaly detection, International Journal of Applied Earth Observation and Geoinformation, 129,
103816, 2024.

[18] M. Imani, Sparse and collaborative representation-based anomaly detection, Signal Image and Video
Processing, 14 (8), 1573-1581, 2020.

R



https://www.sciencedirect.com/journal/the-egyptian-journal-of-remote-sensing-and-space-sciences/vol/27/issue/2

[19] C. Zhao, C. Li, X. Yao, W. Li, Real-time kernel collaborative representation-based anomaly
detection for hyperspectral imagery, Infrared Physics & Technology, 107, 103325, 2020.

[20] M. Imani, Adaptive Window Based Collaborative Representation for Hyperspectral Anomaly
Detection with Fusion of Local and Global Information, The Egyptian Journal of Remote Sensing and
Space Sciences, 26 (2), 369-380, 2023.

[21] Z. Wu et al., Hyperspectral Anomaly Detection With Relaxed Collaborative Representation, /EEE
Transactions on Geoscience and Remote Sensing, 60, 1-17, Art no. 5533417, 2022.

[22] Y. Duan, T. Ouyang, J. Wang, CRNN: Collaborative Representation Neural Networks for
Hyperspectral Anomaly Detection. Remote Sens, 15,3357, 2023.

[23] K. Tan, Z. Hou, F. Wu, Q. Du, Y. Chen, Anomaly Detection for Hyperspectral Imagery Based on the
Regularized Subspace Method and Collaborative Representation, Remote Sensing, 11 (11), 1318,
2019.

[24] Z. Hou, W. Li, R. Tao, et al., Collaborative representation with background purification and saliency
weight for hyperspectral anomaly detection, Sci. China Inf. Sci., 65, 112305, 2022.

[25] M. Ghassemi, H. Ghassemian, M. Imani, Hyperspectral Image Classification by Optimizing
Convolutional Neural Networks based on Information Theory and 3D-Gabor Filters, International
Journal of Remote Sensing, 42 (11), 4383—4413, 2021.

[26] L. Sun, X. Wang, Y. Zheng, Z. Wu and L. Fu, Multiscale 3-D-2-D Mixed CNN and Lightweight
Attention-Free Transformer for Hyperspectral and LiDAR Classification, /EEE Transactions on
Geoscience and Remote Sensing, 62, 1-16, Art no. 2100116, 2024.

[27] B. Khosravi, M. Imani, H. Ghassemian, Shaped Patch Based Nonparametric Discriminant Analysis
for Hyperspectral Image Classification through the CNN Model, International Journal of Remote
Sensing, 44 (6), 1789-1819, 2023.

[28] Y. Xu, B. Du, F. Zhang, L. Zhang, Hyperspectral image classification via a random patches network,
ISPRS Journal of Photogrammetry and Remote Sensing, 142, 344-357, 2018.

[29] L. Zhang and B. Cheng, Transferred CNN Based on Tensor for Hyperspectral Anomaly Detection,
1IEEE Geoscience and Remote Sensing Letters, 17 (12), 2115-2119, 2020.

[30] L. Zhang and B. Cheng, Fractional Fourier Transform and Transferred CNN Based on Tensor for
Hyperspectral Anomaly Detection, /[EEE Geoscience and Remote Sensing Letters, 19, 1-5, Art no.
5505505, 2022.

[31] M. Imani, H. Ghassemian, Principal component discriminant analysis for feature extraction and
classification of hyperspectral images, 2014 Iranian Conference on Intelligent Systems (ICIS), Bam,
Iran, pp. 1-5, 2014.

[32] Y.-X. Hu, R.-Y. Zhao, Q. Huang, N.-N. Li, D. Wang, Holographic 3D display method with low
speckle noise based on fractional Fourier transform algorithm, Optics and Lasers in Engineering, 178,
108166, 2024.

[33] A. R. Rezvanian, M. Imani and H. Ghassemian, "Patch-based Sparse and Convolutional

Autoencoders for Anomaly Detection in Hyperspectral Images," 2020 28th Iranian Conference
on Electrical Engineering (ICEE), Tabriz, Iran, 2020.

[34] Q. Wang, J. Zeng, H. Wu, J. Wang and K. Sun, "Self-Adaptive Low-Rank and Sparse
Decomposition for Hyperspectral Anomaly Detection," in IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, vol. 15, pp. 3672-3685, 2022.

[35] Z. Wu, X. Tao, M. E. Paoletti, J. M. Haut, R. Pastor-Vargas and A. Plaza, "Deep Unrolling Network
with Active Dictionary Learning for Hyperspectral Anomaly Detection," 2023 13th Workshop on
Hyperspectral Imaging and Signal Processing: Evolution in Remote Sensing (WHISPERS),
Athens, Greece, pp. 1-5, 2023.

'Y




[36] Z. Wu et al., "SMCNet: Sparse-Inspired Masked Convolutional Network for Hyperspectral Anomaly
Detection," in IEEE Transactions on Geoscience and Remote Sensing, vol. 62, pp. 1-17, Art no.
5535317, 2024.

[37] M. Song, X. Zhang, L. Li, H. Cao and H. Bao, "A Tensor-Based Go Decomposition Method for
Hyperspectral Anomaly Detection," in [EEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, vol. 18, pp. 4584-4600, 2025.

[38] M. Imani and D. Cerra, "Collaborative Representation-Based Attention Network for Hyperspectral
Anomaly Detection," in IEEE Geoscience and Remote Sensing Letters, vol. 22, pp. 1-5, Art no.
5507405, 2025.

[39] S. Feng, R. Feng, D. Wu, C. Zhao, W. Li, R. Tao, A Coarse-to-Fine Hyperspectral Target Detection

Method Based on Low-Rank Tensor Decomposition, /EEE Transactions on Geoscience and Remote
Sensing, 61, 1-13, Art no. 5530413, 2023.

a0l ebl) g5b (552m0 (SYST 45
U T 0] 45 podie e g mled o Aol 1yl lojhie STy eSS ) deliiiny ol S Gleol 2y il
ol 030,55 &l Colos Caa )00 Sluwge sl 0 lojed jolay g ol ploul jauiS Z)B 9 51> o

'Y




