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 OE: B suig sl b — AN BB, =S BARE (hyperspectral target detection) JEAR 4
H AR FETE AR B I e s Bhs . 7R LWL TR B L B TRZ MM A, (B2 EhisEg
TR SRS W A 2 M DA B H R REAS I A B, (A5 A6 T vk T I AR R APk R ASCHR I T — AL P st i
T E AR SR, R G RS P SR A O LR R, DINZRAS SebE AR A FORBI , SRS A
oo R 20 A RE B ame /MR 55 22 MG HEATA 5 S AL 1 A 1S ST AR OCHE BT, e HARAE A S
SitEsgm B fma R e, S TR AORE B R . E SR = 0 BRI b 25 R O T X LG S g

BIE 1T AR A

KR B, RO, BRI, PRI, Z0REERRUME, ARSCHER
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FGiE % HSI (Hyperspectral Image) 2l FH
IAGCTEAAE HL G 1) 2240 . FTOYG  IE4LAh
FE U 2T A B K B 2T A X IR Y A, HOb i o B
kAR B Y, kB zstn ., B
G B IE F ZELE (Tong 55, 2006) . )G
PG — Bl T i, B2 O R — Sl
W B, BEAMMERER AR —ZO6IE I, X T )
MF AT WIE S (Lin, 2021). HARK I
GG U Y — A E ST I . I H AR
WA 25 7 e 5 B ARG R BT, # Hinfgoc
NI Z ()3 e b g, PR AT DL BB B 0T
SRR IR, AR R AN ZE U A ) R
FEOGCIE GBI EA CBISS 7 R (He %,
2009), ZiE FE OGRS HE e Hirk
DAL TR — e Pk (1) m Gk RO T AR

i BHE: 2022-05-06; FRENZAR: 2023-01-05

FAETRI ) S G, OB Rr Ak 52 Jo] Bl 20358 1) 52
ma s (2) SGIEIUAY, SGIEAEECTIAL TR, K
Bl A et (3) UIZRFEAD, YIZRFEALL
LS BB A AR RS 2 ), AR B T 2
MREAR mE S R (Yeds, 2021).

UTEEAE, O LU R G ARSI A T
THE . HAETH EZ Ik nl Loy s 55—
JE I TGS AR LR BE B AT ik, LT A B2 T R
SAM (Spectral Angle Mapper) (Kruse%§, 1993) #]
MERMBFRERE I, 5ARROEHE Rk AR
5%, FEBUN, WEE E AR AT RE RO . B T
AT HOE I, MBI 2 R e i oMK
CEM (Constrained Energy Minimization) (Farrand
Harsanyi, 1997) 5k, EBcit— A BRIk i
LNEDE By, FEWE AL F AR X U8 I 0 L DA
B ZRAET A F SRS 0 2 DR DA% 09 24 i i1y
A fie/N, DL T CEM Btk i 40 J2 2 R Rk ek fie
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/ME (hCEM) (Zou FIShi, 2016). 1EZE T 254
# OSP (Orthogonal Subspace Projection) (Harsanyi
I Chang, 1994) REOGHE )5 2 R AV IEL T
s B SRR T RPN, ERIE
S A BRGS0 IRMAS [R] AR 8 00 A, # 3 B
SRECHR D o e 2 L I VR L8 3 MF (Matched
Filter) (Robey %, 1992) . Hifi—&M/4i%4hit
#% ACE (Adaptive Coherent/Cosine Estimator) (Kraut
4§, 2005) A A & NPT BT =S A A I #F AMSD
(Adaptive Matched Subspace Detector) (Manolakis %,
2001) . 55 PUZ B TRBR ARG B A9 3503 o P IR)
it #2 7 CSCR  (Combined Sparse and Collaborative
Representation) (Li%%, 2015) 58 4k o {f F# 55
Fon Abr, MEFRT R, KEsR b 4 £oR
Z 0] ) % 22 A BE S Mo O A5 31 o R T (R 1 D Ak A
/N IRAEAY LRLS-MSD  (Low-rank Regularized Least
Squares—Matched Subspace Detector) (Xu %5, 2016)
T/ AR R 5] AMRFRIENAE, 29308 5=l
gy, SRIGAIHIT SCALIR HEAG B A 2 2R o

e gt va 6 B AR A Y U7 vk 2R A B Aw
552 A OGE 2 m RGN H AR, (HR2iXEE)r
FEWAFTEAFE SR IOR FE 53 19 5% 20 I A7 AR 1R 22 55
[, ARk, RS ) R R AR, BT L
1 3 S MR 2 2 0 3R R R 52 2 ) HH e A R AT A
FlanfE H B iS4 AE (Auatoencoder) Fl1AE BBt
2% GANs (Generative Adversarial Networks) #E17
HBL, XiedF (2020a) F2H T RO BLESR
RIS > Bk, (78 23 ) G i 190 288 X Gt 2 2B
PR E ARG B 2 W B, 2R 0 i IR it
T EARE ., HAh, XiedF (2022b) Wit T 54
2 M TE D) 0T 24 B 68 5 S T L A O T I 2 A
PR T G5 Z B RS, NITA S 53 257
SRR HK . P2, AR T —F st
25 ) R BE 27 2] B3k BLTSC (Background Learning
Based on Target Suppression Constraint) , £l Jf & )t
RS SBOT TR R S, SRR
iM%t , EMT RSN . Zhang%F (2020) 42
H T HTD-Net (B2 R 25 HI T 0616 AR
R, A48 U-Net EARA M HFREEAS, 5 HARFIS
SR LR RN A A 22 ) 22 S AT FI W, H R
5 R BEFE S Z 1 H bR 5 S 8] DG
FEAIE . Zhu 55 (2021) $2 7 XU 1946 BUR 22 K
%, FUHA BT RN GREA, ff e T I 2ke

AAZ PR IR B BRI 4 T, 220 e B
AR FEA B E T SR A Z A A o 22 S A i H A o
Shi%F (2019) 48 T —Fi B B U8R AOW AR E 1)
G HFRRIN 7, SB[ RO TSR, A
TR ZEAE , AT SO O B AR A REAE

SR 33 B8 5 1k R B A R 2% m R AR O BB R IE 2
aifrAEA, EZImEE SR ok, SAEERE
BT, §55Biras A giig. Fef, 48
e FSCHk g (Xie %5, 2020b) i FHEYXF BT A ihd
o Hamt 25 5 gk, 5 TS, TEASCH,
FAVE T B G U i SR T o A T2 B RRE
T O S AS I PR B 8 SR A A AR 43 A
b gn M2 AT ISR, A A 5. BLTSC
R B S A SO A, Ok AN R
7 AH ] i ) 0 RT RE PR B, (EUZ QiR AR = H s
R, GG MmB/N, (HEGIERE2ZRBEK. A
TAHBZEE FARIC, 1R85 ARl rh 5] A
Ay g i e/ NMEIE T, A5 AL 9 T S TN
ELAL, R RUAY O DGR [ B AL O I v A A T
B o AP G EUER 5 A SR 22 T R
0 HARBURRAE, A a5 508 50 A T
S HMSCHE, AR T BisEois 5 A
FHOCHE M S 30 B An ZRBUCE B, e T
o 0 PR A

2 PR RIRR R SR

2.1 ARgEERMLBIREN

IR 25 2 1) e T UG R N AR N LA B
A, L X=[x, %, -, %], HhxeR",
i=1,2, -, N, EHERHRES de R,
Y HRE e/ NS T BT — A R bk o i 26
PEUEIE B8 w = [w,, w,, -, w,|", TEWEC MR
B (55 d X U8 B AR 1 N R # B 2 F T, S
SRR TE AT U U AR 0O Y R R /DN (Yin 4
2012):
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Fig. 1  Algorithm flowchart.Select background sample and train (Use CEM to detect residual making the difference between the

original image and the reconstructed background and then get result by weighting )
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Lo ==Dy(q(z)l p(2)) + |z =2,  (6)
A543 F G AR R e 56 IR IE S 40 A, i #e
IS IE A A R, AR R A R (R TE R
FERY SRR b JC vk o BEAILRAE R AT B AR 4, Rk
ME “EmESHAL” By, BBz e MAREE &
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X G s (0 LR (B AT 22 o LA 2R
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EREAR
R, JEORBAM Rz 4EE . T AT HbRRE
ARV, WRAEARKERZ, FrIRAT R
SRR SR, T A A BRI B A
SAEE, THPREEAMRHE, S S NEsE,
FATLEAS 5 [ Gt N 25 5] A — A HGE = B/ ME
IEWI, il A e Al A, AR 5
FEARMEMIRER R, BRI AR
R'd \
Amm=2@mqui (8)
B X B 3B 3 a0 U e e R e N, X AR Ay
FI 20 A0 AT AT (A5 I 45 0 R S N4
CEM B3 FoR, B SocRon B, 63
AR IR R AUER o X R BOR W AT AL
PR SR (R, DU 50 ) A ok 75 SR
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P32 oRORE o R/ Mb IE WS s, A
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R =R+ Al )
MY T B bR R B on T L2 Y8 BUAE
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(Zhao %5, 2019),
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B T BRI .
L=2Ly+ Lo o (10)
Xoh, p RHESEL
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3 SgRA R KO

R T AEAR SO A R, ARSI T A
S R G TE B UEAT T SE R BE . A Python 3.8
SEE 5 H it #2515 5= E8 53, TensorFlow A
24 2.2.0, fdi [ matlab R2020a 52 J&. /5 Y618 H b5k
USRS 55

31 HiE&E

S SR T e O T RO R N T B R 4
FEAMADIRT AR 2L AT WO/
BOGIEAL (AVIRIS) 4048, XA FRI & 4R &
LA 400—2500 nm Z [A] (9 224 S Be, HpEI
Segundo F 4l 4 3 224 A Br, A5 8] K/ 250%
300, ZEAMPERET m, HARMRE ISR gk
B, 352048 MG E . Sandiego B A 224 1~k
B, BEHWAHLIGHLIX, K BRIK ZE S MR
B, A 186 MBI TR, A RN N
100x100, =5 [8] 73 HFR KM 3.5 m, HARE R
RHL, JE5 120 57T MR ER S S T 2 ABU
(Airport-Beach—Urban) (Kang %5, 2017) ¥i#li4E,
235 [6] R /N2 100X100, 33 26 % 45 4 AR 43 2 i
(AVIRIS) #RMERAARA, A — - ROSIS-03
(Reflective Optics System Imaging Spectrometer) fH
B, JF X S LA O M S B LR T,
Groundtruth &2 & B ENVI (Environment for Visualizing
Images) BRAFPRTE . S286 T 2RI HARGIG 2 BEAL
PEICS A BAR GG IBCE- B B A i
3.2 MR

XEF 0 HE F BRI B, 2R 161 ROG
(Receiver Operating Characteristic) [ 2k (Du 5%,
2013) RATHEASINAHBOR, ROC H ik T &4
BE (r) TREMMER (P,) FHRAESR (P,)
MIREPERE, (Pp, P,) BRI TIN5 2R
ZIMSE R, AT ROC L FImEA, idh
AUC (Area Under Curve) (Manolakis #1 Shaw, 2002)
6, AUC(P,, P,)BK, WUEHIRINSCR L. P,
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*1 E1FHENAUCHE
Table 1 AUC values of different methods

LUEIIE S ARk BLTSC HTD-net CEM LRLS-MSD hCEM ACE
Segundo 0.9943821 0.9913325 0.9921344 0.9915728 0.98198 0.9371363 0.9741528
Sandiegol 0.9879251 0.9055714 0.6983856 0.930307 0.7655651 0.9785838 0.8835412
Sandiego2 0.9931937 0.9893172 0.8056095 0.987124 0.9879233 0.9892572 0.9848867
abu-airport—4 0.9947778 0.9772024 0.5716935 0.9807629 0.8753085 0.97209 0.9815837
abu—urban-1 0.993816 0.9751822 0.854064 0.9670749 0.2801862 0.9903413 0.9166422
abu—urban-2 0.9932669 0.9404361 0.9993758 0.9639555 0.4568876 0.9977152 0.872935
average 0.9928936 0.96317363 0.82021046 0.9701328 0.72464178 0.9775206 0.9356236
TE: RO R R s
F2 HELEKI
Table 2 Ablation study
S A Segundo Sandiegol Sandiego2 abu—airport—4 abu—urban-1 abu—urban—2
AN S 5% B OGS P 0.9521652 0.9858515 0.9885435 0.9596697 0.9073577 0.9246603
iRk M R AR 0.9868324 0.9933198 0.9928452 0.962863 0.9918476 0.9968663
A5k 0.9943821 0.9879251 0.9931937 0.9947778 0.993816 0.9932669

T BORIBRFORRILA R

R T o B AR Sy ¥R 5 6 H Ty TR AR R R
HEEEE, FRATXIEEIGI T 10 dB YRR . fER3
AIRVE W, TE4 MBI EA SO A SR R B
o, FERIMR A BEAE , AR HTD-—net K
MG, (HURAS SO R B - YK BE 28 /& T HTD-net

Jrik e METAMAMS LT, A7k H
AUCTHAT PR R R, 3k FER OIS 2 )5,
Fe i HAROGIE 5 Re A I H AR FA e e 5 1 T4,
ORI F) AR EE R B

#x3 10dBEEETEANHEMWAUCHE

Table 3 AUC values of each method under 10 dB Gaussian noise

iR KSR BLTSC HTD-net CEM LRLS-MSD hCEM ACE
Segundo 0.9749391 0.9708542 0.9851977 0.968061 0.9706595 0.9556282 0.9749171
Sandiegol 0.9678623 0.9348414 0.8338074 0.9290688 0.5028492 0.7534164 0.9232203
Sandiego2 0.9810181 0.9785461 0.8175222 0.9727861 0.7237235 0.8108367 0.9732881
abu-airport—4 0.9803303 0.9780357 0.9729443 0.9750729 0.9616859 0.9527113 0.9612676
abu—urban-1 0.9890265 0.9748374 0.9822595 0.9717736 0.8349982 0.7720023 0.9754001
abu—urban-2 0.9874336 0.979055 0.9988801 0.9777627 0.9718596 0.732895 0.9940825
average 0.98010165 0.9693616 0.9317685 0.9657542 0.8276293 0.8295817 0.9670293

T RO AR IR LSS

FABNH T TR O v DR HE O e A T ]
XS LY, T TS A B PR 45 31 e i [ R et ]
ATLVE Y 5P 2= 2 ik xT b, Koy
B[R] R AL AE I SR R L, T DA 6 14 B[R] 4
G IEE L2, HEARIR R, AT EME
TR EREE 22 2] ik, AT ARl s, £ %
AR T A8 5y F da s 25 3% Fh M 28 454, L
GAN 28 25 e 8l

ROC & & o] DLBE I B0 0 & Hh AR SCO7 1
AR, ROCHIZBSEITA: b A, WU T8 ] 5 ik b

I o XF T Segundo KU, AR STy IR A F I L H A,
XSG F A . X T Sandiegol St , FRATTI 7k
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Abstract: Target detection is an important research direction in the hyperspectral field. Hyperspectral target detection aims to distinguish
pixels as background or target according to the spectral characteristics of the target. Several detection algorithms have been proposed in the
past few decades. However, the complexity of background samples in hyperspectral images and the limited number of target samples lead to
considerable challenges in detection algorithms. A hyperspectral target detection algorithm based on background reconstruction is proposed
in this paper. Taking advantage of the large proportion of background samples in hyperspectral images, the self-representation model of the
background samples is trained, and then the background is reconstructed. Simultaneously, the constrained energy minimization is used to
detect the residual image, and the reconstructed background is used for the calculation of the correlation matrix. Therefore, the target sample
is not involved in the calculation to affect the response energy of the target sample, and the detection accuracy is improved. Results on real
hyperspectral image data are better than those of comparison experiments, which verify the effectiveness of this method.

Obtaining numerous training sets of artificially labeled hyperspectral data is difficult. Therefore, using limited samples to train deep
neural networks is the largest difficulty in applying deep learning to hyperspectral target detection. When calculating the average output
energy of the background, the calculation of the correlation matrix of all samples is used. Therefore, the target pixel also participates in the
calculation, causing a certain degree of damage to the target spectrum. The background is used as a training sample to train the entire
network to solve the above problems, and the reconstructed background is utilized for constrained energy minimization detection to reduce
the impact on the target spectrum during the detection process.

This paper proposes a hyperspectral target detection based on constrained energy minimization variational autoencoder. First, the image
is roughly detected to obtain the training background sample. The background sample then is inputted into the variational autoencoder for
training. The network introduces a constraint energy minimization regularization to remove the characteristics of the target sample and help
the reconstructed sample retain only the background information. The 3D residual is acquired by calculating the difference between the
original image and the reconstructed background. Thus, the constraint energy minimization is used to detect the residual. The background
correlation matrix is employed in the detection process to replace the residual correlation matrix. Finally, the final detection result is
obtained by weighting.

Compared with other comparative experiments, the proposed method achieved good detection results. The AUC table shows that most
of the six hyperspectral datasets performed better than the comparison experiments, and most of the AUC values reached more than 99%.
The detection map reveals that the target part is well detected. A close ROC curve to the upper left corner yields satisfactory effects. The
curve of the proposed method performs well compared with other methods.

Overall, a hyperspectral target detection based on constrained energy minimization variational autoencoder is proposed. The algorithm
utilizes the characteristics of the large distribution of background pixels in hyperspectral images. First, the coarse detection is used to obtain
the background samples for training. The variational autoencoder then trains the background self-representation model and reconstructs its
background. A constraint energy minimization regularization is introduced to help the reconstructed samples retain only the background
information. Simultaneously, when using the constraint energy minimization to detect the residual image, the background correlation matrix
contributes to the calculation to prevent the participation of non-background pixels in the calculation and lose the target signal output.
Experimental results on real hyperspectral datasets show that the algorithm outperforms other comparative experimental results. However,
the model is highly dependent on the effect of background reconstruction. If the effect of background reconstruction is superior, then the
detection rate will be high. Therefore, improving the stability of background reconstruction in the future is necessary.

Key words: hyperspectral, target detection, background reconstruction, constrained energy minimization, correlation matrix
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