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Abstract

To solve the problems of hyperspectral images denoising, we proposed a hyperspectral image de-
noising method which is based on bounded Gaussian mixture model in this paper. In this method,
we denote hyperspectral images as tensors and use Tucker decomposition to decompose the im-
age tensor into low-rank tensor, at last, we use bounded Gaussian mixture model to capture the
noise, in which way we integrate intrinsic image characterizations and noise modeling. Then we
describe image and noise priors as a full Bayesian model, and design a variational Bayesian algo-
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rithm to infer all involved variables by closed-form equations. At last, we compare the denoising
method proposed in this paper with other algorithms and experiment results prove that our me-
thod is state-of-the-art.
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TERERREE A, ma R T DA T e s i s s S S B S, AR 2 R
TR A AR EGUR 1] [2] [3]. B, EREMEmERET, TRk
BRAEMA L, BRSPS S FIRBIN, Blanm g B s, Fitk, 7RI
WL PR, MR T R, 2 R AR ER b AT D A, R R AL B ) A )

r TS R 1 R s UG R AR R R PRI R ARG &, FEXT H AR 25 (R RHAE AR B TR, 0 4
AN G T A UYL TN TR VA AN B DT IE L RO G 55, IXFEE R B 8 o] LA
Wit =gk R R RN . Bk, FRATAT DU R T oK R R o 7 2o BB AT b B . AR R — A
HEJRVE, (R R w4 B SR A T — AN 0T DU 9 B A Fi g Ve I 4 7 sl ool i SRk &
I FRBL AL B MU AR R 5 Sk B Ak, T DU R ZE B B A ORIk (4], REHIEGET
CANDECOMP/PARAFAC (CP)#k () CP 43 fi#[5] [6] [7]- %= T Tucker £/ Tucker Z:A#[8] [9] [10] [11] [12]
ETTIE, IR T B IR BUR A 1 2 RS gA MR A5 B S M R

TEHG e 7 NS e B LB I R b, P D@ i S 58 1 7 v, o B e 75 43 i HEA T S B0 R
DR b 75 B 7 G U AR R P AT A o E T M R IO SR AE T BE R FS ( Gi R, BT ARG SR ik
FRRX R P O R n) R, A% G (1 75 S Bk B T S B (13 AR A i i Se e [14], A3z AT
Fo R mE AR PR RO RR B R 7, R T 7 (1 25 AR B R R T S B A e B0 I A [15]. AR, B TSE
B . FH H (1 e 7 Ll i A0 A . B R AR DA E AT W B A R AR 2, IX RS0 AN R S
B 25 e 5 oK

E AR A AR FaT DUEIEAT S0 A, FTART DUR TACBR S e . —LURff i LA 42
HH— ek, K MR SR AL RN 75 AR5 T R e gk R I 54 6o 2017 4, Luo S5 AR EA vk A g
AR R CP X fRAE A — 52 B8 1 DU it [16], b i IS R Y T 20 A, FFEAE Sy
DU HTAE SR R HEAT T HEWT. RS E] CP /A BEAR I b P AN Rl sk A A 1 AH 55, Chen 258 Nk —20 4%
Tucker 73 A0y Vi G 75 AR BB ) SCB PR IK B ARAE SR [17]. 2020 4F, Ma %5 A& T 5 TRk
ik 3T BRI A R Tt 7 e ) 0 K R 25 Mt 7 ¥ (18], B 7 G 7k 5 40 At i IR o A g s R o o 5] 3 e
BB AR, AL 7 —/ MR REUR LR, 2 O AN S R R S T TS £
M R

AR A B AR T T, SR, 7R ECSERINEGE BRSO T S S . i,
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FEEMG A B, AR MK B A EA BRI P o DRI, e ke S A A X B e A AT JUL S
A2 HBUTCEIE N BRTEAR B 1 A1 X0X — R, ASCBert 17— Fdk T i S B 1 o
PG 0715 %57 F SR B Tucker 4077 1030 i il BUREAT 20 i, FIFIAR Tucker BRIEHE Jadi ok
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DU SRR A P (R A, (i AR B T DL DA P R P KR

2. MFHIR
2.1. EH Tucker S
gk Ae RV RIS € (1,2,-, D), AR RIFRRNA ) HRAN

Iy X(Il"'ld—lldJrl“'ID) °
A 11 Tucker #k5E XN H L TR AT AL B el &, RY)
rank (A) :=(rank(A(l)),rank(A(z)),u-,rank(A(D))) =(r,h, 1), 1)

Tucker 2 # AT AR 1F 2 —Fhmif B e, B2 UG 2] 7 Z N . K& 1 Tucker
I A IR — MK R L RS AR PR SR, BT

A=G><1UXZVX'”XDT= Z ZZ gdlvdZv“‘vdDudl Ode o~--oth ’ (2)

di=1d,=1  dpy

Hrpo RoRMEISMA, <, FoRIKER n BOEFERL, G 3o Tucker 73 fiff IS AR I 2 1) AR ELAT A AR K

=

Ho
22. AREANRARE

XFRENAE R X, BB AR g, 2R o E A, 1E X ~ N (1,0), IBAER

1 (X—,u)2
X)= exp| - ) 3
P(x) 2no p{ 207 ®)
e TR A R 78 (Gaussian Mixture Model, GMM )2 i1 24N & 0 20 A 2 B 2 P 20 4

p(x)=2 aN (x| s, 0) @)

K
Horh KRB s A 8o, a, 258 kK DM EERIBUE, ikka >0H Y a =1,
k=1

N T R R SRR AR A A R I, AT T s R A4 (Bounded Guas-
sian Mixture Model, BGMM), A& L ERISCHEEN O, , FFEHRREKEH (x| Q, ) FIRIEAN
B 1, xeo,
H(X|Qk)_{0’ xgd, " ®)
BT IR H (x| Q) > FRAVE A F w7 7347 BN 25 T R 4
(X s o0 ) H (x1,)

. N(x1 a0, ) ox ®)

p(X|Qk):N
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p(x)=2 aw (x| u.0y) - @
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2.3. BHNMEAZE

FEAR 4y DU 5 B R AESE b, FRAT1 9 I 0 A1 D SkRFom R J1AS E ALK . — BRSO T,
HI T AR SHI G R p(0| D) MELMGTE, AT — AT 5 TALI AR 53434 q(0) » i B
1 p(6|D) Flq(6) Il Kullback-Leibler FEEy, KiLMUf5%A%% p(0| D), Bl:

min KL (]| p):= —J'q(e)ln{pgé(?é)D)}deo (8)

3. ETE Tucker iy BHERSENESBRSFER

ANV AP I e e B R R RS . BRATTRE 250 fn) R IR O DU TR, A A S v ke
AR P AR, X R SR B AT AR Tucker BR2p A,  FHoRIZ5E 1% 49 BGMM-Tucker 5i%

3.1 NHEEE AN

BEX,Y e RUPC 5RO IRZ T UG A B ER, Horh KOR el BHE rImE %, v 7 20E B4
(I Tucker #kJe6, FATHIE Y MBS d EIT A AURBRIERE 2 = 1, 2, 3):

Ya)

Hpu, e RN ({1, = (1,3, KRV, e RS ({310 ={13,IK,KI} EFIHCH Ry I THEFE, 3 H
R, <min(1,,3,)s Ng 2 Y,y PRI . ATAT LA R BEANSC 1404, 130(0) F #m o 4 1)
DU SRR

B RE A T TR A ARG IR A N BEAT A, TR AL (5 B 4544« th Ma 25 A FE1R3C[18]
R T, BIEMEAETKRE N, e RN, B Ny BIEE k AN 1 RS Jo = ER IR A Ft i 40 A«

=U,V, +N,, 9)

N, (i, j,k)~ILZl:nd (kD (N (i 3.k 10,7 (1)) (10)

Forbr Ly R A B A EORO, 7 (k) e RS R A, (k1)>0 A1 m, (k1) =1 FOTE A BLIE,
1=1

1, (1) e R RAGABIR SRR FE . ST 5 A48l Z, {0,177, 45 (10) 25 L F Kt

N, (i, j,k)~ﬁnd (kY (Ng (3107, (1)) (11)
Z, (i, j.k,2) ~ Multinomial (Z, (i, j.k,:) | my (k.:)) » (12)

Fort Z (i, k) € (0,11 RIRM BN n, (k.0) BT, FEH. Y Z, (i, jk, 1) =1 SRIG T, A 7, o
1=1
JEHESELG, MTERAS — > 58 BE A DL s «
7, (1)~ Gamma(t, (1)] ay,b, ) , (13)

my (k,2) ~ Dirichlet(m, (k.)) | ap1) , (14)
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Horh Gamma(-| ay,b, ) 2R SECH a, #1 b, (1 Gamma 43 4ii, Dirichlet(-| 1) /2R M SECH o, 1 ) Dirichlet
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B U g A1V a1 i AR v 2041 A e
Uy (1)~ N (U (o) 10,7 (1) 1) (15)
Vo ()~ N(Ve () 107, (1)1 (16)
Horb, vy e RY FORLUN BRI ARG L -
74 (1)~ Gamma(y, (1)[¢,,dy ) » (17)
95 AR B R X RS TR B BLT A B IR R A A
p(X (i, j,k)):cﬁN(X(i, 5.K) U, (i) Vs (jd,:)T,gfl)W(d) : (18)

b £ SR BRI, W e R G4 TR w(d)>0 LU Y w(d) = 1FA A=A KA RO RLE,

d=1
c%~AE~wME
W4 A (10)~(18), FTLAIERFE] A2 B DU, SEHERTITA A ORI R IR, 3t
ﬂu%Tﬁ.

p(x,{Udan'deTded'"d}zzl|Y)°Cp(x’{ud'Vd'Yd'Td'Zd’“d}zzl'Y)
= (X UV TT{p(Yi 100 Ve 70,2 (U4 1700 (Ve 1) (1) PU(5, ) (20 17, ) ()

3.2. MBS HETE
T 00O (LO) R A RE LA b L, B SR PR 43 DU R B O T
kA R RN BT UG EE (v, <R | OB THERE (U, e RSN ) FT{v, e R )
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DL X € RV, e AL L, BMTRA T Ma % AZE i SC (18] 4%
HT U, AV, B 47, A

a(Uq (i) =N (Ud (i) pud(i,:)’z‘ud(i,:)>’ (20)
a(Vy (3:)) = N (Ve (529 Iy, 1 vy 1) (21)
H¢ﬁﬁmJ ﬂﬁﬁ%z mTﬂﬁﬁﬁﬁz

. (19)

S (z[ @ Sl D) O G ) diol(n)| @

j=1
oy =_z“l{w<d>rs<x<i: I S 2 T O (538 [V () @
KU,y ;) B Dy, ;) AL L H
H?n¢%i—|mi,ﬁMﬁ:
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va? Cralr) €
gd:%+%ﬂd+JU, (25)
i = G-+ (U ) Uy )+ (Vy (1) Vo (7)) (26)
HF X R R, RATE:
a(X (i j.k))= N(x(i, j,k)l,ux(iijk),f_ly 27)
HAF I 1y, - DT ARG
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{Zd c Rl }3

°
d=1

X PR TR, A
(e (1))~ Gamma(rd (I)|aTd(|),de(|)), (29)

b Ha, b, ) e R FAIARS
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0 =+ 3 (24 ik, (30)
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W my BT, A
a(m, (k.:)) ~ Dirichlet(m, (k)| &, , ) (32)
HZ#a, B FIIAASG H:

and(k,:)(|)=a0+ <Zd (i,j,k,|)>, (33)

ij=1

o

W Zy A4 A%,
a(z, (i, j.k:))~ Multinomial(zd (i, j,k,:)|pzd(i’jyk’:)>, (34)
R B M p, 0 HFFIARL
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Table 1. Variational bayesian method based on bounded Gaussian mixture model
=1 ETERSHRARENT S NS

Bk HETA R SR A AL AR ) UL 1

A IR Y.

FItaAL:

1) SRS =0,

2) AR (UD VY] L

3) xR (), 20) eI

R BT AT 1 B T 8L

ay wggsem («,20) R0 (21) (24), (@7)EHTBE MERR AR (UL VI yi ) X
5) er_é{a\,ﬂ—i.ﬁ/ﬂ {Ugul)’chul)ly(dnl)}(j:l , *ETE:EQ(ZQ)\ (32)\ (34)%%}%*%@ I:P Eg usté?-?ﬁ% {ng)’ngul)l Zl(11+1)}:=1 .

6) &t=t+1.

e X0,

4. KWHERS573H

ASCAEALFEES Sy 11th Gen Intel(R) Core(TM) i5-11400H @ 2.70GHz, &7 EN 8GB [ 64 £
Windows10 #1E %45 L, FIH] MATLAB 2021a #E47 5256 . $A1 1R U8 {F 7 1 b (PeakSignal-to-Noise Ratio,
PSNR)RIGIEAS SCHE T A LM ACR, HatE AR
1 Ju .

:12(5” -§)

NXMi j=1

MSE =

LZ
PSNR =10log,, MSE

ot N M 7352 IEURALE x Ry J7 1) B IR R B0, s A0S 20 2R SR PG 2 188 ) Y IR £
BEA(, ) MRERE, L ABRIGIRERBUETEHE .

FESGIE BGMM-Tucker 5L EMEVEREN, ASCRH T 5 FEUR LW FIEAE X tLEE, 0l vtk
L1 = 4EHLILD 22 (Blocking Match 3D, BM3D)$37:, T MG HL S50 1 B 28 Bt £ L8R (Expected Patch
Log Likehood, EPLL)%VE[19]1F 434G i A B8 . i h Wi i A B 8¢ (Laplacian Mixture Model,
LMM). J S iR 455 (General Gaussian Mixture Model, GGMM), %= T3k &) NMoG-Tucker 5%
1E UG HIE R L, FRATEEL T DCmall 1 Cuprite P9I & 6% BRI T I258, PR EUE RS 4 50h
1280x307 x191 LA K 200 200 96 o H A1 14 i P 15 7 1t o i 397158 75 BACBRE e 7 LA B T R 35 FRD B £ R 75
SRAG AN 1] 2 ARV 2 e R . FRATT3GE B DCmall (1158 71 ANIBIE AN Cuprite (158 49 ANIEIE KB R IRAT
MISEE s 5 (K 1) S T EFH AT RAL,  FRATITE FE s UG B 0 B I S kAT T R

TESER R, FRATT DCmall FR N i) e 7 e 75 b itk 229 0.05, BB 75 7 %29 0.1, Ay Cuprite I &
W FE BRI 22N 0.15, BRBEME RS 77 2258 0.01, TRA MRS VAT A 11 A, SLids Rk 2~7
PR o

BATEA R B0 BUER AT LM 5 1 PSNR (BT 38, JRR s e 3 AU AR bR . @it & 2~7
AR EE AT L R, JEER T EIE, RATTLUEH, el Rk s, T EEGm %
W RSUR B TAR G . I BAEX AN [F] W S HEAT AL BRINS, A7 S v TR S I B 1 25 R AACR S 47 1 v
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Figure 1. Noise-free images named DCmall and Cuprite used in our experiment
1. SRS ERAMA SRR % DCmall #1 Cuprite

g BM3D EPLL-GMM EPLL-LMM

EPLL-GGMM NMoG-Tucker BGMM-Tucker

Figure 2. Comparison of denoising of DCmall after adding gaussian noise with standard deviation ¢ = 0.05
[l 2. DCmall kR AEZE A 0.05 S MR E BRI RIEHRE

e BM3D EPLL-GMM EPLL-LMM

EPLL-GGMM NMoG-Tucker BGMM-Tucker

Figure 3. Comparison of denoising of DCmall after adding speckle noise with variance ¢* = 0.1
3. DCmall /A ZEHR 0.1 BYRIBERE S fa B9 R MR SR E
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BM3D EPLL-GMM EPLL-LMM

EPLL-GGMM NMoG-Tucker BGMM-Tucker

Figure 4. Comparison of denoising of DCmall after adding mixture noise
B 4. DCmall IR A IR B R EEBURE

'l

EPLL-GGMM

&

ker

NMoG-Tucker BGMM-Tuc

Figure 5. Comparison of denoising of Cuprite after adding gaussian noise with standard deviation ¢ = 0.15
[E 5. Cuprite SRINARAEZ X 0.15 IS HIE A FH AR RE

BM3D EPLL-GMM EPLL-LMM

EPLL-GGMM NMoG-Tucker BGMM-Tucker

Figure 6. Comparison of denoising of Cuprite after adding speckle noise with variance ¢ = 0.01
[El 6. Cuprite /N ZE X 0.01 FURIBENE 7 /G Y E IR SR E
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EPLL-GGMM NMoG-Tucker BGMM-Tucker

Figure 7. Comparison of denoising of Cuprite after adding mixture noise
[ 7. Cuprite ;RINE &R A ERIEIRIRE

EPLL-GMM EPLL-LMM

X 2 M 3 HEAT T, BT RO EGEAE 28BS, AR R R R
it Pk, AFGEEZ FEREAEMAIRE. Frel, S EURIKE TR i 10 20057 5 R AN
BN ARSI LM T, FELRACR BRI, FRE, ML TR, G55

R S HRE SR TR AT SRk, E R RIRTE TR B RRCR

Table 2. PSNR values of different algorithms after adding different noise on DCmall
% 2. DCmall ZFER A EIRR S F T RIE AR PSNR (B

e T P BRpEnE VR A
BM3D 33.3907 31.8057 31.9124
EPLL-GMM 31.8696 28.9038 31.4130
EPLL-LMM 33.0950 29.7584 29.6307
EPLL-GGMM 33.1796 29.6810 28.7641
NMoG-Tucker 39.0233 37.5090 36.9933
BGMM-Tucker 39.0246 37.7926 37.0503
Table 3. PSNR values of different algorithms after adding different noise on Cuprite
Fz 3. Cuprite fERINA[EIRE A R AR E AR PSNR &
e T P BUpENE VR A
BM3D 28.3162 24.3552 26.6263
EPLL-GMM 27.8243 24.2869 27.8920
EPLL-LMM 28.1626 24.2621 24.8414
EPLL-GGMM 28.1966 24.2796 24.1446
NMoG-Tucker 32.6629 38.6653 30.3098
BGMM-Tucker 32.6632 38.6881 30.3099
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ZATER, FHAELRAE ST AR, RO .

AR SCAE X W P AR I B AR B S IR A8, FEAG TR R S s, (7 A 4y
D7 A2 T — BRI FE T, Kl A A Sl SR AR 7R o Wi 75 AT A, A SR AR R v 1 S )
15 FH 5 K 1 2 (Expectation-Maximun, EM) 5345 7772
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