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Compressive imaging based on Tetrolet-domain
uHMT structured sparse prior and Turbo equalization
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Abstract; Based on the persistence and exponential decay across scales of Tetrolet coefficients, the
Tetrolet-domain universal hidden Markov tree structured sparse prior model was established for
compressive imaging. In this model, the statistic distribution of Tetrolet coefficients was presented as
the prior with the Gaussian-mixture form, and then, the posterior probability density function (PDF)
was estimated by using the factor graph method. In order to solve the problem that the messages
passing through the loop factor graph cannot reach stable convergence, the Turbo equalization method
was exploited to decouple the factor graph into two parts for estimating the states of compressive
sampling and the structured sparse model. Then, the exchange of messages was performed mutually
in the two sub-graphs until reaching convergence. Finally, the image was estimated based on the
minimum mean-squared error criterion. The normalized mean-squared error of reconstructing the
testing image with size 128 X 128 was — 20. 97 dB, and the run-time was 45. 24 s. Experimental
results demonstrate that the proposed algorithm outperforms the algorithms based on the wavelet-

domain hidden Markov tree model in terms of reconstruction quality and speed.
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Fig. 2 Tetrolet transform and the quad-trees of the Tetrolet coefficients

2.2 Tetrolet i uHMT Z#5E5
MG HMT AL £ — 4> Tetrolet 2245 R 4L
Fe I BIR ROR I AH = R G A e K
(0,1 s.)=5.N(0,;0,d.,)+
(1= 5, N(0,;0.4..) (D
Hres, € {0, 1) e 28 4 RECR S B — {8
B NCas ps 0 RBEN g 7220 o 1 i B 40 A .
HR A8 RURE [R] 4% 338 47 1 5§ 2 728 4 R A RS AL
5 b JE A N e 2R BRI AR O G s,
2 SR BRI IR RN
by
[ )
[Fi) BN, 758 46 2% B 7 RUE i) 4% 32 2o e oy 52 46 4
FW R HAR RN .
G =C,2 " (k=0.1). (3)
N (1—Cyp2 i Cop2%7
_[O.S—CHZW 0.54C, 2%
ZEEIR A SRS HMT R i LT &
B S E
O={pi.a:CyrarsCos%:Co0a7-Cit. (5)
W N E AR R HMT #5552 5009 i 2 5
f& B EM(Expectation Maximization) 8. ¥ #E 474t
T ARG TR 2 B AR R B B T R
HEWTHHE B, 1 Romberg % A3 o Xt K
G R A 5 & B, B SR R B /N B R UG
A ELAG AR R AR U PE . R AT HMT A
M BE G — & T uHMT fAL, Tetrolet A%
SETE /N A e B Al b T ok L PR 3R AT AT AR
& uHMT [E#EE T Tetrolet 28, #£ uHMT
BRI 280 @ LN -
O={pioasCyrarsCo s %+ Coon % Crip=
{0.5,3.1,2',2.25,2",1,2%%,0.4,2%°}. (6)

P, (2)

7

| w

3 AT Turbo ¥ i BIEEMH

AE DL it 3 HE 2T B A Y B RUR  J B HE
R pC0l y= yo) BYHEWTAL T, by DL ik 307 B AT A0

PO ) oc DI ply| 0,9 p0, 9 =

M N
Do Il pCon | O] pCo. | s, (D
s — =1 I D

m n=1

Lh(y Lg, (O Lf,C0,50

Hrr, £,00,, 5,0 R Tetrolet 75 # 2 50 14 25 56 43
i 5 g, (0) FE 7 R 4 2R B B0 1) S 36 40 A o A TG
B g, (0 =NC(y,;a.0,6) . al, J& VLA 4 A 155
m?:J‘o

75 P SR R p ol oy, B B AL
(Message Passing, MP) 5 &= fiti i1 31 % 5 16 #E R
{pC0, | . G5A%H W HEN «HMT 251 15
Y, R 45 AR A 1 R T R s an il 3 TR .

Compressive sampling uHMT

L N NN e
SN N N N N

S

1
&3 i R A Y R R OR
Fig. 3 Factor graph representation of compressive

imaging reconstruction



A7 1

¥ A . Tetrolet 8 uHMT &M% 5 Turbo 385 09 H 4 A% 1769

N TR — A BR R S R B R M 4, 3R
S 45 g A LA T 47 SR A R 65 g Sl 0 5
B Rz E . W, e 3 s i I B, MP
SV IT A RE PR IEHE BT Y IE B AY S B Al . D,
% SCHRRL18 IR J7 75 - R4S Turbo £ 4 J5t AL %
PRl PT35S 4 R AR R 45 A 5 36 A 8 2, i
4 P . FERH MP 5 ik 4 W i L R s 26 R B
SRt (s, ) BOABE SR 0 A 41 D 24 516 56 90 00 1)
A BT R L 5 K S 0 20 0 A T 8 R A O T 4
RAETR N A S AT H WS D

h Cs) Ll (s (8)
AV (DA, (5 (9

o, Cs) Ve, (s 0 37 BB 5 £
A3

K4 e fE T EER

Fig. 4 Decoupled factor graph representation

XFF uHMT 258 7 B S5 T aniEl 2 (o fir
7NV SRR B H R B R g%, I S AR it
Ryt

uly, (s = my (s 11 my s (s s

i=1
(10)
Hf: s g s FREPIRE . me (o )RR
T A% 38 1

R 5 T HE S e 4 R R BB 43 1 T A% i AR
BN uHMT %548 515 56 78 70 15 3 09 { s, b 19 1 58 4y
fiE S LA, Cs, =1, 0 £, 30, 1£ 528 1 7
B

v s (0 =X1N(0,;0,d.,)+
(1—A) N(0,50,46.,). (1

WP M-z B/ % 0 ( Sum-product
Algorithm) ™, AR 2 1E J5 60, 19 )5 5 HE R 5
A

M

pCO, | ) o v g (0[] vy (0. (12)
=1

[RIRE, £, 3B 2] s, BTN RA

M
v (50 = Jy £ 50 [T vees, (0. (13)

n =1
RO AT, v -, Cs) FIEL uHMT %544
Je e W W R R A AR T p (0, [ y) F

by o TEIRAE VL L, (0, KRR kR 5
A

i i
. Zmn Cﬂ"l'
Yy w0, ()N | 0,522 2 1
B0, " " A mn ’ Afml |

Hrp,
Jz = Yu— ZAW#Z,M
< q#n s ( 15 )
.
[dm =&+ D> A%,
qFn

Forb i, R0 0, ST v -, (00 MIME RIS 2,
WA
e, (09w = (0 TTuity €00 (16)

FERL AN BB UIE Y Al I [ (VI I T S e
{ ) Y LABRAR v 2y (00 THRBEZE R OCMN),
MR R E 2B X T M N BRE, {{)
{0} s { 2 b o { G ) H O TH B AT 3 28 2R 1] AMP 52
PR A (L) s (o) s (=) s Ch R,

i BTk, 5T Turbo ¥4 04 JE 46 i 1% 5 F4)
R Algorithml B .

Algorithml: 3T Turbo ¥ %) H 45 A 15 EH
AR =R (=D )

.for t=1 to T do;

HRAE 2 =y ph T=0 1 ¢ P max{da dla )
.for i=1 to K do;

R AMP BETFE ) (b {2 ). d s

. end for;

R A ADFAD I p' 0, R~ (5D}
8 AR (1 T (L) Gy B A {207 = Wil
(s,=D};

9. end for;

10. 1525 B M2 pCo, | y) ). KA MMSE il 5 4
1L

~ » (@21 = w Do —

4 TRk S oM

AT A N G FE A 5 e RN A2 AT IS TE] 7 T
YA SCE R PERE R T INR . HIRUE A SCE Y
e, AWK 55 F P8R HMT-IRWLL,



1770 e KE TR

5 26 &

Model-CoSaMP ,BP, VB, MCMC #1 HMT-AMP
6 PR LM AT X b, T A SCE R E L Tetrolet-
uHMT-Turbo, It 45 M i B & 1 K /Ny 128 X
128, HAbS /N A ¥k 4 JZ 1 “haar” /N
AR I AR B A e 0T B AL B L TSR IH —
1. 35 75 % (Normalized Mean Squared Error,
NMSE) [ a—x 13/ | « | 5 7E k5 5 & 1 % 0
PEM R AR . Sk R AIG I 2 6 G T AL 1 5 i) A
SR HEAT 10 SR E NMSE #)F 318 .

5 FER 1 ERAEEH R 5 000 WX 7 F
FEXT ¢ cameraman” BRI E A Z5 5 . WK 5 1)
ELUXT LR R B, A SO L i H1 A 5T B
F HMT-IRWL1, Model-CoSaMP., BP 1 VB &

() MCMC

B, [EE, AT MCMC ft HMT-AMP 2 3,
A — TR MR R L R ) O X PR Y i 2 RN B
X, mEmR R ILRHE ., X2h T Tetrolet 48
e XF Ry A LA AR AR R A RAE I EE R . R 1 iy
Bl K A SCA L B NMSE {E AR %5 T H Al 3 2%
3 MIREAK T 6. 45 dB.3.58 dB.2. 84 dB.1. 96 dB.
0.71 dB 1 0. 43 dB. fELWSCR MY & . FEiB8E
R 7] BP SR A X SR b, MCMC 5503 AH X i
M AR SO i is B AR T BP Bk, AR
SCR R AE R R 25 40 S5 56 1 1R B, o % 2 80Ah
T T DAAE Of 5 54 5T & 1% [R) B, 48 T T s R
BE . DR L 25 TR SO A RS B R R O T L AR S
B EAR KM

4 _J

(g) HMT-AMP (h) Tetrolet-uHMT-Turbo

B 5 A5 35T cameraman” &4 (1) T F4 25 SR
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