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Abstract: For non-ideal image construction performance of a block circulant matrix in remote sensing
compressive imaging, this paper introduces the particle swarm optimization intelligent algorithm into
optimizing the block circulant matrix, meanwhile maintaining the matrix structure. Firstly, the Welch
bound of a correlation coefficient is taken as a threshold value to restrain the off-diagonal entries of the

Gram matrix and to build a target matrix. Then, the objective function is established by making the
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Gram matrix approach the target matrix, and the optimized variable is replaced as the free entries to
compose the block circulant matrix. To improve the optimized efficiency, the weight adaptive update
is used to improve the partical search capacity. A construction comparison experiment is carried out,
the results show that the correlation properties of the block circulant matrix with the sparse transform
matrix has been reduced while maintaining the matrix structure, and the coefficients for maximum
correlation, average correction and threshold average correction have been reduced by 0. 027 3, 0.017 5 and
0. 004 6, respectively. These results show the image construction performance is improved by
optimized block circulant matrix.

Key words: remote sensing image; compressive imaging; image reconstruction; block circulant

matrix; particle swarm optimization

1 7]

qul

F U, BEE 5 B oR A H AR e
(1) B 140 0 D' 33 73 9 3 1) P 450 U Oy 3 TR 15
R R T R AR G A 0 R ) A
o AL A B 7, B2 T Nyquist SRAE & B 15
BRI S T 5 23 P 8 O AR 2 e ) A7 7R X
DL B O SN, R 46 S AT ( Compressive
Sensing. CS)HE" A i hy 128 8% 5 8 3 I 11
THMfE TR, T CS HIS RS R H A
M A D' 2 i R AT A ) BE LD BOHE R A R R
St iR O BEASIRIR S IR A | T 45 FECHE A B —
Al . S N [F DG S BRTE R R T
22 R 46 AR AR G R, 1 SR R AR AL | Al A
T4 AR 45 4 1 FL AR AR DA B v i
e 4 A 4%

I B 2 CS BRIS Y A% 0, HBE A5 7E PR IE
P A5 T g 1 A () Aof e ST 552 P 1 — B2 ) 24 CS
e E S LR BN R S BE DL R RE %
PLEE R ME & W 2 A7 BR 55 BE 4 BT (Restricted
Isometry Property, RIP)™, HAE i & 46 [ H
AT AR g Bl A (ER e T RE LA MR A s R
K2 AH T BEAF S B [a] ek A A 225K A
I/ S I NS T e A El Rl ) 7 e Al
Marcia S5 AR 48 T 45 9 11 FL A2 1Y MCERL B, 42 1
oy T8 A S B A B A 2R JE [ (Block Circulant
Matrix) 5 S W 45k 5 B4  (ELHRAIE BRI ek A6 B4 114 o
FPERE L A PRAE . O ZE M X — F i, — Ff A 20

5 it 2 X BTG BRI 2 B R AT R AL BRI 5
it 728 R R ) A DG

St X B AL ek 6 B ) R T R, [N A 2
B4R AR Z A B 0 Elad B Gram 4 B b A
Xt ff o0 R M4 & R E B E s Abolghasemi
SRR Y 45 i B HE (Equiangular Tight Frame,
ETF) Jri&-"" s Zheng 55 $2 i 3 T 00 4= 01 v (9 40
ey kY A, Xy ik F BRI T Gram RS
R o M % A AL | T 5 B AR R BB [ i 22
Ak T G 7™ A 14 B30 P T (I s 2 AT ), A
BRI T PR A X e, X ey vk T HUA R
SE G5 R 1 PTG AR B DAL B 25 5 W R 6 e 45 4
M52 e 5 R R . 58 T 0, AR SCHE R - B
fiED Ak (Particle Swarm Optimization, PSO) %%
S BN P 255 B AR AL v T O Ak % 52 00 2% Sy 1y
T ARG (9 B o o i, L Weleh o0 Bl 29 3R
Gram B FEAEXT f o0 E KM 3 H AR B, L Gram
Ji R 3 0T AR B 2 S E bR R A, AR
PRAGZCR , b SR A [ 3 B T T 9 75 204
LR ATy, W S 50 UE T O A 0 2 A P
FFTERE .

2 R R R Y RAL B VE RN 4B T o

T JB R A AR 2 8 o E DG R G s G
il #% 7 Cln %0 13 B8 OC fF (Digital Micromirror
Device, DMD) , 4 55 fL % (Coded Aperture) Fll 55
V] ' ] o 1 5 ) X 2 a1 AT U8 o LA S 3 4 R
B, HETHRBERWE 1 R,



B 2288 25 R RO T 45 R 0 8 R A 1) 3 J s 4 AR 2823

Lenl Light modulation Len2

Bl 1 IR RS R s B A
Fig. 1 Schematic diagram of remote sensing compressive

imaging

BOL T ] 4% 1 S8 BRI R W35 XY
I (ALY Ny
y=Ax=Vec(D(h* X)), @b
AP AR, x 295 X i ERR,y
JE M E G, Ve« ) ML 7, D 2R
B, X B RARARF IEOCHE I A G Lenl A1 Len2
(18 2 M AR 4 AH X D6 2 2 18 1 3k R 1 43 A JE R
A3 A R R 5 (D) v A R s B R
B 4 IS 5
Vec(h* X)=I"'CyIx, (2)
X T=FQF, £ 5 #4758 4
Kronecker #; Cy &XF i JCER iy TH By X F H B
Jligine
y=Ax=D(I 'CuI)x=D(R)x. (3)
A 2 T SR AR AR RS2, i =X (3D AT,
T 4 FI AR 0 00
A=T"'CyTI. (4)
o T T HA XS A ACIE IR E548 , i 46 s 5 mT A
A BA YRR, SCHRL12 -13 14 H DA #0561
RENS L) — 8 ME0 2 RIP, A SCH T 48 5 6 18 il 4%
Mt AT SE B 2 gty . HACEE A

(q)/; q’kﬂ q)z (Dl
(Dl (_Dk A q):s (DZ
o= | . (5
¢xf1 Q)Xiz coe coe (I)A
Py P T P @
o- 7T TR ®
Pt Pz @

H sk, @73 @ HATERHLLH ., @ h
HHILR (@ - RN —E R A . A HLE

WHEFER A e OkX @) <O(MX N) , fT LU
UGS A T ils AR/ o TRIB T B0 246
SRR HLAT AR ZEH L ] R FET Seaiphosias 5,
Gy 0SB R RE AT R N T AR A
T AR A 2 AR BIR R

3 KT FEIEIRN F 4B A AL

Xof HRATE P I S R R A2 it v G RS A

AE (1 — b 508 it L B B I A AR ik

Ty T R R I 235 g 1 () B, A S 1 T R PSO
B BB AR X B P N R R AT PR A
3.1 MEERFAUNBREE
SCHRLO T3 3 Ao [ A8 0 423 % 7 5 A il 2% 48
FEME W Z I8 AR SC e mT DA LA e, M
B Z MRS THiBE D= @YE R "5 2
(] YA — b AR G 22 500 Je AR, B

N

P

Lo (D) = «\:In,-i‘,??#j‘&’r&f)’ (7D
Ho . D MR D W5 A — 1L . d, SR D
g, & X Gram % G=D"D. D #fit K
HAIE R BN T Gram HBEIE X A o0 2 4 X E
18 d5e IR, BIV

o= _max_ (d1d)= max_[g [, &
Kb gy N Gram FEFEP TR . BLET, E4L B AR
Al 54k Ry /M Gram 8 [ (9 IE XM TC 2,

SCHRCT0 48 H — A FAR AR S R A =0
BRI Gram JH FF TG R 38 3 [R) 248 B 2R 00 B . 4R
T+ 3 2 — Al A% 10 29 3R 45 1 o 33 i B30k
B,

R 25 % 18 ' Grassmanian fE42 AT 1,
5 46 B B9 L4k %5 W F — 41 Grassmanian fE42,
ENERUPESTHRUS SN (NN - R L I S
e EHEICA ., EHEREGEESE T
LB Welch Ft, 3 2o fff W] 42t 56 B 5 5 o A% 4 6
P 14 A 2R B0GE 3T Welch B, Al (i 4 A 0 8 {f f1)
SO U - R S RPN -
Welch $H7 SCHy

_ ] n—m
Hwelch —, m(n*l)’ (9)

FA L SRR B AR e A T, m T R SR




2824 e KE TR

5 24 &

%
A v W SIOH L AR SO T Weeleh 5 1Y {HL A
Wi Gram H FEAEXT A OCER & OB B AR % H:

Lo . gij s | gij |</lwelch
Vl?]?lijvh,‘j: ’ ’

’

proach * sign(gi) s | gy | = poaan

(10)

K h MEHBHEEH TR, KAOAKRT H

FEFERAEXT A oC L [FBT 4 HAEREXT TR M 1.

3 Gram HH B 38 I8 09 H bR R, 0]
SEARAR B AR R ECH

J=1G—HI?%, (11D

g, || o [ ¢ & Frobenius yu %0, bt F2 5k &

i 3 e /N B bR eR B B B 0 I 1 R R

T Y e KA & R B prner HL 1B S BTN

s 5 AR 4 S B ) SR A S ML O TR 4 b

TP 0 B S ) B (R M R L 51 T 28 4H O R BORN
HREREEY P

1 n
T Sl 12
a n<n—1>l<i§#i| g | (12)
2 Ugl=aoe gl
b = 1(;;.,@;;@,,-721- a9

> gil=m

1<i, j< ks i

A A SO B th BEE N procien o
3.2 MFEMAHIERE

PSO Bk 2 2 S B 2 47 0 i & T & S ok
(10— T 1 B R A b O Ab 5 1, HL A i S
P AR RE A S SE B 5. RE T LA
0 5 TR 2 A Ak D7 v L PSO B 1= BE A% 36 1 B 42 52
PR A 1) B, X I Ak X 5 8 A T A% 1) By R
PSO R F T B 06 280 12 0 B A Ak i, o 1k o 4 A8
S ) s RO PR B 19 1 E O ) o K 7 R 0 B
LA (1 [ I RE 0% BE S0 35 T Gram 48 B 46 IR 330K
I B X — EB RS AR . PSO Bk R —
Pl 8 M A R o B L o AR R MR R K15 4
JRy B AT A o AR OE 1) Bk R PSO Bk ol AR 2k 4R i
K. ARSCHER AN AE PSO Bk E 41k B
08 B i e, LA At R

Step 1: ¥14afk N4~ kX q 4 A T X=
(X000 ee s 2o VRIUHT R A B ) V="[v» »,
"HW];

Step 2+ H1 A H1 G [ f2 44 1 B 20 80 1 L i A

o A8 40 B L FF I Gram 2B

Step 3: A4 HARE R H, AR 4 B br o8 20T
BB FBIE Y B T

Step 4 : A B AR 19 38 N BE 5 H B 15 3]
) fe /ME BB R S LA B pBest il 4 Ry f
fL'% gBest , I3 1B AL

| ( 1
wglall_i_em\f}’

d d
. J_ | x/— pBest! |
Ao ISA; | pBest! — gBest’ | +¢

93%—‘/[\ﬁﬁ

NI TR
Step 5« HUFRL - (1) 3 B F A7 B
v =wfv{+ ¢ rand{ ( pBest! — x{) +
c;randd (gBest!— x{),
x'= x4,
Hodrrand, o, BT O, D Z BB FEVLEG ¢ 0 &
FA T
Step 6: A Wi & & W 2 & A K

| gBest!— gBest'
| gBest’ | »

R H il gBest, I 4 3 HU A BR AR B L 5 D) 5& (e 3]
Step 2,

1
Lo e o 2

4 T RS oM

R 56 A SR 9 3R T PSO Ak B4 4
ot R R A T R R AR A R AR IR R T
A BB 5T . 8 BEALHE P 4 . — S X B
796 PRI 2t 6 A A Ak S 3 s R A Ak 0 B B
TN 58 R O 1% A T T LG SR
4.1 RBIFEFEEREMRL T

SLE ALK G2 KN R 128 X 256 (1 B g BR
N R e, FE o P R R /N 16 <16, H FR T 1)
B ICE M IR NCO, D B 40 i . i i
A 0 A B R A 400 A T Y 0 58 4 A B o
W, I 20 BF 1 024 X1 024 & IR K4 4
TR /N R 16X 16 [+ He, N B HLE B 5 000
A TFHL IR K-SVD Yl 4:75 3] W, aniEl 2 fis
MUESEHEE : a=c=2,e=0.01,9=10 ° , ki +
Bk 50,



%114

Wi 23 B 25 R 1 TG A 445 R 0 4 4 I 119 2 S I 4 1R 2825

Fig. 2 Over-complete sparse dictionary

P 3 b P B A 20 000 o B A Ak 3 e v E A
PRBIE Bl 1k ARy 22 feth 2. NI ] LU
th o EAR R B TE R A B P ST R R, &0t 120
YRR R R th W) 1 24 W8 18 Bk,
3T P R &1 DL 91 ) v, R 2 44 3t B A B 000
W 1) 1 G o B 3R R BE A 3% A By 2 Al 1
UL AR B E R ERAF TR, AL 120
WEMF IR BEE TE0E I TL—4.4],
H O R A5 000 A 1 B B 0 S A R A TR 4 B

Object function value

”ﬂ 20 40 60 80 100 120 140 160 180 200
Number of iterations

8

6F

The value of free elements

0 20 40 60 80 100 120 140 160 180 200
Number of iterations
B3 Hbr ok BOE O oG A AT R
Ak
Fig. 3 Objective function and free elements change with

number of iterations

4 Al il Heais 2106 19

Optimized block circulant matrix

Fig. 4

1 gy TR A AT B AR BRI AR A DG &
B LB AR 5 B AR 5C R B g it o A i L
M1 AT LAE W A IS B0 B4 20 00 A L AR
BT I 28] e ptae g [EL 2 ORI AR /DN
X YE WA I Y SR AT B0 R I 5 7 i 5 L 8] g
6] B AR A AL /N o DL TS B BRATE R HE B (ELAER
T T AL B AR g (AT R T 8 30T I
PEREXT L 23 B 78 T AL S0 AR HE— P e

0.35 r r ; - - - :
—e&— Gaussian random matrix
03 —&— Block circulant matrix |
’ —&— Optimized block circulant matrix
0.25
4]
g 02
=
2
5 0.15HB
£ 5
0.1
0.05¢
() i e I K E IR EEEEE)
0 01 02 03 04 05 06 07 08 09 1
Correlation coefficient
&5 A P 5 R B A G RS T4 A
Fig. 5  Statistical distribution of correlation coefficient of
measurement matrix and sparse transform matrix
x1 MEIEFEMREXLL
Tab.1 Performance comparison of measurement matrices

Measurement matrix max v itk

Gaussian random matrix 0.776 8 0.077 0 0.1313
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o 5 AT LA L 04k e ) B A 21 000 8 R
5 i L A A R ) A G AR G T o0 A 4 B



2826 b= W

%24 &

BHAE /N s BAE prea (B BT 20 AT B AR Th 9256
SRR A SO R AR AR D7 v BE A TR IR R R
08 PR 0 235 ) 14 ] Ik B3R AR HG 5 i i 722 48 8 I 1Y
AR DG A TN A G 00 2 B Y R HEOK
4.2 MUMRBIFEREEHEEII

Ry B, 56 SE AR A FS A PR R T T 3 R
47 AR I B A PERE L AT IT R TR O EE A XS L
SN, SEE R B —E 512 <512 [ 2 1A
B mE 6Ca) s . B izl KR 4 i1 024 A
16X 16 S A7 3 Ped thy . iy Hid i 5 & 307 b
HILI £ 4 0 A AR A %) B A 0 k6 o ) o A 23K
AT X HE ok B IR AL RE . i 72 5 AT R
b YIRS B e A W T, EE AR SR
FH IF 32 UE B 38 7% (Orthogonal Matching Pursuit,
OMP) 5 ¥, >R 06 {H 15 M L (Peak Signal to
Noise Ratio, PSNR) #1 %5 #J #H {21 & ( Structure
Similarity, SSIM)YE k& WIEAT F5 45

Kl 6 J& R AR 50 %0 B S5 F L 7E 3 Bl IR]
I R PR A 3 ) FAR 25 2R o, PSNIR 4351 oy
27.234 6, 29.081 2, 29. 398 5 Fl SSIM 43 5| K

) Cb) 75 07 B HL A

0.908 3, 0.929 1, 0.934 7, EHLER LWL
Jei 1 BRI 200 R 0 R T B B A Ak
R 5 FITBEATL v ST 00 R I 1% A 45 SR A L L PSNR
1 SSIM B #B Hb 55 422 30 . 16 B 0 Ak Je He 0 24 0
R I 1 R T B S0 v M AL R R . IR op
7] 0 A S TE A P Ak 1) R 20 R )
T T EMG B A I A, TR G S IX
Sl B AL R B B 25 1 O AR S G P I R R R )
PR s DAk 5 A 20 00 0 6 B4 1 24 B A 1
A v A ML R R T A AR

2 A RFEFRZAT 4. 1 b ik 12 %
FIEIN G 5 R A QR MR AR R 0 A 45
SO L . 5 MR R A G 53 3 X 1 2 AN (] REAE 1
IR, LR g — R L 2 s 9 3 58 A
B A A AR e . PR R EE A SR TR RE T DL
L3 I AR SR R P AR T 1 B A 0 A R A
PEREAF B TR K kst . 7 L3S — i 05 T R 228 S
P A5 1% 2 /) P BB W 5 T A M R 3 A 1) v B0 B ML
DU, % A ) 2 R R AR 5 R I B AR 2
WO RO A

i P B, g
Co) HL A 7 46 1 (D AL G 1 PG 2046 1

(b) Gaussian random matrix (c¢) Block circulant matrix (d) Optimized block circulant matrix
6 A [0 k6 T 100 T 4 1R 5
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Tab. 2 Reconstruction performance comparison of different sample images under different measurement matrices

Sample images

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Gaussian random matrix  28.4757 0.9196 32. 0617 0.9606 29.0873 0.9297 27.1142 0.906 3 30.0094 0.9411
Block circulant matrix 26,834 1 0.897 7 30.0112 0.9438 27.0026 0.9013 24,8795 0.8658 29.2945 0.9308

Optimized block circulant matrix 28. 703 2 0.921 7 31.9857 0.958 9 28.9164 0.928 1 26.9356 0.8991 30.0153 0.9474
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Tab. 3 Performance comparison of block circulant measurement matrices under different sub-block sizes

8§ X8 16 X16

32X32 64 X 64 128 X128

Measurement matrices

PSNR  SSIM PSNR

SSIM PSNR  SSIM PSNR  SSIM PSNR  SSIM

Block circulant matrices

Optimized block circulant matrices

26,7775 0.897 4 27.2252 0.907 5 26.8596 0.9052 27.3127 0.9104 26.589 3 0.896 2
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