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Subrate-adaptive interframe patch matching for video compressive
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Abstract: In contrast with the Shannon sampling which requires large-scale samples, the compressive sampling has
unique advantages in energy-efficient representation of video signals. When the sampling subrates of a keyframe and
a non-keyframe are inconsistent, the existing interframe patch matching algorithms show unstable recovery quality
under different subrate combinations. In order to fully utilize the temporal correlation between frames, a subrate-
adaptive interframe patch matching algorithm was proposed for video compressive sensing reconstruction, where the
differential interframe matching mechanism was performed according to the relative change between keyframe
sampling subrate and non-keyframe sampling subrate for better adaptation of video bitstream generated from different
subrate combinations. Firstly, the measurements of each frame were reconstructed to obtain the corresponding
intraframe results respectively. Then, the adaptive interframe reconstruction was implemented according to the
growth ratio of the keyframe sampling subrate to the non-keyframe sampling subrate. In the case of low growth ratio,
the current frame selected the nearest keyframe and the non-keyframe in the same direction as its co-directional
double reference frames for patch matching reconstruction. In the case of high growth ratio, the current frame
gradually selected the reconstruction results of multiple reference frames for multi-stage patch matching
reconstruction. Compared with the existing reconstruction algorithms, the proposed algorithm could achieve more
stable reconstruction performance during the typical framework of video compressive sensing, and thus the recovery
quality of video sequence was consistently improved.

Keywords: video compressive sensing; sampling subrate; interframe reconstruction; patch matching; reference

frame
FE40 B B B 1E DL A% 25 37 45 1 SRR FE (S A B 1) RS/ AR 5 ] 3 2 /b s AT U 00 {1

5, RSO IRIUE S IOM R RAE . ZIe RV, B SRE T SCHR[2) S T sl 1
AU 4 RO i A HE 2R, TR HE SR S b R ) = 4

RS 188 2021 05 - 14 2 R AR IS 5 DA T AR, L) o St 4 52 R

EETE: oA BRI 5 35051 (2232021G09) ; AP o A AT 2 e B A A e S
[ [ AR 34 (62001099) . . e N

{’E%ﬁjﬂ %*ﬁjﬁ( 1982—) ’% ,I#Uﬂi T%Kﬁiﬂlﬁ%ﬂﬂ ’ %M%ﬂ {J\"J gﬁiﬁiﬂggfpﬁim{)ﬂﬂ T'ETJ

EEAEE X1 1 luhao@ dhu. edu. en R TR SR A TR OB, A0 25 I A 15



55

WRAR e , 45« RIS 246 SRR SR A 256 11 3 107 ) ot () Ay D P B4 - 147 -

F R EE AN ], R840 544 19 1 8 B 5% IR AE AR
—RE U A IR T B — AN AT DL R
i B A PR 45 BB M R (restricted isometry property,
RIP) HUS AT HEORAE e 45 20 B A LI A e
SCHRL 6 ] 2 AR 28 W 28 5 TR 4 AR 25 5, T
AT 45 S A N 4% (video compressed sensing
network , VCSNet ) , 3 iz 3 5] 3 (1) | 5 4 42 T 8 g 4
SR ECRE (A 200 T BT 2 RIPf U8 4 B
Gaussian FEHLILINAR P 285 58 16 2 RIP f) & UL
BERE, ML Ah, 4 B 45 J& A ((block  compressive
sensing, BCS ) X I 5 vy 1) % % B A7 ¢ 5 2R A
AR, ASAUAT LS SRR PR A7 B ORI R B , 5 LT D) g e
oA Y . BCS KA o 1 I 45 RS R T
e, X RS- B A S I A5 0 AH R ) WL

PR % 3 38 H % 2k 0 EIR A (group of
pictures , GOP) ¥4 i , B —41 GOP &4 — 4> ki LA
FOR S THECHMT, JR2E(H Tl RIS A
A ERAFBLIE, BT GOP-BCS ML ALK (1 5% 22 7
i A R E T A AR 3 T A AT 4 R e A
AR WS IEATIh S7 AT A, AR AR SC B A )
CEWINSH WA T ICECER , SCER[9 48 T
Z {3t ( multi-hypothesis, MH ) it [a] A~ DT Be 58 32 , K¢
C A Y OC B W AE O Y AT TR 2 25 W, 45 S
Tikhonov 1F WU £k % >4 Fif Mot 2 47 5% 2 ¥ i 4G . 7
MH 3k A LR -, SCHR[ 10 ] 7670 24405 T ks =2 24K
NI SR 5 ke 22 A R, ) 2 E AN AR 22 T i
(reweighted residual sparsity, RRS) #5780 | SEF 2R
TN A BT Y S A T, i 2P, S
BROIL] 42 T — B 45 & K 8 I 25 (long short
distance , LSD) (¥ i) /- DT Be 3492 , 38 o 7 — 4> GOP
WSS HA A 225 W, 76— e PR L b okcdk 1 E
o X TR SRR E AL, SCER [ 12 J 42 8 T — A
254 6 L B9 45 44 40 F B ( structural group sparsity
SGS) 483k , Herwi i) 7 UG i 38 8 i S 3G Al 1
B2 M b B I dROR B 1 A TR G R AR R
BARAE O

1 GOP-BCS SLARUZERE T | 0] 5 vy 2% it R HH 3
S HLLIN A T LA = 1 RAE, SR AR
FESCHEWURFERFR RIS RAEAE . BUA Ml E] Fr DL
BEFEAOC AR SC B WUR AR R AR AY 15 B , 1 I AIG
Jo i 1) 22 DG SRR S0 3 S A T A, B —
(R BAE P A5 A ) T 455 W A L A AR 1Y
FUERCERE. X T 0 2B R AR AE O, A FF
P A R VEEC A HILE o AR SCHY 3 AR A TE
T BUE T UME R S WO AR G R
FERRAY A 35 R b PR AT X [m] 4 i [7] - DG PC S A

DA G-l 76 S ) B 5 SR R S B i A2 AL, B2
TE ML RO AL P ) B AR A

1 REFHREMN

PSR 22 i it B AA) 7 SE X OGS TAN AR OGS i 7>
BSEAT TN TR, B4 GOP (1 56 St o HAT B
FRSRAE R DRI S B WA it A B4 2 I B A B 1Y
PRI SR, mI A doe 28 ) B AR 45 2R 5 T S B ot £ 1)
THBARARAEAR AL TS TN A5 38 5 ZE AT
() FFLAL ol P Al i ) A 235 SR A O 2 25 itidE AT
DEC , FF TR 275 AT L H i — SC B it el s
— IR, 125 T AR SR WITAY 2 i R AT S =
i BB R TR A o AR R A Y AL 4Y
SR, 45 AR O B Wi E T AT 22 s AR B it ]
HA

HI— SR A it

BN\ - = $
<><>

FESR B M J& — R

B1 FEXgEmMA LENTE

Fig. 1 Schematic diagram of non-keyframe patch matching
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Fig.2  Subrate-adaptive interframe patch matching
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Fig.3  Schematic diagram of reference frames for mode [
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Fig.4 Schematic diagram of reference frames for mode [[
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