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A Sparse Restoration Algorithm Based on Clustered Class Graph Signals
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Abstract Graph signal processing is one of the most effective methods to solve irregular data. For this reason, a
sparse recovery algorithm based on clustered class graph signals is studied. For complex and irregular array signals,
the similar signal atoms are clustered and divided into blocks, the spatial structure of the graph signal is constructed ,
and the corresponding clustered blocks orthogonal matching pursuit based on graph signal algorithm is designed by
using graph filter. In order to verify the effectiveness of the proposed algorithm, a comparative experiment with five
algorithms is carried out. Simulation experiments show that the running time of the proposed algorithm is much
shorter than other mainstream algorithms under the same sampling rate, and at the same time, the proposed
algorithm has a higher peak signal-to-noise ratio at a smaller sampling rate.
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Algorithm 1: Graph filter design

Input:L, @ C"" "I, 6;
Initialize: 1. H= ®L,G=H'H,G=SVS";
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n . - -
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m

3.6, —52'28".G,—(H") H";
for ;=1:1000
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if << 0.001

break
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end
end
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P o N NS R = AR LS i P U A 1 B4
Gram %8 [% G , % Gram %5 [ 3517 435 AiF 08 43 i fcw) 46
RS R R B N SR A -8 1 I (R B
UE UL AR TH EONA T REGA B K.

BTy HE B 2 48 A5 5, W5 0 2 Block-RIP

AT EMES

EMLCHMOZESHHEN, 051,40
M A 5 & Block-RIP 414 .

1—ao]e.<|ae|.<(1+s)]0],

s.t. 0<< 8y <1, (15)
U S L Nl I L o S L O = S e T
le],,= 21 oli]), & XK 1 eli]])=
1OLAI=0 10 s o i 5 15 35 1 s,
0, others
mje|,, =

3 EET KA RN IA L

el 7 199 52 R R 05 4R % 155 5 7 4 O IR
B A B A B S R S T
CBOMP 536 40 S (0 RUR AT (5 S KL, LAY

$£59% F 1081/2022 £ 5 B/HEXBFEHE

RO AR I SEVE W R W T 75 2 R0 3 s .

Algorithm 2: Clustered classification based on graph signal

Y]e>o0;

Input:YZ[yl,yz, ey

0] NN, =1,6=2;

g

Initialize:y' =y', A, =[ 0,0, ---
for i=2:N
for j=1: N,
if Dis(y,y)<e,
Y=y, A=j,b=0b+1;

break
if j=N,
N, =N, +1,A'=N_y '=y ., b=j+2;
end
end
Sort: Y;

Output:Y:[j‘,jz, ---,j‘},Ao,Ng;

Z YR AT T R RIS Bk 3T
CBOMP & % 52, CBOMP & 3: 2 5 T OMP &
T Bl HE 6 R G A B ) SR TR DR U A
RIS R 1 B K 4 ) 3 2 4 T 1) R SR 9 B R
1 JE - B

Algorithm 3: CBOMP algorithm

Input:H,Y =

yn ylz’ yll yn’ylz’ y ypl’.”’y/)‘,, psS
yl1] ylil ylpl

Initialize:ro:y[i],A():@,t:l;

for /=1:512
/‘t[z‘]:argmaxH ro, H l]T>H
A,:A/,]U{/l[l},}, /:[H/flsH/u,J,];
@/=argmin Y*H,@

r,:Y—H,(;)/,/: 1+ 1;
if7>S

break
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Table 1 Comparison of running time of five algorithms

Sampling Running time /s
rate CBOMP OMP ROMP CoSaMP BP
0.2 5.17 12.04 7.14 10. 43 29.05
0.3 7.34 13.08  9.03 11. 26 40.75
0.4 7.10 12.18  9.35 11.33 40. 98
0.5 7.24 12.70  9.65 12.03 40.76
0.6 7.13 12.89 10.78 12.87 41. 26
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