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Iterative Hard Thresholding Algorithm Based on Backtracking
YANG Hai-Rong!? FANG Hong?® ZHANG Cheng' WEI Suit
Abstract The backtracking-based iterative hard thresholding (BIHT) algorithm is proposed to solve the problem

that the number of iterations is too large and the iteration time is too long when the iterative hard thresholding (IHT)
algorithm is applied to the compressive sensing. The BIHT algorithm optimizes the sub-optimal choice of supports for each
iteration and reduces the times of some supports iterated repeatedly by adding the idea of backtracking. The simulation
demonstrates that backtracking-based algorithm ensures the reconstruction quality and decreases the time by two orders
of magnitude when compared with IHT and Normalized iterative hard thresholding (NHT) algorithms for low noise level.
Simulation on the 0-1 sparse signal demonstrates that the reconstruction probability of BIHT algorithm is higher than

that of the IHT algorithm if the measurement times and sparsity of the signal are the same.
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Fig.1 Image constructions respectively based on IHT,
NIHT, and BIHT algorithms with different iteration times
(Original image and reconstruction results with 10
iteration times are from (1) to (4); reconstruction results
with 100, 200 iteration times are from (5) to (10).)
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Table 1  Comparisons of time and errors
IHT NIHT BIHT
n t(s) e t(s) e t(s) e
10 133.41 2.279E4003 132.78 650.17 13.703 3.590E—-012
100 1389.1 778.67 1338.8 8.677TE—004 15.359 3.140E—-012
200 2531.1 696.82 2245.0 5.632E—005 17.525 2.740E—012
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Fig.2 Comparison of relative reconstruction probabilities
based on OMP, IHT, NIHT and BIHT algorithms (X-axis
represents the sparsity of 0~ 1 signal. Y-axis represents

the percentage of successful experiment in 1000 times.)
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Fig.3 Comparison of relative reconstruction probabilities
based on OMP, IHT, NIHT and BIHT algorithms (X-axis
represents the measurement times. Y-axis represents the

percentage of successful experiment in 1000 times.)
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Fig.4 Image constructions respectively based on IHT,
NIHT, and BIHT algorithms with the different Gaussian
noises at measurements (Original image and
reconstruction results with the Gaussian noise variance
02 = 0.05 are in the first row; reconstruction results with
0?2 =0.10, 02 = 0.15, and o2 = 0.20 are in the second and

the third rows.)
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Fig.5 Image constructions respectively based on IHT,
NIHT, and BIHT algorithms with the different Gaussian
noises at images (Original noise image and reconstruction
results with the Gaussian noise variance o2 = 5 are in the
first row; original noise images and reconstruction results
with 02 = 10, 02 = 15, and o2 = 20 are in the second and
the third rows.)

MF 3 Ml 5 g, NIHT SAEA K50
PR DL S I R) 5 o e S R AR A, BIHT

SR R 0 T AN e g, (A>T NIHT
Sk EACR T, BIHT S84 T7 28NS
Mk Lb G, W T BIHT 03k, (HEE5 7 21K,
NIHT. BIHT S&3200 A5k b 3495 72, BIHT Sk
(5 W L N B s, A5 SR — P e e R M S AR R
I MG T L.

2 MEFEIIET AL iR
Table 2 Comparisons of time and errors with

Gaussian noise at measurements

NIHT BIHT
o? t(s) e (%) t(s) e (%)
0.05 1374.5 1.8218 325.23 2.6443
0.10 1 336.2 3.5049 330.14 4.5643
0.15 1418.8 23.898 340.36 10.159
0.20 1441.2 40.717 346.42 28.738

# 3 MR T EVER ) S iR
Table 3 Comparisons of time and errors with

Gaussian noise at images

NIHT BIHT
o? t(s) SNR t(s) SNR
5 1372.5 10.476 297.58 44.251
10 1382.2 9.5033 340.38 15.795
15 1426.1 4.3023 355.25 3.0146
20 1455.4 2.3417 356.09 0.4494
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