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TABLE IV

PSNRAND FSIM COMPARISONS FORIMAGE DEBLURRING IN THE FIRST SET

TABLE V

COMPARISON OF THEISNR (dB) DEBLURRING RESULTS IN THESECOND SET

age PSNR and FSIM than TVMM, while GSR outperforms
L0_ABS by 1.5 dB and 1.4 dB for the uniform blur and
Gaussian blur, respectively. One can observe that IDDBM3D,
NCSR and GSR produce very similar results, and obtain
signi�cant PSNR/FSIM improvements over other competing
methods. In average, GSR outperforms IDDBM3D and NCSR
by (0.22 dB, 0.21 dB) and (0.18 dB, 0.17 dB) for the two blur
kernels, respectively. The visual comparisons of the deblurring
methods are shown in Figs. 9� 10, from which one can observe
that the GSR model produces cleaner and sharper image edges
and textures than other competing methods.

Table V lists the comparison of ISNR results for six
typical deblurring experiments in the second set. It is clear
to observe that GSR achieves the highest ISNR results in
the most cases, as labeled in bold. In particular, for image
Barbara (512 × 512) with rich textures, GSR outperforms
current state-of-the-art methods NCSR and IDDBM3D more

than 1 dB in the scenarios 1, 2, 3, with more textures and
clearer edges than other competing methods, as shown in Fig.
11. More visual results can be found in the website of this
paper.

C. Image Compressive Sensing Recovery

From many fewer acquired measurements than suggested
by the Nyquist sampling theory, CS theory demonstrates that
a signal can be reconstructed with high probability when it
exhibits sparsity in some domain, which has greatly changed
the way engineers think of data acquisition. More speci�cally,
suppose that we have an imagex � RN and its measurement
y � RM , namely, y = Hx. Here, H is an M × N
measurement matrix such that M is much smaller thanN.
The purpose of image CS recovery is to recoverx from y
with measurement rate, denoted by ratio, equal toM/ N. For
image CS recovery application,µ = 0.0025 and� = 0.082.
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TABLE VI

PSNRAND FSIM COMPARISONSWITH VARIOUS CS RECOVERY METHODS(dB)

In our simulations, the CS measurements are obtained by
applying a Gaussian random projection matrix to the original
image signal at block level, i.e., block-based CS with block
size of 32× 32 [47]. GSR is compared with four represen-
tative CS recovery methods in literature, i.e.,wavelet method
(DWT), total variation (TV) method [41], multi-hypothesis
(MH) method [40], collaborative sparsity (CoS) method [42],
which deal with image signals in the wavelet domain, the
gradient domain, the random projection residual domain, and
the hybrid space-transform domain, respectively. It is worth
emphasizing that MH and CoS are known as the current state-
of-the-art algorithms for image CS recovery.

The PSNR and FSIM comparisons for six gray test images
in the cases of 20%, 30%, and 40% measurements are provided
in Table VI. GSR achieves the highest PSNR and FSIM among
the six comparative algorithms over all the cases, which can
improve roughly 7.9 dB, 7.3 dB, 4.4 dB, and 3.7 dB on
average, in comparison with DWT, TV, MH, CoS, respectively,
greatly improving existing CS recovery results. Some visual
results of the recovered images by various algorithms are
presented in Figs. 12� 13. Obviously, DWT and TV generate
the worst perceptual results. The CS recovered images by MH
and CoS possess much better visual quality than those of DWT
and TV, but still suffer from some undesirable artifacts, such
as ringing effects and lost details. The proposed algorithm
GSR not only eliminates the ringing effects, but also preserves
sharper edges and �ner details, showing much clearer and
better visual results than the other competing methods. Our
work also offers a fresh and successful instance to corroborate
the CS theory applied for natural images.

D. Effect of Number of Best Matched Patches

This subsection will give the detailed description about how
sensitive the performance is affected byc, which is the number
of best matched patches.

Fig. 13. Visual quality comparison of image CS recovery on gray image
Barbara in the case of ratio= 20%. From left to right and top to bottom:
original image, the CS recovered images by DWT (PSNR= 23.96dB;
FSIM = 0.8547), TV [41] (PSNR= 23.79dB; FSIM= 0.8199), MH [40]
(PSNR = 31.09dB; FSIM = 0.9419), CoS [42] (PSNR= 26.60dB;
FSIM = 0.8742) and the proposed GSR (PSNR= 34.59dB; FSIM = 0.9703).

To investigate the sensitivity ofc, experiments with respect
to variousc, ranging from 20 to 120, in the case of image
inpainting and image deblurring for three test images are
conducted. The performance comparison with variousc is
shown in Fig. 14. From Fig. 14, it is concluded that the
performance of our proposed algorithm is not quite sensitive
to c because all the curves are almost �at. The highest
performance for each case is usually achieved withc in the
range [40, 80]. Therefore, in this paper,c is empirically set to
be 60.

E. Effect of Sparsity Parameter

This subsection gives some discussion about how sensitive
the performance is affected by the sparsity parameter� .

To investigate the effect of the sparsity parameter� for
the performance, two scenarios of deblurring experiments are
conducted with various blur kernels and noise variances, i.e.,
scenario 4 and scenario 5 in Table III. Fig. 15 provides
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Fig. 14. Performance comparison with variousc for three test images. From
left to right: in the case of image text removal and in the case of image
deblurring with 9× 9 uniform blur kernel and
 = 0.5.

Fig. 15. PSNR evolution with respect to sparsity parameter� in the cases
of in the cases of scenario 4 (PSF= [1 4 6 4 1]T [1 4 6 4 1], 
 = 7) and
scenario 5 (PSF= Gaussian with std= 1.6, 
 = 2) for two test images.

Fig. 16. Visual quality comparison of proposed algorithm with various�
in the case of scenario 5(PSF= Gaussian with std= 1.6, 
 = 2) with
respect to imageHouse. (a) Original image; (b) Deblurred result with� =
0.2, ISNR = 2.68dB; (c) Deblurred result with� = 0.8, ISNR = 5.95dB;
(d) Deblurred result with� = 3.2, ISNR= 5.28dB.

ISNR (dB) evolution with respect to� in the cases of scenario
4 (PSF= [1 4 6 4 1]T [1 4 6 4 1], 
 = 7) and scenario
5 (PSF = Gaussian with std= 1.6, 
 = 2) for two test
images. From Fig. 15, three conclusions can be observed. First,
as expected, there is an optimal� that achieves the highest
ISNR by balancing image noise suppression with image details
preservation (see Fig. 16(c)). That means, if� is set too small,
the image noise can’t be suppressed (see Fig. 16(b)); if� is
set too large, the image details will be lost (see Fig. 16(d)).
Second, in each case, the optimal� for each test image is
almost the same. For instance, in the case of
 = 7, the
optimal � is 12.2, and in the case of
 = 2, the optimal
� is 0.8. This is very important for parameter optimization,
since the optimal� in each case can be determined by only
one test image and then applied to other test images. Third, it
is obvious to see that� has a great relationship with
 , i.e., a
larger 
 corresponds to a larger� .

F. Algorithm Complexity and Computational Time

The complexity of GSR is provided as follows. Assume
that the number of image pixels isN, that the average
time to compute similar patches for each reference patch is

Fig. 17. Stability of the proposed algorithm. From left to right: progression
of the PSNR (dB) results achieved by proposed GSR for test images with
respect to the iteration number in the cases of image deblurring with uniform
blur kernel and image CS recovery with ratio= 0.3.

Ts. The SVD of each groupxGk with size of Bs × c is
O(Bs × c2). Hence, the total complexity of GSR for image
restoration isO(N(Bsc2 + Ts)). For a 256× 256 image,
the proposed algorithm GSR requires about 8� 9 minutes for
image inpainting, 6� 7 minutes for image deblurring and 7� 8
minutes for CS recovery, on an Intel Core2 Duo 2.96G PC
under Matlab R2011a environment.

G. Algorithm Stability

Since the objective function (12) is non-convex, it is dif�cult
to give its theoretical proof for global convergence. Here, we
only provide empirical evidence to illustrate the stability of
the proposed GSR. Take the cases of image CS recovery and
image deblurring as examples. Fig. 17 plots the evolutions of
PSNR versus iteration numbers for test images in the cases of
image deblurring with uniform blur kernel and CS recovery
with ratio = 0.3. It is observed that with the growth of
iteration number, all the PSNR curves increase monotonically
and ultimately become �at and stable, exhibiting good stability
of the proposed GSR model.

H. Comparison Between� 0 and � 1 Minimization

In order to make a comparison between� 0 and � 1 mini-
mization, split Bregman iteration (SBI) is also used to solve
Eq. (21). The only difference from solving Eq. (12) described
in Table I is �� Gk in Eq. (40) is computed by the operator of soft
thresholding, rather than hard thresholding. Take the cases of
image deblurring with uniform blur kernel for two imagesBar-
bara and Parrot as examples. Fig. 18 plots their progression
curves of the PSNR (dB) results achieved by proposed GSR-
driven � 0 and � 1 minimization with respect to the iteration
number. The result achieved by GSR-driven� 0 minimization
with SBI is denoted by SBI+ L0 (blue solid line), while the
result achieved by GSR-driven� 1 minimization with SBI is
denoted by SBI+ L1 (green dotted line). It is obvious that
SBI+ L0 has better performance than SBI+L1 with more than
1.5 dB on average, which fully demonstrates and the superior-
ity of � 0 minimization (Eq. (12)) over minimization (Eq. (21)),
and validates the effectiveness of our proposed approach to
solve Eq. (12) again. Our study also assures the feasibility of
using the� 0 minimization for image restoration problems.

I. Comparison Between SBI and IST

In our previous work [47], the convex optimization approach
iterative shrinkage/thresholding (IST) is utilized to solve our




