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TABLE IV
PSNRAND FSIM COMPARISONS FORIMAGE DEBLURRING IN THE FIRST SET

Image || Barbara Boats " House | C. Man " Peppers Lena " Avg.
Uniform Kernel: 9x9, ¢ =2
TVMM [9] 26.00/0.8538 29.39/0.8978 32.47/0.9134 26.83/0.8674 28.77/0.8983 28.68/0.8937 28.69/0.8874
LO0_ABS [46] 26.41/0.8692 29.77/0.9071 33.01/0.9241 27.12/0.8729 28.68/0.9078 28.76/0.9056 28.96/0.8978
IDDBM3D [14] 27.98/0.9014 31.20/0.9304 34.44/0.9369 28.56/0.9007 29.62/0.9200 29.70/0.9197 30.25/0.9182
NCSR [15] 28.10/0.9117 31.08/0.9294 34.31/0.9415 28.62/0.9026 29.66/0.9220 29.96/0.9254 30.29/0.9221
GSR 28.95/0.9227 31.34/0.9326 34.48/0.9403 28.28/0.8937 29.66/0.9231 30.10/0.9281 30.47/0.9234
Gaussian Kernel: fspecial (Gaussian, 25, 1.6), 6 = V2
TVMM [9] 24.81/0.8435 30.44/0.9219 33.01/0.9139 27.04/0.8911 29.20/0.9237 30.72/0.9259 29.21/0.9034
L0_ABS [46] 24.78/0.8543 30.54/0.9297 33.07/0.9212 27.34/0.8955 28.88/0.9303 30.63/0.9361 29.21/0.9112
IDDBM3D [14] 27.19/0.8986 31.68/0.9426 34.08/0.9359 28.17/0.9136 29.99/0.9373 31.45/0.9430 30.43/0.9285
NCSR [15] 27.91/0.9088 31.49/0.9371 33.63/0.9333 28.34/0.9078 30.16/0.9331 31.26/0.9389 30.47/0.9265
GSR 28.26/0.9155 31.69/0.9411 34.45/0.9420 27.78/0.9006 30.19/0.9349 31.47/0.9463 30.64/0.9301
TABLE V

COMPARISON OF THEISNR (dB) DEBLURRING RESULTS IN THESECOND SET

Scenario Scenario
1 | 2 I 3 4 | 5 | 6 1 I 2 I 3 4 I 5 I 6
Method Cameraman (256x256) House (256x256)

BSNR 31.87 25.85 40.00 18.53 29.19 17.76 29.16 23.14 40.00 15.99 26.61 15.15
Input PSNR 2223 22.16 20.76 24.62 23.36 29.82 25.61 25.46 24.11 28.06 27.81 29.98
TVMM [9] 7.41 5.17 8.54 2.57 3.36 1.30 7.98 6.57 10.36 4.12 4.54 2.44
LO_ABS [46] 7.70 5.55 9.10 2.93 3.49 1.77 8.40 7.12 11.06 4.55 4.80 2.15
IDDBM3D [14] 8.85 7.12 10.45 3.98 4.31 4.89 9.95 8.55 12.89 5.79 5.74 7.13
NCSR [15] 8.78 6.69 10.33 3.78 4.60 4.50 9.96 8.48 13.12 5.81 5.67 6.94
GSR 8.39 6.39 10.08 333 3.94 4.76 10.02 8.56 13.44 6.00 5.95 7.18

Method Lena (512x512) Barbara (512x512)
BSNR 29.89 23.87 40.00 16.47 27.18 15.52 30.81 24.79 40.00 17.35 28.07 16.59
Input PSNR 27.25 27.04 25.84 28.81 29.16 30.03 23.34 23.25 22.49 24.22 23.77 29.78
TVMM [9] 6.36 4.98 7.47 3.52 3.61 2.79 3.10 133 3.49 0.41 0.75 0.59
LO_ABS [46] 6.66 5.71 7.79 4.09 4.22 1.93 3.51 1.53 3.98 0.73 0.81 1.17
IDDBM3D [14] 7.97 6.61 8.91 4.97 4.85 6.34 7.64 3.96 6.05 1.88 1.16 5.45
NCSR [15] 8.03 6.54 9.25 4.93 4.86 6.19 7.76 3.64 5.92 2.06 1.43 5.50
GSR 8.24 6.76 9.43 5.17 4.96 6.57 8.98 4.80 7.15 2.19 1.58 6.20

age PSNR and FSIM than TVMM, while GSR outperformthan 1 dB in the scenarios 1, 2, 3, with more textures and
LO_ABS by 1.5 dB and 1.4 dB for the uniform blur andclearer edges than other competing methods, as shown in Fig.
Gaussian blur, respectively. One can observe that IDDBM3D]. More visual results can be found in the website of this
NCSR and GSR produce very similar results, and obtagaper.

signi cant PSNR/FSIM improvements over other competing ) )

methods. In average, GSR outperforms IDDBM3D and NCSR- Image Compressive Sensing Recovery

by (0.22 dB, 0.21 dB) and (0.18 dB, 0.17 dB) for the two blur From many fewer acquired measurements than suggested
kernels, respectively. The visual comparisons of the deblurribg the Nyquist sampling theory, CS theory demonstrates that
methods are shown in Figs. 90, from which one can observea signal can be reconstructed with high probability when it
that the GSR model producesaher and sharper image edgesxhibits sparsity in some domain, which has greatly changed

and textures than other competing methods. the way engineers think of data acquisition. More speci cally,
Table V lists the comparison of ISNR results for sisuppose that we have an image RN and its measurement
typical deblurring experiments in the second set. It is clegr RM, namely,y = Hx. Here, H is an M x N

to observe that GSR achieves the highest ISNR results nteasurement matrix such that M is much smaller tiNan
the most cases, as labeled in bold. In particular, for imagée purpose of image CS recovery is to recoxefrom y
Barbara (512 x 512) with rich textures, GSR outperformswith measurement rate, denoted by ratio, equalitoN. For
current state-of-the-art methods NCSR and IDDBM3D molimage CS recovery applicatiop, = 0.0025 and = 0.082.
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TABLE VI
PSNRAND FSIM CoOMPARISONSWITH VARIOUS CS RECOVERY METHODS(dB)

Ratio Algorithms House Barbara Leaves Monarch Parrot Vessels Avg.
DWT 30.70/0.9029 23.96/0.8547 22.05/0.7840 24.69/0.8155 25.64/0.9161 21.14/0.8230 24.70/0.8494
TV [41] 31.44/0.9051 23.79/0.8199 22.66/0.8553 26.96/0.8870 26.6/0.9018 22.04/0.8356 25.59/0.8675
20% MH [40] 33.60/0.9370 31.09/0.9419 24.54/0.8474 27.03/0.8707 28.06/0.9332 24.95/0.8756 28.21/0.9010
CoS [42] 34.34/0.9326 26.60/0.8742 27.38/0.9304 28.65/0.9171 28.44/0.9282 26.71/0.9214 28.69/0.9259
GSR 36.78/0.9618 34.59/0.9703 29.90/0.9499 29.55/0.9236 30.60/0.9512 31.58/0.9599 32.17/0.9528
DWT 33.60/0.9391 26.26/0.8980 24.47/0.8314 27.23/0.8628 28.03/0.9445 24.82/0.8924 27.40/0.8947
TV [41] 33.75/0.9384 25.03/0.8689 25.85/0.9092 30.01/0.9279 28.71/0.9329 25.13/0.9011 28.08/0.9131
30% MH [40] 35.54/0.9546 33.47/0.9614 27.65/0.8993 29.18/0.9003 31.20/0.9529 29.36/0.9360 31.07/0.9341
CoS [42] 36.69/0.9592 29.49/0.9267 31.02/0.9606 31.38/0.9449 30.39/0.9490 31.35/0.9664 31.72/0.9511
GSR 38.93/0.9761 36.92/0.9811 33.82/0.9731 33.17/0.9558 33.95/0.9671 36.33/0.9841 35.53/0.9729
DWT 35.69/0.9576 28.53/0.9327 26.82/0.8741 29.58/0.9011 30.06/0.9588 29.53/0.9467 30.03/0.9285
TV [41] 35.56/0.9574 26.56/0.9088 28.79/0.9442 32.92/0.9538 30.54/0.9530 28.14/0.9441 30.42/0.9436
40% MH [40] 37.04/0.9676 35.20/0.9727 29.93/0.9276 31.07/0.9217 33.21/0.9651 33.49/0.9677 33.32/0.9537
CoS [42] 38.46/0.9724 32.76/0.9618 33.87/0.9744 33.98/0.9637 32.55/0.9627 33.95/0.9784 34.26/0.9689
GSR 40.60/0.9836 38.99/0.9877 37.02/0.9846 36.07/0.9714 36.44/0.9780 40.24/0.9922 38.23/0.9829

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 32x 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. Fig. 13. Visual quality comparison of image CS recovery on gray image

The PSNR and FSIM comparisons for ix gray test imagBgeri L e ol S0, o 1,0 F o s Lo
in the cases of 20%, 30%, and 40% measurements are proviﬁr _ 0.824’7), TV [41] (PSNR= 23.78(18; FySIM: 0.8199), MH [40]
in Table VI. GSR achieves the highest PSNR and FSIM amoO®BNR = 31.09dB; FSIM = 0.9419), CoS [42] (PSNR= 26.60dB;
the six comparative algoriths over all the cases, which carfSIM= 0.8742) and the proposed GSR (PSNR84.591B; FSIM= 0.9703.
improve roughly 7.9 dB, 7.3 dB, 4.4 dB, and 3.7 dB on
a\r/ggagﬁ’w'ln fqu;}pagig,?i:’]VItr(];l;V\r/eTég\irMTésc;?ti rgsﬁ]eea\'/\i/;ljy’l To investigate the sensitivity af, experiments with respect
?esult)s/ ofpthe rgcoveredg images by >\I/arious ;sllgorithms a?%vgngusc, ranging from 20 _to 120, in the case of image
presented in Figs. 1213. Obviously, DWT and TV generatempamtlng and image deblurring for t.hree tgst images are
the worst perceptl.JaI res.ults The Cé recovered images by I\ﬁ duct.ed. T he performanpe comparison with various
and CoS possess much betfer visual quality than those of D d rfvc\)/:]m: n('::égbflo4tj ; Frr%moé:;%. aT4(,) r;:hlrf] iCsOrTgLUdji?e tg:; sti:\? e
and TV, but still suffer from some undesirable artifacts, su prop g q

o . . c because all the curves are almost at. The highest
as ringing effects and lost details. The proposed algomhr%rformance for each case is usually achieved wiih the
GSR not only eliminates the ringing effects, but also preservg

S . . . ..
sharper edges and ner details, showing much clearer a adﬁge [40, 80]. Therefore, in this paperis empirically set to
. . € 60.
better visual results than the other competing methods. Our

work also offers a fresh and successful instance to corrobor,

te .
the CS theory applied for natural images. E Effect of Sparsity Parameter

This subsection gives some discussion about how sensitive
the performance is affected by the sparsity parameter
D. Effect of Number of Best Matched Patches To investigate the effect of the sparsity parametefor
This subsection will give the detailed description about hothe performance, two scenariobdeblurring experiments are
sensitive the performance is affecteddyyvhich is the number conducted with various blur kernels and noise variances, i.e.,
of best matched patches. scenario 4 and scenario 5 in Table Ill. Fig. 15 provides
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Performance in the case of debluring Performance in the case of inpainting Evolution of PSNR in the case of uniform blur kenel Evolution of PSNR in the case ratio=0.3
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Fig. 14. Performance comparison with variaufor three test images. From Fig- 17. Stability of the proposed algorithm. From left to right: progression

left to right: in the case of image text removal and in the case of imag¥ the PSNR (dB) results achieved proposed GSR for test images with
deblurring with 9x 9 uniform blur kernel and = 0.5. Tespect to the iteration number in the cases of image deblurring with uniform

blur kernel and image CS recovery with ratio0.3.

Performance in the scenario 4 debluring case Performance in the scenario 5 debluring case Ts. The SVD of each gI’OUp(Gk Wlth Slze Of BS X C IS
O(Bs x ¢2). Hence, the total compiéty of GSR for image
restoration iSO(N(Bsc® + Tg)). For a 256x 256 image,
the proposed algorithm GSR requires about98minutes for
image inpainting, 6 7 minutes for image deblurring and B
R . e minutes for CS recovery, on an Intel Core2 Duo 2.96G PC
4 Howse 2 - Howse under Matlab R2011a environment.
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Fig. 15. PSNR evolution with respect to sparsity parametér the cases C- Algorithm Stability

of in the cases of scenario 4 (PSF[1464 1] [L4641], = 7)and  gince the objective function (12) is non-convex, it is dif cult

scenario 5 (PSE Gaussian with sté= 1.6, = 2) for two test images. . .
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
Fig. 16. Visual quality comparison of proposed algorithm with various and ultimately become at andable, exhibiting good stability

in the case of scenario 5(PSE Gaussian with std= 1.6, = 2) with of the proposed GSR model.
respect to imagéddouse (a) Original image; (b) Deblurred result with =

0.2, ISNR= 2.68dB; (c) Deblurred result with = 0.8, ISNR= 5.95dB; . L
(d) Deblurred result with = 3.2, ISNR= 5.28dB. H. Comparison Betweerp and 1 Minimization

_ ) _ ~In order to make a comparison betweepand 1 mini-
ISNR (dB) evolution with respect to in the cases of scenariomization, split Bregman iteration (SBI) is also used to solve
4 (PSF=[146 4 1]T'[l 464 1], = 7)and scenario gq, (21). The only difference from solving Eq. (12) described
5 (PSF= Gaussian with std= 1.6, = 2) for two test iy Taplelis g, in Eq. (40) is computed by the operator of soft
images. From Fig. 15, three conclusions can be observed. Fifgtesholding, rather than hard thresholding. Take the cases of
as expected, there is an optimalthat achieves the highestimage deblurring with uniform blur kernel for two imagBar-
ISNR by balancing image noise suppression with image detgiigra and Parrot as examples. Fig. 18 plots their progression
preservation (see Fig. 16(c)). That means, i set too small, -,rves of the PSNR (dB) results achieved by proposed GSR-
the image noise can’t be suppressed (see Fig. 16(b));isf griven o and 1 minimization with respect to the iteration
set too large, the image details will be lost (see Fig. 16(djumber. The result achieved by GSR-drivenminimization
Second, in each case, the optimalfor each test image is yith SB| is denoted by SBILO (blue solid line), while the
almost the same. For instance, in the case of 7, the resylt achieved by GSR-driveny minimization with SBI is
optimal is 12.2, and in the case of = 2, the optimal genoted by SB#L1 (green dotted line). It is obvious that
_is 0.8. This is very important for parameter optimizationsp|+ Lo has better performance than SBI+L1 with more than
since the optimal in each case can be determined by only 5 4B on average, which fully demonstrates and the superior-
one test image and then applied to other test images. Thirdftof , minimization (Eq. (12)) over minimization (Eq. (21)),
is obvious to see that has a great relationship with, i.e., a8 g9 validates the effectiveness of our proposed approach to
larger  corresponds to a larger. solve Eq. (12) again. Our study also assures the feasibility of
using the o minimization for image restoration problems.
F. Algorithm Complexity and Computational Time
The complexity of GSR is provided as follows. Assumé Comparison Between SBI and IST

that the number of image pixels i8l, that the average In our previous work [47], the convex optimization approach
time to compute similar patches for each reference patchitisrative shrinkage/thresholding (IST) is utilized to solve our






