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Signal Denoising With Random Refined
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Abstract—In this paper, an efficient sparse recovery algorithm
called random refined orthogonal matching pursuit (RROMP) is
proposed for signal denoising. Given a noisy signal, the RROMP
algorithm first generates several sparse representations of it by ap-
plying a multi-selection strategy and a false discovery rate (FDR)
control, instead of seeking the sparsest one. The multi-selection
strategy accelerates the whole process of generating the represen-
tations, while the FDR control enables each representation to be
competitive. Then the generated representations are averaged to
form a more accurate estimate in the sense of mean-square-error
(MSE). Our experiments on both synthetically generated signals
and natural images demonstrate the superiority of the RROMP
algorithm.

Index Terms—False discovery rate (FDR), minimum-mean-
squared-error (MMSE), random refined orthogonal matching
pursuit (RROMP), signal denoising, sparse representations.

I. INTRODUCTION

S IGNAL denoising is one of the important topics in the
field of instrumentation and measurement, because it can

significantly reduce uncertainties in the measurement proce-
dures, thus enhancing the accuracy and credibility of many sys-
tems. Numerous methods have been explored for this problem,
such as adaptive filters [1], [2], statistical estimators [3], [4],
transform-domain methods [5]–[10], etc.

Recently, sparse representation theory attracts many at-
tentions. Sparse representation models signals as sparse lin-
ear combinations of atoms from a dictionary D ∈ R

N×K

[11]–[13]. Given a noisy signal Y ∈ R
N , this model assumes

that clean parts of the noisy signal have good sparse repre-
sentations with respect to a predefined dictionary, whereas this
dictionary cannot sparsely represent its noisy parts. Formally,
the sparse model for the denoising problem is given by

α̂ = arg min
α

‖α‖0 subject to ‖Y − Dα‖2 ≤ µ (1)
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where α̂ is the sparse representation of Y, µ is the error
tolerance, and the �0 penalty function ‖ · ‖0 counts the non-zero
coefficients in the representation.

Problem (1) is known to be nondeterministic polynomial-
time hard (NP-hard) in general [14], and thus designing
efficient computational methods for its approximation is a
fundamental question in the field. Common strategies are typ-
ically based on convex relaxation and greedy pursuit. Convex
relaxation methods, such as the basis pursuit (BP) [15] and least
angle regression (LARS) [16], approximate the combinatorial
�0 penalty term in (1) by a �1 norm. Greedy pursuit methods,
which sequentially select atoms based on some greedy selec-
tion rules, include the matching pursuit (MP) [17], orthogonal
matching pursuit (OMP) [18], stage-wise orthogonal matching
pursuit (StOMP) [19], and compressive sampling matching
pursuit (CoSaMP) [20], among others. The greedy methods
appeal in their simplicity and low complexity. However, they
become less effective when the number of atoms in the solution
increases [11], [21]–[23]. This also limits the denoising perfor-
mance of these algorithms [11], [21]–[23].

Recently, Elad and Yavneh [24] showed that sparse repre-
sentations of a signal may be valuable even if they are not
the sparsest ones possible, and moreover, that a plurality of
such representations may be jointly more powerful than any
single one. Following these ideas, the authors introduced the
random orthogonal matching pursuit (RandOMP) algorithm
which randomly computes a variety of sparse representations
for a given signal. The algorithm produces random sparse
representations which obey a specific prior distribution, and
whose mean asymptotically converges to the minimum-mean-
squared-error (MMSE) estimator [24], [25]. Thus, averaging
the outputs of the RandOMP algorithm provides a good signal
estimator in a mean-square-error (MSE) sense.

In this paper, we propose an improvement to the RandOMP
algorithm, named random refined orthogonal matching pursuit
(RROMP). The aim of the refined algorithm is to accelerate the
process by improving the random selection step. The core of
the RROMP algorithm is a stochastic selection process which
allows for multiple atoms to be added each iteration, in a
manner somewhat resembling the StOMP algorithm [19] which
improves on the ordinary OMP by employing a deterministic
multiple-selection process. At each RROMP iteration, a set of
candidate atoms is randomly selected from the dictionary. Then,
a false discovery rate (FDR) control [26]–[28] is applied to
determine the most significant atoms in the set. The overall
process requires less iterations and therefore is faster than
the RandOMP, especially for solving large-scale problems.
Furthermore, the resulting representations are more competitive
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than the ones generated by the RandOMP, thus improving the
denoising results, as shown in our simulations.

The rest of this paper is organized as follows. In Section II,
we introduce the RROMP algorithm and discuss our sampling
strategy. Experimental results on both synthetic signals and
natural images are presented in Section III. Finally, Section IV
concludes the paper and suggests future works.

II. RANDOM REFINED ORTHOGONAL MATCHING PURSUIT

The signal denoising problem assumes a given measurement
signal Y ∈ R

N obtained from the clean signal X ∈ R
N by a

contamination ω of the form Y = X + ω. In this paper, ω is
restricted to be a white Gaussian noise with zero mean and
standard deviation σ. We assume that the signal X has a sparse
representation over the known dictionary D ∈ R

N×K , and thus,
there exists a sparse vector α such that X = Dα. In this setting,
the typical denoising process seeks the sparsest representation
that reproduces Y up to the allowed distortion.

Alternatively, the recently proposed RandOMP algorithm
[24] suggests approximating X by computing several possible
sparse representations {αi} of Y, and averaging the estimates
{Dαi}. The process produces an approximation of the MMSE
estimator of X, and thus improves the MSE of the result com-
pared to a deterministic selection method. This process, how-
ever, requires quite a few executions of the RandOMP method,
and thus the overall process is relatively costly compared to
simpler greedy options. The RROMP algorithm aims to reduce
the complexity of this process by improving the RandOMP
sampling procedure. This is achieved by employing a multiple-
selection process which allows for several atoms to be added at
once, thus reducing the number of iterations.

A. MMSE Estimator and RandOMP

Before introducing the RROMP algorithm, this section gives
a brief review of the MMSE estimator and RandOMP. Recall
that the denoising goal in terms of the MSE is to seek an
estimation X̂ which can minimize the following formula:

MSEY = E
(
‖X̂ − X‖2

2|Y
)

(2)

with E denoting expectation.
Given a dictionary D ∈ R

N×K , let Ω denote the set of
all 2K sub-dictionaries, and U be one sub-dictionary. Based
on Gaussian assumptions, Elad and Yavneh derive a MMSE
estimator for X̂ [24]

X̂MMSE =
a2

∑
U′∈Ωg

exp
{
− a2

2σ2 · ‖Y − YU′‖2
2

}

·
∑

U∈Ωg

exp
{
− a2

2σ2
· ‖Y − YU‖2

2

}
YU. (3)

In this expression, YU denotes the orthogonal projection of the
vector Y onto the subspace spanned by the columns of U, Ωg

is a sub-set of Ω, g represents the sparsity factor which means
each sub-dictionary U in Ωg only has g atoms, and a2 equals
to (σ2

X)/(σ2
X + σ2), where σX is the variance of the non-zero

entries of the representation of the original signal X. Then, the
MSE of this estimator is given by

MSEMMSE
Y =ga2σ2 −‖X̂MMSE‖2

2 +
∑

U∈Ωg

‖a2YU‖2
2P (U|Y).

(4)

By observing (3), the MMSE estimator is a weighted av-
erage of the orthogonal projections of the noisy signal on all
the feasible subspaces. Motivated by the sparsity and redun-
dancy model, the MMSE estimator can also be regarded as
a summation of various sparse representations weighted by
exp{−(a2/2σ2) · ‖Y − YU‖2

2} in (3). That is to say, the atoms
can be selected as candidate representations with a probability
which is proportional to exp{−(a2/2σ2) · ‖Y − YU‖2

2}. Since
exp{−a2 · ‖Y‖2

2} is a constant and the columns in U are nor-
malized, this probability is also proportional to exp{(a2/2σ2) ·
|YT di|2}, where di denotes the ith atom in U, i = 1, . . . , g.

Following this line of reasoning, the RandOMP algorithm
slightly modifies the sampling strategy of the original OMP [18]
by selecting one atom every iteration according to the prob-
ability exp{(a2/2σ2) · |YT di|2}. By running this algorithm
several times, a collection of different representations {αi} can
be obtained, and averaging the estimates {Dαi} is a way to
approximate the MMSE estimator.

B. Proposed RROMP

The weights in (3) depend on the distances between the noisy
signal Y and the sub-spaces U, many of which are with small
amplitude. This makes that the randomly selected atoms consist
of a few “significant” atoms, and numerous “ordinary” ones.
The “ordinary” atoms have little effect on the final results while
still create large computational cost. Therefore, a key idea of the
RROMP algorithm is to adopt an adaptive sampling strategy,
which can further refine the selected atoms.

The scheme of the RROMP algorithm is presented in Fig. 1,
which consists of the following eight steps.
Step 1: Set initial solution α0 = 0, initial residual r0 = Y, ini-

tial estimate I0 = φ, initial randomly selected set H0 = φ,
initial refined set J0 = φ and counter s = 1. The dictionary
D is assumed to be known.

Step 2: Apply the D to the current residual rs−1, getting a vector
of residual correlations cs

cs(k) = dT
k rs−1, k = 1, . . . ,K (5)

for each corresponding atom (K is the number of atoms in
D, dk denotes the kth atom in D, cs(k) stands for the kth
element in cs).

Step 3: Use the residual correlations cs to form a set of probabil-
ities P (k) = exp{(a2/2σ2) · (|cs(k)|2/‖dk‖2

2)}. Then the
probability P is employed to randomly select m elements1

(representing the corresponding atoms) in cs, yielding an
index set Hs

Hs = {h|random (cs(h))} . (6)

1Note that, one element cannot be chosen twice. To avoid this, if the element
has been chosen, we would set its probability zero.
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Fig. 1. Scheme of the RROMP algorithm.

Step 4: Apply the FDR control to the residual correlations cs,
obtaining an adaptive threshold Ts. Afterward, a set Js of
more significant indexes is obtained from the randomly
selected set Hs with the threshold Ts

Js = {j|cs (Hs(j)) > Ts} . (7)

Step 5: Update the estimate Is by merging the new index subset
Js with the previous estimate Is−1

Is = Is−1 ∪ Js. (8)

Step 6: Update the approximation αs by projecting the vector
Y on the columns of D belonging to the estimate Is

αs =
(
DT

Is
DIs

)−1
DT

Is
Y (9)

where DIs
denotes the N × |Is| matrix with columns

chosen using index set Is.
Step 7: Construct a new Dαs using the αs. Then, the current

residual can be calculated by

rs = Y − Dαs. (10)

Step 8: Check the stopping condition. The procedure stops with
the output of final solution α̂s when the �2 norm of the
current residual rs reaches an error goal or the number of
iteration exceeds a fixed number. If it is not satisfied, we
set s = s + 1 and go to the step 2.

It is important to note that the probability distribution P used
in the step 3 is the same as the one employed in the RandOMP
algorithm, which ensures that the mean of the produced rep-
resentations will converge to the MMSE estimator. However,
unlike the process in the RandOMP which only selects one
atom each time, the step 3 selects many atoms according to the
probability P , and then the FDR control is used to determine the
significant ones. Thus, the RROMP algorithm can get multiple
competitive atoms in each iteration and need less iterations than
the RandOMP.

C. Refinement of the Random Set

In this section, we describe how to apply the FDR control
to obtain an adaptive threshold Ts, which is used to refine the
random set in the step 4 of the RROMP algorithm.

The FDR control is a statistical method that can separate
“significant” elements from “ordinary” ones by setting a thresh-
old [26]–[28]. The threshold is determined from the observed
p-value distribution [29], and is adaptive to the test data. More
specifically, the FDR threshold is obtained as follows.

First, normalize the residual correlation cs to have unit
�2-norm and rearrange it of the magnitudes

|cs|(1) ≥ |cs|(2) ≥ . . . ≥ |cs|(k) ≥ . . . ≥ |cs|(K). (11)

Then, compute its corresponding ordered p-values P(1) ≤
P(2) ≤ · · · ≤ P(k) ≤ · · · ≤ P(K). After that, let ks be the
largest index k for which P(k) ≤ (k/K)q, where q de-
notes a fixed ratio. Finally, set Ts = |cs|(ks) as the FDR
threshold.

Fig. 2 gives a simple example showing how the FDR control
works in the RROMP algorithm. We build a dictionary D of
size 128 × 512 whose entries are drawn randomly from the
normal distribution N (0, 1) and columns are normalized. We
generate a random representation α with g = 16 non-zeros,
having amplitudes uniformly distributed on N (0, 1). The clean
signal is obtained by X = Dα, and the noisy signal Y is ob-
tained by adding white Gaussian noise with entries drawn from
N (0, 1). Fig. 2(a) depicts the output of residual correlations.
In Fig. 2(b), 32 elements are randomly selected from residual
correlations. As can be seen, there are a few “significant”
elements coupled with some relatively inferior ones. Employing
the FDR control (q = 0.005) to set a threshold, the significant
estimates can be extracted from all the candidates, as shown in
Fig. 2(c).

Through the above FDR control, more competitive sparse
representations {αi} can be ultimately acquired with the
RROMP algorithm. Since these competitive representations
lead to very small projection error ‖Y − YU‖2

2 and thus the
corresponding weights in (3) are close to 1, all the resulting
representations can be merged by a simple average

αAV E =
1
I

I∑
i=1

αi, i = 1, . . . , I (12)

and its estimate {DαAV E} approaches the MMSE estimator.
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Fig. 2. FDR control in the RROMP algorithm. (a) Residual correlations cs.
(b) Randomly selected elements. (c) Refined elements using the FDR control.

III. EXPERIMENTAL RESULTS

In this section, the proposed RROMP is first compared with
the OMP [18] and RandOMP [24] on synthetically generated
signals with white Gaussian noise. Then, the proposed method
is tested on images corrupted by white Gaussian noise, and
compared with other three well-known denoising methods [3],
[4], [8]. Finally, the RROMP is extended to denoise images
contaminated with speckle noise and compared with two recent
speckle denoising approaches [9], [10].

A. Denoising Synthetic Signals With White Gaussian Noise

By problem suite (g,N,K), we mean a collection of sparse
solution problems defined by two ingredients: a) a dictionary
D of size N by K and b) a random representation α with
sparsity level of g. By standard problem suite, the dictionary
D is generated by normalizing a matrix with i.i.d. uniform

random entries and the random representation α is created
by sampling the g nonzeros from N (0, σX), σX = 1. In these
simulations, the performance of the RROMP is compared with
the RandOMP and OMP on three standard problem suites: (25,
200, 500), (40, 500, 1000), (100, 1000, 2000).

The clean signal is generated by X = Dα, and its noisy
version Y is obtained by adding white Gaussian noise with
varying signal-to-noise ratio (SNR). The denoising effect is
quantified by the relative mean square error (RMSE), which is
a ratio between the mean square error obtained and the input
noise level. Instead of placing a restriction on the iteration
number, we choose the error goal N(Cσ)2 [30] as the stopping
condition, and the parameter C for the RROMP, RandOMP and
OMP is set to 1. For the RandOMP and RROMP, the number
of generated representations I in (12) is chosen to 5, which has
shown to be appropriate in our experiments on both synthetic
signals and natural images. The number of randomly selected
elements m in the step 3 of the RROMP is chosen to 10. The
ratio q depends on the intensity values of the test signals and is
set to 0.005 here. In fact, if the q increases, the RROMP will be
accelerated due to more atoms selected in each iteration while
its denoising performance may be slightly changed. However,
we should note that when the intensity is fixed to a certain
range, slight changes of the q will have little influence over the
behavior of the RROMP.

The denoising results averaged on 1000 generated signals
are shown in Fig. 3. As expected, we see in all these graphs
that the RMSE gain of the RROMP over the RandOMP and
OMP is consistent, though typically small in the problem suite
(25, 200, 500). We also see that the denoising performances
of both the RROMP and RandOMP are better than that of the
OMP in general, which demonstrates the prominent effect of
the MMSE estimator. However, another intriguing observation
is that the behavior of the RandOMP is very close to that of the
OMP for the SNR ≥ 15 in the problem suites: (40, 500, 1000),
(100, 1000, 2000), whereas the advantage of the RROMP over
the OMP and RandOMP is still obvious in these settings. It
is worthwhile to note that since the MMSE estimator is very
hard to compute in these large-scale signals, we do not add the
MMSE estimator in these comparisons.

Fig. 4 shows how many iterations are needed for the above
three algorithms to produce one representation of a test signal,
which is randomly selected from the problem suite (40, 500,
1000). It can be seen that the RROMP indeed has much less
iteration numbers than the OMP and RandOMP (about 1/4
of the number of iterations). In Table I, we also compare the
computation time of the three algorithms for the above denois-
ing simulations. The simulations are done in the environment
of an AMD Athlon CPU 2.81 GHz with a 2.00 GB RAM
PC, operating under Matlab 7.10.0. As we can see, the speed
advantage of the RROMP over the RandOMP is obvious in all
the problem suites. Especially in the problem suite (100, 1000,
2000), the RROMP runs approximately four times faster than
the RandOMP, and even is close to the OMP. Therefore, in
these high-dimensional signals, even though each iteration in
the RROMP is more complex than that of the RandOMP due to
the added FDR control, the computation complexity of the FDR
control is relatively small compared with the complexity of
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Fig. 3. Comparison of the denoising results for the OMP [18], RandOMP [24]
and RROMP on different problem suites (g, N, K): (a) (25, 200, 500); (b) (40,
500, 1000); (c) (100, 1000, 2000).

Fig. 4. Iteration numbers for the OMP [18], RandOMP [24] and RROMP to
produce a representation of a test signal.

TABLE I
COMPARISON OF EXECUTION TIMES (IN SECONDS) FOR RUNNING

1000 GENERATED SIGNALS. THE EXECUTION TIME IN THIS

TABLE IS AN AVERAGE OF ALL THE NOISE LEVELS

Fig. 5. Comparison of denoising results on the image-patches drawn from two
images: (a) Barbara; (b) Lena.

the residual correlation correlation (DT · r) and the orthogonal
projection, which occur each iteration.

B. Denoising Images With White Gaussian Noise

In this subsection, our denoising experiments are divided
into three parts. In the first part, we perform experiments
on image patches drawn from some natural images, whose
intensity values are fitted to the range [0, 255]. The test data-set
is constructed by randomly selecting 1000 patches (of size 24 ×
24) from images corrupted by white Gaussian noise, where the
noise level σ is in the range between 10 and 100. Since the
discrete cosine transform (DCT) dictionary2 is simple and can
serve natural image content well, it is applied in our experi-
ments. The number of randomly selected elements m in the

2This dictionary is obtained by assigning d[i, j] = cos((i − 1)(j −
1)π/m) for 1 ≤ i ≤ n and 1 ≤ j ≤ mremoving the mean from all the atoms
apart from the first, and normalizing each atom to unit �2-norm.
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TABLE II
COMPARISON OF DENOISING RESULTS (IN PSNR) FROM THE FoE [3], SURE-LET [4], PROBSHRINK [8], OMP [18], RandOMP [24] AND RROMP. THE

RESULTS REPORTED IN THE TABLE ARE AVERAGED ON FIVE IMAGES AND THE BEST RESULTS ARE LABELED IN BOLD

Fig. 6. Visual comparison of the reconstructed image (“Barbara”) by the
FoE [3], SURE-LET [4], ProbShrink [8], OMP [18], RandOMP [24] and
RROMP. (a) Original image. (b) Noisy image (PSNR = 20.19 dB, σ = 25).
(c) Denoising result using the FoE (PSNR = 27.11). (d) Denoising result
using the SURE-LET (PSNR = 26.74). (e) Denoising result using the Prob-
Shrink (PSNR = 28.33 dB). (f) Denoising result using the OMP (PSNR =
28.63 dB). (g) Denoising result using the RandOMP (PSNR = 28.71 dB).
(h) Denoising result using the RROMP (PSNR = 29.07 dB).

RROMP is set the same as in the synthetic experiments. Con-
sidering that the intensity of the images is different with that
of the synthetic signals, the ratio q in the FDR control is now
modified to 0.2. The denoising results for the image-patches
from image “Barbara” and “Lena” are shown in Fig. 5. As
in the synthetic experiments, the performance of the RROMP
still consistently outperforms that of the RandOMP and OMP
in all the noise levels. In addition, we also observe that the
RROMP saves about 10%–20% running time compared with
the RandOMP on average.

The second part tests our method on grayscale images cor-
rupted by white Gaussian noise. The experiments are very
similar to those in [31], which first draw the image patches (of
size 8 × 8) from the noisy image (the sliding distance between

Fig. 7. Denoising result of the zooming area of the reconstructed image (“Bar-
bara”): (a) FoE [3] (PSNR = 27.11). (b) SURE-LET [4] (PSNR = 26.74).
(c) ProbShrink [8] (PSNR = 28.33 dB). (d) OMP [18] (PSNR = 28.63 dB).
(e) RandOMP [24] (PSNR = 28.71 dB). (f) RROMP (PSNR = 29.07 dB).

the patches is 1) and then return the processed patches to their
original location to reconstruct the original image. In these
experiments, the peak-signal-to-noise ratio (PNSR) is used as
objective denoising measure. The parameter C in the stopping
condition is chosen to 1.15, which is the same as in [31].
Five different grayscale images (“Barbara,” “House,” “Lena,”
“Peppers,” and “Cameraman”) are used and the added noise
level σ is also in the range between 10 and 100. In Table II, the
average (over all images) PSNRs of the RROMP are compared
with the results from the RandOMP [24], OMP [18], and other
three well-known denoising methods: FoE [3], SURE-LET [4],
and ProbShrink [8]. It is worthy to note that the parameters
of the FoE, SURE-LET and ProbShrink are set the same as
in [3], [4], and [8] in our tests. We can see that our average
results are obviously better than the other five methods when
the noise level σ is between 10 and 75, whereas ProbShrink
achieves better performances for the high noise level σ = 100.
In Table II, it also should be noticed that the RandOMP does
not show obvious advantage over the OMP, and even performs
worse when the noise level σ is larger than 75. This is be-
cause there exists overlapping between the image-patches, and
this overlapping reduces the effect of the MMSE estimator
[25]. However, for the more competitive representations, the
RROMP still outperforms the OMP by about 0.3 dB for the
noise level σ between 20 and 75.

Fig. 6 provides a visual comparison of denoising results of
image “barbara” using the FoE, SURE-LET, ProbShrink, OMP,
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Fig. 8. Zooming area of the reconstructed color image (“Bird”). (a) Original image. (b) Noisy image (PSNR = 20.17 dB, σ = 25). (c) Denoising result
using the SURE-LET [4] (PSNR = 32.83). (d) Denoising result using the ProbShrink [8] (PSNR = 32.22 dB). (e) Denoising result using the OMP [18]
(PSNR = 32.53 dB). (f) Denoising result using the RandOMP [24] (PSNR = 32.58 dB). (g) Denoising result using the RROMP (PSNR = 32.79 dB).

Fig. 9. Reconstructed image (“Hill”). (a) Original image. (b) Noisy image (PSNR = 15.64 dB). (c) Denoising result using the SteinBlock [9] (PSNR = 26.02).
(d) Denoising result using the TVL1F [10] (PSNR = 26.51). (e) Denoising result using the OMP [18] (PSNR = 26.15 dB). (f) Denoising result using the
RandOMP [24] (PSNR = 26.13 dB). (g) Denoising result using the RROMP (PSNR = 26.38 dB).

RandOMP and our method. It can be seen from these figures
that the visual quality of our method is generally better than
that of the other three methods. Furthermore, more detailed
information (e.g., high-frequency texture information) can also
be better preserved in our method, as shown in Fig. 7.

The third part conducts experiments on RGB color images
corrupted by white Gaussian noise. For the OMP, RandOMP
and RROMP, we just simply deal with each single RGB chan-
nel independently. Fig. 8 shows denoising results of several
methods on the color image “Bird.” As can be observed,
our method and SURE-LET [4] obviously outperform other
three approaches in term of PSNR. Moreover, we can see
that our method outputs smoother surfaces in homogeneous
regions and exhibits fewer artifacts, compared with SURE-LET
and ProbShrink. We should note that both SURE-LET and
ProbShrink adopt complex color denoising strategies, which
integrate the dependences of each RGB channel to boost their
performance. So, how to effectively exploit the correlations

among each RGB channel in our method needs to be further
studied.

C. Denoising Images With Speckle Noise

This subsection extends our method to denoise image conta-
minated with speckle noise. As indicated in [10], speckle noise
is one kind of multiplicative noise and the noisy image Xη is
created by

Xη = X
1
K

K∑
k=1

ηk (13)

where X is the clean image, ηk represents noise, which obeys
one-side exponential distribution and K is set to 10. In this
experiment, the noisy image is first processed by a loga-
rithmic transform, which converts speckle noise into additive
noise [32]. Then, the RROMP can be used to denoise the
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log-transformed image with the same parameters in the above
subsection and the denoised result in log-domain can be even-
tually transformed to the reconstructed image using an expo-
nential function. Through the same operation, the OMP and
RandOMP can also be used to denoise speckle noise. In Fig. 9,
we compare our method with the OMP, RandOMP, and two re-
cent speckle denoising approaches, SteinBlock [9] and TVL1F
[10]. As can be seen from the denoised results, our method
is very competitive with the TVL1F and performs better than
the OMP, RandOMP, and SteinBlock in terms of both PSNR
and visual quality. Likewise, we should note that our method
can also be applied to Poisson denoising by a variance stabil-
ity transform (VST) [33], [34] which can convert noise with
Poisson distribution into noise with nearly Gaussian distribu-
tion. Actually, our preliminary tests in Poisson denoising have
already provided promising results, but we do not add these
results in this paper to save space. Another interesting question
is how to extend our method to real noisy image denoising.
Since the noise level of real noisy image is unknown, our future
work will incorporate some noise automatic estimation models
[35] into our denoising framework.

IV. CONCLUSION

In this paper, we present a new sparse coding algorithm
called random refined orthogonal matching pursuit (RROMP)
which considers an improved sampling strategy. The overall
process requires less iterations and thus becomes faster, due to
the multiple-selection strategy which allows for multiple atoms
to be obtained each iteration. Besides, the generated represen-
tations are very competitive by applying the FDR control, thus
resulting in better denoising performance. However, when the
dimension of the signals is very low, the RROMP algorithm
may turn to be less efficient, owing to the added complexity of
the FDR control which operates each iteration. Thus, part of
our ongoing work is to adopt some efficient techniques (e.g.,
using a look-up-table to compute the ordered p values instead
of an exact computation) to reduce the complexity in the FDR
control, which enable the RROMP to be more applicable for
small signals. Furthermore, in the future, we can apply the
RROMP algorithm to other applications, such as 3-D image
denoising and compressive sensing reconstruction [36].
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