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The nonlocal means algorithm is widely used in image denoising, but this algorithm does not work well for high-intensity noise.
To overcome this shortcoming, we establish a coupled iterative nonlocal means model in this paper. Considering the computation
complexity of the new model, we realize it by using multiscale wavelet transform and propose an asymptotic nonlocal filtering
algorithm which can reduce the influence of noise on similarity estimation and computation complexity. Moreover, we build a new
nonlocal weight function based on the structure similarity index. Simulation results indicate that the proposed approach cannot
only remove the noise but also preserve the structure of image and has good visual effects, especially for highly degenerated images.

1. Introduction

Noise in images introduced by formation and transmission is
unavoidable, which makes postprocessing difficult. Denois-
ing is always an important research in image processing and
computer vision. Numerous denoising techniques have been
proposed in the image processing literature including varia-
tion regularization [1–6], Partial Differential Equation [7, 8],
wavelet shrinkage [9], and neighborhood filtering [10, 11].
In particular, the nonlocal means (NLM) algorithm, which
is first presented in [12] by Buades et al., has drawn much
research attention lately due to its excellent performance.

How to measure the similarity of original clean patches
through noisy patches is the heart of the NLM algorithm.The
Gaussian weighted distance is used to measure the similarity
on different image patches inNLM,which is easily influenced
by noise and does not use the structure information in
the patch. In order to improve the accuracy of similarity
estimation, multiple weight functions have been developed
[13–16]. Tasdizen [13] proposed a principle neighborhood
dictionary that measures the patch similarity in the domain
of principle component analysis. Other transform domain
based NLM algorithms are also proposed such as [14, 15].
Kervrann et al. [16] proposed a Bayesian NLM framework

that measures the patch similarities based on the statistical
distribution of noise. Rehman and Wang [17] directly used
the structure similarity (SSIM) index to estimate the nonlocal
weights (SSIM-based nonlocal means, SSIM-NLM). All these
weights functions can generate good denoising results for
low-intensity noise, while not working well for high-intensity
noise.

In order to reduce the influence of noise, iterative NLM
algorithm has been proposed in [18], and it has been
extended in [19, 20]. They update the filtered image in
iterative process, while estimating the nonlocal weights over
original noisy image which will reintroduce noise. Another
iterative NLM algorithm has been proposed in [21] from
variation formulation. Though the similarity of patches may
bemeasuredmore accurately from the denoised image rather
than the noisy image, the residual noise is still in the results
because the weighted averaging is implemented on noisy
image. From statistics, Deledalle et al. proposed a similar
iterative approach in [22]. The above two kinds of iterative
NLM algorithms have better denoising effect; however, these
approaches only update one variable during iteration. This
noncorresponding could bring deviation. In order to avoid
it, [23] established a new regularization functional by using
the maximum entropy to estimate the nonlocal weights. This
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model can obtain better results because the nonlocal weights
and filtered image both are updated in iterative process.
However, its computational complexity is high.

In fact, the iterative NLM algorithm switches strong
filtering into multiple relatively weak filtering. As we know,
multiscale transform is an effective tool to realize asymptotic
approximation of the signal. Based on this, multiscale NLM
algorithms have been proposed in [24, 25]. Compared to
[25] (multiscale NLM, MSNLM), our algorithm proposed
in [24] can better preserve the details because subimage has
orientation information with wavelet transform.Thus, in this
paper, we use multiscale wavelet transform to realize the
new coupled iterative NLM model and call it asymptotic
nonlocal filtering (ANLF). In ANLF algorithm, the noisy
image is transformed into a series of spatial subimages; then
the nonlocal weights are estimated by relatively clean low-
frequency part and weighted averaging is applied at the same
layer to remove the noise. ANLF has the same way as [24]
but out of different considerations. Moreover, we give a new
nonlocal weight function based on SSIM index [26].

To summarize, in this paper, we propose a novel asymp-
totic nonlocal filtering for image denoising. Extensive exper-
imental results show our method is valid. The contributions
of this paper are threefold.

(i) We establish a new NL regularization functional and
deduce the corresponding coupled iterative NLM
model.

(ii) Usingmultiscale wavelet transform to realize the cou-
pled iterative NLM model, the new method reduces
the computational complexity.

(iii) A new nonlocal weight function is given based on
SSIM index which can provide more accurate simi-
larity estimation.

2. Coupled Iterative Nonlocal Model

In this section, we review the NLM algorithm and previous
related iterative NLM algorithms. Then, we establish a cou-
pled iterative nonlocal model which makes a good tradeoff
between noise suppression and edge preservation.

2.1. NLM Algorithm. We assume that the input noisy image
is

V (𝑥) = 𝑢 (𝑥) + 𝜂 (𝑥) , (1)

where V(𝑥): (Ω ∈ 𝑅2)→ 𝑅 is composed of the original clean
image 𝑢(𝑥) and the independent additive white Gaussian
noise 𝜂(𝑥) with zero mean and variance 𝜎2. NLM algorithm
estimates the gray value of each pixel 𝑥 as the weighted
average of all pixels whose Gaussian neighborhood looks like
the neighborhood at pixel 𝑥:

NL (V) (𝑥) = ∫
Ω

𝜔 (𝑥, 𝑦) V (𝑦) 𝑑𝑦,

𝜔 (𝑥, 𝑦) =
1

𝑐 (𝑥)
exp(−

𝑑
𝛼
(V (𝑥) , V (𝑦))
ℎ2

) ,

(2)

where 𝑑
𝛼
(V(𝑥), V(𝑦)) = ∫

Ω
𝑔
𝛼
(𝑡)|V(𝑥 + 𝑡) − V(𝑦 + 𝑡)|2𝑑𝑡, 𝑔

𝛼
(𝑡)

is Gaussian function with standard deviation 𝛼, 𝑐(𝑥) is a
normalizing factor, and ℎ is the decay parameter of weight
function.

The similarity function 𝜔(𝑥, 𝑦) represents the affinity
between different pixels of the image, and it is defined as a
similarity measure based on theL

2
-norm between intensity

values. The discrete version of the NLM algorithm can be
represented as

NL (V) (𝑖) = ∑
𝑗

𝜔 (𝑖, 𝑗) V (𝑗) ,

𝜔 (𝑖, 𝑗) =
1

𝑍
𝑖

exp(
−

V (N
𝑖
) − V (N

𝑗
)


2

2,𝛼

ℎ2
) ,

(3)

where V(N
𝑖
) = {V(𝑘) : 𝑘 ∈ N

𝑖
} and N

𝑖
is a small neigh-

borhood centered at the pixel 𝑖, ‖ ⋅ ‖2
2,𝛼

is the weighted L
2
-

norm and 𝛼 > 0 is the standard deviation of the Gaussian
kernel, and 𝑍

𝑖
is a normalizing factor.

2.2. Previous Iterative NLMAlgorithm. In 2005, Kindermann
et al. [27] first proposed nonlocal regularization functional
based on the calculus of variation and diffusion processes.
And the following weighted nonlocal functional is proposed
by Gilboa and Osher [18]:

𝐽 (𝑢) =
1

4
∫
Ω×Ω

𝑢 (𝑥) − 𝑢 (𝑦)

2

𝜔 (𝑥, 𝑦) 𝑑𝑥 𝑑𝑦, (4)

where Ω ⊂ 𝑅2, 𝑥 = (𝑥
1
, 𝑥
2
) ∈ Ω, 𝑦 = (𝑦

1
, 𝑦
2
) ∈ Ω, 𝜔(𝑥, 𝑦) =

exp(−(‖V(𝑥) − V(𝑦)‖2
2
/ℎ2)).

By using fixed point method, the corresponding iterative
scheme is obtained:

𝑢
𝑘+1
(𝑥) =

1

∫
Ω×Ω

𝜔V (𝑥, 𝑦) 𝑑𝑦
∫
Ω×Ω

𝑢
𝑘
(𝑦) 𝜔V (𝑥, 𝑦) 𝑑𝑦,

𝑢
0
(𝑥) = V (𝑥) .

(5)

The weights 𝜔V(𝑥, 𝑦) ∈ Ω × Ω in (5) depend on original
noisy image V(𝑥) and are not involved in the iterative process.
This will lead to reintroduced noise.

Different from the method shown in (4), Brox et al. [21]
proposed another variation formulation based on a trivial
variation principle, which can be written as

𝐽 (𝑢) = ∫(𝑢 (𝑥) −
∫𝜔
𝑢
(𝑥, 𝑦) V (𝑦) 𝑑𝑦

∫𝜔
𝑢
(𝑥, 𝑦) 𝑑𝑦

)

2

𝑑𝑥. (6)

And they obtained the corresponding iterative scheme by
using fixed point method:

𝑢
𝑘+1
(𝑥) =

1

∫
Ω×Ω

𝜔
𝑢
𝑘 (𝑥, 𝑦) 𝑑𝑦

∫
Ω×Ω

𝜔
𝑢
𝑘 (𝑥, 𝑦) V (𝑦) 𝑑𝑦. (7)

Deledalle et al. [22] presented further iterative weighted
maximum likelihood denoising with probabilistic patch-
based weights (iPPB), which updates the weights in a data-
driven way using both the noisy patch and iteratively filtered
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results. Same as (7), iPPB can give more accurate similarity
weights, but its weighted averaging is always implemented
over original noisy image V(𝑥).

2.3. Coupled Iterative Nonlocal Model. The averaging proce-
dure of the above iterative algorithms does not correspond to
the weight function because there is only variable (𝑢 or 𝜔) in
updating.This strategy is not reasonable from the perspective
of game theory. Inspired by the nonlocal regularization for
inverse problems [23], we directly use the maximum entropy
approach to estimate 𝜔(𝑥, 𝑦) and consider the following joint
optimization:

𝐽 (𝑢, 𝜔) =
1

4
∫
Ω×Ω

𝑢 (𝑥) − 𝑢 (𝑦)

2

𝜔 (𝑥, 𝑦) 𝑑𝑥 𝑑𝑦

+ 𝛾∫
Ω×Ω

𝜔 (𝑥, 𝑦) log𝜔 (𝑥, 𝑦) 𝑑𝑥 𝑑𝑦,
(8)

where 𝛾 > 0 is the regularization parameter.
Using the alternating minimum and fixed point method

for (8), we obtain

𝜔
𝑘
(𝑥, 𝑦) = exp(−


𝑢𝑘 (𝑥) − 𝑢

𝑘 (𝑦)


2

2

2𝛾
) ; (9)

𝑢
𝑘+1
(𝑥) =

∫
Ω
𝜔𝑘 (𝑥, 𝑦) 𝑢𝑘 (𝑦) 𝑑𝑦

∫
Ω
𝜔𝑘 (𝑥, 𝑦) 𝑑𝑦

. (10)

It is obvious that (9) is a neighborhood filtering (Gaussian
filtering), and the regularization parameter 𝛾 of (8) is just
the filtering parameter which controls smoothing degree.
This coupled system avoids the disadvantages of the meth-
ods mentioned in Section 2.2 through the mutual influence
between 𝑢 and 𝜔.

Assume that the total number of image pixels is𝑁 = 𝑚 ×
𝑛, that the patch size is 𝑝 × 𝑝, and that the searching window
is of size 𝑇 × 𝑇. The complexity of NLM is 𝑂(𝑝4𝑇2𝑁). The
complexity of iterative NLM algorithm is 𝑂(𝑡𝑝4𝑇2𝑁), where
𝑡 is the number of iterations. It will not achieve the intention
edge-preserving if 𝑡 is too small. Such as, literature [22] used
25 iterations to ensure iPPB algorithm to reach convergence.
That is to say, the complexity of proposed coupled iterative
NLM is high. Moreover, the number of iterations and the
selection criterion of smoothing parameter are hard to be
determined. In order to solve these problems, we propose an
asymptotic nonlocal filtering algorithm in the next section.

3. Asymptotic Nonlocal Filtering

For high-intensity noise, the coupled iterative NLM algo-
rithms perform better than NLM in edge-preserving because
they switch a strong filtering into multiple weaker filtering.
It is well known that multiscale transform is the effective
tool to realize asymptotic approximation of the signal and
when the signal is decomposed into different subbands, the
noise is decomposed and its variance 𝜎2 is reduced layer by
layer. According to this, we realize the coupled iterative NLM
system by using multiscale wavelet transform.

3.1. The Framework of ANLF. Wavelet transform is used to
realize image multiscale decomposition because it is simple
and can maintain the structure of image better than others
(such as LP [25]).

Let the noisy image V belong to zero layer. Using the
Mallat algorithm [28], V is decomposed into 𝑠 = 1, . . . , 𝐽
layers. At layer 𝑠, the low-frequency part V𝑙

𝑠
and the high-

frequency part Vℎ
𝑠
are, respectively, reconstructed from scale

coefficient 𝐿𝐿
𝑠+1

and wavelet coefficients 𝐿𝐻
𝑠+1

, 𝐻𝐿
𝑠+1

,
𝐻𝐻
𝑠+1

, and then V
𝑠
= V𝑙
𝑠
+ Vℎ
𝑠
, (𝑠 = 1, . . . , 𝐽 − 1).

After wavelet transform, the noise of Vs obeys or approx-
imately obeys Gaussian distribution, so NLM can be applied
to V
𝑠
directly and we can obtain the denoised image 𝑢

𝑠
by

𝑢
𝑠
(𝑥) =

∫
Ω
𝜔
𝑠
(𝑥, 𝑦) V

𝑠
(𝑦) 𝑑𝑦

∫
Ω
𝜔
𝑠
(𝑥, 𝑦) 𝑑𝑦

, (11)

and the weights 𝜔
𝑠
are computed by V𝑙

𝑠
:

𝜔
𝑠
(𝑥, 𝑦) = exp(−


V𝑙
𝑠
(𝑥) − V𝑙

𝑠
(𝑦)


2

2

2𝛾
𝑠

) , (12)

where 𝛾
𝑠
is the decay parameter of the weights at layer 𝑠,

depending on the noise variance 𝜎
𝑠
of V𝑙
𝑠
.

Then, we replace𝐿𝐿
𝑠
by 𝑢
𝑠
and repeat the process above at

the layer 𝑠 − 1. This process will not stop until the layer 𝑠 = 0.
We call this algorithm ANLF or L

2
-ANLF and show whole

process in Algorithm 1.
In the framework of ANLF, the observed image is trans-

formed into a relatively clean spatial subimage sequence
by using wavelet transform and the coupled iterative NLM
filtering is implemented asymptotically. As with analysis in
Section 2.3, the complexity of ANLF is 𝑂(𝑁 + (4/3)𝑝4𝑇2𝑁).
It is lower than the complexity of coupled iterative NLM
algorithm 𝑂(𝑡𝑝4𝑇2𝑁) because the desired clean subimage
can be provided with three to five layers’ wavelet decompo-
sition for most images. This suggests that ANLF improves
computational efficiency and reduces the influence of noise,
especially for highly degenerated images. Furthermore, the
corresponding low-frequency part V𝑙

𝑠
is used to calculate

the similarity weights instead of V
𝑠
. That is, (12) shares

the basic idea of the NLM with weighted L
2
-norm in

similarity measuring. Compared with the Gaussian filtering,
wavelet transform is used here to preserve the structure
features and an asymptotic approximation framework can be
obtained naturally. In addition, human visual system is more
sensitive to image structural changes [29]. Thus, ANLF can
provide more accuracy similarity weights, and the restored
image with this algorithm is more suitable for human visual
perception.
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(1) Initialization: 𝐿𝐿
0
= V.

(2) Decomposition: Decompose 𝐿𝐿
0
into 𝐿𝐿

𝐽
and 𝐿𝐻

𝑠
, 𝐻𝐿
𝑠
, 𝐻𝐻
𝑠
(𝑠 = 1, . . . , 𝐽) by wavelet decomposition.

(3) De-noising:
(A) Reconstruct the low and high-frequency image V𝑙

𝐽−1
, Vℎ
𝐽−1

respectively from 𝐿𝐿
𝐽
and 𝐿𝐻

𝐽
, 𝐻𝐿
𝐽
, 𝐻𝐻
𝐽
by inverse wavelet

transform. And let V
𝐽−1
= V𝑙
𝐽−1
+ Vℎ
𝐽−1

;
(B) Calculate similarity weights 𝜔

𝐽−1
(𝑥, 𝑦) by (12) on the low sub-image V𝑙

𝐽−1
;

(C) Estimate 𝑢
𝐽−1

by (11) on the sub-image V
𝐽−1

;
(D) Replace 𝐿𝐿

𝐽−1
by 𝑢
𝐽−1

;
(E) Repeat the steps A–D at each layer until the layer 𝑠 = 0 and obtain restored image 𝑢 = 𝑢0.

Algorithm 1: ANLF (L
2
-ANLF).

In the later discussion, we use the following discrete form:

𝜔
𝑠
(𝑖, 𝑗) = exp(−


V𝑙
𝑠
(N
𝑖
) − V𝑙
𝑠
(N
𝑗
)


2

2

2𝛾
𝑠

) , (13)

𝑢
𝑠
(𝑖) =

∑
𝑗∈𝐼
𝜔
𝑠
(𝑖, 𝑗) V

𝑠
(𝑗)

∑
𝑗∈𝐼
𝜔
𝑠
(𝑖, 𝑗)

. (14)

3.2. Improved Weight Function. In L
2
-ANLF algorithm, the

similarity of noisy image patches is estimated by corre-
sponding low-frequency patches. But (13) only uses the gray
information of patches while ignoring their structure. In
addition, theL

2
-norm is sensitive to noise. In edge regions,

the small weight may be assigned to the structurally similar
patches because their L

2
-norm is large, and then the noise

cannot be removed effectively by the weighted averaging.
The SSIM index [26] could remedy the weaknesses of (13)

because it combines the brightness, contrast, and structure
information of the patch. So we use SSIM index to improve
the accuracy of similarity estimation and give the following
nonlocal weight function:

𝜔
SSIM
𝑠

(𝑖, 𝑗) = exp {−𝛼 ⋅ [1 − SSIM (V𝑙
𝑠
(N
𝑖
) , V𝑙
𝑠
(N
𝑗
))]} .

(15)

Here the SSIM index between the image patches 𝑋 and 𝑌 is
defined as

SSIM (𝑋, 𝑌) =
2𝜇
𝑋
𝜇
𝑌
+ 𝑓
1

𝜇2
𝑋
+ 𝜇2
𝑌
+ 𝑓
1

⋅
2𝜎
𝑋,𝑌
+ 𝑓
2

𝜎2
𝑋
+ 𝜎2
𝑌
+ 𝑓
2

, (16)

where 𝛼 > 0 is constant, 𝜇
𝑋
, 𝜎
𝑋
, and 𝜎

𝑋,𝑌
are the mean,

standard deviation, and cross correlation between the two
patches, respectively. The positive functions 𝑓

1
, 𝑓
2
are not

constant like [17]. They, depending on noise level 𝜎
𝑠
, are used

to balance the tradeoff between noise suppression and edge
preservation.

Equation (16) suggests that the better the similarity to
reference patch is, the bigger the SSIM is, so this patch
has higher ratio in weighted averaging. The values of 𝑓

1
, 𝑓
2

control the smoothing degree and ratio of 𝑓
1
/𝑓
2
reflects that

more attention should be paid onmeanor variance: if𝑓
1
> 𝑓
2
,

(16) stresses on the mean; namely, the filtering of (15) focuses
on smoothing; if 𝑓

1
< 𝑓
2
, (16) stresses on the variance;

namely, the filtering of (15) focuses on edge-preserving.
Therefore one can get a balance between smoothing and
edge-preserving by choosing appropriate functions𝑓

1
, 𝑓
2
.We

select the 𝑓
1
and 𝑓

2
according to the following principles:

(1) if the noise level is low, smoothing degree should be
small and the emphasis of processing should be laid
on structure preservation, so𝑓

1
,𝑓
2
both are small and

satisfy 𝑓
1
< 𝑓
2
;

(2) if the noise level is high, smoothing degree should be
large and the emphasis of processing should be laid on
noise suppression, so 𝑓

1
, 𝑓
2
both are large and satisfy

𝑓
1
> 𝑓
2
.

As analyzed in Section 3.1, the noise levels of low-fre-
quency sequences are always low in framework of ANLF. So
we take 𝑓

1
and 𝑓

2
at layer 𝑠 as

𝑓
1
(𝜎
𝑠
) = (𝐾 ⋅ 𝜎

4

𝑠
)
−1

, 𝑓
2
(𝜎
𝑠
) = 𝐾 ⋅ 𝜎

2

𝑠
, (17)

where 𝐾 > 0 is constant. Of course, one can construct other
forms 𝑓

1
,𝑓
2
.

Using (15) to compute the similarity weights, the L
2
-

ANLF can be modified to SSIM-ANLF and we show it in
Algorithm 2.

4. Experiments and Analysis

In this section, experimental results are reported to validate
the efficiency of the proposed algorithm. The corresponding
algorithms are implemented in Matlab 7.0 environment on
an AMD 1.90-Ghz dual-core PC. The results obtained by our
methods are compared with that obtained from the NLM,
iPPB, SSIM-NLM, MSNLM, and BM3D [30] algorithm.

In order to quantitatively measure the denoising capabil-
ity of different methods, the reference originals, also called
clean images, are known and the images used in our exper-
iments are only corrupted by additive Gaussian white noise
of a given variance. Thus, the MSSIM [26] and PSNR (dB)
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(1) Initialization: 𝐿𝐿
0
= V.

(2) Decomposition: Decompose 𝐿𝐿
0
into 𝐿𝐿

𝐽
and 𝐿𝐻

𝑠
, 𝐻𝐿
𝑠
, 𝐻𝐻
𝑠
(𝑠 = 1, . . . , 𝐽) by wavelet decomposition.

(3) De-noising:
(A) Reconstruct the low and high-frequency image V𝑙

𝐽−1
, Vℎ
𝐽−1

respectively from 𝐿𝐿
𝐽
and 𝐿𝐻

𝐽
, 𝐻𝐿
𝐽
, 𝐻𝐻
𝐽
by inverse wavelet

transform. And let V
𝐽−1
= V𝑙
𝐽−1
+ Vℎ
𝐽−1

;
(B) Calculate similarity weights 𝜔SSIM

𝑠
(𝑖, 𝑗) by (15) on the low sub-image V𝑙

𝐽−1
;

(C) Estimate 𝑢
𝐽−1

by (14) on the sub-image V
𝐽−1

;
(D) Replace 𝐿𝐿

𝐽−1
by 𝑢
𝐽−1

;
(E) Repeat the steps A–D at each layer until the layer 𝑠 = 0 and obtain restored image 𝑢 = 𝑢0.

Algorithm 2: SSIM-ANLF.

Figure 1: Test images, from left to right: Lena, House, Rice, Parrot, Hill, and Flower.

indexes can be used to measure the denoising performance.
The MSSIM and PSNR are, respectively, defined by

MSSIM (𝑈, 𝑉) = 1

|Ω|
∑
𝑋𝑗 ,𝑌𝑗∈Ω

SSIM (𝑋
𝑗
, 𝑌
𝑗
) ,

PSNR (𝑋, 𝑌) = 10 × lg 2552

(1/𝑚𝑛) ‖𝑈 − 𝑉‖
2

2

,

(18)

where 𝑈 and 𝑉 are the reference and the restored image,
respectively;𝑋

𝑗
is the image contents at the 𝑗th local window;

𝑚 and 𝑛 are the sizes of the image.

4.1. The Choice of Parameters. Thirty-six experiments are
done to test the performance of our algorithms on six
images shown in Figure 1. For all experiments, we select
the parameters to achieve the best MSSIM values. A search
window of size |𝐼| = 21 × 21 and a similarity patch of size
|N
𝑖
| = 7 × 7 are used. The maximum decomposition layer

𝐽 is 3. 𝛾
𝑠
= 𝜎2
𝑠
and 𝜎

𝑠
is taken as empirical value 𝜎

𝑠
=

𝛽
𝑠
⋅ 10−𝑠 ⋅ 𝜎 (𝛽

2
= 𝛽
1
= 2.5, 𝛽

0
= 0.5). Of course, it can

be chosen according to the method which presented in [31].
The parameters have been set to 𝛼 = 50, 𝐾 = 55.

For iPPB and BM3D, we used the codes provided by the
authors with their optimal parameter in all these algorithms
and the iterative number of iPPB is 25.

4.2. Testing the Robustness of ANLF. In this section, the
experiments are done to test the robustness of theL

2
-ANLF

to wavelet transform. In Table 1, we list the results of seven
wavelet transforms on three images. We can find that the
standard variances of PSNR andMSSIM are less than 0.1 and

0.005, respectively. These results indicate that the L
2
-ANLF

algorithm is not sensitive to the chosen wavelet transform.
Therefore in following experiments we only use the Db8
wavelet to show the results of our method.

4.3. Simulation Results and Analysis. In this section, the part
of denoising results is given to illustrate the validity ofmethod
which is proposed in this paper.

In Figure 2, we show the clips of denoising results to
demonstrate the detail-preserving capability of the proposed
method. We can see that the capacity of detail-preserving of
proposedmethods is better than theNLM, iPPB, SSIM-NLM,
and MSNLM and similar to BM3D’s. It is easy to find the
result of BM3D appeared fake textures in flat area, and SSIM-
ANLF almost did not.

In Figures 3 and 4, we show two denoising results to
demonstrate the edges- preserving capability of the proposed
methods. Comparing the results shown in Figure 3, some
artificial edges are obtained from the NLM, BM3D, andL

2
-

ANLF algorithm, and obscured image with some highlight
edges is obtained from the iPPB algorithm, while SSIM-
ANLF estimates the edges well and the restored image ismore
faithful to the original clean image. The denoising results of
image with weak edges are shown in Figure 4, where we can
easily find that the SSIM-ANLF algorithm is efficient on edge
preservation; it especially does not produce false edges in the
flat area.

The results shown in Figure 5 demonstrate that SSIM-
ANLF algorithm can preserve the edges while removing the
noise for highly degenerated images. The related values of
PSNR and MSSIM which are listed in Table 2 indicate that
our methods are valid.
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Table 1: PSNR and MSSIM comparisons of denoising results of L
2
-ANLF with different wavelets, MSSIM results are shown in brackets

(noise standard is 30).

Test
image Sym5 Sym8 Db5 Db8 Coif5 Rbio5.5 Bior5.5 Standard

variance
House 30.79 (0.822) 30.83 (0.822) 30.82 (0.822) 30.80 (0.822) 30.85 (0.821) 30.65 (0.814) 30.81 (0.826) 0.066 (0.0036)
Lena 30.64 (0.827) 30.64 (0.827) 30.62 (0.827) 30.64 (0.826) 30.64 (0.827) 30.54 (0.821) 30.65 (0.830) 0.038 (0.0027)
Rice 28.59 (0.779) 28.57 (0.778) 28.54 (0.778) 28.59 (0.778) 28.55 (0.777) 28.53 (0.778) 28.57 (0.779) 0.024 (0.0007)

(a) Noisy image (b) NLM (c) iPPB (d) SSIM-NLM

(e) MSNLM (f) BM3D (g) L2-ANLF (h) SSIM-ANLF

Figure 2: Denoising results for the clip of image “Lena” with 𝜎 = 40.

(a) Noisy image (b) NLM (c) iPPB (d) SSIM-NLM

(e) MSNLM (f) BM3D (g) L2-ANLF (h) SSIM-ANLF

Figure 3: Denoising results for the image “Rice” with 𝜎 = 50.
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(a) Noisy image (b) NLM (c) iPPB (d) SSIM-NLM

(e) MSNLM (f) BM3D (g) L2-ANLF (h) SSIM-ANLF

Figure 4: Denoising results for the “Parrot” with 𝜎 = 60.

(a) Noisy image (b) NLM (c) iPPB (d) SSIM-NLM

(e) MSNLM (f) BM3D (g) L2-ANLF (h) SSIM-ANLF

Figure 5: Denoising results for the image “House” with 𝜎 = 80.

5. Conclusion

In this paper, we have proposed a novel asymptotic nonlocal
filtering algorithm to realize the coupled iterative NLM by
using multiscale wavelet transform. The proposed approach
reduces the computation complexity of iterative NLM and

the influence of noise on similarity estimation. Moreover,
we build a new nonlocal weight function which obviously
improves the accuracy of similarity estimation. Especially
for highly degenerated images, SSIM-ANLF can preserve the
edges and fine details information and possess good vision
effect.
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Table 2: PSNR and MSSIM comparisons of image denoising results, MSSIM results are shown in brackets (The better indexes are displayed
in bold and our indexes are displayed in italic font).

Test image Test model 𝜎 𝜎 𝜎 𝜎 𝜎 𝜎

Lena

NLM 31.39 (0.832) 27.74 (0.700) 26.60 (0.630) 25.50 (0.568) 23.98 (0.462) 22.76 (0.377)
iPPB 31.69 (0.846) 28.60 (0.747) 27.68 (0.700) 26.81 (0.652) 25.35 (0.565) 24.23 (0.487)

SSIM-NLM 31.35 (0.871) 27.14 (0.762) 26.36 (0.744) 25.71 (0.728) 24.72 (0.699) 24.01 (0.675)
MSNLM 31.44 (0.851) 28.60 (0.782) 27.66 (0.750) 26.91 (0.719) 25.72 (0.660) 24.77 (0.603)
BM3D 33.05 (0.877) 29.86 (0.815) 29.05 (0.799) 28.27 (0.780) 26.97 (0.743) 25.95 (0.709)

L
2
-ANLF 32.33 (0.863) 29.34 (0.792) 28.19 (0.759) 27.41 (0.728) 25.99 (0.669) 24.85 (0.615)

SSIM-ANLF 31.07 (0.854) 29.11 (0.812) 28.29 (0.794) 27.58 (0.777) 26.38 (0.748) 25.40 (0.721)

Rice

NLM 30.63 (0.829) 25.45 (0.704) 23.41 (0.623) 22.01 (0.549) 20.36 (0.432) 19.43 (0.351)
iPPB 30.17 (0.822) 26.74 (0.740) 25.55 (0.703) 24.62 (0.665) 21.92 (0.537) 20.24 (0.427)

SSIM-NLM 28.07 (0.766) 26.53 (0.731) 25.61 (0.704) 24.71 (0.675) 23.73 (0.643) 22.83 (0.611)
MSNLM 29.34 (0.803) 25.75 (0.720) 24.56 (0.682) 23.57 (0.644) 22.07 (0.573) 21.04 (0.510)
BM3D 30.28 (0.820) 27.26 (0.760) 26.15 (0.728) 25.32 (0.703) 23.97 (0.658) 22.85 (0.614)

L
2
-ANLF 29.93 (0.804) 27.29 (0.748) 26.02 (0.712) 24.83 (0.674) 22.82 (0.593) 21.41 (0.522)

SSIM-ANLF 29.97 (0.808) 27.47 (0.760) 26.42 (0.734) 25.50 (0.707) 24.03 (0.662) 22.91 (0.622)

House

NLM 32.14 (0.834) 27.71 (0.697) 25.99 (0.625) 25.00 (0.559) 23.26 (0.446) 22.03 (0.360)
iPPB 32.36 (0.844) 29.00 (0.762) 27.78 (0.710) 26.69 (0.658) 24.71 (0.549) 23.54 (0.477)

SSIM-NLM 30.04 (0.824) 28.68 (0.800) 25.50 (0.739) 24.71 (0.719) 23.58 (0.684) 22.83 (0.656)
MSNLM 31.51 (0.846) 28.42 (0.783) 27.30 (0.750) 26.37 (0.716) 24.92 (0.649) 23.83 (0.585)
BM3D 33.77 (0.873) 30.65 (0.826) 29.69 (0.812) 28.74 (0.794) 27.16 (0.756) 25.87 (0.720)

L
2
-ANLF 32.56 (0.851) 29.39 (0.791) 28.20 (0.760) 27.19 (0.729) 25.53 (0.667) 24.24 (0.608)

SSIM-ANLF 31.91 (0.846) 29.63 (0.815) 28.71 (0.803) 27.95 (0.784) 26.66 (0.755) 25.53 (0.726)

Parrot

NLM 33.18 (0.875) 29.10 (0.730) 27.70 (0.656) 26.52 (0.586) 24.64 (0.466) 23.23 (0.373)
iPPB 33.46 (0.889) 30.08 (0.797) 29.00 (0.748) 27.96 (0.694) 26.33 (0.589) 24.80 (0.487)

SSIM-NLM 33.24 (0.916) 30.38 (0.873) 29.26 (0.856) 28.22 (0.841) 25.96 (0.794) 25.05 (0.766)
MSNLM 33.28 (0.904) 30.00 (0.841) 28.85 (0.807) 27.90 (0.772) 26.69 (0.706) 25.72 (0.648)
BM3D 34.84 (0.921) 31.41 (0.874) 30.46 (0.863) 29.58 (0.845) 28.21 (0.814) 27.11 (0.783)

L
2
-ANLF 34.11 (0.913) 30.85 (0.866) 29.66 (0.840) 28.67 (0.816) 27.09 (0.765) 25.98 (0.716)

SSIM-ANLF 33.19 (0.911) 30.87 (0.878) 29.92 (0.867) 29.08 (0.855) 27.68 (0.835) 26.61 (0.814)

Hill

NLM 29.15 (0.746) 26.03 (0.600) 25.12 (0.538) 24.40 (0.487) 23.27 (0.401) 22.35 (0.333)
iPPB 29.42 (0.762) 26.81 (0.634) 25.87 (0.583) 25.17 (0.543) 24.09 (0.467) 23.24 (0.405)

SSIM-NLM 29.49 (0.771) 26.65 (0.643) 25.23 (0.587) 24.62 (0.562) 24.08 (0.542) 23.54 (0.521)
MSNLM 28.93 (0.736) 26.66 (0.642) 26.00 (0.613) 25.46 (0.585) 24.68 (0.540) 24.04 (0.498)
BM3D 30.72 (0.804) 27.99 (0.707) 27.19 (0.675) 26.52 (0.647) 25.43 (0.601) 24.58 (0.565)

L
2
-ANLF 29.97 (0.775) 27.32 (0.671) 26.46 (0.633) 25.79 (0.601) 24.73 (0.547) 23.92 (0.504)

SSIM-ANLF 29.55 (0.766) 27.19 (0.660) 26.51 (0.639) 25.89 (0.622) 24.96 (0.574) 24.30 (0.540)

Flower

NLM 30.12 (0.847) 25.91 (0.681) 24.64 (0.604) 23.71 (0.537) 22.41 (0.429) 21.48 (0.350)
iPPB 30.08 (0.861) 27.01 (0.744) 25.87 (0.686) 24.91 (0.629) 23.41 (0.527) 22.43 (0.445)

SSIM-NLM 29.80 (0.882) 26.31 (0.770) 25.38 (0.738) 24.69 (0.713) 22.76 (0.626) 22.27 (0.597)
MSNLM 29.43 (0.856) 26.25 (0.757) 25.33 (0.716) 24.59 (0.673) 23.62 (0.607) 22.88 (0.550)
BM3D 31.90 (0.902) 28.25 (0.818) 27.14 (0.788) 26.31 (0.759) 25.02 (0.708) 24.03 (0.665)

L
2
-ANLF 30.99 (0.886) 27.65 (0.793) 26.49 (0.749) 25.55 (0.708) 24.15 (0.636) 23.16 (0.575)

SSIM-ANLF 30.50 (0.879) 27.66 (0.806) 26.56 (0.771) 25.76 (0.750) 24.45 (0.702) 23.53 (0.660)
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