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ABSTRACT

Noise estimation is crucial in many image processing algo-

rithms such as image denoising. Conventionally, the noise is

assumed as signal-independent additive white Gaussian pro-

cess. However, for the real raw-data of imaging sensors, the

present noise is better modeled as signal-dependent noise. In

this work, we propose an efficient image sensor noise estima-

tion method based on iterative re-weighted least squares op-

timization. Specifically, the image patches are first clustered

into different groups, each of which will generate a data sam-

ple. To fit those observations robustly, we introduce a weight-

ing matrix to reflect the credibility of each sample. Unfortu-

nately, this setting of weighting matrix in turn depends on the

unknown noise parameters. We then develop an iterative re-

weighted least squares optimization procedure, in which the

weighting matrix and parameter estimates can be updated al-

ternately. Experimental results show that our method outper-

forms the state-of-the-art works, in terms of both estimation

accuracy and computational efficiency.

Index Terms— Signal-dependent noise, noise estimation

1. INTRODUCTION

Noise is inevitably incurred during image acquisition, trans-

mission and storage. Image denoising has been intensively

studied in the past several decades. In general, single im-

age denoising is an ill-posed inverse problem. To resolve this

challenge, most of existing works require some prior knowl-

edge about the noise, e.g., the statistical distribution of noise

and its corresponding model parameters. One of the most

widely used noise model is zero-mean i.i.d. additive white

Gaussian noise (AWGN). For this model, the only parame-

ter is the noise variance, which is often provided by users or

estimated by noise estimation methods.
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AWGN can well model the signal-independent thermal

and electrical noise. However, with the development of digi-

tal camera sensor, those types of noise can be well suppressed.

Furthermore, in order to obtain a high-resolution image, cur-

rent camera manufacturers usually pack more pixels into a

small sensor chip, which requires smaller pixel unit. The size

decrement of pixel consequently improves its sensitiveness to

photons counting. As a result, the signal-dependent photon

noise is becoming more severe than before. To perform high-

quality filtering for raw image generated by sensor, it is better

to assume a signal-dependent noise model. Unfortunately, the

model parameters are often unknown beforehand, which trig-

gered the research on image sensor noise estimation.

Compared with extensive works on signal-independent

noise estimation, signal-dependent image sensor noise esti-

mation is less studied. Generally, the existing sensor noise

estimation methods can be categorized into two classes:

samples-fitting based and variance stabilization transforma-

tion based. The samples-fitting based method is composed of

two steps: 1) generating the estimates for pixel intensities and

their variances (data samples), and 2) fitting the noise model

with this data. Foi et al. [1] proposed a Poissonian-Gaussian

noise model for sensor noise, in which the signal-dependent

noise component was described by Poissonian part, and the

signal-independent noise component was modeled by Gaus-

sian part. To eliminate the negative impact of image struc-

tures, wavelet decomposition was employed to exclude the

texture regions. The noise parameter estimation was finally

formulated as a maximum likelihood problem. Later on,

Liu et al. [2] suggested to use generalized signal-dependent

noise model to characterize the noise. To obtain more reliable

data samples, an iterative homogeneous image patch selection

framework was developed. The estimation was also formu-

lated as a maximum likelihood problem. Recently, Pyatykh

et al. [3] proposed to transform the signal-dependent noise

into AWGN via variance stabilization transformation (VST)

technique. The noise was analyzed by principal component

analysis in transformed domain. A noise normality measure-

ment was also proposed to guide the selection of right noise

parameters.

978-1-5090-6067-2/17/$31.00 c©2017 IEEE

Proceedings of the IEEE International Conference on Multimedia and Expo (ICME) 2017 10-14 July 2017

978-1-5090-6067-2/17/$31.00 ©2017 IEEE ICME 2017

1326Authorized licensed use limited to: Universidade de Macau. Downloaded on July 06,2022 at 06:05:12 UTC from IEEE Xplore.  Restrictions apply. 



In this work, we propose an efficient image sensor noise

estimation method based iterative re-weighted least squares

optimization. Specifically, the patches are first clustered into

different groups, each of which generates a intensity/variance

pair data sample. To fit those observations robustly, we intro-

duce a weighting matrix in order to reflect the credibility of

each sample. Since the computation of weighting matrix is

operated on the observed noisy patches, it in turn depends on

the unknown noise parameters. To tackle this issue, we de-

velop an iterative re-weighted least squares optimization pro-

cedure, where the weighting matrix and parameter estimates

can be updated alternately. Extensive experiments show that

our method outperforms the state-of-the-art works, in terms

of both estimation accuracy and computational efficiency.

The rest of paper is organized as follows. The model for

image sensor noise is reviewed in Section 2. Our noise esti-

mation method is presented in Section 3. The experimental

results on estimation accuracy and noise removal application

are shown in Section 4. We conclude the work in Section 5.

2. MODEL FOR IMAGE SENSOR NOISE

In this section, we briefly review the Poissonian-Gaussian

noise model [1] for image sensor noise. In the sequel, the

expectation and variance of a random variable X is denoted

by E(X) and var(X), respectively.

Suppose the number of incident photons of light is λ. Ide-

ally, the sensor should faithfully records this quantity. How-

ever, in practice, due to quantum nature of photon, the arrival

of photons follows Poisson distribution, Ẋ ∼ P(λ), where Ẋ
is number of incident photons over a certain exposure time.

The sensor pixel unit receives those photons and generate

electrons. Then the output pixel value can be expressed as

X = aẊ . Here the parameter a depends on the sensor quan-

tum efficiency and specific camera settings (e.g., ISO). The

underlying clean pixel can be computed as the expectation

of the sensor output pixel intensity x = E(X) = aλ. Fur-

ther considering the signal-independent noise part, an additive

noise model can be established as

Y = X + E (1)

where X and Y are the original and observed noisy pixel,

respectively; E denotes the signal-independent noise compo-

nent, which mainly characterize the thermal and electrical

noise contributed by hardware. This type of noise is usu-

ally modeled as a zero-mean white Gaussian process, i.e.,

E ∼ N (0, b), where parameter b is the noise variance. Notic-

ing var(X) = a2var(Ẋ) = a2λ = ax, we have

var(Y ) = a2λ+ b = ax+ b (2)

This equality shows that the noise variance of observed pixel

linearly depends on the underlying clean pixel. The noise

level function (NLF) is then defined as [1]

σ(x) �
√
ax+ b (3)

For sufficiently large λ, the Poisson distribution P(λ) can

be well approximated with heteroskedastic normal distribu-

tion N (λ, λ) [1]. Therefore, X = aẊ ∼ N (aλ, a2λ) =
N (x, ax). In this case, we have Y ∼ N (x, ax + b), which

can be alternatively expressed as

Y = x+
√
ax+ b · En = x+ σ(x) · En (4)

where En ∼ N (0, 1). With the assumed noise model (4), the

noise estimation is posed as estimating noise level function

parameters a and b simultaneously from a single raw image

generated by sensor.

3. NOISE ESTIMATION VIA ITERATIVE
RE-WEIGHTED LEAST SQUARES (IRLS)

Similar to samples-fitting based methods (e.g.,[1, 2]), our ap-

proach also consists of two steps, i.e., data samples generation

and model fitting. However, our method has two key differ-

ences. Firstly, the image histogram is utilized to select the

image regions that could generate more trustful data sample.

Secondly, we explicitly consider the creditability of data sam-

ple when fitting the noise model.

3.1. Estimating Pixel Intensity and Its Variance

In noise level function (3), there are two unknown parameters,

a and b, to be estimated. If we know a number of clean pixel x
and its variance σ2, i.e., the intensity/variance pair data sam-

ple (x, σ2). The parameters a, b can be estimated from those

samples using fitting algorithms. However, both x and σ2

are unknown. The data samples need to be estimated from

the given noisy image. To solve this problem, we propose

to estimate the pixel intensity and its variance from clustered

patches, which are selected according to image histogram.

Specifically, for a noisy image with size of W × H , its

dynamic range is first normalized into [0, 1]. A patch matrix

P is formed by sliding s×s patch window pixel by pixel over

the whole image, which yields

P = [p1,p2, ...,pN ] ∈ R
M×N (5)

where pi ∈ R
M is the vectorized version of i-th patch, and

M = s× s denotes the dimension of a patch; N = (W − s+
1) × (H − s + 1) denotes the total number of patches. The

mean for each patch is then computed individually and col-

lectively stored into a vector m = [m1,m2, ...,mN ], where

mi represents the mean value of i-th patch. We then com-

pute the histogram of m with a fixed quantization step Δ:

h = hist(m,Δ). Here Δ is set according to the bit-depth of

image, e.g., Δ = 1/255 for 8-bit grayscale image; h stores

the number of occurs for each intensity level. Instead of using

all intensity levels, we select the intensity levels whose occur-

rence larger than a threshold t. In this work, this threshold is

set as the p-quantile of histogram h. The selected indices of
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intensities form a set I = {k | h[k] ≥ t}, where h[k] denotes

the k-th element of h. The reason of using p-quantile is that

it is preferred to make an estimate from a large-size sample.

According to the law of large number, the sample mean will

converges towards the expected value as the growth of sample

size [4]. As will be seen soon, this will benefits our estimate

for pixel intensity. For each index k ∈ I, its corresponding

intensity level is xk = kΔ. We cluster the patches whose

mean values are slightly deviated from xk

Pk =

{
pi

∣∣∣ mi ∈
[
xk − Δ

2
, xk +

Δ

2

)}
(6)

Then the k-th pixel intensity is estimated as

x̂k =
1

|Pk|
∑

pi∈Pk

mi (7)

To ease the following mathematical derivation, we

stack the vectorized patches in Pk column-wisely into a

patch matrix Pk. Suppose the linear transform is D =
[d1,d2, ...,dM ] ∈ R

M×M (e.g., fixed DCT basis). Then the

noise variance associated with intensity level xk can be esti-

mated as the sample variance of the transformed coefficients

on the last projection direction dM [2, 3]

σ̂2
k = var

(
dT
M ·Pk

)
(8)

where T denotes transpose operator. Now, the final estimates

for intensity and its variance are (x̂k, σ̂
2
k), k = 1, 2, ..., |I|.

In next section, we will estimate the parameters a, b based on

those observed data.

3.2. Estimating Model Parameters via IRLS

Let x = [x̂1, x̂2, ..., x̂|I|]T , v = [σ̂2
1 , σ̂

2
2 , ..., σ̂

2
|I|]

T , and

u = [a, b]T . Denote X = [x,1], where 1 is a column vector

with all elements ones. The parameter estimation problem

can then be formulated as the following weighted l2-norm

minimization optimization problem

û = argmin
u

‖W(Xu− v)‖22 (9)

where W is a diagonal weighting matrix. The diagonal el-

ement W[k, k] reflects the credibility of estimate (x̂k, σ̂
2
k).

Clearly, problem (9) permits a closed-form solution

û = (XTWX)−1XTWv (10)

As can be seen, the weighting matrix W directly deter-

mine the estimates of parameters a, b. In the next, we discuss

the setting of W. One straightforward solution is to set W
as identity matrix. For this case, problem (9) is simplified as

conventional ordinary least square. However, as a well known

fact, ordinary least square is not robust to outliers (the out-

liers occur more often in case of texture images). To further

improve the estimation accuracy, we propose to compute the

weights by explicitly taking into account the texture strength

of patches. This idea is inspired by the following observa-

tion: the credibility of data samples that are computed from

smooth patches should be high, and large weights ought to be

assigned. In contrast, the weights for data samples that are

computed from highly texture patches should be small.

To measure the texture strength of image patch, we em-

ploy gradient covariance matrix-based method [5], which has

been successfully practiced in [2, 6]. Specifically, for an im-

age patch p, its gradient matrix G ∈ R
M×2 is defined by

G = [Fhp, Fvp] (11)

where Fh and Fv are M ×M Toeplitz matrices derived from

gradient filter, denoting the horizontal and vertical derivative

operators, respectively. The texture strength of patch p can

be computed by [5]

ξ(p) = Tr(GGT ) = pT (FT
hFh + FT

v Fv)p (12)

where Tr(·) is the trace operator. Obviously, for a clean plain

(homogeneous) patch, its texture strength is zero. However,

for noisy image, both intrinsic image texture and noise would

contribute to the computation of texture strength. To investi-

gate the impact of noise on texture strength, we examine the

noisy patch whose clean version is a clean plain patch.

Specifically, for a clean plain patch pc, assuming all pix-

els of this patch are x. According to model (4), the noise vari-

ance linearly depends on the pixel intensity. Thus the noise

variances across the patch is a constant, i.e., σ2(x) = ax+ b.
Then the corresponding noisy patch pn can be regarded as

corrupted by additive Gaussian white noise: pn = pc + n,

where n ∼ N (0, σ2(x) · I), and I denotes the identity matrix.

Noticing ξ(pc) = 0, the texture strength of noisy patch can

be reformulated as

ξ(pn) = ξ(n) = nT (FT
hFh + FT

v Fv)n (13)

In practice, ξ(n) can be well approximately modeled with

Gamma distribution, i.e., ξ(n) ∼ Gamma(α, β) [6, 2]. Here,

α and β are shape parameter and scale parameter, respec-

tively. Those two parameters can be further derived as [2]

α =
M

2
, β =

2

M
σ2(x)Tr(FT

hFh + FT
v Fv) (14)

For an observed noisy patch p, its likelihood coming from a

homogeneous patch is

L(p) = ξ(p)α−1

Γ(α)βα
exp

(
−ξ(p)

β

)
(15)

For a set of patches Pk, its weight is then defined as averaging

all likelihood of its patches

w(Pk) =
1

|Pk|
∑
p∈Pk

L(p) (16)
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Algorithm 1 Noise Parameter Estimation via IRLS

Input: Data observations
{
(x̂k, σ̂

2
k)
}|I|
k=1

, patch size s.

Initialize: Set weighting matrix as identity matrix W = I,
iteration index i = 0, parameters â(0) = b̂(0) = 0.

1: repeat
2: Update parameter estimates using (10):

3: û(i+1) ← (XTW(i)X)−1XTW(i)v

4: â(i+1) ← û(i+1)[1], b̂(i+1) ← û(i+1)[2]
5: Update weighting matrix using (16):

6: α ← s2/2

7: β ← 2
s2 (â

(i+1)xk + b̂(i+1)) · Tr(FT
hFh + FT

v Fv)

8: W(i+1)(k, k) ← 1
|Pk|

∑
p∈Pk

L(p)
9: Increase iteration index i ← i+ 1

10: until â, b̂ converges or max iteration number reached

11: return Estimated parameters â and b̂.

Finally, the diagonal elements of weighting matrix are set as

W(k, k) = w(Pk). Note that the computation of weighting

matrix requires the noise variance σ2(x) = ax + b. Unfor-

tunately, the parameter a, b are unknown. Those two param-

eters can be estimated from (10), but they in turn depend on

the weighting matrix W. This poses a chicken-egg problem.

To solve this challenge, we introduce an iterative re-weighted

least squares algorithmic framework. In this procedure, the

weighting matrix W and parameters a, b are iteratively up-

dated alternately. To boot up the algorithm, W is initialized

as identity matrix. The whole procedure is summarized in

Algorithm 1. In experiments, we observe that the estimated

parameters usually converges around 5 iterations.

4. EXPERIMENTAL RESULTS

The parameters of our proposed algorithm are set as follows:

The patch size s = 4, quantile p = 0.5, quantization step

Δ = 1/255 for 8-bit depth images, and maximum iteration

number T = 5. The synthetic noise is generated using the

noise model (4). Theoretically, the parameters in (4) can be

set arbitrarily. Due to space limit, only three parameter set-

tings are considered in this work: (a = 0.12, b = 0.042),
(a = 0.22, b = 0.082) and (a = 0.42, b = 0.162). Those pa-

rameters lead to low, medium and heavy noise, respectively.

The performance for estimation accuracy is measured by

the root mean squared error (RMSE) between the estimated

noise level function (NLF) σ̂(·) and the ground-truth one

σT (·)), which is expressed as

RMSE(σ̂(·), σT (·)) =
√√√√ 1

256

255∑

k=0

(σ̂(kΔ)− σT (kΔ))2 (17)

Table 1: Compassion of estimation accuracy (RMSE). The

best results are highlighted in bold.

Image Parameters
RMSE ( ×10−2)

[3] [1] Ours

Lena

a = 0.12, b = 0.042 0.190 0.214 0.085
a = 0.22, b = 0.082 0.128 0.166 0.087
a = 0.42, b = 0.162 1.689 0.353 0.240

Grass

a = 0.12, b = 0.042 1.701 2.345 1.214
a = 0.22, b = 0.082 1.492 1.162 0.775
a = 0.42, b = 0.162 1.444 0.595 0.593

4.1. Comparison of Estimation Accuracy and Complexity

To validate the effectiveness of proposed method, as an ex-

ample, we test our algorithm on image Peppers. The noisy

image is generated with parameter (a = 0.22, b = 0.082).
Fig. 1 shows the unselected patches (labeled in red), from

which one can observe that most of unselected patches be-

long to the image structures. The estimated NLF against the

ground-truth one is shown in Fig.1. As can be seen, the

estimated NLF almost coincides with the ground-truth with

RMSE = 6.8× 10−4.

Furthermore, the estimation performance of proposed

method is compared with two state-of-the-art works [1], [2].

We first evaluate the performance of all algorithms on a reg-

ular test image Lena. The estimated NLFs are plotted in

Fig.2 (first row). The detailed estimation performance eval-

uated in metric RMSE are tabulated in Table1. One can see

our method outperforms the other two competing algorithms,

especially for heavy noise case. We further test on a textured

image Grass obtained from BSD500 image set [7]. Estimat-

ing noise parameters on this highly textured image is a really

challenging task. This is because the inherent image textures

could be mixed with noise, which consequently bias the pa-

rameter estimation. The estimation results are illustrated in

Fig. 2 (second row). In general, all works tend to overesti-

mate the noise level function. Nevertheless, our method still

outperform other works, especially for cases of low pixel in-

tensity dynamic range (e.g., [0, 0.2]).

In terms of computational complexity, our method imple-

mented in MATLAB on a PC with Intel Core i5-4570 3.2 GHz

CPU and 4G RAM takes 0.98 seconds for a 8-bit 491 × 321
grayscale image, while [1] and [3] spend 2.25 and 98.27 sec-

onds, respectively. Our method is at least 2 times faster than

those two competing methods.

4.2. Noise Level Function Application to Denoise Images

Image denoising is one direct application of noise level func-

tion. The utilization of the noise level function could bene-

fit image denoising. Although there exist many sophisticated

filters, Non-local Means (NLM) filter [8] is one of the most

famous and fundamental filters. In the following, we illus-
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et al.

et al.

Original Image

et al.

et al.

(a = 0.12, b = 0.042)

et al.

et al.

(a = 0.22, b = 0.082)

et al.

et al.

(a = 0.42, b = 0.162)

Fig. 2: Noise level function estimation comparison with Pyatykh et al. [3] and Foi et al. [1] on Lena and Grass. From left to

right: original images, estimation results for three different parameter settings.

trate the practical usage of NLF in denoising application with

NLM. Mathematically, NLM filter performs denoising in a

patch-wise fashion

p̂ =
∑
q∈Ω

w(p,q) · q (18)

where p is the current exemplar patch to be denoised, q is

the matching patch which is searched in a restricted neigh-

borhood region Ω; w(p,q) returns the weight contributed by

q, it is set as

w(p,q) = exp

(
−‖p− q‖2

h2

)
(19)

where h is the parameter controlling filtering strength, which

is typically set according to the noise level. For AWGN, this

parameter is a constant (the noise level) throughout whole im-

age. However, for Poisson-Gaussian noise model, the noise

variance is dependent on signal and varies from patch to

patch. Therefore, we determine this parameter according to

the our estimated noise level function, which reads

h(p) = σ̂(mp) =

√
âmp + b̂ (20)

where mp is the mean value of patch p, and â, b̂ are the esti-

mated parameters for NLF. For comparison, the conventional

NLM is also tested as a baseline algorithm. Note that the

original NLM only accepts a single filtering strength parame-

ter h. In experiments, we set it as σavg, which is computed by

averaging the ground-truth noise level of all intensity levels.

Fig.3 shows the denoising results for a test image using

NLM. The image quality of denoised image is measured by

PSNR. Compared with using σavg , the utilization of our esti-

mated noise level function could improve the denoising per-

formance at 0.55 dB. In visual inspection, both methods could

filter out the noise effectively for the plain regions. However,

for textured region, our method could better preserve the tex-

ture details (e.g., the furs on neck of ostrich).

Moreover, we conduct denoising experiments on 100 im-

ages from BSD500. The averaged denoising results are com-

plied in Table 2. In average, the incorporation of our esti-

mated NLF improves the PSNR at around 0.2dB against the

case of σavg; while compared with [1] and [3], our method

achieves slightly better or at least comparable performance.

It is worth noting that the best denoising performance is not

always attained by feeding the true noise level parameters.

This phenomenon has been pointed out by [2, 9]. However, a

thorough discussion of this problem is beyond this work.

Table 2: Comparison of denoising performance (PSNR in

dB) using NLM. The PSNR is averaged on 100 images from

BSD500. The best results are highlighted in bold.

Parameter
σavg [3] [1] Ours

Setting

a = 0.12
28.26 28.39 28.40 28.49

b = 0.042

a = 0.22
24.67 24.82 24.86 24.86

b = 0.082

a = 0.42
20.78 19.74 20.85 20.93

b = 0.162

5. CONCLUSION

This work presents an efficient image sensor noise estima-

tion method based iterative re-weighted least squares opti-

mization. The image patches are first clustered into different

groups, each of which generates a data sample. To fit those

observed data robustly, we further introduce a weighting ma-
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(a) Noisy Image (b) Unselected Patches

(c) Estimation Results

Fig. 1: Noise level function estimation on Peppers. (a)

Noisy Image with a = 0.22, b = 0.082; (b) Unselected pixels

labeled in red; (c) Estimated noise level function with â =
0.0404, b̂ = 0.0064, RMSE = 6.1× 10−4.

(a) Original Image (b) Noisy Image

(c) NLM+σavg (d) NLM+Ours

Fig. 3: Denoising comparison between using a single noise

level parameter σavg and our estimated noise level function

(NLF). (a) Original image, (b) noisy Image is synthesized

with parameter setting (a = 0.12, b = 0.042), (c) denoised

results with NLM+ σavg, PSNR = 30.43 dB, (d) denoised re-

sults with NLM+our estimated NLF, PSNR = 30.98 dB

trix to reflect the credibility of each data sample. Since the

computation of weighting matrix is operated on the observed

noisy patches, it in turn depends on the unknown noise param-

eters. This problem can be solved efficiently by resorting to

an iterative re-weighted least squares optimization procedure,

where the weighting matrix and parameter estimates are up-

dated alternately. Extensive experimental results demonstrate

that our method can reliably estimate the noise model param-

eters, and outperform the state-of-the-art works, in terms of

both estimation accuracy and computational efficiency. Our

method could be readily adopted into denoising filters that re-

quire the noise level as a crucial parameter.

6. REFERENCES

[1] A. Foi, M. Trimeche, V. Katkovnik, and K. Egiazarian,

“Practical Poissonian-Gaussian noise modeling and fit-

ting for single-image raw-data,” IEEE Trans. Image Pro-
cess., vol. 17, no. 10, pp. 1737–1754, 2008.

[2] X. Liu, M. Tanaka, and M. Okutomi, “Practical signal-

dependent noise parameter estimation from a single noisy

image,” IEEE Trans. Image Process., vol. 23, no. 10, pp.

4361–4371, 2014.

[3] S. Pyatykh and J. Hesser, “Image sensor noise parameter

estimation by variance stabilization and normality assess-

ment,” IEEE Trans. Image Process., vol. 23, no. 9, pp.

3990–3998, 2014.

[4] William Feller, An introduction to probability theory and
its applications: volume I, vol. 3, John Wiley & Sons

London-New York-Sydney-Toronto, 1968.

[5] X. Zhu and P. Milanfar, “Automatic parameter selection

for denoising algorithms using a no-reference measure of

image content,” IEEE Trans. Image Process., vol. 19, no.

12, pp. 3116–3132, 2010.

[6] X. Liu, M. Tanaka, and M. Okutomi, “Noise level es-

timation using weak textured patches of a single noisy

image,” in Proc. IEEE Int. Conf. Image Process., 2012,

pp. 665–668.

[7] David Martin, Charless Fowlkes, Doron Tal, and Jitendra

Malik, “A database of human segmented natural images

and its application to evaluating segmentation algorithms

and measuring ecological statistics,” in Proc. IEEE Int.
Conf. Comput. Vis. IEEE, 2001, vol. 2, pp. 416–423.

[8] Antoni Buades, Bartomeu Coll, and J-M Morel, “A non-

local algorithm for image denoising,” in Proc. IEEE
Conf, Comput. Vis. Pattern Recognit. IEEE, 2005, vol. 2,

pp. 60–65.

[9] X. Liu, M. Tanaka, and M. Okutomi, “Single-image noise

level estimation for blind denoising,” IEEE Trans. Image
Process., vol. 22, no. 12, pp. 5226–5237, 2013.

1331Authorized licensed use limited to: Universidade de Macau. Downloaded on July 06,2022 at 06:05:12 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


