
COLOR IMAGE NOISE COVARIANCE ESTIMATION WITH CROSS-CHANNEL IMAGE

NOISE MODELING

Li Dong†, Jiantao Zhou† and Tao Dai‡

†Department of Computer and Information Science, University of Macau, China
‡Graduate School at Shenzhen, Tsinghua University, Shenzhen, Guangdong, China

{yb47452, jtzhou}@umac.mo, dait14@mails.tsinghua.edu.cn

ABSTRACT

Noise estimation is crucial in many image processing

tasks such as denoising. Most of the existing noise estimation

methods are specially developed for grayscale images. For

color images, these methods simply handle each color chan-

nel independently, without considering the correlation across

channels. In this work, we propose a multivariate Gaussian

approach to model the noise in color images, in which we ex-

plicitly consider the inter-dependence among color channels.

We design a practical method for estimating the noise covari-

ance matrix within the proposed model. Specifically, a patch

selection scheme is first introduced to select weakly textured

patches through thresholding the texture strength indicators.

Noticing that the patch selection actually depends on the un-

known noise covariance, we present an iterative noise covari-

ance estimation algorithm, where the patch selection and the

covariance estimation are conducted alternately. Experimen-

tal results show that our method can effectively estimate the

noise covariance. The practical usage is demonstrated with

color image denoising.

Index Terms— Noise covariance estimation, weakly tex-

tured patch, color image denoising

1. INTRODUCTION

Noise is one of the most fundamental issues in image pro-

cessing. It is unavoidably introduced during image acquisi-

tion, transmission and storage. To develop noise-resistant al-

gorithms, many works assume some prior knowledge of the

noise, e.g., the noise model and its parameters. Unfortunately,

in practice, this information is not always known beforehand,

which has triggered the research on noise estimation. As a

crucial preprocessing, noise estimation has been widely used

in many vision tasks such as image denoising, motion deblur-

ring and image compression.

This work was supported in part by the Macau Science and Technol-

ogy Development Fund under Grant FDCT/022/2017/A1 and in part by the

Research Committee at the University of Macau under Grant MYRG2016-

00137-FST.

Currently, the majority of existing noise estimation meth-

ods are specially proposed for grayscale images [1, 2]. For

color images, it is a convention to extend these methods by

treating each color channel separately. The key underlying

assumption behind this natural extension is that noise is inde-

pendent across the color channels. It is valid for some spe-

cific scenarios such as the RAW image directly generated by

the imaging sensor. But this assumption becomes improper

for the real color image [3]. This is because, for the modern

consumer digital camera, the RAW image often goes through

a complex in-camera processing procedure (e.g., demosaick-

ing, white balance, gamma correction and JPEG compres-

sion), which could heavily mix the noise in each color chan-

nel together. As already pointed out in [4], to perform high-

quality filtering for a real color image, it is necessary to take

account of the correlation across the color channels.

Unlike the traditional methods that treat each color chan-

nel independently, in this work, we propose a multivariate

Gaussian approach to model the noise in color images, in

which we explicitly consider the inter-dependence among

color channels. The covariance matrix within the proposed

model is not necessarily being diagonal, and thus the correla-

tion can be well captured by the off-diagonal entries of the co-

variance matrix. To this end, we design a practical method for

estimating this noise covariance matrix. Specifically, a patch

selection scheme is first introduced for selecting the weakly

textured patches from a noisy image through thresholding the

texture strength indicators. Noticing that the calculation of

the threshold in turn depends on the unknown covariance,

we present an iterative noise estimation algorithm, in which

the patch selection and the covariance estimation can be con-

ducted alternately. Experimental results show that our method

can accurately estimate the noise covariance, and its effective-

ness is illustrated with color image denoising application.

The rest of this paper is organized as follows. In Section

II, we review and validate the noise model for color images.

Our proposed noise covariance estimation is then described

in Section III. The experimental results on both synthetic and

real noisy color images are presented in Section IV. This work

is finally concluded in Section V.
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(a) Test image (b) Red (c) Green (d) Blue (e) (Red,Green) (f) (Red,Blue) (g) (Green,Blue)

Fig. 1. Validation of the multivariate Gaussian noise model on real images. (a) Test image, where the selected pixel is pointed by

the red arrow; (b)(c)(d) the intensity distribution of the selected pixel in each channel; (e)(f)(g) the scatter-plot for the intensity

pair between different color channels. The ellipse contours represent 95%, 75% and 55% confidence of a bivariate Gaussian.

2. NOISE MODEL FOR COLOR IMAGES

2.1. Related Work

In [5], Chen et al. assumed an identical additive white Gaus-

sian noise (AWGN) model for each color channel. Based on

the statistical relationship between the noise level and the co-

variance matrix of the collected image patches, they derived

a nonparametric noise level estimation algorithm. Liu et al.

[6] also used the AWGN noise model but treated each channel

with a different noise level. An iterative image patch selection

scheme was proposed to select homogeneous regions from a

noisy image. The noise estimation was made on those se-

lected regions using principal component analysis. Although

the above two methods could effectively estimate the noise

level for each color channel, the correlation across the color

channel was totally neglected.

2.2. Multivariate Gaussian Noise Modeling

In this work, we use the multivariate Gaussian noise model to

describe the noise in color images. Unlike the conventional

methods, we do not restrict the covariance matrix within the

model as diagonal. By this relaxation, the correlation across

the channels can be captured by the off-diagonal entries of the

covariance matrix. In this light, both the noise models used in

[5] and [6] can be regarded as special cases of our model. In

the next, we experimentally show that our model could effec-

tively describe the incurred noise in real color images.

In our experiments, we fix the camera position and capture

settings, and shoot 500 images under constant lighting for a

static scene (see Fig.1-(a)). Upon recording those images, we

randomly select one pixel position in the image, and tempo-

rally collect all the intensity values for each channel. Firstly,

the histogram of intensity for each color channel is shown in

Fig.1 (b)-(d). As can be seen, the histogram can be well fitted

with the univariate Gaussian model. Then, the scatter-plots

for the intensity pair between different channels are given in

Fig.1 (e)-(g). With those data samples and the corresponding

covariance matrices, we plot multiple confidence ellipses for

a bivariate Gaussian distribution. As clearly shown, those el-

lipse contours could effectively characterize the distribution

of data samples. In conclusion, the Gaussianity of distribu-

tions for intensity and intensity pair indicate that the noise in

color images can be empirically modeled as a 3D multivariate

Gaussian model.

Mathematically, we can model a noisy pixel with an addi-

tive noise model

y = x+ u, (1)

where x,y ∈ R
3, denoting the underlying clean and observed

noisy pixel in RGB color space, respectively; u is zero-mean,

3D multivariate Gaussian noise, i.e., u ∼ N (0,Σ). In this

setting, our goal is to estimate the noise covariance matrix Σ

from the single given noisy color image.

3. PROPOSED NOISE COVARIANCE ESTIMATION

METHOD

An overview of our method is illustrated in Fig.2. It is gen-

erally an iterative algorithm, where each iteration comprises

two stages: 1) weakly textured color patch selection; 2) noise

covariance estimation from the selected patches.

3.1. Weakly Textured Color Patch Selection

For many state-of-the-art noise estimation methods such as

[1, 5, 6], selecting the weakly textured image patches is a cru-

cial step. This is because the behavior of noise can be easily

analyzed without the interference of intrinsic image signal.

To determine the weakly textured patches, it needs to eval-

uate the texture strength of image patches. In [7], Zhu et al.

showed that the image texture in a grayscale image can be ef-

fectively measured by the gradient covariance matrix. Specif-

ically, for a 2D s×s image patch, denote its vectorized version

as p ∈ R
s2×1. Then, the gradient matrix G can be computed

as G = [Dhp,Dvp], where Dh and Dv are the s2 × s2 hor-

izontal and vertical gradient filter matrices, respectively. The

gradient covariance matrix C for the image patch p can be

expressed as

C = GTG =

[
pT (DT

hDh)p pT (DT
hDv)p

pT (DT
v Dh)p pT (DT

v Dv)p

]
. (2)

The texture strength of p can be measured by summing all the

eigenvalues (i.e., the trace) of the covariance matrix C [6]

ϕ(p) = tr(C) = pT (DT
hDh +DT

v Dv)p = pTFp, (3)
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Fig. 2. Block diagram of our proposed method.

where tr(·) is the trace operator; F = DT
hDh + DT

v Dv for

ease of the following notational representation.

In the next, we extend the texture strength indicator (3)

to the case of color image patch. In more detail, for a 3D

s × s × 3 color image patch, we vectorize the 2D patch in

each channel, and stack them into a tall and thin vector q =
[qr;qg;qb] ∈ R

3s2×1, where the subscripts r, g and b are

used to indicate the red, green and blue channels, respectively.

We define the texture strength of q by summing the texture

strength in each channel, i.e.,
∑

i∈{r,g,b} ϕ(qi), which can be

compactly expressed as

ψ(q) = qT (I3 ⊗ F)q, (4)

where ⊗ denotes the Kronecker product, and I3 is the 3 × 3
identity matrix. In the sequel, we use Id to denote the d × d

identity matrix for clarity. Clearly, small value of ψ signi-

fies a smooth or a weakly textured patch. One can determine

if a given image patch is weakly textured or not, by using

its texture strength. However, for a noisy patch, both the in-

trinsic image structure and the noise contribute to the texture

strength. To investigate the impact of noise on the texture

strength, we examine the noisy color patch whose clean ver-

sion is a plain color patch. Note that the plain color patch

means that the patch in each channel is flat, i.e., all pixels

have the same intensity level.

Recall that the noise model (1) is assumed over a single

pixel. For a vectorized color patch, the noise model becomes

q = c+ n, (5)

where q is the noise-corrupted color patch; c is the noise-free

plain color patch; n is the noise term that obeys

n ∼ N (0,Σ⊗ Is2) (6)

Noticing that the texture strength of a plain color patch is zero,

i.e., ψ(c) = 0, we can easily have

ψ(q) = ψ(n) = nT (I3 ⊗ F)n. (7)

To analyze the statistical properties of ψ(n), we approxi-

mate the distribution of ψ(n) by the gamma distribution

ψ(n) ∼ Gamma

(
rc

2
,
2

rc
tr ((Σ⊗ Is2)(I3 ⊗ F))

)
, (8)

where r is the rank of (Σ⊗Is2)(I3⊗F); c is a constant which

can be expressed as

c =
2rλ̄2

∑
i

(
3λ2i + λi

∑
j 6=i λj

)
− r2λ̄2

. (9)

Here λi is the ith eigenvalue of (Σ⊗ Is2)(I3⊗F), stratifying

that λ1 ≥ λ2 ≥ · · · ≥ λr. λ̄ is the mean of all eigenvalues:

λ̄ = 1
r

∑
i λi. The detailed derivation for (8) can be found in

the supplementary file.

To determine whether a given noisy patch is weakly tex-

tured or not, we perform the following hypothesis testing





H0 : The given image patch is a plain patch corrupted

with the multivariate Gaussian noise,

H1 : The given image patch is not a plain patch corrupted

with the multivariate Gaussian noise.

The patch is regarded as a weakly textured patch when the

null hypothesis is failed to reject. Mathematically, given a

significance level δ, it aims at finding a threshold τ such that

Pr(ψ(q) > τ | H0) = δ, which is equivalent to

Pr(0 < ψ(q) < τ | H0) = 1− δ. (10)

The threshold τ can then be solved as

τ = F
−1

(
1− δ,

rc

2
,
2

rc
tr ((Σ⊗ Is2)(I3 ⊗ F))

)
, (11)

where F
−1(x, α, β) is Gamma inverse cumulative distribution

function with shape parameter α and scale parameter β. In

experiments, the significance level δ is empirically set as 0.1.

By using the threshold τ , it is easy to select the weakly

textured color patches via thresholding. However, as can be

seen from (11), the threshold τ in turn depends on the un-

known noise covariance Σ. This poses a chicken-egg prob-

lem. In the next subsection, we propose an iterative noise

covariance estimation framework to tackle this issue.

3.2. Iterative Noise Covariance Estimation

In this subsection, we will first assume that the threshold

τ is known, and develop the noise covariance estimation

scheme via maximum likelihood (ML). The iterative algorith-

mic framework is then introduced by relaxing τ as +∞.

As mentioned above, if the threshold τ is known, it is easy

to select the weakly textured patches. Let us collect the se-

lected patches into a set Q = {qk}
M
k=1, where M is the total

number of selected patches. Then the goal becomes to es-

timate the covariance matrix from the dataset Q. However,

in experiments, we find that a few textured patches are also

mistakenly selected. This phenomenon is severe for highly
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textured images, which lack smooth patches. To mitigate this

issue, we recommend to first perform DCT high-pass filtering

on Q. This could eliminate prominent image structures that

mainly reside in low-frequency bands, while still retaining the

high-frequency components that are dominated by noise.

More specifically, suppose the complete orthonormal

DCT base is B = [b1,b2, . . . ,bs2 ] ∈ R
s2×1. We con-

struct the reduced DCT base B̂ by equating the first K low-

frequency bandpass filters to zeros, i.e.,

B̂ = [0,0, . . . ,0︸ ︷︷ ︸
K

,bK+1, . . . ,bs2 ]. (12)

Then, for each color patch qk ∈ Q, its corresponding recon-

structed version can be written as q̂k = (I3⊗B̂)(I3⊗B̂)Tqk.

Upon collecting all q̂k into new dataset Q̂ = {q̂k}
M
k=1,

our goal turns to estimate the noise covariance from Q̂. Note

that, after excluding the image signals, p̂ is mainly dominated

by the noise. It thus can be treated as noise with distribution

N (0, I3⊗Σ). In this light, we propose to estimate the covari-

ance matrix via the maximum likelihood framework. Specifi-

cally, the likelihood function can be expressed as

Σ̂ = argmax
Σ

∏

q̂∈Q̂

N (q̂ | 0, I3 ⊗Σ). (13)

By maximizing (13), it is readily to obtain the estimate for Σ

Σ̂ =
1

|Q̂| − 1

∑

q̂∈Q̂

q̂q̂T . (14)

Recall that the mutual-dependence between the thresh-

old τ and noise covariance Σ poses a chicken-egg problem.

To solve this challenge, we introduce an iterative noise co-

variance estimation framework, in which the threshold τ and

noise covariance Σ are iteratively updated in an alternating

way. To boot up the algorithm, the threshold τ is set as +∞.

The procedure is repeated until the noise covariance is stable

or the maximum iteration is reached. The complete procedure

is outlined in Algorithm 1. Although the convergence of this

procedure is not guaranteed theoretically, in experiments, we

observe that the estimated noise covariance often converges

after around 5 iterations.

4. EXPERIMENTAL RESULTS

The algorithmic parameters of our proposed method are set as

follows: the patch size s = 12, the number of excluded bands

K = 4, the maximum iteration number is 5. The synthetic

noise is simulated using the noise model (1). To compare the

estimated noise covariance Σ̂ with the ground-truth Σ, we

use the metric introduced by [8], which can be expressed as

ξ(Σ̂,Σ) =

[

n
∑

i=1

ln2
λi(Σ̂,Σ)

] 1
2

(15)

Algorithm 1 Iterative noise covariance estimation

Input: Noisy color image, patch size s, significance level δ.

Output: Estimated noise covariance matrix Σ̂

1: Initialization: iteration index k = 1, threshold τ (0) =
+∞, previous estimate Σ̂pre = Σ̂(0) = 0.

2: repeat

3: Update the previous estimate Σ̂pre ← Σ̂(k−1)

4: Weakly textured patch selection

Q̂(k) ← {q̂ | ψ(q) < τ (k−1)}
5: Covariance estimation using (14)

Σ̂(k) = 1

|Q̂(k)|−1

∑
q̂∈Q̂(k) q̂q̂

T

6: Update the threshold using (11)

τ (k) = F
−1

(
1− δ, rc2 ,

2
rc

tr((Σ̂(k) ⊗ Is2)(I3 ⊗ F))
)

7: Increase iteration index k ← k + 1
8: until Σ̂k converges or max iteration number reached

9: return Estimated covariance Σ̂k.

where λi(Σ̂,Σ) is the i-th generalized eigenvalue that can

be obtained by solving (Σ̂ − λΣ)x = 0. Clearly, smaller ξ

suggests better estimation performance. In the next, we first

evaluate the estimation accuracy of our method. Then the

practical usage is demonstrated with color image denoising,

on both synthetic and real noisy images.

4.1. Estimation Accuracy

Our proposed noise covariance estimation method is tested

on synthetic noisy images with simulated noise. The ground-

truth test images of size 704 × 469 are from Noise-Free Test

Image Set [9]. Theoretically, the synthetic noise covariance

can be set arbitrarily. Due to space limit, only the covariance

matrix shown in Fig.3-(a) is used in experiments. Our method

is compared with two state-of-the-art noise estimation works

Chen et al. [5] and Liu et al. [6].

First, to illustrate the effectiveness of our method, we take

the image street1 as an example. The estimated covari-

ance Σ̂chen, Σ̂liu and Σ̂ours yielded by [5], [6] and ours are

shown in Fig.3 (b)-(d), respectively. One can observe that

our method could accurately estimate the covariance matrix,

while [5] and [6] merely estimated the diagonal entries of the

covariance matrix. This happens because those two methods

totally neglect the correlation across the color channels.

Furthermore, the comparison results of the estimation er-

ror ξ on the image set [9] are tabulated in Table 1. It can be

seen that our method significantly outperforms the other two

competing works on all test images.

4.2. Application to Color Image Denoising

One direct application of our method is for color image de-

noising. In this subsection, we show that the incorporation of

our estimated noise covariance could improve the denoising
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Table 1. Comparison of estimation accuracy on image set [9].

The value of estimation error is an average or median over 10
noise realizations. The best results are highlighted in bold.

Image
[5] [6] Ours

Mean Median Mean Median Mean Median

girl 0.519 0.519 0.438 0.438 0.038 0.038

dice 0.519 0.519 0.436 0.436 0.036 0.036

flower1 0.445 0.445 0.449 0.449 0.138 0.150

flower2 0.507 0.509 0.436 0.436 0.039 0.040

traffic 0.480 0.478 0.447 0.446 0.046 0.049

street1 0.490 0.492 0.447 0.447 0.160 0.143

computer 0.487 0.487 0.438 0.438 0.095 0.094

building1 0.501 0.499 0.440 0.440 0.037 0.038

Average 0.494 0.493 0.441 0.441 0.072 0.071

performance. Although there exist many color image denois-

ers, we here adopt one of the state-of-the-art methods named

MC-WNNM [4]. Mathematically, MC-WNNM performs de-

noising by solving the optimization problem

X̂ = argmin
X

‖W(Y −X)‖2F + ‖X‖
w,∗ (16)

where Y is the noisy patch matrix, in which each column

is a vectorized color image patch. Correspondingly, X is the

clean patch matrices. ‖X‖
w,∗ =

∑
i wiσi(X) is the weighted

nuclear norm of X; and σi(X) is the ith singular value of X.

The weighting vector w is set as the same in [4]. Optimiza-

tion problem (16) is solvable only when weight matrix W is

known as a prior. In [4], W is set as follows

W =





σ̂−1

r Is2 0 0
0 σ̂−1

g Is2 0
0 0 σ̂−1

b Is2



 = Σ̂
−

1
2 ⊗ Is2 , (17)

where σ̂r, σ̂g and σ̂b are the estimated noise levels for red,

green and blue channels, respectively. In [4], those param-

eters are estimated with method [5] or [6]. Thus, the co-

variance matrix Σ̂ takes a diagonal matrix structure: Σ̂ =
diag([σ̂2

r , σ̂
2
g , σ̂

2
b ]). Here, diag(·) returns a diagonal matrix

with the entries of input vector on the main diagonal. Ob-

viously, this setting takes no account of the correlation across

the color channels. To remedy this issue, we can replace this

covariance matrix Σ̂ with our estimated one.

4.2.1. Experiments on Synthetic Noisy Images

The test images are from [9], and the noise covariance matrix

used for synthesizing noisy image is shown in Fig.3-(a). We

first estimate the noise covariance, and then feed it to MC-

WNNM denoiser. For comparison, the covariance matrices

estimated by [5] and [6] are tested as well. In addition, the

ground-truth covariance matrix is also fed to MC-WNNM de-

noiser, and the output result is regarded as the reference.

The comparison of the denoising performance is given in

Table 2. The one whose PSNR is closet to the ground-truth is

Σ =





60 15 10
15 65 12
10 12 61





(a) Ground-truth

Σ̂chen =





55.1 0 0
0 55.1 0
0 0 55.1





(b) [5]

Σ̂liu =





61.9 0 0
0 66.7 0
0 0 62.1





(c) [6]

Σ̂ours =





61.2 15.9 10.8
15.9 64.8 12.7
10.8 12.7 59.9





(d) Ours

Fig. 3. Comparison of covariance estimation results on image

street1. (a) The ground-truth noise covariance used for

simulation; (b)(c)(d) Covariance estimate given by [5], [6]

and our method, respectively.

Table 2. Comparison of the denoising performance (PSNR in

dB) using MC-WNNM denoiser. The one that is closet to the

ground-truth is highlighted in bold as the best.

Image [5] [6] Ours Ground-truth

girl 40.96 41.32 41.29 41.25

dice 43.25 43.35 43.39 43.46

flowers1 33.17 33.55 34.38 34.53

flowers2 39.60 40.02 40.14 40.05

traffic 33.19 33.60 35.21 35.30

street1 35.03 35.52 36.50 36.60

computer 35.50 35.85 36.73 36.83

building1 34.43 35.01 36.23 36.28

Average 36.31 36.70 37.51 37.58

highlighted in bold as the best. Evidently, one can see that the

PSNR value attained by our method is closest to that of the

ground-truth, except for the image flowers2. On average,

the results yielded with our estimate could gain 1.2 dB and

0.81 dB improvements over that of [5] and [6], respectively.

It is worth noting that the highest PSNR is not always attained

by feeding the true noise covariance to the denoiser. This

phenomenon implies that the estimated covariance could be

further fine-tuned for a specific denoiser. However, the in-

depth discussion of this issue is beyond the scope of this work.

As an visual example, Fig.4 shows the denoising results

on image street1. Part of the image is enlarged for better

visual comparison. One can see that, for the plain regions

(e.g., the surface of wall), both [5], [6] and our method could

help MC-WNNM remove the noise; but for the regions that

contain image structure, only our method could effectively

improve the MC-WNNM denoising performance.

4.2.2. Experiments on Real Noisy Images

Our method is evaluated on the real-world noisy color im-

age set provided by [3]. This set consists of 11 indoor static

scenes, each of which was captured multiple times, with the

same camera and fixed capture settings. The temporal mean

image of the 500 shot is referenced as the “ground-truth”.

With this “ground-truth”, the objective image quality measure

such as PSNR can be calculated.
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(a) Original Image (b) Noisy Image (c) [5] (d) [6] (e) Ours (f) True

Fig. 4. Comparison of denoising results using MC-WNNM with different noise covariance settings. (a) Original image

street1; (b) noisy image, PSNR = 30.23dB; (c) [5]+MC-WNNM , PSNR = 35.03dB; (d) [6]+MC-WNNM , PSNR =

35.52dB; (e) ours+MC-WNNM, PSNR = 36.50dB; (f) true noise covariance+MC-WNNM, PSNR = 36.60 dB.

(a) Noisy Image (b) C-BM3D (c) [5]

(d) [6] (e) Ours (f) Mean Image

Fig. 5. Comparison of denoising results with different noise

covariance settings. (a) Noisy image, PSNR = 33.76 dB;

(b) C-BM3D [10], PSNR = 34.58 dB; (c) [5]+MC-WNNM,

PSNR = 35.19 dB; (d) [6]+MC-WNNM, PSNR = 35.95 dB;

(e) ours+MC-WNNM, PSNR = 36.52 dB; (f) mean image.

For comparison, the well-known denoiser C-BM3D [10]

is also included as a baseline. Its required single noise

level is estimated by [5]. Due to space limit, we here only

report the averaged PSNR yielded by each method. De-

tailedly, C-BM3D, [5]+MC-WNNM and [6]+MC-WNNM

give 33.40 dB, 34.61 dB and 35.12 dB, respectively, while

our estimate+MC-WNNM achieves 36.02 dB, which signif-

icantly boosts the denoising performance of MC-WNNM.

More comparison results of PSNR and SSIM can be found

in the supplementary file.

In Fig.5, we present an exemplar denoised results using

one test image that is cropped from the real noisy image

“Nikon D600 ISO 3200 2”. It can be seen that [5] and [6]

again tend to over-smooth the image, while our estimate could

aid MC-WNNM to better preserve the fine color details.

5. CONCLUSION

In this work, we propose a practical noise covariance estima-

tion method from a single noisy color image, based on the

multivariate Gaussian noise model. The covariance matrix

can be iteratively estimated from the selected weakly textured

patches. We design a texture strength indicator for a color

image patch to perform the weakly textured patch selection

via thresholding. Noting that the threshold in turn depends on

the unknown noise covariance, we further develop an iterative

noise covariance estimation framework, in which the patch

selection and the noise covariance estimate can be conducted

alternately. Extensive experiments show that our method can

effectively estimate the noise covariance, which could boost

the color image denoising performance. Our method can be

readily adopted into other vision tasks that require the noise

covariance as a crucial parameter.
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