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Joint Demosaicing and Denoising

Keigo Hirakawa, and Thomas W. Parks, Fellow, IEEE

ABSTRACT

The output image of a digital camera is subject to a severe degradation due to noise in the image sensor. This

paper proposes a novel technique to combine demosaicing and denoising procedures systematically into a single

operation by exploiting their obvious similarities. We first design a filter as if we are optimally estimating a pixel

value from a noisy single-color (sensor) image. With additional constraints, we show that the same filter coefficients

are appropriate for CFA interpolation (demosaicing) given noisy sensor data. The proposed technique can combine

many existing denoising algorithms with the demosaicing operation. In this paper, a total least squares denoising

method is used to demonstrate the concept. The algorithm is tested on color images with pseudo-random noise

and on raw sensor data from a real CMOS digital camera that we calibrated. The experimental results confirm that

the proposed method suppresses noise (CMOS/CCD image sensor noise model) while effectively interpolating the

missing pixel components, demonstrating a significant improvement in image quality when compared to treating

demosaicing and denoising problems independently.
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I. INTRODUCTION

A typical digital camera is subject to influences from noise in the image sensor. This sensor noise, often

characterized as signal-dependent noise, is amplified by a series of image processing steps needed to produce a full-

color representation of an image displayable on a computer monitor or a printer. This phenomenon is especially

evident when taking a picture in a low-light environment, and it is one of the major problems noticeable in

commercial digital cameras today.

A cost-effective digital camera uses a single-chip image sensor, with alternating patterns of three or more

color filters (whose sensitivity are spectrally shifted) applied to each pixel location (called color filter array,

or CFA). Often these filters are red, green, and blue, although there are other choices of primary colors as

well. A popular arrangement of primary RGB is Bayer pattern [2], which is shown in figure 4. A method for
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reconstructing a full-color image by estimating the missing pixel components from the sensor data is called

demosaicing (a.k.a. CFA interpolation). The source of conflict between the image processing pipeline and image

sensor noise is this demosaicing step. Often in demosaicing, we would like to preserve the sharpness of the edges

while interpolating the missing pixel components. In the presence of noise, however, noise patterns form false edge

structures, sharpening amplifies high frequency noise, and interpolation adds a structure to the noise too complicated

to analyze mathematically. While there are gray-scale and color image denoising techniques have been suggested

[25] [12] [24] [21] [22] [28] [14], removing noise after demosaicing, therefore, is impractical.

Many demosaicing algorithms and related works have been published in recent years [8] [9] [16] [29] [17] [18]

[19] [20] [26] [4] [23] [1]. Although the output images from these algorithms are impressive in the absence of

sensor noise, none of them, including [26], address the image sensor noise problem explicitly (to the best of the

knowledge of the authors). It should be noted that the method in [26] implicitly incorporates denoising by adapting

a bilateral filtering structure [28]. However, the smoothing is applied to missing pixel components only, and the

measured pixel components still remain noisy.

In recent years, a considerable amount of work has been done on denoising an image corrupted by signal-

independent noise. While they are useful general methods, most algorithms neither take into account signal-

dependent noise models (which is observed in CMOS and CCD sensors) nor accommodate denoising of a Bayer (or

other CFA) pattern image. Generalizing these algorithms to removing noise before the image processing pipeline is

problematic because determining an image structure, necessary for effective noise reduction, from a sparse sampling

lattice is difficult.

Noting that image interpolation and image denoising are both estimation problems, this paper proposes a unified

approach to performing demosaicing and image denoising simultaneously. The novelty of our work is the devel-

opment of a constraint, under which an optimal filter for estimating a pixel value from a noisy single-color image

is also an optimal filter for demosaicing given noisy sensor data. Furthermore, many existing image denoising

algorithms can be combined with the demosaicing operation using this proposed technique because this constraint

is not very restrictive. For example, one may choose bilateral filtering (a method to linearly combine nearby pixels

to smooth out the noise) because of computational efficiency [28], while another may choose a more sophisticated

image denoising method for higher image quality.

Performing demosaicing and image denoising simultaneously has various advantages over treating these problems

separately. First, image quality is improved because we can tune the filter coefficients such that the edge structures

are preserved without amplifying noise. Second, the estimation of the missing pixel components may explicitly

incorporate the noise characteristics of the sensor. Finally, the combined algorithm reduces the computational

complexity compared to performing these procedures separately.

This paper is organized as follows. Section II characterizes and analyzes the noise seen in CMOS and CCD image

sensors, and a mathematical model for the noise is given. Section III provides motivation for combining denoising

and demosaicing methods by posing the problem as a filter design. In section IV, an example demosaicing-denoising

method is developed using the proposed technique, and section V presents experimental results using pseudo-random
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and real sensor noise. We conclude in section VI. We emphasize that the algorithm in section IV is intended as an

example only, and the main goal of this paper is to establish a general framework for combining demosaicing with

denoising. This framework motivates a powerful and flexible technique for developing new demosaicing-denoising

algorithms to fit the computational and/or image quality needs of various applications.

II. CMOS AND CCD SENSOR NOISE

A. Noise Characterization

In order for the denoising method to be effective, it is important to understand the noise characteristics in an

image sensor. The CMOS photodiode active pixel sensor (APS) typically uses a photodiode and three transistors,

all major sources of noise [3] [27]. The CCD sensors rely on the property of the material that when a photon strikes

silicon, an electron-hole pair is generated [10]. While investigating the source of noise is beyond the scope of this

paper, studies suggest that the readout noise (for both CMOS and CCD sensors) takes the following general form

[27] [10]:

Y (i, j) = X(i, j) + (k0 + k1X(i, j))δ(i, j), (1)

where X(i, j) and Y (i, j) are the ideal and measured sensor values at pixel location (i, j), respectively, δ(i, j) ∼

N (0, 1) is noise, and k0, k1 ∈ R are sensor dependent parameters.

We independently verified the relationship in (1) for CMOS sensors by calibrating Agilent Technologies camera

evaluation board HDCP-2000, equipped with a 300K pixel CMOS sensor [3]. Inside a room with controlled lighting,

the Macbeth color chart is placed in the view of the camera in a fixed position. Assuming that the expectation

E{Y } is X and that the colors inside the squares on the color chart are uniform, the average and the variance of

400 points measured from one square are taken to be the true X value and the noise variance for that X value,

respectively. We repeat this experiment with varying levels of lighting to measure the noise variances for many

different X values. The programmable gain amplifier (PGA) is held constant throughout the calibration experiments.

All images are captured in unprocessed raw sensor data format. We assumed that the variation among the pixel

sensors is small compared to the level of noise.

In figure 1, the standard deviation of the sensor values is plotted against the estimated X value. Red pixels, blue

pixels, and odd indexed and even indexed green pixels are plotted separately. It is clear from these graphs that the

standard deviation of the noise and the pixel values are roughly related by an affine equation, as in (1). Moreover,

the histogram of the 400 data points measured from the same square in Macbeth color chart is shown in figure 2.

It reveals that for each X , it is not unreasonable to call the shape of the noise distribution Gaussian.

B. Perceived Noise

Although the level of the noise is greater in bright regions of the image (due to k1 > 0), the dark regions of an

image are more difficult to denoise because the signal-to-noise ratio is smaller when the signal value is small (due
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Fig. 1. Graphs of standard deviation of noise v.s. image sensor value (for a fixed PGA). From top-to-bottom, left-to-right, green sensors, red

sensors, blue sensors, green sensors.
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Fig. 2. The distribution of noise when X = 160.

to k0 > 0). Furthermore, the signal-dependent noise model (1) means that the dark regions of the image appears

most noisy to a human eye. To understand this, consider the definition of CIE-Lab color space [13]:

SL = 116(SY /TY )1/3 − 16

Sa = 500((SX/TX)1/3 − (SY /TY )1/3) (2)

Sb = 200((SY /TY )1/3 − (SZ/TZ)1/3),
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Fig. 3. (q + (k0 + k1q))1/3 − q1/3 plotted against q. See text.

where [SX , SY , SZ ] are tri-stimulus values in XYZ color space, and [TX , TY , TZ ] are the reference white color,

measured also in XYZ color space. Research has shown that CIE-Lab is a uniform color space [13]. That is, the

CIE-Lab is a linear color space from human visual system point of view.

The mathematical feature of interest in (2) is the cube-root function. Consider figure 3, the plot of function

(q + (k0 + k1q))
1/3 − q1/3 (perceived noise) against q (pixel value). It is clear that the perceived level of noise

in the low-signal region is larger than that of the high-signal region. The graph also emphasizes the need for

considering the signal-dependency of the noise in the design of image processing algorithm because the human eye

is sensitive to the perturbations when the pixel values are small.

III. FILTER DESIGN

The following discussion is independent of the choice of the denoising algorithm. In this paper, we work with

a Bayer pattern CFA [2], although the results can be extended to more general cases.

Let R(i, j), G(i, j), and B(i, j) be the noise-free red, green, and blue pixel component values at pixel location

indexed by the Cartesian coordinates, (i, j), respectively. Define Gs as the green image G sampled by the image

sensor according to the CFA pattern:

Gs(i, j) =







G(i, j) if (i, j) corresponds to a green filter location on CFA.

0 if otherwise,
, (3)

and Rs and Bs are defined similarly for the filter locations of their respective colors on CFA. For ease of notation,

define X(i, j) = Rs(i, j) + Gs(i, j) + Bs(i, j) as the ideal image sensor output. Let Y (i, j) be the measured

noisy sensor value corresponding to X(i, j), and assume that (1) defines the relationship between X and Y (i.e. Y

represents ideal sensor output X corrupted according to the CMOS/CCD noise model). Our objective is to estimate

R, G, and B given Y . In this section, a technique to estimate G from Y is presented (estimation of R and B is

done in the same manner).
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G(-2,-2) R(-2,-1) G(-2,0) R(-2,1) G(-2,2)

B(-1,-2) G(-1,-1) B(-1,0) G(-1,1) B(-1,2)

G(0,-2) R(0,-1) G(0,0) R(0,1) G(0,2)

B(1,-2) G(1,-1) B(1,0) G(1,1) B(1,2)

G(2,-2) R(2,-1) G(2,0) R(2,1) G(2,2)

Fig. 4. Bayer pattern CFA. Cartesian coordinate is used to label the pixel locations.

Without loss of generality, let (0, 0) refer to the pixel location in G whose pixel value we are interested in. We

estimate the ideal green pixel value G(0, 0) by taking a linear combination of the noisy sensor values Y :

Ĝ(0, 0) =
∑

i,j

α(i, j)Y (i, j), (4)

where Ĝ(0, 0) is our estimate for G(0, 0), and α(i, j) is the filtering coefficient (or the weight) used for Y (i, j) in

the linear combination. Note that even if (0, 0) is a pixel location that corresponds to a green filter on the CFA,

we must still estimate the noise-free green pixel value. Therefore unlike the demosaicing problem, we do not draw

a distinction between estimation of a missing pixel component value and estimation of the ideal pixel value from

noisy pixel values. One obvious approach to choosing α is to treat each color plane separately, i.e. use only green

pixels to estimate G(0, 0). However, many have argued that this is ineffective because it does not take advantage

of the spatial redundancies between the different colors [8] [9] [16] [15] [29].

We instead begin by assuming that the difference images R−G, B−G, R−B are bandlimited signals [11]. This

is equivalent to stating that the high-frequency components of R, G, and B are similar, while the low-frequency

components may be dissimilar. Therefore, we impose a constraint that the coefficients corresponding to noisy red

and blue values add up to 0 when estimating G(0, 0), respectively. These coefficients are high-pass filters, effectively,

and this guarantees that the low-frequency components of Rs and Bs do not contribute to the estimation of G.

Since only the high frequency components of Rs and Bs are passed by the filter coefficients α(i, j), we make

the following substitution:

Ĝ(0, 0) =
∑

i,j

α(i, j)Y (i, j)

=
∑

i,j

α(i, j)[G(i, j) + (k0 + k1X(i, j))δ(i, j)].

This substitution suggests that we design filter coefficients α(i, j) as if we are optimally estimating a pixel value

from a noisy single-color image.
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Suppose we adapt another generalization, motivated by multi-resolution analysis and wavelets [12] [23]: if α is

chosen such that

G(0, 0) ≃
∑

i,j

α(i, j)[G(2i, 2j) + (k0 + k1X(i, j))δ(i, j)],

then

G(0, 0) ≃
∑

i,j

α(i, j)[G(i, j) + (k0 + k1X(i, j))δ(i, j)].

That is, if the filter coefficients α(·, ·) are designed to estimate G(0, 0) from the downsampled green image,

G(2i, 2j), then the same coefficients would also yield a satisfactory estimate for G(0, 0) when they are applied to

the green image, G(i, j), instead. Observe also that downsampling Y by two in horizontal and vertical directions

yields single-color images. These facts imply that if filter coefficients were chosen by existing (single-color) image

denoising methods to optimally estimate G(0, 0) by linearly combining the downsampled image Y (2i, 2j), the same

coefficients can be used to linearly combine the noisy sensor data Y (i, j) to get a reasonable estimate of G(0, 0).

To summarize, the strategy for choosing the filter coefficients to estimate G(0, 0), regardless of the color of

Y (0, 0), consists of three major steps:

1) Design filter α as if we are estimating G(0, 0) by taking a linear combination of {G(2i, 2j)}.

2) Add a restriction to the filter such that the filter coefficients corresponding to the noisy red and blue values

add up to zero, respectively.

3) Apply the filter to noisy image sensor output Y using (4).

We remind the readers that the same technique is used for estimating R(0, 0) and B(0, 0) from Y .

The strategy outlined in this section can be extended to a wavelet framework, also. Instead of requiring that

the filter coefficients corresponding to red (blue) values add up to zero, these coefficients can be restricted to a

subspace orthogonal to the scaling functions. Because scaling functions are low-frequency components, only the

wavelet (high-frequency) components of Rs (Bs) contribute to the estimation of G.

IV. DENOISING METHOD

We are left with the task of designing a denoising algorithm that will fulfill the constraints outlined in section III.

There are many existing image denoising algorithms that are compatible with these constraints, offering flexibilities

and choices in the design of an image processing pipeline. For example, a simple image denoising method, such as

bilateral filtering [28], may be combined with demosaicing procedure when the computational resource is limited. On

the other hand, combining a more sophisticated image denoising method, such as [22] and [12], with demosaicing

procedure may yield improved image quality.

In this section, a demosaicing algorithm based on a total least squares (TLS) image denoising method is briefly

described [12]. The following discussions are intended as a proof-of-concept case study only. That is, the choice

of denoising method is not unique, and we remind the reader that the main goal of this paper is to establish a

theoretical framework for combining demosaicing with denoising.

August 18, 2005 DRAFT



8

A. TLS Denoising Problem

TLS is a natural way to approximate the data as a linear combination of the basis vectors when the basis vectors

are contaminated by errors or noise. In general, the data does not live in the subspace spanned by these basis vectors,

and therefore perturbations are introduced in the system to account for the inexactness of the approximation model.

While the least squares methods allow perturbation in the data only, total least squares allow perturbations in the

noisy basis vectors also. Given that the noise is present in the basis vectors, allowing perturbation in the basis

vectors makes intuitive sense [5] [12]. The weights to the linear combination can be chosen such that the overall

perturbation is minimized [5] [7].

Let π be an arbitrary variable with arbitrary dimensions. As a notational convention, let ~π (a variable with an

arrow) indicate a column vector, whose elements are the elements of π, bijectively reordered into a vector. For

the rest of this paper, let α have n × n compact support, also. Define ~x0, ~y0 ∈ R
n2

as n × n image patches

from X and Y (i.e. n × n vector cropped from an image), respectively, whose center value corresponds to the

pixel location (0, 0) (the pixel-of-interest). In this section, we are interested in designing a filter α such that

Ĝ(0, 0) =
∑

α(i, j)[G(2i, 2j) + (k0 + k1x0(i, j))δ(i, j)] is an optimal estimate of G(0, 0) in the TLS sense (the

same techniques are used to estimate R(0, 0) and B(0, 0)). Complete details of the denoising algorithm can be

found in [12].

Let Y1, Y2, Y3, Y4 be the four noisy single-color images obtained from downsampling Y by 2 in both horizontal

and vertical directions (see figure 5 for illustration). Define {~y1, . . . , ~ym} as a set of vectorized n × n image

patches cropped from Y1, . . . , Y4, let {~x1, . . . , ~xm} be the ideal red, green, and blue image patches (i.e. noise free)

corresponding to {~y1, . . . , ~ym}, respectively, and

~zk = ~xk + k0δk + k1diag(~x0)δk,

where δk ∼ N ([0, . . . , 0]T , I) is a noise vector. In general, images patches are taken from the spatial vicinity of

the pixel of interest by spatially displacing an n × n window by a few pixels (thus the pixel of interest does not

necessarily lie in the center of the patch). Suppose ~α ∈ R
n2

is chosen such that for all k, ~zT
k ~α is an optimal estimate

for the center value in xk. If this family of image patches is similar to y0 then it is reasonable to assume that α

will be a good filter for (4), also. A measure of similarity is introduced later.

Define Xd = [~x1, . . . , ~xm]T , Y d = [~y1, . . . , ~ym]T , Zd = [~z1, . . . , ~zm]T , and let ~xd be the column in ~Xd that

corresponds to the center pixels of {~x1, . . . , ~xm}. Suppose we allow a small perturbation in Zd and ~xd called E and

e0, respectively, and Φ ∈ R
m×m and Θ ∈ R

n2−1×n2−1 are weighting matrices. In order that Zd~α be an optimal

estimate for ~xd in the weighted TLS sense, ~α solves the following criterion:

min
α

‖Φ[E, e0]MΘ‖2
F , (5)

subject to

(Zd + E)α = ~xd + e0
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Fig. 5. Illustration of downsampled Bayer pattern image. Z−1

1
and Z−1

2
represent delay lines in the vertical and horizontal directions,

respectively. ↓ M1 and ↓ M2 represent downsampling by 2 in vertical and horizontal directions, respectively.

where ~α takes the form

~α = M ~β. (6)

In other words, we are interested in choosing α such that it minimizes the overall perturbation, weighted by matrices

Φ and MΘ, as in (5). Perturbations E and e0 are needed because xd /∈ span{zd
1 , . . . , zd

m} in general. Weighting

matrices Φ and Θ controls the amount of perturbation allowed in each image patch and pixel location, respectively

[12]. Our choice of weighting matrices are outlined in section IV-C.

Note that M ∈ R
n2

+1×n2−1 restricts ~α to the subspace spanned by the columns of M . This is convenient for

constraining ~α such that coefficients corresponding to red and blue pixels add up to zero, respectively. An example

of M matrix is (assumes ~yk is vectorized such that like colors are grouped together):

M =

















MR

MG

MB

1

















, (7)

where MG = I , MR, MB = [I;−1, . . . ,−1], and I is an identity matrix. Our strategy is to solve for optimal ~β,

and set ~α = M ~β.
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A variation of the TLS problem (5) using an affine approximation model was solved by de Groen [5]. He showed

that the cost function (or the weighted perturbation), ‖Φ[E, e0]MΘ‖2
F , is reduced greatly when the column-means

of Φ[Zd, ~xd]MΘ are subtracted from their respective columns first, suggesting a better model fit. In this paper, we

modify the approach outlined in section III to take advantage of the affine approximation technique.

More specifically, instead of (5), we solve for ~α in the system that minimizes ‖Φ[E, e0]MΘ‖2
F subject to

(Z̃d + E)α = x̃d + e0. Here, Z̃d = Zd − [1, . . . , 1]T z̄ and x̃d = ~xd − [1, . . . , 1]T x̄d, where z̄ = 1

m

∑m
k=1

~zk

and x̄d is the average value of ~xd. X̃d and Ỹ d are defined similarly. Note that the average of the column in Y d

corresponding to the center pixel is a good approximation for x̄d (see (1)). Once ~α is solved, our optimal estimate

for ~xd is:

x̂d = Z̃d~α + x̄d.

More importantly, let {~r1, . . . , ~rm} be a set of n×n image patches cropped from the noisy sensor output Y , whose

center value corresponds to the pixel location (2i, 2j), −
√

m−1

2
≤ i, j ≤

√
m−1

2
. Note that the relative locations

of the red and blue pixels in the CFA pattern is the same for y0 and rk. Define ȳ0 = 1

m

∑m
k=1

~rk. Then, our best

estimate for G(0, 0) is

Ĝ(0, 0) = ỹ0~α + x̄d,

where ỹ0 = ~y0 − ȳ0.

B. Solution to TLS

Solving the TLS system above is straightforward [12]. Let N = n2 − 1, and assume that the weighting matrices

from (5) are diagonal: Φ = diag(φ1, . . . , φm) and Θ = diag(θ1, . . . , θN ). Using singular value decomposition of

matrix Φ[Z̃d, x̃d]Θ = UΣV T , where Σ = diag(σ1, . . . , σN ) and σ2
k > σ2

k+1
, ~β that solves (5) is [7]:

~β = −
θN

vN,N











θ1

. . .

θN−1





















v1,N

. . .

vN−1,N











, (8)

where [v1,N , . . . , v1,N ]T is the right singular vector corresponding to σN . However, x̃d is not available in the

denoising problem, thus making it difficult to compute V from singular value decomposition. To work around this

problem, we define the matrix P :

P = (Φ[Z̃d, x̃d]MΘ)T (Φ[Z̃d, x̃d]MΘ)

= (UΣV T )T (UΣV T ) = V Σ2V T .

Our strategy is to estimate P and obtain the right singular vector V through its eigen decomposition. Note that

E{δk} = 0 and E{δkδl
T } = I if k = l and 0 if otherwise. When m ≫ N , P = E{P}, and

P = E{P} = ΘT MT





E{Z̃dT Φ2Z̃d} X̃dT Φ2x̃d

x̃dT Φ2X̃d x̃dT Φ2x̃d



MΘ. (9)
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With some manipulations, E{Z̃dT Φ2Z̃d} simplifies to:

E{Z̃dT Φ2Z̃d} = X̃dT Φ2X̃d + diag(k0 + k1~x0)
2

(

m
∑

i=1

φ2
i

)

. (10)

Given Y , P can be estimated. Let PY Y = Ỹ dT Φ2Ỹ d and x̃i = ~xi − x̄, ỹi = ~yi − ȳ. For m ≫ N , PY Y = E{PY Y },

and it simplifies to:

PY Y = X̃dT Φ2X̃d +

m
∑

i=1

φ2
i diag(k0 + k1x̄)2 +

m
∑

i=1

φ2
i k

2
1diag(x̃i)

2

+ 2

m
∑

i=1

φ2
i k1diag(k0 + k1x̄)diag(x̃i).

Using the substitution E{
∑

i φ2
i ỹi} =

∑

i φ2
i x̃i and the fact that the diagonal entries of X̃dT Φ2X̃d and

∑

i φ2
i diag(x̃i)

2

are identical, X̃dT Φ2X̃d can be estimated using the following procedure:

1) Compute PY Y = Ỹ dT Φ2Ỹ d.

2) Compute PY Y −
∑

φ2
i [diag(k0 + k1x̄)2 + 2k1diag(k0 + k1x̄)diag(ỹi)].

3) Multiply the diagonal entries of step 2 by (1 + k2
1)

−1.

Let us call this estimate PXX . The estimates of X̃dT Φ2x̃d, x̃dT Φ2X̃d, and x̃dT Φ2x̃d are obtained by taking

appropriate rows and columns of PXX . E{Z̃dT Φ2Z̃d} is computed from PXX using (10) and exchanging ȳ0 in

lieu of ~x0 (this substitution is justified in [12]). Thus, matrix P is fully computable.

To summarize, the strategy to solving the TLS system consists of four major steps:

1) Estimate PXX from PY Y = Ỹ dT Φ2Ỹ d.

2) Estimate P = (Φ[Z̃d, x̃d]MΘ)T (Φ[Z̃d, x̃d]MΘ) using PXX .

3) Compute V using eigen decomposition: P = V Σ2V T .

4) Solve for optimal ~α using (8) and (6).

This ~α solves (5) subject to (Z̃d + E)α = x̃d + e0. Our best estimate for G(0, 0) is

Ĝ(0, 0) = ỹT
0 ~α + x̄d.

Same technique is used to estimate R(0, 0) and B(0, 0) from noisy sensor data, Y .

C. Weighting Matrices

Above, Φ = diag(φ1, . . . , φm) and Θ = diag(θ1, . . . , θN ) are weighting matrices. In this paper, the n × n

image patches {~y1, . . . , ~ym} are taken from Y1, . . . , Y4 in the spatial vicinity of G(0, 0) [12]. Though not all image

patches may include the pixel of interest, there are many image patches that are similar to ~yk. On the other hand,

because natural images contain discontinuous signals, not every ~yk shares the same image attributes with ~y0. To

prioritize {~y1, . . . , ~ym} in the order of similarity, larger weight is given (i.e. larger φk) if HT ~yk is similar to HT ~y0.

More specifically,

φk = exp(−(~y0 − ~yk)T HHT (~y0 − ~yk)/kφ)
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where kφ ∈ R is a constant that controls how quickly φk rolls off as (~y0 − ~yk)T HHT (~y0 − ~yk) becomes large,

and a H is a weighting matrix. In this paper, H is M from (7) and the experimental results have θ1, ..., θN−1 = 1

and θN = 0.5.

D. Pre-Processing

The effectiveness of the TLS denoising algorithm depends on our ability to estimate P matrix accurately. Given

δ(i, j) ∼ N(0, 1), there will be one or two pixels occasionally that stand out because the value of δ at that pixel

position is far greater than its standard deviation. This is problematic because such entries in Y appear more than

once, degrading our estimate for P greatly. To work around this problem, we propose to prune the outliers. The

following pre-processing procedure was used. For each pixel location in Y ,

1) Let w be a set of pixels in Y that fall within the L × L neighborhood of the pixel of interest, and whose

color is the same as the pixel of interest.

2) Find the kth largest and kth smallest pixel values in w.

3) If the pixel of interest is larger (smaller) than the kth largest (smallest) value in w, replace it with the kth

largest (smallest) pixel value in w.

The proposed pre-processing procedure is a particularly good match for working with image sensors. Due to

variabilities in manufacturing processes, the image sensors often contain a few defective pixel sensors, sometimes

referred to as hot-pixels or dead-pixels. Because the output values from these pixel sensors do not have any

relevance to the image (i.e. an outlier), and because most demosaicing algorithms contain filtering, these pixels

can potentially degrade the quality of the output image significantly. Although improvements in the manufacturing

process is desirable, designing a digital system to remove the defective pixels can increase the yield. Assuming that

the defective pixel sensors do not cluster, the pre-processing procedure above should effectively remove them.

V. IMPLEMENTATION AND RESULTS

Our TLS algorithm is implemented by taking 5× 5 image patches from a 25× 25 neighborhood. Pre-processing

had a window size of 11× 11, and we picked the 4th smallest and largest pixel values. Parameters k0 and k1 were

available a priori. When k1 = 0, algorithms to estimate the noise variance have been proposed [14]. In real-world

CMOS and CCD sensors, however, k0 and k1 depend closely on the programmable amplifiers in the A/D converter.

We may assume that the gain for the amplifier is provided, and that relationship between the gain and k0, k1 is

understood from the calibration experiments.

Experiments were performed on natural images (24-bit/pixel color images) that are widely used: parrot, lena, and

clown (see figure 6). A color image is sampled according to Bayer CFA pattern and pseudo-random noise is added

using the CMOS/CCD noise model (1) to simulate what the image sensor sees. The full color representation of the

color image is then reconstructed using the proposed method. The output image is evaluated by comparing it to

the original image using mean squared error (MSE), mean absolute error (MAE), and SCIELAB [30]. While MSE

is a popular method to evaluate the performance of imaging algorithms, SCIELAB is a perceptually sensitive error
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(a) (b) (c)

(d) (e) (f) (g)

(h) (i) (j) (k)

(l) (m) (n) (o)

Fig. 6. Example images. (a) Original “parrot” image (256 × 384). (b) Original “lena” image (512 × 512). (c) Original “clown” image

(200 × 320). (d)-(o) Zoomed parts of the test images. (d)(h)(l) Original images. (e)(i)(m) Reconstructed from noisy sensor data using method

in [8]. (f)(j)(n) Reconstructed from noisy sensor data using methods in [8] and [25]. (g)(k)(o) Reconstructed from noisy sensor data using the

proposed method. Noisy sensor data contained signal-independent noise, (k0, k1) = (25, 0).
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TABLE I

COMPARISON OF DEMOSAICING AND DENOISING ALGORITHMS ON THE “PARROT” IMAGE, EVALUATED USING MSE, MAE, AND AVERAGE

SCIELAB ERROR [30]. NOISE LEVELS CONSIDERED WERE (k0, k1) = (0, 0), (25, 0), (25, 0.1), AND (25, 0.2). SEE TEXT.

error metric MSE MAE SCIELAB

noise parameter demosaicing method demosaicing method demosaicing method

(k0, k1) [9] [11] proposed [9] [11] proposed [9] [11] proposed

(0,0) 13.28 11.10 29.70 1.59 1.42 2.31 1.66 1.01 3.44

(25,0)

d
en

o
is

in
g

m
et

h
o
d none 560.65 600.32 101.91 18.83 19.49 6.75 58.10 69.18 22.27

[25] 110.67 118.69 N/A 7.14 7.76 N/A 26.11 29.28 N/A

[24] 117.05 126.28 N/A 7.24 7.88 N/A 26.73 30.00 N/A

[12] 85.82 92.52 N/A 6.52 6.71 N/A 22.65 24.38 N/A

(25,0.1)

d
en

o
is

in
g

m
et

h
o
d none 982.89 1057.36 147.90 24.73 25.69 8.03 86.68 104.67 29.17

[25] 165.06 176.45 N/A 8.63 9.44 N/A 35.77 40.24 N/A

[24] 161.69 179.94 N/A 8.65 9.51 N/A 36.76 41.51 N/A

[12] 126.53 150.02 N/A 7.85 8.84 N/A 31.86 36.68 N/A

(25,0.2)

d
en

o
is

in
g

m
et

h
o
d none 1490.89 1599.20 192.78 30.18 31.33 9.09 122.49 149.82 36.33

[25] 229.64 253.41 N/A 10.18 11.21 N/A 47.48 53.27 N/A

[24] 227.34 254.21 N/A 10.24 11.23 N/A 49.77 55.11 N/A

[12] 173.09 205.74 N/A 9.13 10.25 N/A 42.23 48.55 N/A

metric that takes human visual system models into account. Therefore, SCIELAB error values are more reliable

and meaningful than MSE as a way to evaluate output images when it is established a priori that human eye is the

end user [30]. MAE is reported in [20] also.

To the best of knowledge of the authors, this is the first study of combining demosaicing and denoising algorithms.

We therefore compare our results to the state-of-the-art demosaicing algorithms [8] [11] followed by denoising

algorithms [24] [25] [12]. All denoising algorithms are provided with a priori parameter, k0, and denoising is

performed on each color plane separately. Note that the methods in [25] and [24] are not equipped to handle the

case when the noise is signal-dependent. In order to compare the proposed algorithms to the existing the methods

fairly, the methods in [25] and [24] are combined with generalized homomorphic operator [6]. This operator

approximately decouples the noise from the signal. See [6] for details.

Tables I-III summarizes the MSE, MAE, and average SCIELAB errors for the test images in figure 6. All

three tables have the same format, but each use different image data that are corrupted by noise: (k0, k1) =

(0, 0), (25, 0), (25, 0.1), (25, 0.2). The images are reconstructed using different demosaicing and denoising methods.

The output images are compared to the original images using MSE (in dB), MAE (in pixel magnitudes), and average

SCIELAB errors (in CIELAB magnitudes). For example, to read the MSE value for the output image reconstructed

using demosaicing method in [11] and denoising method in [12] when the sensor data is corrupted by the noise

(25, 0.1), locate the row marked with “ [12]” in the second column immediately to the right of “(25, 0.1)”. Also,
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TABLE II

COMPARISON OF DEMOSAICING AND DENOISING ALGORITHMS ON THE “LENA” IMAGE, EVALUATED USING MSE, MAE, AND AVERAGE

SCIELAB ERROR [30]. NOISE LEVELS CONSIDERED WERE (k0, k1) = (0, 0), (25, 0), (25, 0.1), AND (25, 0.2). SEE TEXT.

error metric MSE MAE SCIELAB

noise parameter demosaicing method demosaicing method demosaicing method

(k0, k1) [9] [11] proposed [9] [11] proposed [9] [11] proposed

(0,0) 26.47 27.40 36.17 2.99 2.96 3.54 1.45 1.47 2.87

(25,0)

d
en

o
is

in
g

m
et

h
o
d none 578.82 619.02 95.00 19.12 19.73 6.99 46.02 53.88 19.75

[25] 92.13 109.25 N/A 7.17 7.87 N/A 20.26 22.12 N/A

[24] 93.99 109.10 N/A 7.19 7.80 N/A 21.18 22.97 N/A

[12] 83.86 101.68 N/A 6.77 7.50 N/A 19.44 21.97 N/A

(25,0.1)

d
en

o
is

in
g

m
et

h
o
d none 1181.57 1249.97 139.08 27.16 27.87 8.54 76.49 88.49 26.99

[25] 161.27 193.38 N/A 9.66 10.63 N/A 30.44 33.15 N/A

[24] 166.04 198.85 N/A 9.77 10.70 N/A 32.33 35.13 N/A

[12] 134.46 165.10 N/A 8.73 9.78 N/A 28.93 32.11 N/A

(25,0.2)

d
en

o
is

in
g

m
et

h
o
d none 1941.33 2059.54 194.62 34.57 35.49 10.23 114.87 134.10 36.01

[25] 284.30 357.29 N/A 12.92 14.40 N/A 44.60 50.16 N/A

[24] 294.84 365.71 N/A 13.12 14.48 N/A 47.86 53.38 N/A

[12] 206.98 267.17 N/A 10.89 12.42 N/A 41.40 47.18 N/A

TABLE III

COMPARISON OF DEMOSAICING AND DENOISING ALGORITHMS ON THE “CLOWN” IMAGE, EVALUATED USING MSE, MAE, AND AVERAGE

SCIELAB ERROR [30]. NOISE LEVELS CONSIDERED WERE (k0, k1) = (0, 0), (25, 0), (25, 0.1), AND (25, 0.2). SEE TEXT.

error metric MSE MAE SCIELAB

noise parameter demosaicing method demosaicing method demosaicing method

(k0, k1) [9] [11] proposed [9] [11] proposed [9] [11] proposed

(0,0) 50.56 63.77 105.95 3.91 4.27 5.04 14.52 16.29 31.14

(25,0)

d
en

o
is

in
g

m
et

h
o
d none 492.08 544.20 194.00 16.95 17.82 10.21 242.97 266.28 156.82

[25] 203.92 210.90 N/A 10.74 11.04 N/A 218.19 221.16 N/A

[24] 195.73 211.46 N/A 10.57 11.04 N/A 218.42 221.78 N/A

[12] 184.88 216.84 N/A 10.03 10.64 N/A 210.55 221.56 N/A

(25,0.1)

d
en

o
is

in
g

m
et

h
o
d none 814.11 887.26 252.06 21.27 22.23 11.49 283.61 306.08 176.41

[25] 273.78 278.10 N/A 12.23 12.45 N/A 243.33 239.11 N/A

[24] 274.02 276.91 N/A 12.20 12.43 N/A 246.50 240.67 N/A

[12] 236.21 278.12 N/A 11.45 12.16 N/A 233.04 235.52 N/A

(25,0.2)

d
en

o
is

in
g

m
et

h
o
d none 1216.72 1311.51 314.41 25.31 26.36 12.70 331.96 355.38 195.77

[25] 362.20 371.97 N/A 13.83 14.07 N/A 273.37 261.21 N/A

[24] 362.27 371.98 N/A 13.83 14.06 N/A 276.92 263.41 N/A

[12] 313.51 409.05 N/A 12.98 14.09 N/A 266.07 279.74 N/A
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Fig. 7. Zoomed part of an output image from the proposed algorithm. In the absence of noise ((k0, k1) = (0, 0)), the algorithm occasionally

suffers from zippering artifacts.

locate the column marked with “ [11]” immediately under “MSE”. The intersection of this row and this column is

the MSE value we are interested in. In the absence of noise (i.e. (k0, k1) = (0, 0)), no image denoising methods

were applied. In the case that the pixel values were estimated using the proposed method, the denoising algorithm

is not necessary (therefore marked by “N/A”).

In the absence of noise ((k0, k1) = (0, 0)), the proposed method did not perform as well as demosaicing methods

in [8] and [11]. In the presence of noise, the tables clearly show the benefits of considering demosaicing and

denoising as a single operation. The performance according to MSE and MAE is comparable for the proposed

algorithm and the other reconstruction methods. However, SCIELAB error values indicate that the output from

the proposed algorithm is noticeably closer to the original image than that of other methods. The differences are

especially pronounced when k1 6= 0. The performance evaluation according to SCIELAB error values is consistent

with the visual quality assessment of the output images. Figure 6 shows zoomed output images, reconstructed from

noisy sensor data (k0, k1) = (25, 0). The amplification of noise is evident due to demosaicing (figures 6(e), (i), and

(m)). While applying a denoising algorithm after demosaicing algorithm helps the overall image quality (figures

6(g), (j), and (n)), the proposed algorithm is clearly sharper (see feathers in figure 6(k), eye in figure 6(l)). The

differences are especially pronounced in the smooth regions of the image, where the proposed algorithm suppresses

the noise more effectively, without introducing extraneous colors (see solid color regions in figures 6(f) and (g)).

However, in the absence of noise ((k0, k1) = (0, 0)), the proposed algorithm occasionally suffers from zippering

artifacts (see an example in figure 7). This agrees with the observations we made in tables I-III that the other

demosaicing methods perform better in absence of noise.

Experiments were also performed on 8-bit sensor data taken from Agilent Technologies’ CMOS APS digital

camera in low light. Images were captured in a raw-data format with the same programmable gain amplifier

setup used during the calibration process. The parameters for the proposed algorithm were (k0, k1) = (3, 0.02).

After demosaicing, the images were processed with color space conversion and gamma correction (γ = 1.8). The

illuminant was known a priori, and it was considered in the color space conversion step. Figure 8 shows examples

comparing the proposed method to other demosaicing methods. The demosaicing methods in [8] and [11] maintain
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(a) (b) (c)

(d) (e) (f)

Fig. 8. Example using an image captured with Agilent Technologies’ CMOS APS digital camera. (a) Method in [8] (b) Method in [11] (c)

Proposed method. (d) Zoomed part of (a). (e) Zoomed part of (b). (f) Zoomed part of (c)

high contrast, but the grainy noise is highly visible in the dark regions of the image. While the proposed algorithm

suffers from occasional zippering artifacts, the grainy noise is eliminated well by the proposed algorithm.

Finally, we note that the computational cost of the method proposed in section IV is high. The eigen decomposition

of symmetric positive-definite matrix P ∈ R
n×n requires O(n2) operations [12]. However, it is reminded that method

in section IV is only an example for ideas developed in section III. The choice of denoising methods should be

made according to the application’s specific computational and/or image quality needs.

VI. CONCLUSION

Noting that image interpolation and image denoising are both estimation problems, this paper presented a unified

method to combine demosaicing and image denoising procedures. The filtering coefficients were restricted such

that only the high frequency components of the image signals contribute to the estimation of pixel values of

different colors. With substitutions, the multi-colored demosaicing/denoising problem was simplified to a single-

color denoising problem. Using this theoretical framework, an example algorithm was constructed, and it was

tested on color images with pseudo-random noise and on raw sensor data from a real CMOS digital camera. The

experimental results verify that performing demosaicing and denoising simultaneously is far more effective than

treating the demosaicing and denoising problems separately.

Theoretical framework in section III introduces a powerful and flexible technique for developing new demosaicing-

denoising algorithms to fit the computational and/or image quality needs of various applications. While the example
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method developed in section IV is computationally expensive, it suggests that superior image quality is achieved

by combining a state-of-the-art image denoising technique with demosaicing. As the research in image denoising

methods advances (in terms of image quality or computational efficiency), similar developments can be made in

demosaicing by using the proposed framework. The future research in this area include design and implementation

of wavelet-based demosaicing-denoising method using the generalized strategy outlined at the end of section III.
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