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ABSTRACT
The presence of spectral mismatch between the components
of a WRGB color filter array severely affects the performance
of demosaicking. This paper presents a novel method that
compensates for the spectral mismatch and greatly enhances
the accuracy of R, G, and B interpolation. The method is
tested on a two-megapixel WRGB CMOS image sensor. The
results show that the proposed method brings the
performance of WRGB demosaicking to an unprecedented
level competitive with that of the state-of-the-art Bayer
demosaicking.
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1. INTRODUCTION
The Bayer color filter array (CFA) shown in Fig. 1(a) is
widely adopted for digital cameras and smart phones [1].
However, because of the constraint on physical size for these
devices, CFAs that lead to high sensitivity for image sensors
are desirable. Among the possible CFAs, the one known as
WRGB (see Fig. 1(b)) has attracted considerable attention
[2]-[4]. It replaces one of the two green pixels of the Bayer
pattern by a white (panchromatic) pixel. The sensitivity of the
image sensor is increased, especially under low illumination.
Another attractive feature of WRGB CFA is that its cost is
the same as or even lower than that of the Bayer pattern.
To determine the missing color components for each
pixel of an image, many existing WRGB demosaicking
methods employ a linear model to relate the white (W)
component of a pixel to its red (R), green (G), and blue (B)
components [5]. Since the readout value of a pixel is the
integration of the product of the spectral sensitivity function
of the pixel and the spectrum of the incident light [6], the
linear model assumes that a perfect linear relationship exists
between the spectral sensitivity functions of W, R, G, and B
pixels. In practice, however, the assumption is not necessarily
true. Fig. 2 shows the four individual spectral sensitivity
curves measured for a WRGB CMOS sensor and the spectral
sensitivity curve of the white pixel estimated from the R, G,
and B pixels based on a linear model. It can be clearly seen
that the estimated white spectral sensitivity function is not
equal to the actual spectral sensitivity function of the white
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(b)

Fig. 1. (a) Bayer and (b) WRGB color filter arrays patterns.
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Fig. 2. Normalized spectral sensitivity functions of a WRGB
CMOS sensor.

pixel. The discrepancy is referred to as spectral mismatch. It
seriously affects the effectiveness of the linear model for
demosaicking.
In this paper, we propose a novel method that introduces
a spectrally dependent offset to the linear model to
compensate for the spectral mismatch. Our goal is to reduce
the effect of spectral mismatch on WRGB demosaicking and
achieve significantly better performance than most heuristic
techniques [2]. In addition, it should work with most WRGB
demosaicking techniques based on the linear model.
This paper is organized as follows. In Section 2, we show
that the offset is spatially correlated and derive an upper
bound for the offset. The proposed method for offset
estimation is detailed in Section 3. In Section 4, we describe
the directional interpolation method used in the performance
evaluation described in Section 5, where the proposed
method is tested on the raw data obtained from a WRGB
CMOS sensor. Section 6 concludes the paper.
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that the spatial correlation of the offset image is similar to that
of the RGB image.
2.3 Upper bound

(a)

It can be observed from Fig. 2 that the absolute value of the
spectral mismatch is always smaller than the spectral
sensitivity function of the white pixel. Mathematically, this
observation is expressed as follows:

(b)

Fig. 3. (a) The spectrally dependent offset scaled by 300 times and
(b) the RGB image. Both (a) and (b) are calculated from
hyperspectral data.

where

2. MODELING SPECTRAL MISMATCH EFFECT

𝜇𝜇 = max�|𝑆𝑆M (𝜆𝜆)|/𝑆𝑆w (𝜆𝜆)�.
𝜆𝜆

|𝐈𝐈M (𝐧𝐧)| ≤ ∫ 𝐋𝐋(𝜆𝜆, 𝐧𝐧)|𝑆𝑆M (𝜆𝜆)|𝑑𝑑𝑑𝑑
≤ 𝜇𝜇 ∫ 𝐋𝐋(𝜆𝜆, 𝐧𝐧)𝑆𝑆w (𝜆𝜆)𝑑𝑑𝑑𝑑 = 𝜇𝜇𝐈𝐈W (𝐧𝐧).

(1)

𝟐𝟐

where 𝐧𝐧 ∈ ℤ denotes the location of a pixel in an image,
𝐈𝐈W (𝐧𝐧), 𝐈𝐈R (𝐧𝐧), 𝐈𝐈G (𝐧𝐧), and 𝐈𝐈B (𝐧𝐧) denote the W, R, G, and B
images, respectively, and 𝛼𝛼 , 𝛽𝛽 , and 𝛾𝛾 denote the
corresponding weights. It can be seen in Section 2.2 that the
offset is spectrally dependent.

3.1 Initial estimation
The estimation of the spectrally dependent offset begins with
an interpolation of the W, R, G, and B outputs of a WRGB
image sensor. Denote the output images by 𝐈𝐈C (𝐧𝐧),

2.2 Spatial correlation
Let 𝜆𝜆 denote wavelength. According to the basic principle of
CMOS sensor [6], an image 𝐈𝐈C (𝐧𝐧), C ∈ {W, R, G, B}, is the
integration of the product of the spectrum L(𝜆𝜆, 𝐧𝐧) of the
incident light and the spectral sensitivity function 𝑆𝑆C (𝜆𝜆) of
the CMOS sensor. That is,

𝐈𝐈M (𝐧𝐧) = ∫ L(𝜆𝜆, 𝐧𝐧)𝑆𝑆M (𝜆𝜆)𝑑𝑑𝑑𝑑,

(3)

𝐈𝐈C (𝐧𝐧) = 𝐈𝐈C (𝐧𝐧)𝐅𝐅C (𝐧𝐧),

(8)

𝐈𝐈̂C (𝐧𝐧) = 𝐡𝐡C (𝐧𝐧) ∗ 𝐈𝐈C (𝐧𝐧),
𝐄𝐄C (𝐧𝐧) = 𝐈𝐈C (𝐧𝐧) − 𝐈𝐈̂C (𝐧𝐧),

(9)
(10)

where C ∈ {W, R, G, B} and 𝐅𝐅C (𝐧𝐧) denotes the sampling
function of the CFA. The interpolated image 𝐈𝐈̂C (𝐧𝐧) and the
interpolation error 𝐄𝐄𝐂𝐂 (𝐧𝐧) are obtained by

where 𝐡𝐡C (𝐧𝐧) is a linear low pass filter and ∗ denotes
convolution. Using (1) to compute the initial estimate of the
offset 𝐈𝐈̂M (𝐧𝐧) and letting

Representing the W, R, G, and B images by (2), we may
rewrite (1) as follows:
where

(7)

The proposed compensation method consists of three steps.
In the first step, an initial estimate of the offset is computed
according to (1). In the second step, the estimate is refined
using a median filter and the upper bound described in
Section 2. Finally, the spectral mismatch is compensated
using the offset thus estimated.

In our method, the effect of spectral match on the linear
model is accounted by introducing an offset 𝐈𝐈M (𝐧𝐧) to the
linear model as follows:

(2)

(6)

3. COMPENSATION OF SPECTRAL MISMATCH

2.1 Modification of the linear model

𝐈𝐈C (𝐧𝐧) = ∫ L(𝜆𝜆, 𝐧𝐧)𝑆𝑆C (𝜆𝜆)𝑑𝑑𝑑𝑑.

(5)

An upper bound on the absolute value of the offset can then
be derived in terms of the W image as follows.

When a CMOS sensor is free of spectral mismatch, the W
component of a pixel can be expressed as a linear
combination of the R, G, and B components. In the presence
of spectral mismatch, however, the linear relationship breaks.
This section describes how we characterize the effect of
spectral mismatch in the image domain to fix the problem.

𝐈𝐈W (𝐧𝐧) = 𝛼𝛼𝐈𝐈R (𝐧𝐧) + 𝛾𝛾𝐈𝐈G (𝐧𝐧) + 𝛽𝛽𝐈𝐈B (𝐧𝐧) + 𝐈𝐈M (𝐧𝐧),

|𝑆𝑆M (𝜆𝜆)| ≤ 𝜇𝜇𝑆𝑆w (𝜆𝜆),

𝐄𝐄M (𝐧𝐧) = 𝛼𝛼𝐄𝐄R (𝐧𝐧) + 𝛾𝛾𝐄𝐄G (𝐧𝐧) + 𝛽𝛽𝐄𝐄B (𝐧𝐧) − 𝐄𝐄W (𝐧𝐧), (11)

we have

𝑆𝑆M (𝜆𝜆) = 𝑆𝑆W (𝜆𝜆) − 𝛼𝛼𝛼𝛼R (𝜆𝜆) − 𝛾𝛾𝛾𝛾G (𝜆𝜆) − 𝛽𝛽𝛽𝛽B (𝜆𝜆). (4)

𝐈𝐈̂M (𝐧𝐧) = 𝐈𝐈̂W (𝐧𝐧) − 𝛼𝛼𝐈𝐈̂R (𝐧𝐧) − 𝛾𝛾𝐈𝐈̂G (𝐧𝐧) − 𝛽𝛽𝐈𝐈̂B (𝐧𝐧)
= 𝐈𝐈M (𝐧𝐧) + (𝛼𝛼𝐄𝐄R (𝐧𝐧) + 𝛾𝛾𝐄𝐄G (𝐧𝐧) + 𝛽𝛽𝐄𝐄B (𝐧𝐧) − 𝐄𝐄W (𝐧𝐧))
(12)
= 𝐈𝐈M (𝐧𝐧) + 𝐄𝐄M (𝐧𝐧).

In other words, we may consider that the offset is formed by
a sensor with spectral sensitivity function 𝑆𝑆M (𝜆𝜆) (the brown
curve in Fig. 2).
Fig. 3 shows the offset and the RGB image of a scene
captured by a hyperspectral camera [7]. It can be observed
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white pixel. Denote the compensated white pixel value
by 𝐈𝐈̃W (𝐧𝐧). We have
𝐈𝐈̃W (𝐧𝐧) = 𝐈𝐈W (𝐧𝐧) − 𝐈𝐈̃M (𝐧𝐧) 𝐅𝐅W (𝐧𝐧)
= (𝐈𝐈W (𝐧𝐧) − 𝐈𝐈̃M (𝐧𝐧))𝐅𝐅W (𝐧𝐧)
= �𝛼𝛼𝐈𝐈R (𝐧𝐧) + 𝛾𝛾𝐈𝐈G (𝐧𝐧) + 𝛽𝛽𝐈𝐈B (𝐧𝐧) + 𝐄𝐄�M (𝐧𝐧)� 𝐅𝐅W (𝐧𝐧),

(15)

where
(a)

𝐄𝐄�M (𝐧𝐧) = 𝐈𝐈M (𝐧𝐧) − 𝐈𝐈̃M (𝐧𝐧).

(b)

Fig. 4. (a) Maze artifact due to spectral mismatch in the
demosaicked image. The maze artifact is less noticeable in the
high frequency texture at the lower part of the image. (b) An
example of median filtered offset estimate scaled by 5 times.

Because the residual 𝐄𝐄�M (𝐧𝐧) is close to zero for homogeneous
areas and isolated edges and because spectral mismatch
compensation is turned off for high frequency texture areas,
we can assume 𝐄𝐄�M (𝐧𝐧) is zero in the demosaicking process
and relate the compensated white pixel value to the latent R,
G, and B pixel values by

3.2 Interpolation error reduction
Now we discuss how to reduce the interpolation error in (12).
Because the interpolation error defined by (10) is the
difference between a latent image and a low-passed latent
image, it is a high-passed signal. Thus, interpolation error
occurs at sharp edges and in high frequency texture areas. The
interpolation error at a sharp edge of a natural image is
normally sparse; therefore, it can be removed by a median
filter.
For interpolation error in a high frequency texture area,
median filtering is less effective. However, high frequency
texture is often more apparent than the artifact caused by
spectral mismatch, as shown in Fig. 4(a). Therefore, the
interpolation error can be avoided by turning off the spectral
mismatch compensation. Specifically, we refine the offset
estimate by the following piecewise function:
Q(𝑥𝑥, 𝜏𝜏) = �

0, if 𝑘𝑘𝑘𝑘 < |𝑥𝑥|
sign(𝑥𝑥)𝜏𝜏, if 𝜏𝜏 < |𝑥𝑥| ≤ 𝑘𝑘𝑘𝑘
,
𝑥𝑥, if |𝑥𝑥| ≤ 𝜏𝜏 or 𝜏𝜏/𝜇𝜇 ≥ 255

𝐈𝐈̃W (𝐧𝐧) ≅ �𝛼𝛼𝐈𝐈R (𝐧𝐧) + 𝛾𝛾𝐈𝐈G (𝐧𝐧) + 𝛽𝛽𝐈𝐈B (𝐧𝐧)�𝐅𝐅W (𝐧𝐧). (17)
4. DEMOSAICKING

To demonstrate the effectiveness of the proposed method, we
develop a demosaicking method for the WRGB CFA shown
in Fig. 1(b). The method is inspired by the adaptive
homogeneity-directed (AHD) method originally developed
for the Bayer CFA [8]. The key components of the AHD
method are vertical interpolation, horizontal interpolation,
and a fusion method to select pixels of less artifacts from the
results of the two interpolations. We modify the vertical
interpolation and horizontal interpolation for the WRGB
CFA and use the fusion method of AHD to fuse the
interpolation results. Only the horizontal interpolation is
described. The vertical interpolation can be derived in a
similar way.
Let the horizontal low pass filter and the horizontal
second-order gradient filter, denoted by 𝐡𝐡l (𝐧𝐧) and 𝐡𝐡h (𝐧𝐧) ,
respectively, be

(13)

where 𝑥𝑥 denotes the offset estimate of a pixel, 𝜏𝜏 denotes the
upper bound specified in (7), and 𝑘𝑘 denotes an empirically
predetermined constant. The function works as follows. If the
offset estimate far exceeds the bound, such as those of the
brighter pixels in Fig. 4(b), the corresponding pixel is likely
to be in a high frequency texture area. Hence, x is set to zero.
This effectively turns off the spectral mismatch compensation.
If x slightly exceeds the bound, the magnitude of x is set to 𝜏𝜏.
This helps reduce the estimation error. When x is within the
bound or when 𝐈𝐈̂W (𝐧𝐧) saturates, no change is made to x. The
final offset estimate 𝐈𝐈̃M (𝐧𝐧) is computed by
𝐈𝐈̃M (𝐧𝐧) = Q �D � 𝐈𝐈̂M (𝐧𝐧)� , 𝜇𝜇𝐈𝐈̂W (𝐧𝐧)�,

(16)

𝐡𝐡l (𝐧𝐧) = [0.5, 0, 0.5],
𝐡𝐡h (𝐧𝐧) = [−0.25, 0, 0.5, 0, −0.25].

(18)
(19)

Let 𝐧𝐧0 be the index of even rows containing white and red
pixels and 𝐧𝐧1 be the index of odd rows containing green and
blue pixels. Similar to the interpolation of green pixels of
Bayer pattern [8], we first interpolate horizontally the white
and red pixels in even rows and the green and blue pixels in
odd rows by
H (𝐧𝐧 )
̃
̃
𝐈𝐈W
0 = 𝐈𝐈W (𝐧𝐧0 ) + 𝐡𝐡l (𝐧𝐧) ∗ 𝐈𝐈W (𝐧𝐧0 ) + 𝜎𝜎𝐡𝐡h (𝐧𝐧) ∗ 𝐈𝐈R (𝐧𝐧0 )
H (𝐧𝐧 )
𝐈𝐈R 0 = 𝐈𝐈R (𝐧𝐧0 ) + 𝐡𝐡l (𝐧𝐧) ∗ 𝐈𝐈R (𝐧𝐧0 ) + 𝐡𝐡h (𝐧𝐧) ∗ 𝐈𝐈̃W (𝐧𝐧0 )/𝜎𝜎
𝐈𝐈GH (𝐧𝐧1 ) = 𝐈𝐈G (𝐧𝐧1 ) + 𝐡𝐡l (𝐧𝐧) ∗ 𝐈𝐈G (𝐧𝐧1 ) + 𝐡𝐡h (𝐧𝐧) ∗ 𝐈𝐈B (𝐧𝐧1 )
𝐈𝐈BH (𝐧𝐧1 ) = 𝐈𝐈B (𝐧𝐧1 ) + 𝐡𝐡l (𝐧𝐧) ∗ 𝐈𝐈B (𝐧𝐧1 ) + 𝐡𝐡h (𝐧𝐧) ∗ 𝐈𝐈G (𝐧𝐧1 ),

(14)

where D(∙) denotes median filtering

3.3 Spectral mismatch compensation

(20)
(21)
(22)
(23)

where 𝜎𝜎 = 𝛼𝛼 + 𝛽𝛽 + 𝛾𝛾. The odd rows now only lack red color.
Instead of directly interpolating red pixels, we interpolate the
color difference R–W as follows:

The spectral mismatch compensation is done by subtracting
the offset estimate from the output value of the corresponding

H (𝐧𝐧))(𝐧𝐧
𝐂𝐂RW (𝐧𝐧1 ) = 𝐡𝐡Tl (𝐧𝐧) ∗ (𝜎𝜎𝐈𝐈RH (𝐧𝐧) − 𝐈𝐈W
1 ),
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(24)

(a)

(b)

(c)

(d)

(a)

(c)

(a)

Fig. 5. WRGB Demosaicking without (left) and with (right)
spectral mismatch compensation.

mark 12 according to the specifications of the WRGB CMOS
sensor used to acquire the image.
Fig. 6 shows the demosaicked lighthouse image [9].
Comparing Fig. 6(b) with Fig. 6(c), it can be seen that the
WRGB demosaicking performance is competitive with the
RGB demosaicking performance of the AHD method.
Table 1 shows the signal-to-noise-ratio (SNR)
performance of the proposed method on WRGB and the AHD
method on Bayer. The SNR values are measured from the
area within the red rectangles shown in Fig. 7. To ensure fair
comparison, the capturing conditions of the WRGB raw data
and the Bayer raw data are identical. It is can be observed
from Table 1 and Fig. 7 that the proposed method keeps the
SNR advantage of WRGB CFA.

H (𝐧𝐧)
≅ 𝛾𝛾(𝐈𝐈RH (𝐧𝐧) − 𝐈𝐈GH (𝐧𝐧)) + 𝛽𝛽(𝐈𝐈RH (𝐧𝐧) − 𝐈𝐈GH (𝐧𝐧)). (25)
𝜎𝜎𝐈𝐈RH (𝐧𝐧) − 𝐈𝐈W

Therefore, the red pixel in odd rows can be obtained by
adding green and blue pixels to the color difference R–W,
𝐈𝐈RH (𝐧𝐧1 ) = (𝐂𝐂RW (𝐧𝐧1 ) + 𝛾𝛾𝐈𝐈GH (𝐧𝐧1 ) + 𝛽𝛽𝐈𝐈BH (𝐧𝐧1 ))/(𝛽𝛽 + 𝛾𝛾).

(b)

Fig. 7. Comparison of SNR: (a) Bayer and (b) WRGB.

where T denotes transpose. According to (17), the color
difference R–W is related to a linear combination of the color
difference R–G and the color difference R–B by

(26)

Similarly, we interpolate the color difference G–B and
estimate the missing green and blue pixels in even rows as
follows:
𝐂𝐂GB (𝐧𝐧0 ) = 𝐡𝐡l T (𝐧𝐧) ∗ (𝐈𝐈GH (𝐧𝐧1 ) − 𝐈𝐈BH (𝐧𝐧1 ))(𝐧𝐧0 )
H (𝐧𝐧 )
H (𝐧𝐧 )
H
𝐈𝐈G 0 = (𝐈𝐈W
0 − 𝛼𝛼𝐈𝐈R (𝐧𝐧0 ) + 𝛽𝛽𝐂𝐂GB (𝐧𝐧0 ))/(𝛽𝛽 +
H (𝐧𝐧 )
H (𝐧𝐧 )
𝐈𝐈B 0 = (𝐈𝐈W 0 − 𝛼𝛼𝐈𝐈RH (𝐧𝐧0 ) − 𝛾𝛾𝐂𝐂GB (𝐧𝐧0 ))/(𝛽𝛽 +

(b)

Fig. 6. Demosaicking performance comparison on the lighthouse
image. (a) Original (b) AHD for Bayer CFA pattern (c) Proposed
method for WRGB CFA pattern.

(27)
𝛾𝛾) (28)
𝛾𝛾). (29)

Table 1
SNR performance comparison

The pixels obtained this way are compensated values,
which yield better demosaicking. The pixel values without
compensation can be obtained by adding 𝐈𝐈̃M (𝐧𝐧)𝐅𝐅W (𝐧𝐧) to
𝐈𝐈̃W (𝐧𝐧) in (15) and recalculate (20), (21), (24), (26), (28), and
(29). Demosaicking using such uncompensated pixel values
would result in the maze artifact shown in Fig. 5(c), which
illustrates the effect of spectral mismatch compensation.

Bayer
WRGB

Luminance
15.87
19.58

Red
14.08
18.86

Green
16.97
19.76

Blue
11.97
17.35

6. CONCLUSION
In this paper, we have shown that the effect of spectral
mismatch of a WRGB color filter array can be properly
accounted for by introducing a spectrally dependent offset to
the linear model for WRGB demosaicking. We have also
derived an upper bound on the magnitude of the offset to
refine the offset estimate in the proposed spectral mismatch
compensation.
The
proposed
spectral
mismatch
compensation enables WRGB demosaicking to reach a
performance level close to that of the state-of-the-art Bayer
demosaicking while preserving the SNR advantage of
WRGB color filter array.

5. RESULTS
Fig. 5 shows the results of spectral mismatch compensation.
Comparing Fig. 5(a) with Fig. 5(b) and Fig. 5(c) with Fig.
5(d), we can see that the maze artifact is reduced after spectral
mismatch compensation. It can also be seen from the high
frequency test pattern in Figs. 5(c) and 5(d) that spectral
mismatch compensation can be achieved without resolution
loss. The actual resolution limit of this test image is near the
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