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ABSTRACT

Color demosaicing is a process of reconstructing lost pixels
in an incomplete color image. By extracting spatial-spectral
correlations of RGB channels various interpolation meth-
ods have been proposed with low computational complex-
ity. Meanwhile, optimization strategies such as sparsity and
adaptive PCA based algorithm (SAPCA) were developed.
SAPCA outperforms many interpolation techniques by im-
pressive margins at the cost of dramatically increasing the
computational time. In this paper we propose an efficient
novel post-processing algorithm based on the adjusted an-
chored neighborhood regression (A+) method from image
super-resolution literature. We greatly improve the results
of the demosaicing methods, and achieve image quality as
competitive as SAPCA but orders of magnitude faster.

Index Terms— Demosaicing, color filter array (CFA), re-
gression, post-processing, super-resolution.

1. INTRODUCTION

Due to the cost many digital cameras apply a single image
sensor, overlaid with a color filter array (CFA) for outputting
incomplete color samples. The Bayer filter [1], depicted in
Fig. 1, is one of the most employed CFAs in the industry.
The study of reconstructing high-fidelity images on Bayer fil-
ter has already extended over ten years, we refer readers in-
terested in the whole picture of demosaicing methods to two
thorough survey papers [2, 3]. The simple way of solving
the problem is the bilinear or bicubic interpolation of RGB
channels separately, without taking spectral correlations into
consideration. Many successive methods intensively exploit
the spectral-spatial correlations of RGB channels.

For example, Malvar et al. [4] used the high-quality lin-
ear interpolation (HQL) to reconstruct G values at R/B lo-
cations, assisted by the gradient-correlation of R/B channels,
then interpolated R/B values with the same strategy. Zhang
and Wu [5] computed the missing values by the directional
linear minimum mean square-error estimation (DLMMSE)
technique. Paliy et al. [6] used signal adaptive filter to re-
move demosaicing noise (LPAICI). Wu and Zhang [7] pro-
vided a primary-consistent soft-decision method (PCSD), by
means of selecting the best interpolation hypotheses with an
optimal statistical decision. On the other hand, Pekkucuksen

Fig. 1: Bayer CFA.
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Fig. 2: Average PSNR with- and without
post-processing on IMAX (see Tab. 1).

and Altunbasak [8, 9] firstly applied the gradient based thresh-
old free algorithm (GBTF), which use gradients of color dif-
ferences for each direction to weight the neighbors of a target
pixel, then proposed the enhanced method by employing mul-
tiscale gradients (MSG) to adaptively combine color differ-
ence estimates for different directions. Based on GBTF [8],
Kiku et al. [10] proposed the minimized-Laplacian residue
interpolation (MLRI).

Besides interpolation methods, researchers such as Gun-
turk et al. [11] gave an iterative optimization method by ef-
fectively extracting inter-channel correlation in an alternating-
projections scheme (AP). Hirakawa et al. [12] introduced
an adaptive homogeneity-directed demosaicing algorithm
(AHD) to interpolate lost pixels in the direction with fewer
color artifacts and then used a nonlinear iterative procedure
to reduce artifacts. Mairal et al. [13] derived a learned si-
multaneous sparse coding method for both denoising and
demosaicking (LSSC). Gao et al. [14] proposed the sparsity
and adaptive PCA based algorithm (SAPCA) through mini-
mizing an l1 function which contains sparsity and PCA terms.
SAPCA [14] reported the best performance on both Kodak
and IMAX datasets at the cost of heavy computational load.

In this paper, we propose a novel post-processing method
(some results in Fig. 2) based on the adjusted anchored neigh-
borhood regression (A+) [15, 16], a state-of-the-art image
super-resolution method. Farsiu et al. [17] are the first to no-
tice the similarity between super-resolution and demosaicing.
In our method, for a certain demosaicing method we learn of-



fline linear regressors from demosaiced images to the ground
truth images, and then apply them on the output of the demo-
saicing method at runtime. We, thus, reduce the color artifacts
based on priors from the training material and achieve state-
of-the-art performance as competitive as SAPCA or LSSC,
but orders of magnitude faster.

2. PROPOSED POST-PROCESSING METHOD

First we briefly review the minimized-Laplacian residue inter-
polation (MLRI) method [10], then we discuss the adjusted
anchored neighborhood regression (A+) [15] method from
image super-resolution, and develop our post-processing
methods, which applies A+ for learning regression priors
working on MLRI and other demosaicing methods.

2.1. MLRI
MLRI [10] was developed by incorporating ideas from the
gradient based threshold free algorithm (GBTF) [8]. There
are three steps for interpolating G values. Consider Gi,j , Ri,j

to be the raw values at position (i, j):
(i) To begin with, the guided image filter [18] is applied to

obtain the tentative horizontal/vertical estimates ŘH,V of R
channel, with minimized Laplacian energy, followed by ob-
taining the smoothed residues ∆H,V

r by linear interpolation

∆H
r (i, j) = (Ri,j−1 − ŘH

i,j−1)/2 + (Ri,j+1 − ŘH
i,j+1)/2,

∆V
r (i, j) = (Ri−1,j − ŘV

i−1,j)/2 + (Ri+1,j − ŘV
i+1,j)/2.

(1)

Accordingly, the horizontal/vertical directed R values at the
G location are estimated by adding the tentative values ŘH,V

and the interpolated residuals ∆H,V
r . The B values at G loca-

tion as well as the G values at R/B location are obtained in a
similar way.

(ii) The color differences (G-R) ∆̃g,r are combined and
weighted as GBTF stated

∆̃g,r(i, j) = {ωN fN ∆̃V
g,r(i− 4 : i, j) + ωSfS∆̃V

g,r(i : i+ 4, j)

+ωE∆̃H
g,r(i, j − 4 : j)fE + ωW ∆̃H

g,r(i, j : j + 4)fW }/ωT ,

(2)

where ωN,S,E,W are the weights obtained by color differ-
ence gradients and ωT the sum of the weights, ∆̃H,V

g,r hori-
zontal/vertical tentative color differences, fN,S,E,W Gaussian
weighted averaging filters adapted to four directions

fN = fTE = [0.56 0.35 0.08 0.01 0]. (3)

(iii) G values at R location are computed by adding the
color differences ∆̃g,r(i, j) and R values

G̃(i, j) = R(i, j) + ∆̃g,r(i, j). (4)

Steps (ii, iii) also work for the computation of G values at B
location.

Method without A+ with A+ (naive) with A+ (naive) again
CPSNR Time (s) CPSNR Gain Time(s) CPSNR Gain

AHD [12] 33.51 35.75 35.19 1.68

+16.41

35.46 1.95
AP [11] 33.30 0.61 36.36 3.06 36.95 3.65
BILINEAR 32.34 0.02 36.59 4.25 37.36 5.02
DLMMSE [5] 34.47 28.79 36.93 2.46 37.28 2.81
GBTF [8] 34.41 10.89 36.91 2.50 37.29 2.88
HQL [4] 34.45 0.01 36.43 1.98 37.06 2.61
LSSC [13] 36.17 450.96 37.47 1.30 37.69 1.52
LPAICI [6] 34.72 0.86 36.95 2.23 37.33 2.61
MSG [9] 34.75 9.70 36.98 2.23 37.30 2.55
PCSD [7] 34.93 1.25 36.88 1.95 37.16 2.23

MLRI [10] 36.77 0.78
37.45 0.68 37.61 0.84
with A+ (enhanced) with A+ (naive) again
37.72 0.95 +22.11 37.83 1.06

SAPCA [14] 37.88 1200.00 N/A N/A

Table 1: The average gain from applying naive/enhanced
post-processing method on 18 IMAX images.

As to the R/B channels, MLRI first computes the tentative
R/B values by minimizing the distance between Laplacian of
G̃(i, j) andR(i, j)/B(i, j), next use the bilinear interpolation
to calculated the residues, the output R/B values are obtained
by adding the residues and tentative R/B values.

2.2. A+ as post-processing method

There are several observations underlying our idea, which
are inspired by adjusted anchored neighborhood regression
(A+) [10]. First of all, the major task of A+ is to recover
the original image from its downscaled version. Meanwhile,
we lose 75% values for R/B channels and 50% for G chan-
nel owing to Bayer filter. Therefore, it is reasonable to treat
the incomplete image as the downscaled version so we can
use A+ to reconstruct high-quality image. For that purpose,
a slight change must be made for A+ to better fit our task.
Instead of applying bicubic method in A+ to upscale the in-
put image, we need some demosaicing method to generate
the input as our ‘starting point’. This implies that our pro-
posed method is capable of collaborating with different kinds
of demosaicing techniques. Of course, the quality of output
image relatively depends on the performance of the interpo-
lation method. Hence, we prefer MLRI as our starting point,
a fast state-of-the-art method. Finally, considering many in-
terpolation methods first interpolate the G channel and then
tackle R/B channels relying on the improved performance of
G, there is no harm for us to enhance the G channel in the first
place by A+, such that the following reconstruction on R/B
channels can take advantage of the previous enhancement.

Now we discuss the new method (see Fig. 3) in some de-
tails. Just as A+, we have the training and testing phase:

(i) Training phase - offline. We directly work on the
RGB color space instead of YCbCr used in A+. In accor-
dance with the interpolation step in testing phase, we also ap-
ply MLRI to interpolate the training images. Besides, given
that the RGB channels have intimate spectral correlation with
each other, after collecting LR (low resolution) features (same
as in A+ on each channel), we concatenate the features of
RGB channels on the same region (e.g. 3×3 region) and form
them as a vector (see Fig. 3), such vectors through PCA di-
mension reduction are our input vectors pk

l for training the LR
dictionary Dl (including 4098 atoms in our case) by adopting



Fig. 3: Outline of the post-processing method (enhanced).

Method

without A+ with A+ (naive) with A+ (naive) again
IMAX Kodak IMAX Kodak IMAX Kodak

PSNR CPSNR PSNR CPSNR PSNR CPSNR PSNR CPSNR PSNR CPSNR PSNR CPSNR
R G B R G B R G B R G B R G B R G B

AHD [12] 33.03 36.97 32.15 33.51 36.98 39.63 37.29 37.76 34.78 39.06 33.65 35.19 37.21 40.13 37.30 37.98 35.05 39.31 33.93 35.46 37.46 40.35 37.55 38.21
AP [11] 32.94 35.17 32.38 33.30 38.26 41.76 38.74 39.27 36.18 39.39 34.88 36.36 38.74 42.33 38.95 39.67 36.80 40.29 35.34 36.95 39.24 43.14 39.40 40.20
BILINEAR 31.70 35.39 31.25 32.34 29.29 33.18 29.23 30.21 36.66 39.09 35.14 36.59 35.06 39.50 34.92 36.03 37.44 40.40 35.70 37.36 36.35 40.28 36.18 37.22
DLMMSE[5] 34.04 37.99 33.04 34.47 39.17 42.62 39.57 40.10 36.80 40.22 35.35 36.93 39.39 42.59 39.55 40.21 37.19 40.55 35.66 37.28 39.70 43.12 39.83 40.55
GBTF [8] 34.03 37.36 33.08 34.41 39.69 43.36 40.03 40.64 36.76 40.17 35.32 36.91 39.88 43.27 40.12 40.75 37.18 40.56 35.67 37.29 39.98 43.51 40.21 40.87
HQL [4] 34.00 37.56 33.02 34.45 34.85 39.08 34.74 35.80 36.25 39.64 34.89 36.43 37.94 41.67 37.83 38.78 36.99 40.33 35.42 37.06 38.41 42.31 38.27 39.26
LSSC [13] 36.04 38.83 34.73 36.17 40.54 44.34 40.68 41.46 37.42 40.80 35.81 37.47 40.60 44.37 40.68 41.50 37.65 40.96 36.04 37.69 40.69 44.52 40.77 41.59
LPAICI [6] 34.38 37.85 33.29 34.72 39.64 42.99 39.91 40.52 36.86 40.27 35.30 36.95 39.83 43.04 39.98 40.64 37.27 40.67 35.65 37.33 39.94 43.28 40.08 40.77
MSG [9] 34.43 37.67 33.40 34.75 40.09 43.81 40.35 41.02 36.85 40.25 35.38 36.98 40.18 43.80 40.34 41.06 37.21 40.57 35.68 37.30 40.25 43.94 40.41 41.15
PCSD [7] 34.64 38.12 33.45 34.93 38.07 40.55 38.30 38.78 36.78 39.99 35.32 36.88 38.62 41.74 38.65 39.39 37.10 40.34 35.54 37.16 38.96 42.21 39.00 39.76

MLRI [10] 36.60 40.00 35.41 36.77 39.29 42.85 39.59 40.19
37.38 40.70 35.97 37.45 39.55 43.18 39.75 40.43 37.57 40.84 36.08 37.61 39.64 43.35 39.85 40.54

with A+ (enhanced) with A+ (naive) again
37.71 40.89 36.16 37.72 39.73 43.28 39.78 40.55 37.86 40.96 36.24 37.83 39.84 43.42 39.98 40.70

Table 2: The average PSNR and CPSNR performances for different methods on 18 IMAX and 24 Kodak images.

K-SVD [19] method as in [20] and [21],

Dl, {qk} = argmin
Dl,{qk}

∑
k

‖pk
l −Dlq

k‖2 s.t. ‖qk‖0 ≤ L ∀k,

(5)
where qk are coefficient vectors, and L is the sparsity index
(L = 3 in our case), followed by solving:

min
δ
{‖y − Sl,yδ‖2 + λ‖δ‖2}, (6)

where matrix Sl,y is determined by selecting the 2048 LR
vectors out of 5 million candidates1, that are the nearest
neighbors to the dictionary atom dy by computing corre-
lation instead of euclidean norm in A+. Last but not least,
the anchored regressor Py corresponding to the atom dy is
precomputed offline

Py = Sh,y(ST
l,ySl,y + λI)−1ST

l,y, (7)

where Sh,y contains 2048 patches without low frequencies
collected from the same region as those LR vectors in Sl,y.

(ii) Testing phase - online. We can either use MLRI
(or another) to generate RGB channels and update them si-
multaneously by the offline obtained regressors (the ‘naive’
method), or we generate and update G channel at first then
deal with R/B channels (the ‘enhanced’ method, see Fig. 3).

1The candidates are dimension reduced LR features extracted from scale
pyramids of 100 training images with 0.98p scale factor for level p.

To this end, we first search the nearest neighbor atom dj in Dl

for an input feature yj by computing the correlation between
them, finally the output patch xj is computed by multiplying
regressor Pj anchored to dj and yj

xj = Pjyj . (8)

By adding xj with low frequencies we have the high qual-
ity patches, and after averaging them in the overlapping areas
we obtain the complete output image. Both ‘naive’ and ‘en-
hanced’ methods go through the above process.

3. EXPERIMENTS

We evaluate 2 on the 18 500 × 500 IMAX and 24 768 × 512
Kodak images (see Table 2). We use 100 high-quality im-
ages differing from the testing images as our training ma-
terials. We compare the average PSNR and CPSNR perfor-
mances of our methods to BILINEAR, AHD [12], AP [11],
DLMMSE [5], GBTF [8], HQL [4], LSSC [13], LPAICI [6],
MSG [9], PCSD [7], and MLRI [10]. After applying our
naive or enhanced post-processing method, the improvements
on IMAX vary from +0.68dB to +4.25dB (see Table 1). The
worse the starting demosaicing methods, the larger the im-
provements. Our enhanced method on MLRI is almost 1dB

2Our Matlab codes are available at:
http://www.vision.ee.ethz.ch/∼timofter/



Fig. 4: Number of atoms and training features vs. CPSNR.

better than the original MLRI and outperforms all the other
methods on IMAX, even equipped with naive method.

The 37.72dB result of our enhanced method on IMAX
images is comparable to SAPCA [14] 3 (37.88dB), and the
running time of our method including interpolation process
is merely 23 seconds on Intel(R) CoreTM i7-930 @2.80GHz
with 8 GB RAM, while SAPCA takes 20 minutes, as reported
in [14]. More interestingly, we can keep benefiting from ap-
plying the naive method again, which is further confirmed by
the results presented in Tables 1, 2 and Fig. 2.

On the other hand, when it comes to the Kodak dataset,
the improvement of our post-processing methods is less im-
pressive, varies from +5.82dB for BILINEAR to as low as
+0.04dB for LSSC. This is mainly due to the fact that on Ko-
dak dataset many methods have achieved impressive results
above 40dB, hence, there may not be much space left for
further improvement. Still, our enhanced method achieves
40.55dB on 24 Kodak images, 0.36dB higher than MLRI.
Generally speaking, our enhanced method with MLRI offers
top performance on average over both IMAX and Kodak
datasets, only lower than the much slower LSSC (with A+)
and SAPCA.

Fig. 4 shows how CPSNR for Kodak and IMAX change
with the growth of atoms and LR training features. The CP-
SNR improves gradually for naive/enhanced methods on both
datasets with the increase in number of atoms and training
features. Corresponding to the growth of training features
from 1mil to 5mil, we use proportionally 410, 819, 1229,
1638 and 2048 nearest neighbors for 4096 atoms/regressors.
Besides, if we collect 5 × 5 LR features instead of 3 × 3
(our default size), the performances of naive/enhanced meth-
ods on MLRI are lifted to 37.55/37.78dB on IMAX and
40.46/40.57dB on Kodak. Fig. 5 demonstrates that after

3Unfortunately, we do not have access to the SAPCA code.

Light house MLRI PCSD HQL BILINEAR

Ground truth Proposed PCSD+A+ HQL+A+ BILINEAR+A+

Window MLRI DLMMSE MSG LPAICI

Ground truth Proposed DLMMSE+A+ MSG+A+ LPAICI+A+

AHD AP BILINEAR GBTF LSSC

AHD+A+ AP+A+ BILINEAR+A+ GBTF+A+ LSSC+A+

Fig. 5: The comparison of demosaiced regions from the ‘light
house’ (Kodak) and ‘mosaic window’ (IMAX) images.

applying our post-processing step (A+ naive or enhanced)
on various methods the color artifacts are indeed alleviated
visually for both IMAX and Kodak images.

4. CONCLUSION

We proposed a novel efficient post-processing method based
on A+ for image demosaicing. Our method embeds prior in-
formation from the training images and the outputs of the de-
mosaicing method of choice into learned linear regressors. By
applying the learned regressors at test we improve the demo-
saiced images by reducing the color artifacts. The experimen-
tal results show large improvements on both IMAX and Ko-
dak datasets with reasonable low running time. We achieve
comparable results to optimization methods like the state-of-
the-art SAPCA or LSSC, but orders of magnitude faster.
Acknowledgments. The work was supported by the ERC
Advanced Grant VarCity (#273940).
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