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ABSTRACT

Image demosaicing is a problem of interpolating full-resolution color images from so-called color-filter-array
(CFA) samples. Among various CFA patterns, Bayer pattern has been the most popular choice and demosaicing
of Bayer pattern has attracted renewed interest in recent years partially due to the increased availability of source
codes/executables in response to the principle of “reproducible research”. In this article, we provide a system-
atic survey of over seventy published works in this field since 1999 (complementary to previous reviews?? 7).
Our review attempts to address important issues to demosaicing and identify fundamental differences among
competing approaches. Our findings suggest most existing works belong to the class of sequential demosaicing
- i.e., luminance channel is interpolated first and then chrominance channels are reconstructed based on recov-
ered luminance information. We report our comparative study results with a collection of eleven competing
algorithms whose source codes or executables are provided by the authors. Our comparison is performed on
two data sets: Kodak PhotoCD (popular choice) and IMAX high-quality images (more challenging). While
most existing demosaicing algorithms achieve good performance on the Kodak data set, their performance on
the IMAX one (images with varying-hue and high-saturation edges) degrades significantly. Such observation
suggests the importance of properly addressing the issue of mismatch between assumed model and observation
data in demosaicing, which calls for further investigation on issues such as model validation, test data selection
and performance evaluation.

1. INTRODUCTION

Consumer-level digital cameras were introduced in mid-1990s; in about a decade, the digital camera market has
grown rapidly to exceed film camera sales. Today, there are point-and-shoot cameras with over 8 million pixels;
professional digital SLR cameras with more than 12 million pixels are also available. Resolution, light sensitivity,
and dynamic range of the sensors have been significantly improved such that image quality of digital cameras has
become comparable to that of film cameras. During an image capture process, a digital camera performs various
processing including auto-focus, white balance adjustment, color interpolation, color correction, compression and
more. An important component of the imaging pipeline is color filter array (CFA) interpolation - i.e., to recover
an full-resolution image from its CFA data.

Why do we need CFA in color imaging? To produce a color image, there should be at least three color samples
at each pixel location. One approach is to use beam-splitters along the optical path to project the image onto
three separate sensors as illustrated in Figure 1. Using a color filter in front of each sensor, three full-channel
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Figure 1. Illustration of optical paths for multi-chip (left) and single-chip (right) digital cameras.



Figure 2. Bayer pattern used in single-chip digital cameras (US Patent3971065).

color images are obtained. This is a costly approach as it requires three charge-coupled device (CCD) sensors
and moreover these sensors have to be aligned precisely (a nontrivial challenge to mechanical design). A more
cost-effective solution is to put a color filter array (CFA) in front of the sensor to capture one color component
at a pixel and then interpolate the missing two color components.?? Because of the mosaic pattern of the CFA,
this interpolation process has been widely known as “demosaicing”.

Among many CFA patterns, the most commonly used is the Bayer pattern* (refer to Fig. 2). The Bayer
pattern measures the green image on a quincunx grid (half of the image resolution) and the red and blue images
on rectangular grids (quarter of the image resolution). The green channel is measured at a higher sampling
rate than the other two because the peak sensitivity of the human visual system (HVS) lies in the medium
wavelengths, corresponding to the green portion of the spectrum. Although we limit our discussion to the
demosaicing problem with reference to the Bayer pattern here, the demosaicing algorithms developed for Bayer
pattern can in general be extended to other patterns. Systematic analysis and comparison of different CFA
patterns are referred to recent works.26 27

2. PROBLEM FORMULATIONS

Intuitively image demosaicing can be best understood as an extension of image interpolation for grayscale images.
If we denote full-resolution color image by S = (R, G, B) and its Bayer pattern by zs = (zg, 2¢, 25), demosaicing
includes two inter-related interpolation problems: quincunx interpolation (reconstruct the missing half amount
of G pixels) and rectangular interpolation (reconstruct the missing three-quarters of R/B pixels). Although
each problem can be solved by the standard image interpolation techniques (e.g., bilinear/bicubic interpolation,
edge-directed interpolation®?), the real challenge in demosaicing lies in joint exploitation of both intra and
inter-channel dependencies such that smaller reconstruction errors can be achieved.

2.1. Statistical Formulation in the Spatial Domain

Modeling inter-channel correlation has been empirically done in several works (e.g., wavelet-domain,?! spatial-

domain??). The empirical findings in those works can be summarized into a constant-hue assumption made by
the majority of existing demosaicing algorithms. In color science,!” hue is among the three main attributes of
of perceived color (along with lightness and saturation). Hue is often defined by the ratio of color-difference.
In the constant-hue assumption, the dependency across color channels is characterized by the smoothness of
color-difference or color-ratio functions. Although this heuristics has been extensively used in the literature,
it is important to note that the validity of constant-hue assumption heavily depends on the data set (we will
elaborate on this matter in experimental result of Section 4).

Under a Bayesian framework,? we can relate the posterior distribution P(S|zg, H) to the likelihood (imaging)
model P(zg|S,H) and the prior model P(S|H) by the Bayesian formula (H stands for an assumed model®?)
P(zs|H) '

P(S|zs, H) =

It is easy to accommodate various uncertainty factors into such statistical formulation. For example, noise
interference can be incorporated into the likelihood term (various MMSE-based formulation such as!!:64,69,70
can be understood from this viewpoint). By contrast, it is the image prior term P(S|H) that reflects our
knowledge about spectral-spatial correlation. Just like many other image-related inverse problems, the build-up
of prior model P(S|H) often plays the most important role in solution algorithms especially the tradeoff between
the cost and the performance.



One convenient strategy is to simply ignore the inter-channel correlation and model each channel indepen-
dently - e.g., using Markov Random Field®” or natural image statistics.% Despite its simplicity, considering
intra-plane correlation only still represents one hypothesized model H;ptq. Another popular strategy is often
to decompose P(S) into the product of P(G) and P(R, B|G); then P(R, B|G) can be further simplified into
P(R|G)P(B|G) = P(drc)P(dpc) where drg = R — G,dgc = B — G are inter-channel differences. Such sim-
plified modeling of joint probability distribution function (PDF) in a sequential fashion is denoted by H; 7 .

in this paper and it is at the foundation of many existing demosaicing algorithms. It is also possible to model

inter-channel correlation in a parallel or iterated fashion (we denote it by Hinpor).

2.2. Deterministic Formulation in the Frequency Domain

An alternative formulation of demosaicing is to view CFA data as down-sampling from full-resolution color
channels S = (R, G, B).%14:15:19.29.43  Fy]lresolution image is converted to a mosaiced observation z according

to the CFA sampling pattern:
z= Z zg = Z MgS (2)
S=R,G,B S=R,G,B

where zg, zg, zp are the subsampled color channels, and the mask Mg takes a color sample at a pixel according
to the CFA pattern. For example, at a red pixel location, [Mg, Mg, Mg]is [1, 0, 0]. The masks are explicitly

written for a Bayer CFA in terms of cosine functions?:

zr(i,5) = Mg(i, j)R(i,5) = 3 (1 — cosmi) (1 4 cosmj) R(4, j)
26 (i,§) = Ma(i, j)G(i,5) = 3 (1 + cosmicos ) G(i, j) (3)
z(i,7) = Mp(i,j)B(i, j) = § (1 + cosmi) (1 — cos 7)) B(i, j)

where (7, ) indicate the pixel coordinates, starting with (0,0). Figure 2 illustrates the CFA image z and the
sampled components zgr, zg, and zg.

A major advantage of analyzing demosaicing problem in the frequency domain is the rich tools we have
in the traditional DSP literature. For example, filter-bank theory™ lends itself to the analysis of demosaicing
problem.!* 1525 Taking another example, it is shown in a recent work*? that the Fourier Transforms (FT)
of down-sampled signals (zg,2qg,zp) are scaled and periodic replications of the FTs of full-resolution images
(R,G, B) though the aliasing in R/B is more severe than that in G (refer to Egs. (5)-(7) and Fig. 4 of
recent paper®?). Therefore, several “conventional” designs of anti-aliasing filters for luminance and chrominance
components have led to highly-competent performance on Kodak PhotoCD data set with modest computational
cost. Frequency-domain formulation can also be extended into any CFA pattern.'?

So which formulation is better? In our opinion, either statistical or deterministic approach has its own
tradeoff. Just like that constant-hue assumption might fall apart when inter-channel correlation gets weak,
cross-channel aliasing in the frequency domain could defy any attempt of designing linear filters. Similar to
the risk of over-fitting the data in a deterministic setting, some kind of approximation is often inevitable in the
pursuit of prior model in statistical setting. It is the matching between theoretical models and observation data
as well as practical resource constraints (e.g., memory and computational cost) that determines the appropriate
approach. The objective of this review is not to judge which algorithm in which setting is better than others
(though we do report extensive simulation results) but to elucidate the similarity and discrepancy among them
so an improved understanding about the demosaicing problem could follow.

3. DEMOSAICING METHODS

Single-channel interpolation methods treat each channel separately without utilizing any inter-channel correla-
tion. Standard image interpolation techniques, such as bilinear /bicubic interpolation”® and spline interpolation.®®
When linear interpolation techniques are used, they have a convenient frequency-domain interpretation because
the corresponding low-pass filters suppress the aliasing by eliminating overlapped high-frequency components.
Since intra-channel interpolation (class H;nerr) totally ignores the potential inter-channel correlation, it is likely



to be suboptimal. The natural question is therefore how to improve the quality of demosaiced images by effec-
tively exploiting inter-channel dependency. The most popular class of techniques in the demosaicing literature

appears to be sequential interpolation (class H;or,,.)-

3.1. Sequential Demosaicing Methods

The key motivation behind sequential approach is that the luminance (G) channel is less aliased than the other
two. Therefore, having a full-resolution luminance (G) channel facilitates the recovery of chrominance (R/B)
ones. Apparently, the accuracy of the first step is critical to the overall performance because of notorious error
propagation in sequential approaches. Therefore, significant effort has been devoted to improve the accuracy of
luminance (G) channel interpolation in both spatial and frequency domains.

3.1.1. Luminance (Green) Channel Interpolation

A. Spatial-domain approaches

In early works! 2428 36) missing data in G channel are interpolated by heuristic edge-directed rules. The

local edge direction is estimated from available G?* (a local 3 x 3 window) or R/B3¢ (a local 5 x 5 window) or
both?® where the second-order gradients of chrominance channels can also be used as correction terms.?® In view
of the importance of G channel, more sophisticated edge-directed /sensitive interpolation methods appeared later.
For example, local covariance can be estimated based on geometric duality and used to adapt the interpolation.*?
A closely related work appears in demosaicing by optimal recovery®® which formulates the interpolation of G
channel by a patch-based quadratic optimization problem. Spatial adaptation can also be achieved by calculating
Jacobian matrix of the color map and neighborhood voting.?® In another sophisticated scheme,*® missing G
pixels are interpolated by weighted sum where local gradients of both G and R/B channels affect the weight
assignments.

Interpolation based on explicit edge direction estimation also exist in the literature. In primary-consistent
soft-decision (PCSD) scheme,” G pixels are first tentatively interpolated along horizontal /vertical directions
and then selected based on a larger context; this scheme is further improved in a later work™ where a linear
MMSE based strategy is developed to softly fuse instead of select interpolation results along two directions. This
line of idea is further refined in.”* Other similar ideas on edge-sensing adaptive interpolation also exist.?® 49 In
addition to considering H/V directions, fine-granular (as many as 12) directions are used to achieve more accurate
edge-adaptive interpolation3? (this idea extends the previous work® and is also adopted by a later work”). Most
recently, special attention is paid to the class of narrow/line edges®” 7 which often give rise to artifacts in
demosaiced images. It has also been shown that second-order statistics (e.g., variance of color differences) could
lead to improved accuracy.” ™

B. Frequency-domain approaches

Deterministic formulation in Eq. (3) suggests the feasibility of recovering missing data through frequency-
domain filtering (refer to Fig. 3). In an early frequency-domain approach,'® ad-hoc diamond-shape low-
pass (LP) filter is applied to reconstruct G channel. Later, a wavelet-based green channel update method?*
is developed based on stronger inter-channel correlation of high-frequency band coefficients. In a more recent
work,? the CFA-sampled image is reorganized into luminance and chrominance components and appropriate
filters are designed for luminance and chrominance components respectively (luminance channel adopts a specially
designed 11 x 11 filter). Further improvements on anti-aliasing filter design appeared.'*® In another parallel
work, frequency-domain filters are designed for horizontal and vertical directions respectively and combined by
a local homogeneity criterion.?> Most recently, wavelet-domain edge estimation® is proposed to improve the
reconstruction of luminance channel.

In the latest work,*® another extension of frequency-domain demosaicing? is presented where adaptive
filtering (AF) is applied on the luminance component. The luminance values at green locations are estimated
using a filter similar to the one in%; while the values at red/blue locations are estimated as a weighted sum of
neighboring luminance values, where the weights are selected according to the horizontal and vertical gradients
(edge indicators). Experimental results in the original paper*? as well as in this work (refer to Section 4)
have shown significantly improved performance over previous frequency-domain methods and even outperformed
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Figure 3. Frequency domain analysis of CFA sampling. Left: Suppose this is the frequency spectrum of the red, green,
and blue channels. Middle: Frequency spectrum of the sampled green channel. Right: Frequency spectrum of the red/blue
channels. Note that while there is no aliasing for the green channel, red and blue channels are aliased. The green channel
can be fully recovered with a low-pass filter whose pass-band is outlined in the middle figure. For the red/blue channels,
such a low-pass filtering operation cannot eliminate the aliasing.

several state-of-the-art demosaicing techniques on Kodak PhotoCD images at a modest computational cost.
However, such adaptive luminance filtering does not admit equivalent frequency- domain interpretation any
more and implicitly suggests the superiority of spatially adaptive interpolation.

3.1.2. Chrominance (Red/Blue) Channel Interpolation

In sequential demosaicing, one commonly used assumption is that the hue (color ratios or differences) within an
object in an image is constant. Although this assumption only holds within the boundary of an object, it has
been extensively used for the interpolation of the chrominance (red and blue) channels.!:10-18,36,62  Thig class of
constant-hue based interpolation techniques have shown good performance on Kodak PhotoCD data set which
were originally scanned from film-based photos. For data set with higher-quality, the constant-hue assumption
becomes less valid and consequently render larger reconstruction errors. In parallel to luminance interpolation,
we organize chrominance interpolation techniques into spatial and frequency domain respectively.

A. Spatial-domain approaches

Based on the interpolated full-resolution G channel, the chrominance (R/B) channels are then reconstructed
by enforcing constant-hue rules. Specifically, color-difference signals drg = R— G, dpg = B — G are interpolated
based on full-resolution G channel and down-sampled R/B channels; then G channel is simply added back to two
color-difference channels for recovering R/B. In early works, color-ratio'® or color-difference®? interpolation is
often implemented by standard linear interpolation. A normalized model*® has also been proposed for color-ratio
based demosaicing. The basic idea is to introduce a nonzero bias § to the color ratio rule - i.e., gjig = const. It
has been shown that adjusting the parameter 3 could lead to improved performance over original rule (G = 0).

Another so-called vector spectral model®® based on collinear relationship of spatially-adjacent (R, G, B) vec-
tors was developed later. Edge-directed interpolation has also been extended for interpolating R/B channels as
well*6 and similar idea can also be used to improve the interpolation of color-difference signals®® (especially R/B
pixels at B/R locations). In a recent work, interpolation of R/B channels is further adapted based on direc-
tion similarity measurement.”” Similar advanced spatially-adaptive strategies also exist in other works.'6 3472
Generally speaking, lower errors can be achieved at the price of increased computational cost due to spatial
adaptation.

B. Frequency-domain approaches

Reconstruction of chrominance channels can also be implemented by designing anti-aliasing filters in the
frequency domain. In the simplest case, bilinear filters are used to recover chrominance channels R—L,G—L, B—L



(L denotes the luminance channel).? Improved linear filters for chrominance channels are developed!*1® to
reduce the spectral crosstalk. Similar linear interpolation strategies are also used in more recent frequency-domain
methods.?> 43 Tt has been widely observed that reconstruction errors in R/B channels are often significantly
larger than those in G channel due to more severe aliasing. However, as reported in the latest work,*? adaptive
filtering applied to chrominance channels improves the performance marginally at the price of much higher
computational cost.

Another effective approach of interpolating missing data in chrominance channels is to borrow wavelet theory.
Based on the observation that edges across color channels are highly correlated, it is possible to obtain a good
estimation of high-frequency band coefficients in chrominance from their luminance counterpart by simple max
rule!® or mean-corrected synthesis.® More systematic approach is based on projection-onto-convex-set (POCS)
theory.?! By alternating the projection onto observation and detail constraint sets, chrominance channels can
be efficiently reconstructed after few iterations. Since POCS-based demosaicing achieves good performance at
the price of moderate computational cost, it has been widely used as the benchmark scheme for later works.

3.1.3. Postprocessing/refinement Techniques

If the assumed model H;yter well matches the image data, there would be no need for any further processing.
The unfortunate consequence of mismatch is visibly annoying artifacts (e.g., false color, zipper artifacts and so
on). Even at the absence of artifacts, edge blurring could be another plague due to the LP properties of various
interpolation filters. Accordingly, several post-processing techniques have been proposed as a salvage strategy for
either enhancing the sharpness of edges or suppressing undesirable artifacts. In an early work,'® median filtering
was proposed to process inter-channel differences of the demosaiced images. This idea was later extended into
vector median filtering®® based on the observation that filtering inter-channel differences separately does not take
the spectral correlation into account. Another extension based on median filtering idea appeared in more recent
works. 25 56

In one of the pioneering work on demosaicing,?* inverse diffusion based on extending Gabor’s filter is used to
generate coherence-enhancing flow, which yields images with more pleasant visual quality (not necessarily lower
MSE). In another relatively early attempt,®” a markov random field (MRF) model is applied to demosaiced
images to improve the reconstruction of edges. Bilateral filtering techniques has also been proposed for demosaic-
ing.%6 A color-ratio based post-processing technique is developed and has demonstrated effective for suppressing
the artifacts in demosaiced images by various algorithms.*” Artifacts suppression can also be implemented in
the frequency domain®* because various artifacts often occur in high-frequency components.

3.2. Other demosaicing methods

Despite the popularity of sequential demosaicing, it has a fundamental weakness of error propagation - any errors
rendered during the interpolation of the luminance (G) channel would inevitably propagate to the chrominance
channels. Based on the observation that refinement of luminance and chrominance channels can be mutually
beneficial, it is possible to alleviate the problem of error propagation by iterative reconstruction. In an early work
of iterative demosaicing,*® G and R/B channels are iteratively refined based on color-ratio rule; a computationally
more efficient iterative demosaicing method using color-difference rule is proposed in successive approximation
(SA) scheme?® and later extended by incorporating edge-weighted interpolation.®®

An alternative approach is to simultaneously model the three color channels (class HLo'" ). Inspired by
the effectiveness of vector median filter? in color image processing, a vector CFA demosaicing algorithm?? was
proposed. It is also possible to take a learning-based approach towards demosaicing - i.e., assuming some training
data is available, we can reconstruct full-resolution images by “learning” the relationship between CFA pattern
and their surrounding pixels. The earliest use of neural networks for demosaicing appeared in 2000.2% 3! Training
data can also used to classify local image features.?®> Multiple neural networks** specialized in learning nonlinear
spatial correlations at various gradients and directions are developed. A novel vector-quantization (VQ) based

approach towards demosaicing was proposed recently."



Figure 4. Kodak PhotoCD image set (left) and cropped IMAX image set (right).

3.3. Performance Evaluation of Demosaicing Algorithms

Performance evaluation of demosaicing algorithms was first systematically studied by several psychologists.*®

A commonly used quantitative measure for evaluating demosaicking algorithms is mean square error (MSE) or
equivalently peak signal to noise ratio (PSNR) (PSNR = 10109101\2/[5—&@3)). In some works,*” 5! mean absolute
difference (MAD) and normalized color difference (NCD)53 are also used as supplementary criterion. It is also
argued that Euclidean distances in the perceptually uniform CIELab and CIELuv spaces and the s-CIELab®®
are better measures considering the human visual perception. Therefore, we have seen an increased number of

paper using s-CIELab metric in their performance comparison.*?: 43 46,61

All those objective measures assume the availability of a reference image. Unfortunately, such assumption
does not always hold since the output of any digital camera has already been processed by a pipeline including
optical low-pass filtering and demosaicing. Since different cameras may have different demosaicking algorithms,
some bias is inevitable, which deviate from the ground-truth (an image acquired from 3CCD camera). To the
best of our knowledge, computer-based simulation has been used in all published works on demosaicing - i.e.,
full-resolution color images acquired from single-CCD cameras are first down-sampled according to a specific
CFA pattern and then the reconstructed images are compared with the “original” quantitatively. The only
justification we have for this approach is that the original full-resolution color images do visually appear pleasant
(therefore can be used as the reference even if they have been through processing pipeline). However, we might
get away from this pitfall if a no-reference (blind) quality assessment®® method can be developed for color images.

4. EXPERIMENTAL RESULTS

In this section, we report experimental results of our comparative study among eleven selective inter-channel
demosaicing algorithms on two different benchmark data sets. The ten demosaicing algorithms are: 1) Lu&Tan’s
method (LT)%; 2) alternating projection (AP)2!; 3) adaptive homogeneity-directed (AHD)?%; 4) successive
approximation (SA) with edge-weighted improvement®®; 5) Lukac’s CCA method®! with post-processing?’; 6)
frequency-domain (FD) demosaicing?; 7) Directional Filtering and a posteriori Decision (DFPD)%%; 8) Variance of
color-difference (VCD)?; 9) Directional Linear Minimum Mean Square-Error Estimation (DLMMSE)™; 10) local
polynomial approximation (LPA)®'; 11) Adaptive filtering (AF) for demosaicing.*> We believe they represent
the current state-of-the-art in this field and the source codes or executables of all algorithms are made directly
available from the original authors.

The two benchmark data sets are Kodak PhotoCD (sized by 512 x 768) * and IMAX high-quality images
(approximately 4M-pel) f. Two metrics (PSNR and S-CIELab measure AEY,) are calculated as the objective
measures for comparing the demosiacing algorithms. Since some implementation skips the processing of pixels at

“Higher-resolution versions of this set are available but the edges appear noticeably smoother.
fdue to the large size of those images, we crop out 400 x 400 regions with high-saturation and varying-hue.



Figure 5. Comparison of fence portion of demosaiced images by different algorithms for img8 (lighthouse): top-down
and left-right, original, algorithms 1-11 respectively.

Figure 6. Comparison of high-saturation portion of demosaiced images by different algorithms for No.1 in IMAX image
set: top-down and left-right, original, algorithms 1-11 respectively (algorithm 6 is AF instead of FD and algorithm 11 is
NEDI instead of AF).

the border, we exclude those pixels whose distance to the border is fewer than 10 pixels in our calculation. Due to
the variation of implementations (e.g., MATLAB vs. C codes), the actual running time does not faithfully reflect
the computational complexity of each algorithm. Therefore, we opt not to report complexity-related measures.

Tables I and IT include the performance comparison on the Kodak PhotoCD data set. It can be observed
that 1) algorithms 8-10 (VCD, DLMMSE and LPA) appear to outperform others by noticeable margin on this
image set; while algorithms 3 (AHD) and 6 (FD) fall behind especially on the average PSNR performance;
2) improved frequency-domain method by adaptive filtering (AF) does dramatically improve the performance
over previous work (FD); however, such gain appears to largely due to the improvement of luminance channel
(essentially it goes back to spatially-adaptive interpolation); 3) S-CIELab measure has a good correlation with
PSNR measures but there exist exceptions. For instance, AHD falls behind AP by about 1.6dB on average
PSNR but outperforms AP in terms of S-CIELab metric; although CCA achieves good PSNR, performance, its
average S-CIELab errors are the second largest among all (note that post-processing is already activated). Fig.
5 includes the comparison of the fence portion of demosaiced img8 which is often used to check the visibility of
false color artifacts in demosaiced images. We note that algorithms 3,7,9,10 (AHD,DFPD,DLMMSE,LPA) are
more artifact-free than others on this specific example.

Despite the popularity of Kodak PhotoCD images, they are relatively low-quality representation of natural
world (they are scanned version from film-based photos). Similar to the work,*? we also include another set of
IMAX images with higher quality (refer to Fig. 4). The hue and saturation characteristics of IMAX images are



No. LT AP | AHD | SA | CCA | FD | DFPD | VCD | DL LPA AF

42.90 | 42.07 | 41.42 | 41.90 | 41.14 | 38.86 | 42.48 | 42.97 | 42.90 | 43.86 | 42.93
1 46.24 | 45.33 | 45.16 | 46.32 | 45.56 | 44.16 | 46.15 | 46.74 | 47.56 | 47.75 | 46.98
43.06 | 42.69 | 42.23 | 42.96 | 42.13 | 41.41 | 43.13 | 43.50 | 43.86 | 44.46 | 43.65
38.00 | 39.06 | 38.58 | 40.21 | 39.58 | 37.40 | 40.27 | 40.93 | 41.39 | 42.10 | 38.74
2 39.82 | 42.75 | 40.08 | 43.48 | 43.03 | 42.30 | 42.04 | 43.83 | 43.69 | 44.81 | 41.67
37.59 | 38.97 | 38.05 | 39.54 | 38.96 | 38.23 | 39.68 | 40.37 | 40.44 | 41.07 | 38.18
43.33 | 42.53 | 41.13 | 42.53 | 41.74 | 39.35 | 42.38 | 42.92 | 42.95 | 43.77 | 43.48
3 45.88 | 44.91 | 43.67 | 44.52 | 45.21 | 43.49 | 44.97 | 45.58 | 46.26 | 46.53 | 46.66
42.44 | 41.51 | 40.33 | 40.48 | 40.87 | 41.03 | 41.47 | 41.85 | 41.80 | 42.65 | 42.41
34.88 | 35.20 | 34.17 | 35.96 | 35.65 | 32.28 | 35.56 | 36.57 | 36.33 | 37.42 | 35.51
4 37.15 | 39.66 | 36.14 | 40.37 | 39.77 | 37.58 | 38.08 | 40.25 | 39.63 | 41.15 | 38.88
34.98 | 35.58 | 34.35 | 36.78 | 36.22 | 32.95 | 35.85 | 37.10 | 36.66 | 37.85 | 35.63
42.85 | 42.50 | 41.76 | 42.93 | 42.76 | 39.93 | 42.86 | 43.70 | 43.71 | 44.26 | 43.16
5 44.90 | 45.30 | 44.06 | 46.12 | 45.98 | 43.60 | 45.44 | 46.71 | 46.68 | 47.01 | 46.29
41.90 | 42.31 | 41.08 | 42.33 | 41.94 | 41.11 | 4249 | 43.10 | 42.93 | 43.42 | 42.69
38.81 | 39.08 | 37.64 | 39.18 | 39.03 | 36.88 | 39.29 | 39.73 | 39.98 | 40.44 | 39.38
6 40.88 | 42.78 | 39.89 | 43.29 | 43.32 | 42.74 | 41.75 | 43.33 | 43.19 | 43.85 | 42.63
39.35 | 40.02 | 38.41 | 40.53 | 40.46 | 39.23 | 39.94 | 40.82 | 40.96 | 41.39 | 39.80
41.01 | 42.18 | 42.37 | 43.40 | 42.45 | 40.10 | 43.77 | 44.47 | 44.75 | 44.91 | 41.61
7 42.88 | 45.75 | 43.77 | 46.42 | 45.72 | 44.84 | 4541 | 47.03 | 46.82 | 47.15 | 44.53
40.55 | 41.70 | 41.57 | 42.24 | 41.62 | 40.62 | 42.94 | 43.55 | 43.54 | 43.77 | 40.99
40.11 | 40.02 | 39.16 | 40.98 | 40.66 | 37.12 | 40.56 | 41.10 | 41.69 | 42.18 | 40.58
8 41.95 | 43.86 | 40.77 | 44.33 | 43.96 | 42.05 | 42.55 | 44.09 | 44.14 | 44.72 | 43.49
39.46 | 39.95 | 38.62 | 40.33 | 39.95 | 37.90 | 40.15 | 40.60 | 40.88 | 41.46 | 39.92
42.14 | 41.79 | 40.22 | 42.15 | 42.48 | 39.78 | 41.40 | 42.31 | 42.77 | 42.95 | 42.37
9 43.47 | 44.59 | 41.66 | 45.07 | 45.49 | 43.59 | 43.26 | 44.89 | 44.88 | 45.14 | 44.94
40.47 | 40.66 | 39.01 | 40.33 | 40.90 | 40.41 | 40.24 | 40.98 | 40.95 | 41.36 | 40.79
38.87 | 39.51 | 37.62 | 40.32 | 40.71 | 37.80 | 38.83 | 40.21 | 40.40 | 40.91 | 39.61
10 | 40.19 | 42.79 | 38.88 | 43.45 | 43.75 | 42.17 | 40.61 | 42.89 | 42.43 | 43.13 | 42.16
38.21 | 39.07 | 36.93 | 39.41 | 39.60 | 38.44 | 38.28 | 39.41 | 39.34 | 39.77 | 38.77
39.20 | 38.61 | 37.01 | 38.54 | 38.18 | 37.10 | 38.33 | 38.93 | 39.20 | 39.37 | 39.29
11 | 41.40 | 41.23 | 39.46 | 41.56 | 41.67 | 40.53 | 40.91 | 41.97 | 42.26 | 42.32 | 42.39
38.65 | 38.19 | 36.82 | 38.13 | 38.12 | 37.61 | 38.22 | 38.77 | 38.84 | 39.10 | 38.91
36.05 | 36.78 | 34.58 | 37.18 | 36.20 | 36.89 | 36.32 | 37.29 | 37.99 | 37.78 | 36.80
12 | 37.22 | 39.07 | 36.49 | 39.88 | 39.68 | 39.83 | 38.25 | 39.86 | 39.87 | 40.05 | 39.04
34.59 | 35.07 | 33.90 | 35.68 | 35.55 | 35.65 | 35.11 | 35.75 | 36.22 | 36.17 | 35.15
Avg | 40.32 | 40.92 | 39.36 | 41.36 | 41.11 | 39.58 | 40.81 | 41.78 | 41.89 | 42.39 | 41.11

Table 1. PSNR(dB) performance comparison of different demosaicing methods on Kodak PhotoCD image set (DL is
short-hand for DLMMSE).
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0.4760

0.4993

0.5457

0.5058

0.6471

0.6451

0.4984

0.4745

0.4446

0.4170

0.4530

0.8884

0.8439

0.7354
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0.8802

0.8960
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0.6950

0.6713

0.6535

0.8472

0.4925

0.5770
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0.5654
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0.4696

0.4770
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1.6954
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1.1154

1.1799

1.0735

1.2510

0.5436

0.5655
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0.5414

0.6247

0.6452

0.5617

0.4979

0.4985

0.4857

0.5183

0.7436

0.7526

0.7300

0.7180

0.7775

0.8523

0.7157

0.6633

0.6417

0.6238

0.7135

0.6593

0.6213

0.5226

0.5761

0.6840

0.7152

0.5416

0.4958

0.4803

0.4784

0.6355

0.7344

0.7455

0.7473

0.7144

0.7748

0.8784

0.7507

0.6786

0.6593

0.6300

0.6964

0.5277

0.5486

0.5809

0.5399

0.5771

0.5830

0.5822

0.5252

0.4990

0.4905

0.5066

0.8536

0.8465

0.8716
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0.7765
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0.8288

0.8777
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0.6908

0.6748

0.6585

0.7198

Table 2. S-CIELab measure (AE},) comparison of different demosaicing methods on Kodak PhotoCD image set.
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Figure 7. a) Fusion of algorithms 8,9,10 (VCD, DLMMSE and LPA) on Kodak PhotoCD (dashed line - after fusion); b)

Fusion of algorithms 1,6,11 (LT, AF and NEDI) on IMAX test images (dashed line - after fusion).



No. LT AP | AHD | SA | CCA | AF | DFPD | VCD | DL LPA | NEDI
29.35 | 26.62 | 26.91 | 25.32 | 26.27 | 28.56 | 27.73 | 28.37 | 27.92 | 28.05 | 27.69

1 33.51 | 27.94 | 30.45 | 26.39 | 28.74 | 31.22 | 30.86 | 30.36 | 31.39 | 31.12 | 32.83
27.11 | 25.18 | 25.12 | 23.80 | 24.74 | 26.63 | 26.15 | 26.50 | 25.88 | 26.21 | 26.75
27.93 | 26.60 | 25.61 | 25.51 | 25.84 | 28.61 | 27.17 | 27.21 | 27.14 | 25.84 | 25.59

2 32.22 | 27.55 | 29.03 | 26.20 | 27.70 | 30.39 | 29.49 | 29.18 | 30.34 | 27.67 | 31.96
28.31 | 26.96 | 25.90 | 26.06 | 26.11 | 28.54 | 27.32 | 27.52 | 27.30 | 26.16 | 27.13

35.41 | 31.31 | 32.01 | 30.23 | 31.88 | 33.92 | 32.42 | 32.90 | 33.38 | 32.92 | 31.63

3 37.51 | 30.78 | 33.21 | 28.99 | 31.98 | 33.98 | 33.75 | 33.08 | 34.42 | 33.51 | 36.10
31.21 | 28.46 | 27.45 | 26.67 | 27.48 | 29.67 | 29.03 | 29.95 | 28.67 | 28.88 | 33.08
33.37 | 30.39 | 30.79 | 29.44 | 30.40 | 32.03 | 31.17 | 31.22 | 31.98 | 30.59 | 28.70

4 36.04 | 30.87 | 32.85 | 29.46 | 31.67 | 33.41 | 33.31 | 32.53 | 33.77 | 31.82 | 34.32
31.70 | 29.08 | 28.06 | 27.49 | 27.90 | 29.85 | 29.40 | 30.09 | 29.27 | 28.47 | 32.52
30.18 | 28.63 | 28.31 | 26.25 | 27.97 | 31.16 | 29.83 | 30.01 | 29.42 | 30.69 | 32.38

5 39.31 | 32.13 | 35.10 | 29.85 | 32.34 | 36.39 | 35.10 | 35.13 | 36.13 | 36.48 | 39.97
33.07 | 30.52 | 30.42 | 28.60 | 29.72 | 32.63 | 31.39 | 32.30 | 31.43 | 32.17 | 34.79
30.70 | 28.78 | 28.71 | 26.81 | 27.93 | 30.59 | 29.63 | 29.74 | 29.70 | 29.68 | 28.26

6 37.23 | 31.45 | 33.85 | 29.46 | 31.77 | 34.73 | 34.16 | 33.60 | 34.88 | 33.61 | 36.48
33.32 | 30.57 | 30.10 | 28.88 | 29.36 | 31.81 | 31.03 | 31.74 | 31.18 | 30.66 | 32.31
33.87 | 31.61 | 31.93 | 29.77 | 30.90 | 33.35 | 32.74 | 32.87 | 32.82 | 33.51 | 32.69

7 40.04 | 34.04 | 37.17 | 32.82 | 34.62 | 3747 | 37.31 | 36.57 | 38.04 | 37.97 | 40.07
34.66 | 31.96 | 32.08 | 30.10 | 31.06 | 33.30 | 32.96 | 33.39 | 32.84 | 33.32 | 33.87
36.51 | 34.13 | 34.65 | 33.01 | 33.68 | 36.04 | 35.51 | 35.93 | 35.17 | 36.40 | 36.16

8 42.64 | 37.14 | 40.26 | 37.09 | 38.04 | 40.69 | 40.44 | 40.07 | 41.06 | 41.65 | 42.67
37.72 | 35.39 | 36.18 | 34.94 | 35.35 | 36.98 | 36.60 | 37.02 | 36.73 | 37.23 | 35.08
40.12 | 38.18 | 38.70 | 38.00 | 38.42 | 39.35 | 38.66 | 38.90 | 39.35 | 39.55 | 37.20

9 42.95 | 39.46 | 40.88 | 39.53 | 40.29 | 41.62 | 41.04 | 40.97 | 41.78 | 41.94 | 42.75
38.32 | 36.56 | 36.36 | 35.92 | 36.09 | 37.35 | 36.87 | 37.45 | 36.91 | 37.39 | 37.58
40.69 | 38.86 | 38.69 | 38.46 | 38.37 | 39.63 | 38.96 | 39.45 | 39.58 | 39.64 | 38.53

10 | 43.02 | 40.24 | 41.13 | 40.38 | 40.46 | 42.06 | 41.28 | 41.31 | 42.07 | 41.86 | 42.73
37.39 | 36.50 | 36.15 | 36.23 | 36.16 | 37.06 | 36.67 | 36.79 | 36.82 | 36.95 | 35.06
33.80 | 31.81 | 31.59 | 30.63 | 31.18 | 33.11 | 32.40 | 32.57 | 32.73 | 32.66 | 30.83

11 | 37.66 | 33.53 | 35.21 | 32.87 | 33.58 | 35.93 | 35.44 | 35.07 | 36.19 | 35.55 | 36.72
32.34 | 30.85 | 30.19 | 29.61 | 29.99 | 31.77 | 31.33 | 31.46 | 31.28 | 31.28 | 30.50
34.43 | 32.34 | 33.28 | 31.26 | 32.25 | 33.88 | 33.81 | 33.90 | 33.91 | 34.14 | 30.78

12 | 38.85 | 35.30 | 37.84 | 34.81 | 35.90 | 37.92 | 37.77 | 37.47 | 38.21 | 38.05 | 38.23
33.33 | 31.66 | 31.85 | 30.66 | 31.53 | 32.48 | 32.48 | 32.58 | 32.46 | 32.61 | 30.60

Avg | 35.16 | 32.04 | 32.72 | 30.87 | 31.88 | 34.00 | 33.37 | 33.48 | 33.67 | 33.51 | 34.01

Table 3. PSNR(dB) performance comparison of different demosaicing methods on cropped IMAX image set.

arguably closer to those of images acquired by digital cameras of these days. For this data set, we have tested all
selected 11 algorithms with one replacement: we replace FD (since AF represents a more competing frequency-
domain approach) by new edge-directed interpolation (NEDI)#*? (an intra-channel interpolation technique). The
rationale behind is that we want to include ;¢ into our comparison. It can be observed from Tables III and
IV that the performance of most existing algorithms degrade a lot on this more challenging data set. Many
inter-channel demosaicing do not necessarily outperform NEDI (intra-channel method). It should be noted
that the algorithm® has shown impressive performance on this new data set, which suggests the importance of
jointly exploiting spatial and spectral correlation and effectiveness of weighted interpolation. Fig. 6 includes
the subjective comparison which also demonstrate the problems with several inter-channel demosaicing based on

constant-hue assumptions.




No. LT AP AHD SA CCA AF DFPD | VCD DL LPA | NEDI
1 2.3208 | 3.4122 | 3.3815 | 4.4502 | 3.8320 | 2.5940 | 2.7468 | 2.7935 | 2.7424 | 2.7904 | 2.4820
2 2.8572 | 3.8968 | 4.3594 | 4.9143 | 4.6421 | 3.0212 | 3.3286 | 3.4767 | 3.3965 | 4.6235 | 3.0562
3 1.2804 | 2.1808 | 2.3686 | 3.0774 | 2.6078 | 1.6738 | 1.7504 | 1.8299 | 1.8317 | 1.9461 | 1.3955
4 1.3765 | 2.4275 | 2.3155 | 3.1426 | 2.7003 | 1.8582 | 1.8684 | 2.0322 | 1.8845 | 2.4445 | 1.7296
S 1.8645 | 2.2549 | 2.7796 | 3.5179 | 3.1754 | 1.8140 | 2.0432 | 2.0454 | 2.2216 | 1.7926 | 1.1788
6 1.6623 | 2.3187 | 2.6126 | 3.1654 | 2.8622 | 1.8659 | 2.0913 | 2.1105 | 2.0983 | 2.2694 | 1.8370
7 1.2083 | 1.6204 | 1.6962 | 2.2571 | 2.0230 | 1.3126 | 1.3321 | 1.4045 | 1.3864 | 1.2792 | 1.1664
8 0.8455 | 1.0618 | 1.0880 | 1.2372 | 1.2615 | 0.8762 | 0.8997 | 0.8997 | 0.9345 | 0.8157 | 0.8036
9 0.6151 | 0.7660 | 0.8112 | 0.8247 | 0.8608 | 0.6603 | 0.7142 | 0.7159 | 0.6745 | 0.6485 | 0.6503
10 | 0.8516 | 1.0161 | 1.0739 | 1.0484 | 1.1042 | 0.9093 | 0.9896 | 0.9674 | 0.9244 | 0.9349 | 0.9187
11 | 1.2125 | 1.6191 | 1.8435 | 2.0979 | 1.9946 | 1.3555 | 1.3998 | 1.4629 | 1.4541 | 1.5137 | 1.4444
12 | 1.1955 | 1.4461 | 1.4337 | 1.8392 | 1.7616 | 1.2452 | 1.2137 | 1.2518 | 1.2525 | 1.2192 | 1.3898

Avg | 1.4408 | 2.0017 | 2.1470 | 2.6310 | 2.4021 | 1.5989 | 1.6982 | 1.7492 | 1.7335 | 1.8565 | 1.5044

Table 4. S-CIELab measure (AE},) comparison of different demosaicing methods on cropped IMAX image set.

The above two experiments suggest that the issue of mismatch between assumed model and observation data
has to be properly addressed. One solution to reduce the risk of mismatch is to fuse the demosaicing results
by different algorithms. An ad-hoc fusion strategy is to take the average of demosaiced images - despite the
simplicity of this strategy, it provides an intuitive approach of studying whether reconstruction errors by different
algorithm are independent. Fig. 7 contains the PSNR performance comparison before and after ad-hoc fusion
for two data sets. For Kodak PhotoCD, we have chosen to combine the three best algorithms (VCD, DLMMSE
and LPA) based on the results in Table I; for IMAX images, we opt to fuse the best inter-channel method (LT
with an intra-channel method (NEDI). It can be seen from Fig. 7 that noticeable PSNR improvement has been
achieved by even ad-hoc averaging. More systematic fusion is left for future studies (refer to recent works*!7®).

5. CONCLUSIONS AND FUTURE DIRECTIONS

In this survey article, we have reviewed over seventy papers in the literature of image demosaicing. The majority
of existing demosaicing algorithms exploit the spectral correlation by sequential strategies - i.e., the luminance (G)
channel is recovered first and then chrominance (R/B) channels are reconstructed based on the full-resolution
luminance image. Spatial adaptation based on local deterministic (e.g., gradients) or statistical (e.g., vari-
ance/covariance) has shown critical to the performance of various demosaicing techniques. Our comparative
studies with eleven very best demosaicing algorithms have demonstrated the importance of jointly exploiting
spatial and spectral correlations especially for images with high-saturation and varying-hue. We have also ob-
served that even ad-hoc fusion by averaging different demosaiced images could lead to further improvement.

There are three directions along which further studies are definitely needed. First, demosaicing of images with
weak spectral correlation remains a challenging task. Our understanding about the tradeoff between spatial and
spectral correlation is still primitive though some attention has been paid to this issue by one group of contributing
authors to this session.”® Second, more systematic fusion strategy could lead to reduced risk of mismatch between
assumed models and observation data. Which models to combine and how to spatially adaptive fuse demosaiced
images are importance questions along this line. Last but not the least, the performance evaluation of demosaicing
algorithms needs more careful investigation. If the data available to research community are only images acquired
by single-CCD cameras, we need to be more cautious about the risk with computer-based simulation. Competing
for higher PSNR or lower sCIELAB values would become less meaningful if the used reference image could not
faithfully reflect the true characteristics (i.e., color images acquired a 3CCD camera). Without understanding
other components in the pipeline (e.g., white balancing and color correction), demosaicing alone might become
a pet for academia only and never have any serious impact on the industry of electronic imaging.
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