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Abstract

A pixel’s color value is the integration over a set of light
rays. These lights rays may vary in color if they originate
from different objects or surfaces that vary in albedo. To
achieve photorealism, image manipulations such as con-
trast and gamma adjustment, histogram equalization or
color replacement should ideally be applied to each light
ray instead of the aggregate of the rays. In this paper, we
attempt to separate the set of colors contributing to a pixel.
We assume the set can be approximated using a finite set of
weighted colors. Experimental results shown that two col-
ors are sufficient. By applying image manipulations to each
of the two colors independently, improved results can be ob-
tained. We demonstrate our approach on a variety of image
manipulations and compare both quantitatively and quali-
tatively against ground truth and baseline methods, as well
as via human studies.

1. Introduction

Each pixel in a camera integrates light over a finite area
of a lightfield [12, 7]. The set of light rays received by
a pixel may vary dramatically in color and intensity. For
instance, at object boundaries a pixel may receive contri-
bution from both a foreground object and background ob-
ject. Within a single object, a pixel may straddle changes
in albedo. The problem of color source separation is to de-
termine the amount and set of colors that contributed to a
pixel’s final color value.

The related problem of image matting attempts to sep-
arate a foreground object’s color contributions along its
boundary from that of the background [15, 4, 16]. Boundary
matting information is useful for a variety of tasks such as
image compositing and background substitution. Recently,
the use of matting has also been applied to improving depth
estimation [17, 2]. Other applications use image priors to
estimate and restrict the number of colors contributing to a
pixel, such as demosaicing [3] and image deconvolution [9].
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Figure 1. Color manipulations such as increasing contrast, would
ideally be applied to each light ray (a) contributing to a pixel (red
boxes). Instead, manipulations are typically applied directly to a
pixel’s color (blue box). A high resolution image (b) can be used
to approximate the full set of light rays. Applying the color manip-
ulations to the high resolution image (green boxes) and then down-
sampling can create dramatically different results (e) than applying
the manipulation directly to a pixel’s color (d) in the low resolution
image (c). (f) shows the results of our proposed approach.

In this paper, we propose a color source separation
method for local pixel manipulations such as changes in
contrast and gamma, histogram equalization and color re-
placement. Each of these manipulations transform a pixel’s
color based on some specified nonlinear function. To
achieve photorealism, these effects should appear as if they
were applied directly to the scene itself, before being cap-
tured by the camera. This is equivalent to independently



applying the effect to each light ray sampled by a pixel,
Figure 1(a). Professional photographers approximate this
process by applying a transformation at the highest image
resolution possible. The image is then downsampled to the
final desired resolution, Figure 1(b). This technique is very
effective as shown in Figure 1(e), which shows the dramati-
cally different result of applying the effects before (e) or af-
ter downsampling (d). Artifacts such as over sharpening are
common when applying these effects after downsampling,
Figure 1(d).

We propose a technique that generates photo-realistic re-
sults for local color transformations based on estimating the
distribution of light ray colors that contribute to a pixel. The
common technique of applying the color transformation to
a higher resolution image followed by downsampling does
this explicitly. Instead, we estimate from a lower resolution
image a discrete set of colors contributing to each pixel.
The transformation is individually applied to each color
and blended together. This provides two benefits: First,
an image of higher resolution than the final desired resolu-
tion may not be available. Second by performing the pixel
operations at the final desired resolution, improvements in
computational efficiency may be achieved. Once the color
source separation is performed off-line, the photographer
can quickly experiment with various image transformations.
Our results show that as little as two colors per pixel are
sufficient to closely approximate the results using high res-
olution information.

The paper is organized a follows: In the next section we
describe previous work, followed by our approach in Sec-
tion 3. Implementation details are given in Section 4. We
provide experimental results on a variety of tasks and com-
pare against ground truth data and baseline approaches in
Section 5. Finally, we conclude with a discussion of our
approach in Section 6.

2. Previous work

Boundary matting has received significant attention over
the past decade. Various methods have been proposed for
separating foregrounds objects from the background us-
ing sampling techniques [15, 4] that use explicitly labeled
foreground and background pixels and propagation tech-
niques [ 16, 1 1] that assume foreground and background col-
ors are locally smooth. The Bayesian matting approach of
Chuang et al. [4] optimizes a likelihood function to find
the optimal colors and alpha values. The Poisson matting
approach of Sun ef al. [16] assumes foreground and back-
ground colors are locally smooth and that the gradient of the
matte is similar to that of the image. Levin ef al. [11] ex-
tends this approach by fitting a linear model to both the fore-
ground and background colors. Wang and Cohen [19] pro-
posed a robust approach for handling complex foreground
and background color distributions.
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Figure 2. A 1D representation (a) of the image demonstrates the
primary color m,, the secondary color s, and alpha value
computed for a set of pixels. A function f (b) may be applied
to either the pixel values c; (c) or the computed primary and sec-
ondary colors (d). The effect of applying the function f directly to
¢, results in over sharpening and loss of edges (c, f, i, 1). Applying
f to m, and s, results in more photo-realistic results (d, g, j, m).
Close-ups (h-m) are labeled in (e).

Recently, matting has been applied to a wider variety of
applications. Bennett ef al. [3] used matting information
to improve the estimation of colors for demosiacing. Sev-
eral works have combined matting and depth estimation for
improved results [8, 17, 2]. Finally, matting has been used
in the development of image priors for deconvolution and
denoising [9].

Recently, work has also been done on image recolor-
ing using gradient information [10] and edge preserving
tonemapping [14]. Bae et al. [1] proposed an image manip-
ulation technique for achieving a pictorial look using two
scales based on bilateral smoothing.



3. Approach

In this section, we describe our approach to color source
separation for use in non-linear pixel transformations such
as contrast adjustment, histogram equalization, gamma cor-
rection or recoloring.

3.1. Image Formation

Each pixel in a camera receives a set of light rays over
a finite area of the observed lightfield [12, 7]. The color
value ¢, of the pixel x is found by integrating over the set
of observed light rays L,, i.e. ¢, = fl L. {. To maintain
photorealism, a color transformation f should ideally be ap-
plied independently to all light rays contributing to a pixel
x to obtain our new pixel value ¢,

o 0.
¢ /l £(0) (1)

As shown in Figure 2, this is critical for maintaining edge
profiles. If the transform f is applied directly to the pixel’s
value, i.e. é, = f(cg), over sharpening and loss of edges
may occur, Figure 2(c,f,i,]). If a higher resolution image
is available, L, can be approximated using the pixels in
the high resolution image contributing to the pixel c, in the
downsampled version, Figure 1(e). However, a higher reso-
lution image may not always be available, and due to com-
putational costs it might be advantageous to only manipu-
late the image at the resolution of the final desired image.
In this paper, we make the following assumption: Each
pixel receives contribution from a finite set of color regions.
That is, the set of light rays L., only contains a small number
of colors resulting from different objects, albedo, or lighting
conditions. Formally our model is as follows: A pixel x’s
color ¢, is a linear combination of k colors {c.,...,c"

)’

with a corresponding set of weights w,, such that >, w!, =

1 and:
Cy = Z w;c; 2)
ick

Note we assume the camera’s response function is linear
[13], or at least locally linear in color space. Given some
function of a pixel’s color f, we compute our transformed
color using:

o Y wlf(ch) 3)

ick

If f is a nonlinear function such as contrast adjustment, the
value of é, will vary from f(c,). As stated above, using
equation (3) we can achieve greater photorealism by better
approximating the effect of applying the color transforma-
tion directly to L,, Figure 2(d, g, j, m).

3.1.1 Estimating the number of color regions

We assume each pixel’s color is a combination of a finite
number of color regions. In this section we experimentally
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Figure 3. Graph of average intensity errors for contrast and gamma
adjustment. Pixel color models with one to eight clusters from a
ground truth set of 100 colors are used. Three settings for contrast
and gamma adjustment are shown.

determine how many color regions are needed to achieve an
accurate estimation of ¢é,. We estimate the set of colors a
pixel receives by sampling 10 x 10 patches from high res-
olution images. For each patch k-means clustering is per-
formed on its colors for varying values of k. Finally, we
compute the error between estimating the value of ¢, using
the original sampled colors from the 10 x 10 patch weighted
uniformly and using the weighted & color clusters. Equation
(3) is used in both cases. Results are shown in Figure 3 for
various adjustments to contrast and gamma as defined in
Section 5. The error decreases as k increases. However, the
rate of improvement is significantly reduced for k greater
than 2. As a result, we use k = 2 through out this paper.

3.2. Color Model

We assume each pixel’s color contributions can be mod-
eled using two colors. For ease of notation, we call these
two colors the primary color m,, and the secondary color s,
with corresponding weights «,, and (1 — o). We assume
the contribution of the primary color is always greater, i.e.
o, > 0.5. Using this notation, equation (3) can be rewritten
as:

br = agfimg) + (1 —ag)f(sz) 4)

To find the transformed color value ¢, for each pixel z,
the values of m,, s, and o, need to be computed. We
accomplish this by first estimating a small set of colors
H, = hg1, ..., hg that may contribute to c,. The set of
colors H, are computed from the set of pixel colors C,
that exist in a small spatial neighborhood of z. The exact
method for finding the set of colors H is described in the
following section. H, typically contains one to four col-
ors, depending on the amount of local texture surrounding
z. Using H,, we model ¢, as:

Cy = azhzi + (1 - am)hmj + ng (5)
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where hy;, hy; € Hy and ng is the residual or difference
between the linear combination of h,; and h,;, and the ob-
served color c,. To ensure that equation (2) holds, we add
the residual n, onto h,; and h;; based on a to find our
final colors m, and s,

my = hml + QpNyy S = hxj + (]- - am)nr~ (6)

We choose the colors h,; and h,; from H,, and estimate
our alpha value «,, by maximizing the following likelihood
function:

p(hxhhxjaarvnz'CmCI) = %)
p(hrz|cx)p(hxj |Oz)p(ax)p(nx |C:v7 hati7 hatja ax)

where C, is the set of pixel colors within a small spatial
neighborhood of x.

The process of maximizing equation (7) is accomplished
by evaluating it for every possible combination of col-
ors hy; and hg; from H,. For each set of colors hg;
and h,; we determine the alpha value that maximizes
P(0z)p(Ng|Czy My, Sz, ). The set of values for hy,, haj
and «, that result in the maximum value for equation (7) is
then used to compute m, and s, in equation (6).

We now define the four terms of equation (7). The values
of p(h4;|Cy) and p(h,;|C,) are defined in the next section.
The prior p(a;) on « is used to bias pixels to receive con-
tribution from only one color. Mixed pixels only occur at
color boundaries and are therefore less likely to occur. As a
consequence, we penalize alpha values that are not equal to

p(ozw)rx{1 o =1 } ®)

Kk otherwise

« has a value less than one.

The final expression p(ng|cz, hai, haj, o) of (7) is the
probability of n,, given the camera’s noise model. The value
of n, is computed directly from the difference between the
observed color ¢, and the linearly blended color:

In many digital images, the amount of noise is highest
for mid-range values and decreases as the intensity becomes
higher or lower. Within this paper, we assume the noise
model for the camera is known, by either using a calibration
grid, or from automatic methods [6, 18]. If o(c;)? is the
variance predicted by the noise model for a color c,:

p(nx‘cxymxasxaaw) :N(nacQ()vo'(Cx)Z) (10)

where N is a standard normal distribution. The color vari-
ance o(c;)? may be a full covariance matrix or a single
scalar, depending on the complexity of the image noise
model used.
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Figure 4. Illustration of different techniques for finding the poten-
tial colors within C. (a,d,g) are color patches from real images
with 2D plots of red and green color values. (b,e,h) show the re-
sults using a two component GMM, with the green and red ellipses
showing the extent of the components ®¢ and ®;. (c,f,i) show the
results with the mixed and outlier components added. Blue shows
the extent of the mixed color component ¥;;, and yellow is the
combination of both ¢ and ®;.

We need to determine the value for o, that maximizes
p(az)p(nez|ce, My, Sz, a). Since it is not continuous, we
cannot solve the expression directly. However, we can eval-
uate it twice, once for a; = 1 and once for a, # 1, and
find the maximum. For o, = 1, we can solve for n, using
(9), and directly compute the result.

When «, # 1, the value of p(a,) = k, and we can
solve for the &,, that maximizes kp(n;|c,, My, Sz, o). The
value of &, is determined by finding the point the minimizes
the distance between c, and the line segment from h,; to
hag: u-v

Gy = —— (11)
V-V
where u = ¢; — hy; and v = hy; — hyj. To be considered
as a possible alpha value, &, must lie between 0.5 and 1.

3.3. Color Estimation

In this section, we explore a technique for finding a set
of colors H, given the set of pixel color values C,, in a spa-
tial neighborhood of z. In practice the spatial neighborhood
used to create C', may vary from 3 x 3 to 11 x 11 and the
number of colors [ in H,, from two to four, depending on the
amount of noise and texture in an image. Except in Section
3.3.1, we assume the number of colors [ and the window
size are given to the algorithm. If we assume the world
consists of small regions with constant color, pixels receiv-
ing contribution from a single region will form clusters of



points within C,. The pixels that receive contribution from
multiple color regions will be scattered between the clus-
ters. The distribution of pixel colors in C,, can vary greatly
across the image. For instance, a single mode may be found
in constant colored areas (Figure 4a), two main modes with
samples in between for border areas (Figure 4d), or several
modes in highly textured areas (Figure 4g).

Our goal is to find the set of colors H, that contribute to
the set of pixel colors C.. We model H, as a set of clusters
using a Gaussian mixture model (GMM). Each component
®;, = {h;,%;} in the model consists of a mean h; in color
space and corresponding covariance matrix ;. Thus, the
likelihood of ¢ € C, given ®; is:

p(c|®;) o< N(c; hy, 34). (12)

A standard method for learning a GMM is to use Expec-
tation Maximization (EM) [5]. The results of using EM for
a two component GMM, using only color information, are
shown in Figures 4(b,e,h). There are several problems with
this approach. First, even if one mode exists, it is split into
multiple clusters (Figure 4b). Second, mixed pixels that lie
between the modes contribute to the mean of the two com-
ponents (Figure 4e). Finally, color outliers also contribute
to the means, skewing the results (Figure 4h).

To address these problems we make several additions to
the basic algorithm described above as first proposed in [9]
for the case of just two colors. First, we assume that any
variance of the colors within a cluster is due to image noise
and not texture from the world. Thus, we fix the color vari-
ance X; equal to that of the image noise o (h;)?. As aresult,
if a single mode exists within C, all components of the
GMM will merge to have the same mean and extent (Figure
4c¢).

To handle mixed colors and outliers, two components are
added to our model. Our first component models mixed
pixels that lie between two color clusters ®; and ®;. For ¢ €
C,, the component ¥,; = {k, h;, h;} representing mixed
pixels between h; and h; is modeled as:

p(e|Wi) ox kN (c; ¢, X(¢)) (13)

where ¢ corresponds to the point closest to ¢ on the 3D line
segment between h; and h;. & is set to the same value as in
equation (8). In estimating the mixed pixels, all combina-
tions of h; and h; are considered.

Our second additional component is a uniform distribu-
tion T used to model outliers within C',.. Thus, T is equal
to some small constant and in our experiments p(¢;|Y) =
1076,

Combining all the above components we model the like-
lihood of a color c as:

plc|®, U, T) Zp(c@i) +> p(e| W) +p(e|T) (14)

.7

The results of adding the new components and solving
using EM, can be seen in Figures 4f and 4i. In both cases,
the means better model the peaks of their corresponding
modes, since the mixed pixels and outliers are modeled by
¥ and T respectively.

Since EM is computationally expensive and must be
computed for each pixel, we use the approximate method
k-means to initialize the color values of H,, [3]. After k-
means, four iterations of EM are used to refine the values.

3.3.1 Using Adaptive Color Models

In the previous section we assumed the number of colors
l in H, was given. By placing a prior on the number of
colors in H, we can automatically determine the number of
colors required to represent the set of pixel colors in C,,. If
® (1) and W(I) are the mixture components computed using
a model with [ colors, the optimal number of colors can be
found by:

arg maxI'(1) [ (o), @), ) (15)

where I'(]) is the prior probability of observing [ colors in
an image patch.

4. Implementation Details

In this section we describe some of the implementation
details of our algorithm. The use of k-means to initialize
the EM algorithm proposed in Section 3.3 helps improve
computational efficiency. Performance gains may also be
achieved by only computing the color model in textured ar-
eas. If the standard deviation in a 5 X 5 window is below
the noise level (5 in our experiments), the color model is not
computed and the pixel is assigned a single color.

5. Experimental Results

We demonstrate our proposed approach on four im-
age transformations: contrast change, gamma change, his-
togram equalization and re-coloring. To quantify our re-
sults, we collected a dataset of 55 high resolution images,
downsampled by a factor of 5 - 10 to ~ 320 x 240. We
compute an estimate of the ground truth for these images
by transforming the original high resolution image, and then
downsampling the transformed image to 320 x 240. Since
the images are of sufficiently high resolution, we believe
this accurately samples the distribution of light rays for each
pixel.

The lower resolution original images are transformed us-
ing our approach of transforming the found colors m, and
s, before blending, as well as the naive approach of trans-
forming the original pixel’s color, f(c,). We also compare
our results to a baseline approach of upsampling the low
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Figure 5. The nonlinear curve (a) used for each transformation (left
to right) contrast, gamma, histogram equalization and re-coloring
; (b) shows an example image and the transformed image (c).

resolution original image using bicubic interpolation, trans-
forming each pixel color in the resultant high resolution
image, and then downsampling. We use the average root
mean squared error and PSNR metrics. We now describe
the specifics of the four image transformations we used.

After m,, s, and «, are computed for each pixel, image
manipulations can be performed in realtime. The additional
cost is proportional to the number of mixed pixels M found
in the image, which is typically less than 10%. As a re-
sult, performing operations directly on the low resolution
N x N image is significantly faster than performing the
same operation on a high resolution H N x H N image and
downsampling, i.e. H? > M.

Contrast change: We apply the transformation to each
of the RGB color components of the color ¢ using f(c) =
c% where ¢ is the intensity of the color ¢ computed as the
average of the color components (ranging from 0 and 1),
and 7’ is the contrast transformed intensity computed as

.7 1

T T exp(—t(i — 05)) (16)

In our experiments, we set the parameter ¢ to 15. The re-
sultant curve is shown in Figure 5, along with an example
contrast changed color image.

Gamma change: Similar to contrast change, we trans-
form each color component using f(c¢) = c%, where ¢’ is
now the gamma changed intensity computed as i’ = 7. We
set v to 0.3. The resultant curve and an example gamma
changed image are shown in Figure 5.

Figure 6. Example of image decomposition using £ = 0.1 (a,b,c)
and x = 0.0001 (d.e,f): (a,d) main color layer, (b,e) secondary
layer, (c,f) alpha layer.

Histogram equalization: We transform each color com-
ponent f(c) = c%/, where 4’ is the mapping of ¢ using his-
togram equalization. We apply standard histogram equal-
ization to the original grey scale low resolution image to
obtain the non-parametric mapping ' = h(i). This map-
ping is used for all methods being compared. An example
of this mapping, and the associated image transformation is
shown in Figure 5.

Re-coloring: This operation replaces a color ¢4 in an im-
age with another color c¢; as specified by the user. The
amount a color is shifted towards c¢; is based on its prox-
imity to ¢s. Our transformation is achieved using f(c) =
¢+ B (et —¢s) with § = exp(—d/0.13), where d is the
squared euclidian distance between c and c,. This fall off in
the contribution of c; to a pixel as a function of the distance
of c to cg, can be seen in Figure 5 along with an example
re-colored image.

For our experiments to avoid having a user in the loop, ¢
was set to the dominant color in the image (computed using
k-means clustering on all the pixels in the image to obtain
5 clusters), and ¢; was randomly selected from a uniform
distribution over the RGB color space.

5.1. Results

We show example decompositions of an image using our
approach (3 x 3 window, | = 2 colors) in Figures 6 for
values of Kk = 0.1 and k = 10~%. As would be expected,
a higher value of « results in more pixels having fractional
alpha values.

Examples demonstrating the improved image quality (in
terms of being closer to ground truth) using our proposed
approach for each of the four above transformations, as



Figure 7. Comparison of our method as compared to the naive
method. Columns: contrast change, gamma change, histogram
equalization and re-coloring. Rows: ground truth, naive method
and proposed approach. Notice over-sharpening and color leaks in
the naive approach.

compared to the naive method can be seen in Figure 7.

Figures 10 and 11 compare our approach to the naive
and baseline approaches across the four color transforma-
tions. We plot mean squared error and PSNR results using
between two and four colors for [, as well as the adaptive-
model approach of Section 3.3.1. In addition, various win-
dow sizes between 3 x 3 and 11 x 11 for creating C,
are tested. All examples in this test case use x = 1074,
For several transformations, the two-color model performs
better for smaller window sizes, while the three-color and
four-color models perform better for bigger window sizes.
The adaptive-color model that automatically determines the
number of colors in a given window captures a balanced
trade-off between these, and often performs the best for a
given window size (especially for histogram equalization).
In most cases, the errors are lower than the naive and base-
line methods, and significantly so in several cases.

Since RMSE and PSNR are known to not capture per-
ceptual differences in images especially near edges, we pro-
vide results from a human study using Amazon’s Mechan-
ical Turk. We asked 20 subjects to rate 14 images using
the 2-color and naive approaches. Figure 8 shows that 61%
thought the 2-color model was better, while 11% thought
it was worse, and 27% saw no difference. Sample images
from the study using varying intensity curves are shown in
Figure 9(a, b) and for re-coloring in Figure 9(c). Other qual-
itative results are shown in Figures 1(f) and 2(g, j, m). No-
tice the removal of over-sharpening and color leaking arti-
facts using the proposed approach.
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Figure 8. Results of human studies comparing the 2-color model
to the naive model. The first bar shows the percentage that thought
the 2-color model was better, followed by the same and worse.

(b)

Figure 9. Qualitative results for arbitrary intensity curves (a, b) and
re-coloring (c). The images from left to right are the original, the
naive approach, and the proposed approach.

6. Discussion

In our paper we assume the distribution of light rays
can be modeled using just two colors. Clearly, pixels may
receive contribution from a large set of colors, especially
when portions of the scene are blurred. Using more colors
could increase the accuracy of the approach. Unfortunately,
determining the contribution of each color is in many cases
ambiguous, such as the case when using three colors and
one color is a linear combination of the other two.

We studied four different possible image manipulations.
Many other applications exist that could take advantage of
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Figure 11. The PSNR of our method with different parameter settings, as compared to the naive and baseline methods. The PSNR of the

baseline method is reported on the plots in text.

our approach. For instance, soft brushes could use the color
contribution information to properly handle object bound-
aries at interactive speeds. Similarly, the information could
be used for image selection tasks with soft boundaries.

If computational efficiency is a primary concern and high
resolution information is available, the color model could
be built directly from the high resolution information. The
image manipulations could then be applied to a lower reso-
lution image without loss of quality.

In conclusion, we present a color source separation
method for estimating the two main colors that contribute to
each pixel in an image. By applying color transformations
directly to these computed colors and blending the result,
improved photorealism can be achieved without the need
for higher resolution information.
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