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Abstract The human visual system maintains the percep-
tion of colors of an object across various light sources.
Similarly, current digital cameras feature an auto white
balance function, which estimates the illuminant color and
corrects the color of a photograph as if the photograph was
taken under a certain light source. The main subject in a
photograph is often a person’s face, which could be used to
estimate the illuminant color. However, such estimation is
adversely affected by differences in facial colors among
individuals. The present paper proposes an auto white
balance algorithm based on a pigmentation separation
method that separates the human skin color image into the
components of melanin, hemoglobin and shading. Pigment
densities have a uniform property within the same race that
can be calculated from the components of melanin and
hemoglobin in the face. We, thus, propose a method that
uses the subject’s facial color in an image and is unaffected
by individual differences in facial color among Japanese
people.
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1 Introduction

The human visual system has a feature called color constancy
that maintains a person’s perceived color of the same object
under various light sources, yet the object’s physical color
strongly depends on the illuminant color [1]. Current digital
cameras have this feature of the human visual system in the
form of an auto white balance (AWB) function, where the
illuminant color is estimated and the output color is corrected
as if the photograph was taken under a specific light source.

Many studies have proposed methods of estimating the
illuminant color from an image [2]; e.g., methods using
chromatic scene statistics [3, 4] and specular highlights [5].
To compare the estimated results and the ground truth, these
illuminant color estimation methods use a key object whose
color (RGB or spectroscopic information) is known, such as
a gray board. The color of the key object is known in
advance, and the illuminant color is then calculated from the
change in the key object’s color in the photograph. If a
photographer takes a photograph with this key object, the
illuminant color can always be obtained. However, using the
gray board is not practical in nonprofessional use. Further-
more, the main subject in a photograph is often a person, and
there is a strong desire to appropriately color correct the
photograph in this case [6]. Here, color correction might be
achieved using the person’s face as the key object.

However, even among Japanese people, the color of facial
skin varies according to the individual. Table 1 shows that
the maximum chromaticity difference is 4.07 for mean val-
ues of the chromaticity for the areas of the cheek, chin, nose
and mouth extracted from seven Japanese facial images.
Here, the chromaticity difference is calculated using Aa* and
Ab* in the CIELAB color space. Furthermore, the skin color
is affected by pigment irregularities, and cannot be repre-
sented as a single value.
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Table 1 Chromaticity
difference between the mean

Subject’s number

RGB values extracted from

: 5 1 2 3 4 6 7
seven subjects Ra)

£ [ 154 257| 146 407| 18| 273
S 2] 154 130 | 1.34| 253| 040] 167
S8 257] 1.30 263 201 133] 050
w4l 146] 134] 263 338 1.36| 3.1
O 5 253 | 2.01| 3.38 227 || P
2|6l 188 040] 133] 136] 222 1.78
w7l 273 167 050] 301| 237| 178

The cells of the first row and third column represent the chromaticity differences between subjects 1

and 3

In this paper, we propose a white balance algorithm that
uses the human face in a photograph as the key object, and
considers the individual variation in the skin color based on
a human skin color model [7-9]. Following [7], in our
approach, the individual variation among people of the
same race (such as the Japanese race) corresponds to the
difference in the density of melanin and hemoglobin, which
are the main pigments found in human skin. Assuming that
the minimum densities of the two pigments are uniform
among individuals of the same race, we extract the bias
component that represents the illuminant color from the
skin color of the person in the photograph. Furthermore, we
correct the color of six photographs taken under six light
sources first using our algorithm based on the human skin
color model and then using a method that assumes that the
human skin color does not have individual variation. It is
found that the color correction using our approach based on
the human skin color model outperforms the method
without individual variation.

The remainder of the paper is organized as follows.
Section 2 introduces the imaging model used in related
works on illuminant color estimation and color correction
[10-13] and the human facial skin color analysis as a
pigmentation separation method [7-9]. Section 3 intro-
duces the AWB method using the pigmentation separation
method. Section 4 describes an experiment on color cor-
rection using our AWB method. Section 5 presents a dis-
cussion and suggests directions of future research.

2 Related work

2.1 Imaging model of illuminant color estimation
and color correction

This section introduces the imaging model of the illumi-

nation color estimation and the color correction introduced
in [2]. The AWB is achieved by estimating the illuminant
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color from an image and transforming an input image to an
output image that is as taken under a certain light source.
We discuss first the object color model of an image and
then the transformation resulting from a change in illumi-
nant color.

Under the Lambertian assumption [14, 15], image val-
ues f; depend on an object’s surface reflectance S (x, A), the
light source I (1) and the camera sensitivity function C; (L),
where i = {R, G, B}, A is the wavelength of the light and x
is the spatial coordinate. The sensitivity function of a
regular camera can be approximated by delta functions that
have peaks near the wavelengths of red, green and blue
light. The dependence of image values f; on these factors is
expressed as

m(x) / S(x, 2) 1(2) Ci(2) d, (1)

where o is the visible spectrum and m (x) is a scale factor
that models the Lambertian shading that contributes to the
overall light reflected at location x. Assuming that the
scene is illuminated by a single light source and that the
illuminant color e; depends on the color of the light source /
as well as the camera sensitivity function C; e; is given as

e = / 1) - Ci(2) do. 2)

All S, I and C are unknown, and estimating the illumi-
nant color from an image is an under-constrained problem
without assumptions. Assuming that the object color S; can
be expressed as

Si(x) = / S(x, 4) - Ci(4), (3)
the image value is

fi(x) = Si(x) e;. (4)

Knowing the object color §; in advance allows the
estimation of the illuminant color e¢; using Eq. (4).
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Color correction is often modeled using a linear trans-
formation, which can be simplified as a diagonal trans-
formation [10, 11, 13]. In this paper, we use the diagonal
transform or von Kries model [12], expressed as

ft = Du,tfuv (5)

where f = (fz, fo. f5)"» f. denotes the pixel values of an
image taken under an unknown light source, and f; denotes
the resultant pixel values of an image transformed under the
arbitrary light source. D ,, is a diagonal matrix that maps
colors obtained under an unknown light source to their cor-
responding colors obtained under the arbitrary illuminant z.
Using Eq. (4), the diagonal matrix D ,, is rewritten as

% 0O O
€R
e[
D”J = 0 eiuG 0 ) (6)
G y
0 O —1:
€p

where ¢! and e} are the illuminant colors of the unknown
and arbitrary light sources, respectively. Using this imag-
ing model, if we know the illuminant color e from an
image, it is easy for us to correct the color using Egs. (5),

(6).

2.2 Imaging model of the pigmentation separation
method

Section 2.1 presented the imaging model of the general
object. This section introduces the imaging model of
human skin used in the literature to separate pigmentation
from the human skin color [7-9].

Igarashi et al. assumed a schematic model of the human
skin as shown in Fig. 1 [16, 17]. The human skin has layers
that contain various pigments such as melanin, hemoglo-
bin, and bilirubin. Melanin and hemoglobin are mostly
contained in the epidermis and dermal layers, respectively.
Tsumura et al. [7-9] assumed that (i) spatial variations in
skin color are caused by spatial variations in the quantities

Air
Epidermis :
- Melanin
Dermis
Blood
(Hemoglobin)
Hypodermis

The surface of human skin The Schematic model

Fig. 1 Schematic model of human skin with layers

of the pigments melanin and hemoglobin and (ii) the pig-
ment quantities are mutually independent spatially. We
further assume that (iii) light reflected from human skin
follows the modified Lambert—Beer law [18] and (iv) the
spectral distribution of skin does not abruptly change in the
imaging system. The third and fourth assumptions ensure
linearity in the optical density domain [19]. The linearity
and assumptions (i) and (ii) allow us to calculate the image
values f; of human skin as

mm:k/aMwmw%wM@
—pa(@) u(D(A)} 1, 2) C(A) i,

where i = {R, G, B}, k is a constant determined from the
gain of the camera, ® is the visible spectrum, x is the
positional variable and A is the wavelength of the light.
Pm(X), pnx), o,,(A), and c,(N) are the pigment densities
and the spectral cross sections of melanin and hemoglobin.
1,,(\) and [,,(A) are the mean path lengths of photons in the
epidermis and dermis layers, respectively. I (x,A) and f; (x)
are the incident spectral radiance and reflected spectral
radiance, respectively, at the position x. C; (A) is the
camera sensitivity function. In addition, it is assumed that
the lighting environment is distant and that its spectrum
does not vary with direction. The illuminant color can be
written as I(x,A) = p(x) I(4), where p(x) encodes shape-

(7)

induced shading variation and I(4) is the position-inde-
pendent incident spectral radiance. Furthermore, approxi-
mating C; (A) by the delta function 6 (A-A;) [20] gives

fix) =k exp{—p,,(x) om (%)l (%)
= pu(x) on(Z)1n(4i)} p(x) 1(%). (8)

By taking the logarithm of Eq. (8), the image values of
human skin color are described as

FEE) = —pu@)on — p(®)an + PEEL R (9)

We exclude the term k from Eq. (8) because this term is
a constant. Where,

1% = [log(fr(x)), log(f(x)), log(fs(x))]"
Om = [0m(AR) n(AR), om(Ac) n(2G), am(lg)lm(),g)}T,
on = [oa(Zr) h(Zr), o1(2c) (i), on(Ag) ln(2p)]",
1=[1,1, 1],
¢t = [log(I(7x)), log(I(4c)),log(T(7s))]",
P (x) = log(p(x)) + log(k) -
(10)

Here, I is the light intensity vector. The skin color
vector f '°¢ can thus be represented by the weighted linear
combination of the three vectors ©,, G, and I with the
bias vector e'°%. Equation (9) is presented in Fig. 2. If the
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—log(fp)

—log(/)

The optical density domain

Fig. 2 Skin color model in the optical density domain

pure pigment color vectors G, and G, are known, a facial
color image can be separated into the component images of
melanin, hemoglobin and shading (as shown in Fig. 3) by
projecting the skin color vector f '°¢ to the three vectors G,,,
Gy, and 1 in the density domain. In previous studies [7-9],
the bias vector e'°® that represents the illuminant color was
ignored during the projection of a skin color.

3 Proposed approach
3.1 Extracting the bias vector

In Sect. 2.2, the skin color analysis [7-9] ignored the bias
vector when obtaining the components of melanin, hemo-
globin and shading from a facial image. To estimate the
illuminant color employing such skin color analysis, we
propose a method of calculating the bias vector from a
facial image. This section describes our method of

Fig. 3 Pigmentation separation
employing skin color analysis

(b) Melanin image
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extracting the bias vector and correcting the color of an
image containing a person as the main subject using the
extracted bias vector.

According to the analysis of human skin color, the indi-
vidual variation in facial skin color corresponds to the dif-
ference in the densities of melanin and hemoglobin; so that
the skin color can be plotted on a skin color plane composed
of pure pigment color vectors of melanin and hemoglobin in
the density domain. Figure 4 shows the distribution of skin
color on the skin color plane. There are differences in the
density of pigments between the two Japanese subjects in the
figure (where the left and right graphs, respectively, show the
pigment distributions for subjects 1 and 5 in Table 1). It is
seen that subject 1 has a larger variance than subject 5.
However, as shown by the red and orange lines in Fig. 4, the
minimum densities of melanin and hemoglobin are similar
for the two subjects. Therefore, in this paper, we assume that
the minimum densities of the two pigments are constant
within the same race under the same light source, and we use
these minimum values for the bias vector expressed in
Eq. (11). Figure 5 shows the steps of our algorithm used to
extract the bias vector from the skin color vector and pigment
color vector. On the bottom left graph, the pink dashed lines
are lines running parallel to the pigment’s color vector based
on the minimum vector of melanin and hemoglobin. The
shading component represents only the brightness level of an
image, and we thus exclude the shading density in calculat-
ing the bias vector. The bias vector is thus expressed as

—e'° = min{p,,(x)} ,, + min{p,(x)} oy (11)

The bias vectors extracted using our method from seven
Japanese facial images taken under the same light source
and for the same camera parameters have a few individual

(a) Input image

& Wy
L
‘9?& e

(c)Hemoglobin image

(d) Shading image
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Fig. 4 Pigment densities of 1.5 1.5
skin color vectors of subjects 1
and 5 in Table 1. Vertical and - -
horizontal axes, respectively, ‘&,’ 'F,;
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Fig. 5 Processing flow of the proposed method of extracting the bias vector

variations. In fact, the variance of the bias vectors in the
CIELAB space is 0.58 whereas the variance of the facial
color in the CIELAB space is 2.05. This result shows that
the bias vector is more uniform among Japanese people
than the mean facial color.

3.2 AWB algorithm using the bias vector
This section introduces the steps of our AWB algorithm

using the bias vector. The processing flow is shown in
Fig. 6. First, standard facial images are taken under a
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Subjects

Taken under
the standard
light source

Extracting some area
from facial image to
create the patch image

%.

Patch image -

Calculating the bias
veetor by our method

Tacial image

- I

Taken under
the arbitrary
light source

=

T

Calculating the standard bias vector by
getting the mean of the bias vectors

during subjects

Standard bias vector -,

3 Calculating the bias
. vector by our method
Input image Patch image
/
)
Observed bias vector -¢,
( R

Taken under
the standard
light source

Color correcting the input facial image as taken under the standard light
source by exchanging the bias vector from the observed to the standard.

Output image for AWB

Fig. 6 Processing flow of the proposed method of AWB for the facial image using the bias vector

standard light source, and using our method introduced in
Sect. 3.1, we calculate the bias vectors from patch images
extracted from standard facial images. By calculating the
mean vector among these bias vectors, we can decide the
standard bias vector e, that gives the standard illuminant
color. Next, from the input facial image taken under an
arbitrary light source, we extract the observed bias vector
e, that gives the arbitrary illuminant color. We then color
correct the input facial image as if the image were taken
under the standard light source by exchanging the bias

Bias vector — €
—log(/z)
Illuminant color changing

by changing the bias vector
of observed to standard

The optical density domain

Fig. 7 Color correcting by exchanging the bias vector of the facial
image
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from e, to e, in the density domain. Figure 7 shows the
color correction method that uses the bias vector and
replaces the observed bias with the standard bias.

4 Experiments
4.1 Experiment method

We used a digital camera (Nikon D5100, 2464 x 1632
pixels) and five light sources, namely a xenon light source
(6000 K), halogen light source (3100 K), and light-emit-
ting diode (LED) light source (5600 K) with white, orange,
and green filters. We obtained each facial image in a
darkroom with a single light source, where the distance
between the camera and subject was 90 cm. Each subject
was photographed with a Macbeth color checker positioned
close to his/her face. The camera parameters (F number,
shutter speed, and ISO speed) were the same for all sub-
jects under the same light source.

For the calculation of the standard bias, four Japanese
people were photographed under the standard light source.
In our experiments, the xenon light source was chosen as
the standard light source. Figure 8(a) shows a facial image
of four images trimmed to about 1200 x 800 pixels. A
patch image as shown in Fig. 8b, with 300 x 300 pixels is
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(a) Facial image (b) skin color image

Fig. 8 Example images of a a facial image and b patch image
extracted from the facial image, which are used in our experiment

extracted from the areas of the facial image as cheek,
forehead, chin and so on. The extracted areas are shown as
red squares in Fig. 8a. When employing this method, the
black area of the skin color image is masked. The skin
color vector of the facial pixel is projected to the pigment
color vector, and the minimum vector of pigment density is
calculated. We assumed that the pigment color vector is
similar for subjects of the same race, and we thus used
(0.3517, 0.4310, 0.8004) as the melanin vector and

Fig. 9 Facial images taken
under four light sources: a
halogen light source and LED
light source with white, orange
and green filters

(a) Halogen

(¢) LED with orange filter

(a) Halogen (b) LED with white filter

(¢) LED with orange filter (d) LED with green filter

Fig. 10 Patch images extracted from Fig. 9

(b) LED with white filter

(d) LED with green filter
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Fig. 11 Color-corrected facial
images obtained from Fig. 9
using our proposed method

(a) Halogen

(¢) LED with orange filter

(0.2981, 0.7631, 0.5034) as the hemoglobin vector for the
four subjects. These vectors are adequate for separating the
melanin and hemoglobin components in the case of Japa-
nese subjects. By adding the minimum vector of melanin
and hemoglobin, bias vectors were extracted from the skin
color images of the four subjects and the standard bias e;
was calculated as the mean of biases for the four subjects.

The four subjects were also photographed under the
other four light sources. Figure 9 shows examples of facial
images taken under the halogen light source and under the
LED light source with white, orange, and green filters.
Patch images were extracted as shown in Fig. 10, and the
observed bias e, of the facial image was extracted from
each patch image. Then, by exchanging the observed bias
vector with the standard bias vector, the facial color image
was corrected as if the image was taken under the xenon
light source.

4.2 Evaluation results
This section evaluates the effectiveness of our proposed
method. We photographed subjects next to a Macbeth color

checker. We cut off the area of the light skin from the color
checker in the taken images. We calculated the mean pixel
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(b) LED with white filter

(d) LED with green filter

value for the area of light skin and then evaluated the
differences in the mean pixel value between the xenon
image and color-corrected images. The image taken under
the xenon light source was the ground truth of the cor-
rection of each image using the AWB method.

In this paper, we evaluated the color shift from the
ground truth to the corrected image using Aa* and Ab* in
the CIELAB space. AL is not directly related to the illu-
minant color, and we thus excluded AL when comparing
the color differences. We express AE as the Euclidean
distance between the ground truth color and the corrected
color in the two chromatic dimensions a* and b*.

Figure 11 shows the facial images corrected employing
the proposed method. All images are clearly similar to the
image taken under the xenon light source shown in
Fig. 11a. Figure 12 shows the checker images extracted
from the input images (Fig. 11) and the corrected images
(Fig. 12). Figure 13 shows the color shift between the
checker images taken under the xenon light source and
those taken under the other four light sources. The red and
gray bins represent the hue differences obtained using the
proposed method and conventional method, respectively.
The conventional method uses the mean RGB value of the
Japanese facial color, considering that the Japanese face is
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Xenon Halogen White Orange Green
(a) Input images
Halogen White Orange Green

(b) Corrected images

Fig. 12 Light-skin patch of the Macbeth color checker extracted
from the input and the color-corrected images taken under five light
sources: the xenon light source, halogen light source, and LED light
source with white, orange and green filters (color figure online)

Hue-difference of “light-skin™ checker

Proposed method
Conventional method

8
6

*

o)

*

s 4 |
2 L | _ = —
0

Halogen White Orange Green

Fig. 13 Hue differences of the Macbeth color checker

the key object introduced in Sect. 2.1. The processing flow
of this method is as follows. In advance, the mean RGB
value of the Japanese facial color is calculated from facial
images of four subjects taken under the xenon light source.
In the color correction step, the input facial image is color
corrected by matching the facial RGB values in the image
taken under the xenon light source with facial RGB values
in the input image. The performance of this method is thus
affected by differences in individual skin color.

As shown in Fig. 13, considering all light sources, the
proposed method realizes better color correction than the
conventional method. The result shows that the perfor-
mance of the proposed auto white balance algorithm is not
affected by differences in individual skin color.

5 Conclusion
This paper presented an AWB algorithm using a pigmen-

tation separation method. The pigmentation separation
method separates the human skin color into the

components of melanin, hemoglobin and shading. We use
the skin color property that the vector of minimum melanin
and hemoglobin densities under the same light source is
uniform among individuals of the same race. The bias
vector calculated as the minimum vector of pigment
components thus represents the color of the light source.

We performed experiments for the color correction of
facial images and the evaluation of the effectiveness of
the proposed method. We photographed four Japanese
people under five light sources, and corrected the facial
images so that they matched images taken under a xenon
light source. The results of the experiments demonstrate
the superiority of the proposed method over conventional
color correction.

As shown in this paper, a white balance function can be
realized when the faces of Japanese people are pho-
tographed. The subjects in our experiments were Japanese
people. We expect that the proposed method can be
adapted to Southeast Asians having facial pigmentation
similar to that of Japanese people. However, Caucasians
and African Americans were not accounted for in the
present work. We will, therefore, endeavor to develop the
proposed color correction method for people of various
races as future work.
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