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DYNAMIC COLOR RESTORATION METHOD IN REAL TIME
IMAGE SYSTEM EQUIPPED WITH DIGITAL IMAGE SENSORS

Li-Cheng Chiu* and Chiou-Shann Fuh

ABSTRACT

When digital image sensors are used to capture images or videos, captured col-
ors will have obvious differences from the colors observed by human vision. This
phenomenon results from the distinctions of response curves between digital image
sensors and human vision so color restoration is an essential step when images are
captured by digital image sensors. In real time image systems, such as digital still
cameras or video camcorders, accurate color restoration is an arduous task because of
highly changeable environmental illumination. This paper introduces a color restora-
tion method to dynamically reproduce image colors. Our proposed method employs a
two-step restoration procedure. White balance of captured imagesis the first step and
is followed by image color correction in the second step. Our method is capable of
accurate color restoration through empirical analysis and performs very fast due to
low computation complexity.

Key Words: digital image sensor, color restoration, illumination, two-step restoration

procedure.

[.INTRODUCTION

The color of an object is observed through the
combination of image sensor sensitivity and object
surface reflectance under various illuminations. Dis-
tinct sensor sensitivities will represent different im-
age colors even under the same illumination. Itisa
great challenge to compensate for the differences of
inconsistent responses between image sensors and
human vision. Gray world assumptions (Forsyth, 1990;
Funt et al., 1996; Finlayson et al., 1995; Barnard et
al., 2002) and perfect reflector assumptions (Forsyth,
1990; Funt et al., 1996; Finlayson et al., 1995; Barnard
et al., 2002) recover image colors by a diagonal matrix.
This diagonal matrix can correct the unbalanced sen-
sitivity for each channel of digital image sensors but
it is not sufficient to restore the true color in real
scenarios. Color Calibration (Chang and Reid, 1996;
Vrhel and Trussel, 1999) corrects color discrepancies
between standard color targets and devices. Least
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square approximation (LSA) (Wolf, 2003) uses a re-
cursive algorithm to acquire an approximation solu-
tion and usually obtains satisfactory restoration results.
They are hardly implemented in real time image sys-
tems because both methods need a standard color target
in various scenarios. Prior information method (Hu
et al., 2001) and neural network (Yin and Cooperstock,
2004) detect the color cast under different illumina-
tions but they are limited because they rely on a great
deal of prior information.

This paper introduces a fast and dynamic color
restoration for real time image systems with digital
image sensors. Our method recovers the unbalanced
sensitivity for each color channel first and image color
is further adjusted through dynamic color correction
matrix estimation. This paper is organized as follows.
The problem formulation of color restoration is de-
scribed in Section IlI. Our proposed method is dis-
cussed in Section I11. The experiments in Section 1V
show the results of our method and are followed by
conclusions in Section V.

Il. PROBLEM FORMULATION AND
PREVIOUS RELATED WORKS

Many papers (Horn, 1984; Wondell, 1987;
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Viggiano, 2001; Zhang; 2004) have explored the color
relationship between digital image sensors and hu-
man vision. Here we give a brief review and define
the notations as follows.

When an object with surface reflectance R is
lighted up under illumination I, the sensor response
P about this object can be described as

P= [ 1ZRAS(A)eZ P=(r g bk (D)

where Sisimage sensor sensitivity function and wave-
length A should be integrated over visible spectrum
w. Assume that sensor sensitivity Sis a Dirac delta
function and therefore Eq. (1) can be rewritten to

Pi = 1(A)R(A) i ={r,g, b}. 2

Eq. (2) describes that the sensor response only corre-
lates with environment illumination and object surface
reflectance under narrow-band sensor sensitivity
assumptions. It is obvious that each RGB channel of
sensor response can be transformed into an identical
amount through one diagonal matrix transformation

by

[(AgR(4y) 0 0
I(AgR(Ag) | | T(AIR(A,)
(AR | = 0 0
b. b.
[(A)R(4,)
x| (AR | - (3)
(Ap)R(Ap)

The determination of diagonal matrix is called white
balance for environmental illumination. Gray world
and perfect reflector assumptions are both well-known
white balance algorithms to obtain the diagonal ma-
trix under various illuminations. To simplify the
notation, Eq. (3) can be described as

Ci:DPi i:{r,g, b}! (4)
where C represents the sensor response after white bal-
ance and D denotes the diagonal matrix. Unfortunately
the sensor sensitivity function is not the narrow-band
Dirac deltafunction and usually covers broad-band wave-
lengths of light. So the sensor response after white
balance will still have color discrepancies from human
vision even when the diagonal matrix is accurately
obtained. Fortunately some studies (Worthey and Brill,
1984; Finlayson et al., 1994; Finlayson and Funt, 1996)
showed that the sensor response after white balance
can have a good approximation with human vision

through a 3 x 3 matrix correction. The relation be-
tween human vision response X and white balanced
sensor response C is given by

X =MC; i={r, g b}, (5)
where M is a 3 x 3 color correction matrix. From
Egs. (4) and (5), the image color can be restored well
when the diagonal and color correction matrixes are
both obtained correctly.

Some studies (Chang and Reid, 1996) skip the
diagonal matrix calculation and directly compute the
compound matrix T as

T =MD. (6)

In a static image system, the least square approxima-
tion (LSA) (Wolf, 2003) usually has a satisfactory
result for compound matrix calculation. LSA mainly
obtains an optimal transformation matrix A with a
minimum error between original vector V and target
vector O. The approximation can be defined as

0z0=Av, (7

where O is the result of original vector V multiplied
by the optimal transformation matrix A. For a3 x 3
color correction matrix and three-channel sensor
response, Eq. (7) will have nine linear equations. If
over nine independent samples are used, the sets of
Eq. (7) will be over-determined and the solution of
LSA can be given by

0= AV =>VTO = AVVT
=> (VIV)"VT0 = (VTV)tAVVT
=> A = (VTV)"VT0. (8)

In a dynamic image system, a standard color tar-
get is usually unavailable. Therefore our proposed
method adopts a two-step method to restore image
colors. The details of our method will be described
in the following section.

I11. OUR PROPOSED METHOD

For areal time image system, color rendition
of image sensor depends on environmental illumina-
tion and sensor sensitivity functions. To precisely
restore image colors, our proposed method will de-
tect color temperatures of light sources and correct
image colors close to human vision based on detected
environmental color temperature. The algorithm flow
isdemonstrated in Fig. 1. At first, acalibration model
is constructed under specific light sources. This cali-
bration model is used to recognize the color temperatures
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White balance Color correction

Calibration
model

. ‘White balance Color correction .
Raw image — . . . I Corrected image
adjustment matrix adjustment

!

Environment color
temperature detection

Fig. 1 The scheme of our proposed color restoration method. The
first step is white balance adjustment and the second step
is color correction

of environmental illumination and balance the sensi-
tivity discrepancies of RGB channels. In the second
step, image colors are corrected through the relation-
ship between detected environment color temperature
and calibration model. Our method does not rely on
standard color targets. It will reduce computation com-
plexity and perform excellent color restoration.

1. White Balancse Algorithm

Image white balance aims at an accurate diago-
nal matrix acquisition in Eq. (4). Under various
illuminations, RGB values of white colors are always
consistent so white color is usually regarded as an
indexed color for white balance adjustment. Our pro-
posed white balance model is employed in the G/R-
G/B color space. When white points are captured by
an image sensor under various light sources, the lo-
cations of these white points in G/R-G/B coordinate
can be represented in Fig. 2. These white-point loca-
tions in G/R-G/B coordinate are concentrated into a
band, named the white-point color temperature band.
This band is characteristic of a digital image sensor.
The G/R-G/B coordinate depicts color temperature
behavior of light sources. When color temperature
of light sourceis higher, the blue component is stronger
and the red component is weaker. On the contrary,
when the color temperature of light source is lower,
the blue component is weaker and the red component
isstronger. Aside from color temperature coordinates,
pixel luminance is an important factor in the G/R-G/
B coordinates. Image sensor current noise is a zero-
mean vibration and will be added into RGB channels
when the raw image is output. Therefore, when pixel
luminance is higher, noise effect is lower; when pixel
luminance is lower, noise effect is relatively higher.
It is concluded that white-points in a scene will be
located in a band in the luminance-G/R-G/B three-
dimensional color temperature coordinate.

The calibration model of our white balanceisto
capture awhite chart by image sensor under five spe-
cific light sources. In our experiments, these five light
sources are often used color temperatures, 7500K,

G/R
3 -
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Fig. 2 White point allocations in G/R-G/B coordinate

0 ; ! G/B
0 1 2 3

Fig. 3 A white chart under five specific light sources in G/R-G/
B coordinates

6500K, 5000K, 4100K, and 3100K. The five loca-
tionsin G/R-G/B coordinates are demonstrated in Fig.
3 and the five-point curveis called a white point color
temperature curve (WPCTC). Let the five color tem-
perature coordinates be (X1, Y1), (X2, ¥2), =, (Xi, Vi),
-+, (Xs, ¥5) and define color temperature distance
(CTD) and minimum color temperature distance
(MCTD) of an arbitrary pixel (X, Yo) as

_ Mo =x) = (Yo=¥)|

CTD(XO' yO! I) \/m
i=1, . 4, (9)
MCTD(Xo’ Yo)

(Xo—X)*+(o—YD? if X<X, & o>V,

(%=X + (Yo—Ys)® if Xg>X5 & Yo<¥s5 '’
Minmum(CTD(i)) otherwise

(10)
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where m; represents the slope between coordinates (x;,
yi) and (X; + 1, Yi + 1)- Functions CTD(Xg, Yo, i) and
MCTD(xo, Yo) denote the four projection distances and
shortest projection distance from an arbitrary pixel
to each line of WPCTC. When the MCTD is calcul ated,
the white-point detection mechanism can be expressed
as

White Point

Yes if MCTD < distance threshold &

:\ L > luminance threshold . (11)

No otherwise

It shows that an image pixel is regarded as a white-
point when pixel luminance (L) exceeds the lumi-
nance threshold and MCTD is under the distance
threshold. Experiments show satisfactory resultsin
most scenarios and sensors when the luminance and
distance thresholds, 70 and 0.25, are used.

Our white balance method can be divided into
three parts: white-point color temperature curve
construction, white-point detection mechanism, and
white balance adjustment. The detailed flow of our
white balance is demonstrated in Fig. 4. First of all,
G/R-G/B coordinates of the white chart under five
light sources are calibrated for an image sensor and
the WPCTC of this sensor is composed of these five
G/R-G/B coordinates. WPCTC is the characteristic
curve of a sensor and will not be reconstructed after
the first calibration. The second step is the white-
point detection mechanism. An image pixel is
regarded as a white-point when it passes the exami-
nation of Eq. (11); then, corresponding pixel values
of RGB channels are accumulated separately. If a
pixel fails the examination, do nothing and the next
image pixel enters the mechanism. The examination
is repeated until all image pixels pass through the
white point detection mechanism. The accumulated
RGB pixel values of qualified white pointsin an im-
age can be represented as

m m m
Re= X Ry, Go= %, Gy, and B,= 3 B;. (12)

Accumulated RGB pixel values are denoted as R,, G,
and B,; qualified white points in an image are repre-
sented as Ry, Gy, and By, mis the number of qualified
white points. In the last step, the compensation di-
agonal matrix is obtained by

GJ/R, 0 O
p=| 0 1 o0 |. (13)
0 0GB,

2. Color Correction Algorithm

After white balance adjustment, the diagonal

WPCTC construction

Calculate MCTD and record
luminance (L) of current pixel

Next pixel

White-Point examination:
If MCTD < distance threshold &
L > luminance threshold ?

Next pixel

Accumulate RGB values of qualified
white-points:
R,+=R,.G+=G,B,+=B,

If all pixels are
examined completely ?

White balance adjustment:
Applied compensation diagonal matrix D
to each channel

Fig. 4 The scheme of our proposed white balance algorithm

matrix D is calculated. The next step is to obtain the
color correction matrix M for further color restoration.
From Egs. (2), (4) and (5), we know that the diagonal
and color correction matrixes will alter with the illu-
mination on an object. This implies that the color
correction matrix will change with the diagonal matrix.
Let the five color correction matrixes M4, M, ---, Mg
be the approximation solution of Eq. (5) under five
specific illuminations in the WPCTC construction.
These five matrixes can be easily calculated through
least square approximation. Let white balance ratios,
(Ga/Ra, G4/B,), be the color temperature coordinates
of current environmental illumination. We can ac-
quire an arbitrary color correction matrix under vari-
ous illuminations by

M = aM; + (1 — )M, 1, (14)

where j and j + 1 denote two consecutive nodes in
WPCTC which are close to the environmental color
temperature coordinate, (G,/R,, Ga/By), and o repre-
sents the distance weight between the environmental
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color temperature coordinate and these two coordinates.
The distance weight is defined as

CTD;.,

e 15
CTD, +CTD,., (15)

Egs. (14) and (15) show that color temperature coor-
dinates of different light sources are spatially closer
and corresponding color correction matrixes will be
guantitatively more similar.

In a real time image system, the frequently
changing environmental illumination always makes
color restoration difficult. In our proposed method,
color correction matrix is obtained through the color
temperature distance between environmental illumi-
nation and calibrated color temperature coordinates.
Although there is no standard color target for color
correction matrix calculation, the acquired matrix
from Egs. (14) and (15) will be very close to the ap-
proximation result by LSA. Experimentsin the fol-
lowing section will demonstrate the color behavior
between LSA and our method.

V. EXPERIMETNTAL RESULTS
1. Algorithm Simulation

To evaluate our method, we prepare unprocessed
raw images from digital still cameras under various
illuminations. Unprocessed raw images can be used
to compare various color restoration algorithms. Be-
cause LSA is considered as an accurate method in
static color reproduction, here we compare LSA with
our method with the same raw images. The root mean
squared errors (RMSE) in Eq. (16) between restored
images and standard color chart, GretagMacbeth
ColorChecker, are used for quantitative evaluation.

RMSE=\/ {(R —R)*+ (G, ~G)+(B,~BJ7] .
(16)

where N is the total number of pixels. The restored
image in RGB color space is described as (R, G,, B,)
and standard color chart in RGB color space is de-
scribed as (Rs, G, Bs). Fig. 5 demonstrates RM SE
between standard col or target and restored images using
LSA and our method. Besides restored images, the
RM SE between standard color target and raw images
are also shown in thisfigure. The RMSE datain Fig.
5 represent accumulated errors from number 13 to 19
blocks of GretagMacbeth ColorChecker under vari-
ousilluminations. LSA restores image colors by |east
squared approximation between each raw image and
standard color in GretagM acbeth ColorChecker. So
it performs excellent color restoration. Based on the
same raw images, our method employs the familiar

RMSE

100
90 | —e—Our method

--a-- LSA

80 — & —Raw image

12 3 4 5 6 7 8 9 10 Iy

Fig. 5 RMSE sums of number 13 to 19 blocks in ColorChecker

LSA performance with the two-step restoration
procedure. Fig. 6 demonstrates one set of these com-
pared images. The unprocessed raw image is displayed
in Fig. 6(a). It is clear that image colors are very
greenish in the raw image because the green channel
in the digital image sensor usually has a broader range
and a higher sensitivity in the three RGB channels.
Fig. 6(b) shows the raw image after our white balance.
Our method will detect environmental illumination
and adjust the diagonal matrix based on environmen-
tal information. The unbalanced colors in the raw
image have been recovered but image colors are not
restored accurately yet. Fig. 6(c) shows the final re-
sult of our method. The color correction matrix is
determined, dynamically, based on the relation be-
tween current and reference calibrated illuminations.
Therefore image colors are restored excellently and
are similar to the restored colors produced by LSA in
Fig. 6(d). Besides, although colors from sensors are
device-dependent, the transformed colors are compared
in the device-independent SRGB color space.

2. Practical Implementation

To further observe real scenarios using our
method, we implemented our method in a prototype
camera. This prototype camera has the full functions
and capabilities of digital cameras, including a six
mega pixel image sensor, image signal processing,
optical zoom lens, and so on. It can output uncor-
rected raw images, intermediate images after white
balance, and final restored results. Figs. 7, 8, and 9
demonstrate some scenarios captured by our proto-
type camera. Figs. 7(a), 8(a), and 9(a) show unproc-
essed raw images. These raw images are all greenish
due to the higher sensitivity of the green channel. Figs.
7(b), 8(b), and 9(b) display the intermediate images
after our white balance. Image colors are balanced
by diagonal matrix compensations. Because red, green,
and blue channels of digital image sensors are not
impulse functions, restored image colors using only
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Fig. 6 (a) Unprocessed raw image from digital image sensor. (b) image is recovered after white balance by our method. (c) imageis
restored after color correction by our method. (d) image is restored by LSA

(a) (®) ©

Fig. 8 (a) Raw image, (b) intermediate image after our white balance and (c) final result
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(a)

Fig. 9 (a) Raw image, (b) intermediate image after our white balance and (c) final result

diagonal matrix compensations have discrepancies
from true colors. Figs. 7(c), 8(c), and 9(c) show the
final results of our method. Restored colors are very
similar to true colors because color correction ma-
trixes are obtained based on the information concerning
current and reference calibrated color temperatures.

V. CONCLUSIONS

This paper introduces a dynamic color restora-
tion method for real time image systems with digital
image sensors. Our method restores image colors by
a two-step procedure and it can dynamically detect
highly changeable environmental color temperatures.
The first step is white balance recovery and color
correction is the second step. Our white balance lo-
cates the environmental color temperature and com-
pensates for the unbalanced colors based on detected
environmental information. The color correction step
will refer to the detected environmental color tem-
perature and obtain a corresponding color correction
matrix. Image colors are accurately restored by our
method according both to objective and subjective
experimental results.
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NOMENCLATURE

A optimal transformation matrix

Ba accumulated pixel value of blue
channel

By pixel value of blue channel of quali-
fied white point

B, pixel value of blue channel of re-
stored image

Bs pixel value of blue channel of stan-

dard color chart
C densor response after white balance

CTD(Xo, Yo, 1)

jandj+ 1
M
MCTD(Xo, Yo)

m
m;

o0 z2

MSE

a

A 00T

Xa4<w»m

color temperature distance of an ar-
bitrary pixel (Xo, Yo)

diagonal matrix

accumulated pixel value of green
channel

pixel value of green channel of quali-
fied white point

pixel value of green channel of re-
stored image

pixel value of green channel of stan-
dard color chart

illumination

two consecutive nodes in WPCTC
color correction matrix

minimum color temperature distance
of an arbitrary pixel (Xo, Yo)

number of qualified white points
slope between coordinates (x;, y;) and
(Xi + 1 Yi+ 1)

total number of pixels

target vector

result of target vector multiplied by
the optimal transformation matrix
Sensor response

surface reflectance

root mean squared errors
accumulated pixel value of red chan-
nel

pixel value of red channel of quali-
fied white point

pixel value of red channel of restored
image

pixel value of red channel of stan-
dard color chart

Sensor sensitivity

original vector

compound matrix

human vision response

Greek Symbols

o
A

distance weight
wavelength
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