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ABSTRACT

Color is a powerful attribute that is used to characterize objects for

tracking and other surveillance tasks. Since color is dependent on

ambient illumination and the imaging equipment, the reliability of

color features decreases as the object moves through regions ob-

served with different cameras and with different illumination condi-

tions. Typically, this issue is addressed using alternative color spaces

or highly simpliÞed color transformation. In this paper, we propose

a more methodical approach to achieving color consistency using

colorimetric principles. We model the image analysis system as an

observer and develop camera-speciÞc transformations so that images

of the same object appear similar to this observer. The transforma-

tions thus developed are approximated with 3D look-up tables for

fast operation. Experimental results show improved color consis-

tency even under two very different illumination conditions. The

results are evaluated both qualitatively and in terms of the effect on

a particle Þlter based object tracker.

Index Terms— surveillance, multi-camera, color consistency,

colorimetry

1. INTRODUCTION

Video surveillance is a popular tool used by law enforcement and se-

curity personnel. The deployment of multiple cameras is particularly

useful for remotely observing extended areas. These cameras may

have different characteristics and may be operating under dissimilar

illumination conditions. Thus, their outputs will exhibit consider-

able difference even when imaging the same object. While the white

balancing algorithm in many cameras tries to adjust the colors, its

function may be affected by the foreground object. This is an unde-

sirable situation for video analysis purposes.

Many image analysis tasks (such as tracking and identiÞcation)

utilize color features because they are more invariant to shape and

orientation changes. However, the variability across the outputs of

many cameras makes color a less reliable property when observing a

subject over an extended period of time and/or region in space. For

example, a parking facility may be interested in tracking a violating

vehicle even after it exits the parking area, but this task may be difÞ-

cult if the lighting coditions inside the parking area are signiÞcantly

different from the outside.

Some approaches construct more robust color features (his-

tograms and correlograms) in different color space, such as HSV
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and LUV. Brown obtained improved accuracies with RGB correl-

ograms in a color object retrival application [1]. Porikli proposed

an inter-camera calibration technique based on a correlation matrix

analysis [2]. Gilbert and Bowden describe an incremental learning

approach to determining the inter-camera transformation [3] for

every camera pair in a network. A conversion vector based method

was described by Choi et al. and shown to produce promising results

[4]. This appraoch is very suitable for real-time video applications

becuase of its simplicity.

In this paper, we propose a systematic approach to solving the

problem of color consistency using principles of colorimetry and

color management for imaging and display devices [5]. We identify

the effects of camera and illumination conditions in Section 2. We

then propose a model-based approach for matching a test device’s

output to that of a reference device in Section 3. In the same section,

we devise a faster look-up table based realization of the model-based

transformation. These methods are tested by color correcting several

objects under two imaging conditions and compared with the conver-

sion vector method [4]. These are provided in Section 4. We sum-

marize the work and propose some future extensions in Section 5.

2. COLOR CORRECTION

Consider a public site (such as an airport or a shopping mall) which

is surveilled with a network of k video cameras, possibly under k

different illumination conditions. In this work, we assume that each

illumination remains fairly constant over time. Thus, we can com-

bine a camera-illumination pair into a single entity which we denote

as an imaging unit (IU). Let the output of the k IUs at any time t be

represented by I0(t), I1(t), . . . , Ik−1(t). Note that each Ir(t) con-

sists of pixel-wise color co-ordinates for the scene. For all practical

purposes, we can safely assume that the color at a pixel is speciÞed

as an RGB value in the camera output. Further, we note that it is

unrealistic to assume that an object would be imaged at the same

time by all the IUs. Therefore, we drop the time index in subsequent

discussions.

It is natural to expect signiÞcant variation in the images (Ir) of

an object generated by the different imaging units. If the subject

entered the surveillance system from IU a and subsequently moved

into the Þeld of IU b, one would like to transform Ib such that the

colors resemble those in Ia. Thus, we would need an RGB-RGB

transform for every pair of imaging units in the system.

Our Þrst step to solving this problem is to prevent the quadratic

growth in the number of transforms needed (
(

k

2

)

for k IUs). We do

this by modeling the image analysis system as an “observer.” Note

that while the term observer is inspired by colorimetry, its interpre-

tation here is very different from the CIE standard observer [6]. Our
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Fig. 1. A schematic diagram of an imaging unit.

observer can be viewed as a standard camera operating under chosen

illumination conditions – in other words, an imaging unit as deÞned

above. Therefore, our goal is to match the output of every IU with

that of the reference IU. The problem now scales linearly with the

number of IUs. Without loss of generality we designate I0 as the

output from the reference IU.

Since the effects of illumination are abstracted into the IUs, the

only invariant property of a subject would be its surface reßectance.

However, to make the discussion more intuitive, we refer to this as

“shade.” Shade is the identiÞer that a human would associate with

an object with such surface reßectance and viewed under typical il-

lumination. Thus, we require that subjects with the same shade pro-

duce similar RGB values in all IUs. The actual relation between the

shade and the observed tri-stimuli (under given illumination) is dif-

Þcult to establish and requires extensive radiometric measurements.

Instead, we make this key assumption that the two quantities are re-

lated through the illumination white point. The resultant tri-stimuli

in CIE XYZ would be the input to the camera which itself can be

modeled with gray balancing and a linear transformation [7]. The

complete model of an IU is illustrated in Figure 1.

2.1. Tracking with color features

Particle Þlter is popularly used for object tracking because it has

been shown to be very successful for non-linear and non-Gaussian

dynamic state estimation problems and is very reliable in cases like

clutter and occlusions [8]. Each hypothesized state is referred to as

a particle and a weighted sum of all particles gives the Þnal estimate

of the state. An observation likelihood model assigns each particle

a weight according to how this particle resembles the target object.

This model or rule is determined quantitatively by measuring the

dissimilarity between the feature (in our case, color is used) distri-

butions of the target q and the particle p. We use the Bhattacharyya

distance as the metric of distance which is given by:

d[p, q] =

√

√

√

√1 −
m
∑

u=1

√
puqu, (1)

where u is the bin index of the color distributions. The particle

weights are approximated using a Gaussian distribution of the Bhat-

tacharyya distances. Similar distributions result in smaller d[p, q].
Color distributions have been widely used for tracking problems

[9] because they are robust to partial occlusion, and are rotation and

scale invariant. The color distribution is expressed by an m-bin his-

togram, whose components are normalized so that the sum of all

bins equals one. For a region A in an image, given a set of n pix-

els in A denoted by B = {xi, i = 1, 2, . . . , n} ∈ A, the m-bin

color histogram T (A) = {hj , j = 1, 2, . . . ,m} can be obtained by

assigning each pixel, xi to a bin, by the following equation:

hj =
1

n

∑

xi∈B

δj [b(xi)], (2)

Fig. 2. A block diagram of the device to device transformation

CCMX (Φ).

where b(xi) is the bin index in which the color component at xi falls

and δ is the Kronecker delta function.

3. DETAILED FORMULATION

An advantage of selecting a reference is that the discussion and mod-

eling can be build for two camera systems (k = 2) and extended to

multi-camera systems without any changes. In this section, we Þrst

describe a model-based method to match the output of a test imag-

ing unit (I1) with that of a reference IU (I0), and then approximate

this transformation using 3D look-up tables (LUT). This two-step

approach to solving a color correction problem was also proposed

by Srivastava et al. for color management of display devices [10].

3.1. Model-Based Transformation

Let ℑ represent the commonly used RGB color space. This is dis-

tinct from the linear RGB representation, where the values are pro-

portional to the photon count. The latter are explicitely marked with

a superscript (for example, Rlin
2 ). We require a function Φ : ℑ → ℑ

such that Φ(I1) = I0, for the same shade. If the camera model

is represented by S, then Figure 2 illustrates the construction of Φ.

This method is denoted by CCMX (Camera to Camera Model-Based

Transformation) in this paper. The white correction step consists of

a technique to account for the different illumination conditions.

We choose a camera model which consists of gray balancing and

a linear transform. Thus, a camera model S transforms a stimulus

(X,Y, Z)T to (R,G,B)T as follows:





Rlin
n

Glin
n

Blin
n



 =



 M3×3









X

Y

Z



 . (3)

Here (R,G,B)linn signify the normalized linear values and M is a

linear transform. Absolute linear values can be obtained by scaling

with the absolute linear values of the device white. This can also be

represented using the inverse but more intuitive normalization oper-

ation,

R
lin
n =

Rlin
abs

Rlin w
abs

; Glin
n =

Glin
abs

Glin w
abs

;Blin
n =

Blin
abs

Blin w
abs

, (4)

where (R,G,B)linabs represent the absolute linear values which are

proportional to the photon count at the camera sensor. Finally, the

device RGB output is obtained by gamma correction or gray balanc-

ing [11]. This can be represented by a 3D function

f : ℜ3 → {0, 1, . . . , 255}3. (5)

In our modeling, we use a gain-gamma-offset model [12] for the

function f , and obtain the transformation matrix M by linear re-

gression. The parameters of the models are computed by measuring

the RGB and CIE XYZ values for a small number of printed patches.
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Fig. 3. A printed sheet of colored patches used to construct the cam-

era models.

We used only 24 colored patches (shown in Figure 3) and measured

the XYZ values with a spectroradiometer PR-705.

While many white point compensation techniques have been

proposed in the literature [13], we use a simple rescaling based ap-

proach because it is easy to apply in real situations with very little

information about the illumination available. Let the reference il-

lumination white point be (X,Y, Z)0w and the test white point be

(X,Y, Z)1w. Then to transform an object’s tristimulus (X ′, Y ′, Z′)
to the reference conditions, we obtain





X

Y

Z



 =









X0

w

X1
w

0 0

0
Y 0

w

Y 1
w

0

0 0
Z0

w

Z1
w













X ′

Y ′

Z′



 . (6)

3.2. 3D Look-Up Table

Our goal is to efÞciently color correct the output I1. It has been

shown that look-up tables (LUT) can be used to achieve complex

transformations [14]. LUTs are suitable for hardware implementa-

tions and allow elaborate modeling of the system they approximate.

This is because we can improve the function Φ at the cost of added

complexity. But the use of LUTs makes this additional complexity

inconsequential.

Let the table look-up operation be represented by a function £ :
ℑ → ℑ. If the function Φ has a domain D and range S, then we

evaluate Φ at certain points given by D1 ⊂ D. In our application,

we require a 3D LUT whose output is also a 3-tuple. Consider a

LUT of size nR × nG × nB , then

D1 = {r0, r1, . . . , rnR−1
} × {g0, g1, . . . , gnG−1

} (7)

× {b0, b1, . . . , bnB−1
}, (8)

where × represents a Cartesian product. The output of the LUT is

given by

£([r, g, b]) =

{

Φ([r, g, b]), ∀[r, g, b] ∈ D1,

H([r, g, b]), otherwise.
(9)

Here H represents interpolation which is used to estimate the value

of Φ using the known values at the neighboring points in D1.

4. EXPERIMENTAL RESULTS

The methods developed above were tested for a system with two

imaging units. We used a single video camera (Sony DCR-TRV33)

to image objects under two different illumination conditions. The

controlled illumination was achieved using a Gretag MacBeth light

booth and the two illuminants (Daylight and Horizon) were selected

to approximately resemble the outside and inside lighting of a typical

parking garage. Note that we directly use the native RGB output of

the cameras and do not require availability of special formats (such

as RAW).

Table 1. Mean errors (∆) between the reference image and the cor-

rected images.

Test\Method None Offset LUT CCMX

Golf 22.86 23.65 16.58 10.46

DVD 27.57 27.72 19.47 15.54

Phone 37.05 20.01 18.02 10.17

Patch 15.00 25.83 9.67 5.01

Fig. 4. An illustration of the target region used to compute the color

histogram.

Since our objective is to make the corrected colors (R̃, g̃, B̃)

closer to the reference colors (R,G,B) in the RGB space, we use

a Euclidean metric of distance given by:

∆ = ‖(R̃, g̃, B̃) − (R,G,B)‖. (10)

Table 1 shows the mean error (∆) values for different objects and

corrected using the proposed techniques. We also corrected the col-

ors using a constant offset in every channel as proposed by Choi [4].

In order to test the effect on color tracking, we estimate the im-

provement in the observation likelihood model due to color correc-

tion. Recall that the suitability of a particle is measured using the

Bhattacharyya distance. Thus, we compute the Bhattacharyya dis-

tance of the object under the reference and the test conditions with

different correction methods. The color features are extracted only

in a small elliptical region around the object as shown in Figure 4.

The distances for different test obejcts are presented in Table 2. As

stated in Section 2.1 a lower distance would result in the particle

being assigned a higher weight. In these experiments, the particle

actually contains the target. Therefore, a higher weight (and lower

distance) implies improved performance of the tracker.

There are three important observations in these results. It is evi-

dent that the color features become more robust after correction with

our proposed methods. Secondly, the offset method [4] can some-

times result in more error than the uncorrected image. Finally, none

Table 2. Bhattacharyya distances of the candidate object in the ref-

erence and corrected images.

Test\Method None Offset LUT CCMX

Golf 0.81 0.67 0.35 0.19

DVD 0.56 0.82 0.29 0.22

Phone 0.58 0.86 0.39 0.32

Patch 1.00 1.00 1.00 1.00
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Fig. 5. Qualitative results using different color correction techniques. The columns represent (from left to right) (i) the test image, (ii) output

of the offset method, (iii) output of the 3D LUT method, (iv) output of the CCMX method, and (v) the reference image.

of the methods appear to work when correcting a constant color

patch with our chosen feature (8 × 8 × 8 histogram). This is not

entirely unexpected because of the high granularity of our histogram

bins. The corrected color may fall into a different bin even when its

Euclidean distance from the reference is only 5 units. Since the his-

togram in this case will be an impulse function, the Bhattacharyya

coefÞcient would be zero. Such degeneracy can be avoided by “soft”

assignment to histogram bins but this has not been used in this paper.

The resultant images for two of the test cases are shown in Fig-

ure 5. Due to the nature of the results, these Þgures are better viewed

in color. From these results we can conclude that the proposed meth-

ods offer improved color correction in both quantitative and quali-

tative tests. The LUT-based method slightly increases the error as

compared to the CCMX method but is considerably more accurate

than the offset method.

5. CONCLUSIONS

In this paper, we described the problem of inconsistent color features

when a subject is tracked (or otherwise observed) through different

cameras and illumination conditions. We isolated the effects of illu-

mination and camera characteristics so as to establish a mapping be-

tween the object’s “shade” and the camera’s RGB output. We used

the basic camera models to devise a method for matching a given

camera’s output under certain level of illumination to a reference

camera’s output under reference illumination. We proposed realiz-

ing this method using a fast table look-up operation. Our proposed

methods were compared with a popular color correction technique

and shown to produce better results. This work can be extended by

using more elaborate white point compensation techniques and non-

linear camera models. Also, this method can be tested by tracking

objects in real multi-camera systems.
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