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Abstract

The conventional histogram intersection (HI) algo-
rithm computes the intersected section of the corre-
sponding color histograms in order to measure the
matching rate between two color images. Since this
algorithm is strictly based on the matching between
bins of identical colors, the final matching rate can be
easily affected by color variation caused by various
environment changes. In this paper, a Gaussian
weighted histogram intersection (GWHI) algorithm is
proposed to facilitate the histogram matching via tak-
ing into account matching of both identical and similar
colors. The weight is determined by the distance be-
tween two colors. The algorithm is applied to license
plate classification. Experimental results show that the
proposed algorithm produces a much lower intra-class
distance and a much higher inter-class distance than
previous HI algorithms for tested images which are
captured under various illumination conditions.

1. Introduction

Using color histogram as a stable representation
over change in view for object recognition was ex-
plored by Swain and Ballard [1][2]. They introduced
the color indexing technique to efficiently recognize
objects by matching their color histograms using his-
togram intersection (HI) method. This algorithm did
not address the issue of illumination variation.

Towards an illumination-insensitive histogram-
based image matching algorithm, many alternations
have been suggested. These methods can be divided
into two groups. The first group, instead of using color
directly, aims to generate histograms from other fea-
tures. This includes Funt et al.’s [3] ratio of color RGB
triples, and Nayar et al.’s [4] color reflection ratios.
Gevers et al. [5], Jia et al. [6], and Zhang et al. [7] fur-
ther developed the color ratio gradient to make it in-
sensitive to the geometry and position change of the
object, shadows, illuminations, and other imaging con-
ditions. The second group tries to improve the defini-

tion of histogram intersection. Wong et al. [8] pro-
posed a merged palette histogram matching (MPHM)
method. Using thee method, two perceptually similar
colors, rather than identical colors, are able to be inter-
sected.

The idea proposed in the paper belongs to the sec-
ond group. Note that, in the MPHM method, the
weight, which describes the contribution of a set of
similar colors used to matching the given color, is the
same. This, however, does not well reflect the match-
ing contributed by different colors. In this paper, a
Gaussian weighted histogram intersection (GWHI)
algorithm is proposed, where a weight function is used
to differentiate the contributions by different colors.

The proposed GWHI algorithm is applied to license
plate classification. During our research on automatic
license plate recognition [9], it is found that there are
different classes of license plates with quite different
features. Our aim is to differentiate license plates
which belong to different classes for the benefit of
further recognition. Due to variant environment under
which the license plate images were taken, there are
unavoidably big variations between license plates of
same classes in their color. A robust feature and
matching method is hence needed.

The remaining parts of the paper are organized as
follows. The conventional HI method is introduced in
Sect. 2. In Sect. 3, Gaussian weighted HI is illustrated
in details. In Sect. 4, the proposed algorithm is tested
and the results are compared with the conventional HI
and the MPHM. Conclusions are given in Sect. 5.

2. Conventional histogram intersection

Histogram-based image retrieval algorithms try to
measure the similarity in contents via their histograms
between a model image and any images in database,
i.e., target images, in order to properly classify or re-
trieve images. Histogram intersection (HI), proposed
by Swain and Ballard [1][2], is a straightforward
method to calculate the matching rate between two
histograms for this purpose.



2.1. Histogram intersection (HI)

Assuming the histograms of the model image and
target image are H,,and Hr respectively, and each con-
tains n bins, Swain and Ballard [2] defined the inter-
section HI of two histograms as:

HI =" min(h,, (i), () (1)

where both H), and Hr are normalized by the total
number of pixels in corresponding images.

It can be seen that the resultant fractional matching
value between 0 and 1 is actually the proportion of
pixels from the target image that have corresponding
pixels of the same color in the model image. A higher
matching rate indicates a higher similarity.

2.2. Problems with existing HI algorithms

The conventional HI algorithm has a limitation due
to the fact that it assumes identical color matching, i.e.,
only corresponding bins of identical colors can be
matched. In practice, however, the colors of real world
images can be distorted both in the scene itself and in
the image capturing process. Hence, images with same
visual information but with slight color variation may
degrade the similarity level significantly when the con-
ventional HI is used.

In Fig. 1, two small “yellow” images are taken as an
extreme example to illustrate this problem. The model
image is a uniform image where all pixels take the
color of (R ,G,B)=(230,215,50). Perceptually, a target
image, as shown in the figure, is expected to give a
good matching with this model image, even though
there are slight color variations. As a matter of fact,
however, the value for the corresponding bin of color
(230,215,50) in the target histogram is zero. Conse-
quently, a null matching will be returned with the con-
ventional HI method.

In order to overcome this problem, Wong et al. [8]
proposed a merged palette histogram matching
(MPHM) method. The essence of the method is to ex-
tend the intersection from bins of identical colors to
bins of similar colors. In their algorithm, as long as the
distance between two colors is less than a fixed thresh-
old, the intersection between the bins of these two col-
ors will be calculated. This algorithm has produced
more robust image retrieval results for images captured
under various illumination conditions. However, it
assumes an identical weight of the contribution be-
tween colors which have different similarities with the
given color. When applied to license plate image
matching, the algorithm exhibited to be very sensitive
to color variation. This is shown in Fig. 3(b), where the
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Fig. 1 An example of the problem with the
conventional HI algorithm.

matching rates of same class of plate images vary
greatly with the variation of colors.

In this paper, a Gaussian weight function is used to
differentiate the contribution between colors which
have different distance to the given color.

3. Gaussian weighted HI (GWHI)

Let us denote the distance between two colors
C,and C, as “él - 6‘2H , and the weight as w(”él -G, ”),

which is a function of the distance between two colors.
A generalized histogram intersection can be written as:

HI =" minlh, (€).h, (C)) WQ‘E‘, el ”) 2)
i=l =1
With this definition, the weight function in HI and
MPHM algorithm corresponds to:

dec)-l! K -clem

otherwise
where 7% is zero for the conventional HI algorithm and
a non-zero constant for the MPHM algorithm.
A Gaussian function is used to describe the rela-
tionship between the color distance and the contribu-
tion as:

e, ¢ |- {f (c. ; ¢,

where BW is the bandwidth of the weight function.

The Gaussian function f{x) in (4) is:
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In our practice, we take 99.9% energy to approxi-
mate the total energy in the infinite space and truncate
the tail of the Gaussian function. Note that for a Gaus-

sian function, when x" =3.30 , we have:

J' £(x)dx =99.9% J' “(x)dx (6)

So, the bandwidth of the Gaussian function in (4) is
setas BW=3.30 .

The parameter o in (5) can be selected empirically.
In order to compare the experimental results with the
MPHM algorithm, we set the following restrictions on
the selection of o :

(1) Sz =13
) ff(x)dx —2Th ; and

(3) Using 99.9%..‘0;’(x)dx to approximate J.O}(x)dx.

where Th is the threshold set in the MPHM method.
Condition (1) sets the contributions of identical colors
in two methods as the same. Condition (2) and (3)
makes sure the overall weights between two different
methods are approximately same.

It can be worked out from above restrictions that,
0 =0.8Th .and BW =2.64Th . The bandwidth in our
experiment is set as 7h=15, which is the same as that
used in [8]. Thus, =12 and BW =40 ..

The definition of color distance is measured by the
perceptual difference as:

e N T A e O R

where C, =(l,,u,,v,) and C, =(l,,u,,v,) are two

colors represented in CIEluv color space.

4. Experiments
4.1. Experiment setup

In this experiment, the GWHI algorithm is applied
to vehicle license plate images. Our aim is to find a
robust classification between different classes of li-
cense plate images. We say two license plate images
belong to the same class when they have similar fore-
ground and background colors, but they may have
quite different contents (characters), size and viewing
conditions. Two classes of license plates are frequently
used in NSW, Australia. Without loss of generality,
these two classes of vehicle license plate images are
tested, namely, plates with yellow background and
plates with white background.

We select a yellow license plate image as the model
image. Then, the color histogram of the model image,

in CIEluv color space, is computed and matched with
those of total 91 various license plate images (target
images), which belong to either same class or different
classes. The model image and some examples of yel-
low and white target images are shown in Fig. 2. It can
be seen that, due to various environment changes, im-
ages that belong to same class may have quite different
appearance.

(a) Model image
JT-GG5HINNNg S V0-66 7
BNS | v -95 ; UKZSEE

1E.828 NPP-T6]

(b) 9 examples of yellow target images

NS ASL oo HERISEE

(c) 6 examples of white target images

Fig. 2 The model image and some examples of
the yellow and white target images used in our
experiments. All images are of 120 x 40 size.

4.2. Experimental results and discussion

The matching rates between the yellow model im-
age and total 91 target images using the three HI algo-
rithms mentioned in Sect. 3 are plotted in Fig. 3.
Matching rates of yellow plates are painted in red dots
and white plates in blue dots (darker if viewed in
black-white picture).

As seen in Fig. 3(a) that, using the conventional HI,
it is impossible to separate two classes of license plate
images via their color histograms. Actually, even
though the matching rates of white plates are very low
(<£0.17%), the matching rates of the tested yellow
plates may also be very low. For instance, the match-
ing rate of the yellow plate #85 is only 0.21%.

Using the MPHM algorithm, this problem has been
improved a lot. As shown in Fig. 3(b), the distance
between the matching rates of two classes of plates has
increased greatly. However, though using MPHM can
separate two classes given that a proper threshold is
carefully selected, the matching rates of same class
license plates are still very sensitive to color variations.
As demonstrated, the data of yellow images still spread
in a wide range (from 31.65% to 99.73%).



Using the proposed GWHI algorithm, it can be seen
from Fig. 3(c) that, matching rates of both same class
and different classes of plates have increased. This is
due to the fact that a wider bandwidth has been used
than that in the MPHM algorithm. At the same time,
the matching rates of same class license plates are
much more stable compared to the results of using HI
and MPHM algorithm. There are 47 of 62 (75.8%)
yellow plates with a matching rate larger than 90% and
only 5 of 62 (8%) yellow plates with a matching rate
less than 80%. This is because we introduce a weight
function rather than simply adding up all intersections
contributed by different colors. Even though the
matching rates between the yellow model and white
target plates have increased at the same time, the dis-
tance between the matching rates of two classes is ex-
tended greatly.

5. Conclusions

In this paper, a new histogram intersection method,
Gaussian weighted histogram intersection (GWHI), is
proposed. A Gaussian function is used to weight the
contribution to the matching by colors which have dif-
ferent distance with the given color. Our aim is to dif-
ferentiate license plate images which belong to differ-
ent classes. Experimental results show that using the
proposed method, there are following benefits: (1) the
intra-class distance becomes much smaller; and (2) the
inter-class distance becomes much larger. In conclu-
sion, the matching of color histogram using our GWHI
method is less sensitive to color variation than previ-
ous HI methods.
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Fig. 3 Histogram matching results using three
HI algorithms.
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