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Abstract

A momeni-based method for histogram matching is
proposed in this paper to estimate the quasi-linear illu-
mination change between two images which are com-
posed of affine-transformed objects. For simplicitly,
the illumination change s modeled as a linear model
with two unknown parameters to be estimated. Since
histogram is invariant to object’s translation, rotation,
and scaling simultaneously, it can be utilized to esti-
mate the illumination relation between two images.
By means of moment normalization, the moments of
the two histograms can be normalized, by which the
desired parameters can be estimated via the procedure
of normalization. It has been shown that the proposed
method can yield satisfactory estimations for an ade-
quate range of image illumination change.
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1. Introduction

A new histogram matching method is proposed in this
paper. By using this method, the histogram of an in-
put image can match that of another image (e.g., a
reference or desired image) for the purpose of image
restoration or enhancement. Murase [1] proposed a
novel approach to the illumination planning for ro-
bust object recognition. It has been shown that the
illumination planner can enhance the performance of
an object recognition system. However, the recog-
nition system will fail if the illumination changes.
Bidasaria proposed the histogram matching method
[2] to acquire an almost exact histogram matching.
Zhang {3] proposed a method to improve the accu-
racy of the conventional direct histogram specification
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method for image enhancement. However, the dy-
namic range of the desired histogram must be smaller
than that of the original histogram. In addition to
the application of the histogram matching, e.g., en-
hancement or restoration, our proposed method can
also be employed to find the gray level mapping of the
input image to the desired image where some useful
gray level intervals have been designated to evaluate
the centroids of thresholded regions as feature points
[4].

The least squares method is the most popular
and simple way to estimate parameters without any
probability distribution known e priori. Let g(z),
z =1,--+,N?% be the function to describe the gray
level of an image (dimension N x N) and ¢’ be the
gray level function of the image whose brightness has
changed. It is assumed that the gray level modifica-
tion can be modeled as

g’(.r):ag(m)+/3,r:1,--~,N2 ('1)
where o and /3 are the parameters to be estimated.
Eq. (1) can be expressed as matrix multiplication.

MB (3)

Il

Via the evaluation of the least squares estimation
of @ and 3, the parameter matrix M can be easily
derived as

M = ABT(BBT)™L. (4)
The above equation can lead to a very accurate esti-
mation. However, this estimation is merely suitable
for those images without any scaling, rotation, and
translation (SRT). If affine transform relation exists
between two images, there is no longer pairwise cor-
respondence between counterparts of ¢'(z) and g(z),
t.e., BEq. (1) becomes invalid.



In order to acquire the histogram matching param-
eters o and 3, we propose a novel approach by means
of the moment normalization method [5] whose goal
is to generalize the derivations of all of the existent
types of moment invariants. By using the four steps of
normalization, specific moment invariants can be de-
rived constructively; besides, each step is independent
of the moment invariants. The main advantage of this
method is that it can yield the so-called “standard po-
sition” of an object from which any extracted features
are invariant to the pre-defined group of geometric
transformations for the purpose of invariant pattern
recognition. However, the evaluation of the moment
Invariants is not our major goal, and the normaliza-
tion is merely an intermediate process to obtain the
desired histogram matching parameters. The details
-of the four steps of normalization will be described in
Sec. 2.1.

The organization of the paper is as follows. Sec.
2 describes the moment normalization method and
the proposed histogram matching algorithm. Sec 3.
demonstrates the experimental results. Sec. 4 gives
the conclusions.

2. The illumination change estimation
by moment normalization of histogram

2.1. The moment normalization procedure

In order to estimate the brightness mapping between
two images in which objects are related by SRT, the
Image histogram is utilized to estimate the parameters
« and S as shown in Eq. (1) owing to the property
of histogram — the shape of a histogram is capable
of being invariant to translation, rotation, and scaling
when background is not taken into consideration.

Assuming that the histogram of the original image
s f(¢) where ¢ denotes the gray level, the modified
image (or the intensity-normalized image) has the his-
togram f'(¢’') expressed as

F#) = 25 1(9) (%)
where

¢ =ad+p. (6)

Note that the histograms in Eq. (5) do not include
backgrounds. Considering that a histogram provides
the distribution of gray levels and the area under the
histogram should be conserved, the contrast modifi-
cation factor “a” is expected to affect f/(¢') with the
term 1/cv as shown in Eq. (5). “s” is the scaling factor
between two objects in these two images.
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By using the moment normalization method [5],
the moments of two related histograms can be nor-
malized such that the unknown parameters can be
estimated. The four important steps in [5] are now
described as follows.

Step 1: Description of the function (e.g., the his-
togram function f(¢)). In this step, it is necessary
to choose feature functions to uniquely describe the
function f(¢). For example, the general moment mp
of order p can be chosen to describe f(¢) as shown in
Eq. (7). It is noted that the number of the feature
functions must be greater than that of the unknown
parameters.

mp = /¢pf('¢)d¢ (7)

Step 2: Transformation. It is required to derive
the relationship between the original moment my and
the moment mj, of the histogram f’ which is the hi-
togram of a modified image. In our case, the trans-

formation is derived as follows.
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Usually, to find a transformation could be the main
problem in the normalization method in case of com-
plicated illumination change.

Step 3: Presentation of the transformation param-
eters. If there are n unknown parameters to be esti-
mated for the histogram matching, n equations must
be solved, i.e., n moments have to be designated and
derived. In our case, there are three parameters to
be estimated: the scaling factor s of the object in
the scene, the image contrast parameter «, and the
illumination offset 3. Letting p = 0, we have

my = s*my = ¢o. (9)

If ¢g = 1, we have
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sz(ﬁmo +am)=0
61/52 - Qmy

(11)

p (12)

Mo
¢y 18 set to zero and the parameter 3 can be evaluated

as
—amy

8= : (13)
Mo
Letting p = 2, we have
(_ 2.2 - 2\ Biooi
my = 5" §<i>(a’) m; (14)
mh = s2(mo + 2afmy + a’ma) = cs. (15)

Letting ¢o = 1 and substituting § into Eq. (15), the
parameter o can be evaluated as

mg
—
\/mamg — my

Step 4: Calculation of the invariants. By sub-
stituting the estimated parameters into Eq. (8), the
new moments will become “moment invariants” which
are invariant to the pre-defined transformation used
in the process of derivation. However, this step is not
required in our proposed method.

o =

(16)

2.2. The histogram matching algorithm

After the four fundamental steps of normalization pro-
cedure, the intensity of an image can be normalized
by the parameters o and 5. Suppose the histogram f;
of image 1 has the gray level ¢;, and the histogram
fa of image 2 has the gray level ¢5. ¢; and ¢2 are
related by R

¢2 = a¢1 + (17)
where & and 3 are the parameters to be estimated. ¢,
and ¢, can be normalized to gray ¢’ by the following
equations.

¢’ @101 + A

aaga + Pa.

(18)
¢' (19)
a; and a- can be evaluated by Eq. (16). 3 and s

are evaluated by Eq. (13). Equating Egs. (18) and
(19), we have

o + B
)

aipr+
D4 P — Bo
(s3]

(20)
(21)

By inspecting Eqs. (17) and (21}, the parameters are

estimated as
R (&3]
o= —
[532]

(22)
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and 5 - B
[3: LT

o (23)

Since the illumination change will cause some gray
levels to saturate to the boundary of the histogram,
e.g., the gray 0 or 255. Hence, in order to obtain
& and 3, it is required to develop an algorithm to
find the scopes of two histograms where these two
scopes are mapped to each other. Let ¢ denote the
minimum gray level and ¢y denote the maximum gray
level, i.e., ¢ = 0 and ¢y = 255. Heavy illumination
change can make some gray levels saturate to ¢p or
¢u. Hence, the statistical values at ¢ and ¢y can not
be used to evaluate the moments because these two
values are distorted due to the saturation effect. Thus,
it is necessary to find the appropriate boundaries on
histogram f; and f» when using the histogram data
for estimating the unknown parameters.

It is assumed that 1) f1(®1) and fa(P2) are the
peaks of the histograms, i.e., ®; and P, are the gray
levels of backgrounds; 2) V(¢) is the vicinity of @; 3)
image dimension is N x N; 4) £(¢) denotes the pixel
number of the background of image 2 whose gray level
is mapped to ¢. (¢ is the vicinity of the gray level of
the background in image 1.) £(¢) is expressed as

(@) = N = (N? ~ fi(¢))S* ¢ € V(D)

where N? — f1(¢) denotes the area of the object in
image 1, S is the scaling factor between two objects
in image 1 and image 2. '

The initial boundaries of useful histogram are ¢, +
1 and ¢y — 1. Suppose B; and B; are the lower
boundaries (or the upper boundaries) of fi and fo
, respectively. The following algorithm is used to find
an approximate By for a fixed B2. The lower bound-
ary of fo can be found by setting ¢ = ¢ and the
gray level increment A = 1. The upper boundary of
fa can be found by setting ¢ = ¢y and A = —1. The
proposed “boundary mapping algorithm” is described
as follows:

(24)

step 1: Set the initial value for the gray level ¢ of f
and the gray level increment .

step 2: By = ¢+ A, Ba = ¢+ A. Bgisfixed. By can
be found via the following steps.

step 3: = fa(9).
step 4: If n > 0 continue; otherwise, go to step 8.

step 5: If ¢ € V(@1), n = n— &(¢), i.e., subtract
-the statistical values from 7 where £(¢) denotes
the pixel number of the background of image 2
whose gray level is mapped to ¢; otherwise, n =



n— S?f1($) where ¢ is associated with the gray
level of object in image 1.

step 6: ¢ = ¢ + A.
step 7: Go to step 4.
step 8: If ¢ £ By — A, By = ¢.

It is noted that too many saturated gray levels are

~expected to reduce the range of the useful histogram

and result in poor estimation of parameters.
The procedure to estimate ¢ and £ for histogram
matching is elucidated as follows.

step 1: Detect the peak of f; at ®; and the peak of
f‘z at CI)Q.

step 2: Evaluate s; and s; by Eq. (10), S = s1/s5.
Because the histograms of backgrounds don’t
have the same scaling effect as the objects, the
evaluations of s; and sy cannot involve f;(¢;)
when ¢; € V(®;),1=1,2-

step 3: Employ the boundary mapping algorithm to
find the appropriate boundaries of histograms.

step 4: Replace fi(@), ¢ € V(®;) by the average of
the values of the neighborhood.

step 5: Employ the moment normalization method
to estimate oy and as by Eq. (16) and estimate
B and fa by Eq. (13).

step 6: Evaluate & and 3 by Egs. (22) and (23),
respectively.

If the gray level of background @; is saturated to
@r or ¢y, the boundary mapping algorithm will result
in a less accurate By. This is clarified as follows. For
example, if ¢; (¢1 < 1) in fi is mapped to ¢y in fa,
then we have

du

mo= 58S h(9) (25)
Pp=¢1

n = f(ev) (26)

If S > 1, the object will be enlarged and the area
of the background will decrease, which will lead to
f2(@2) < f1(®1). Hence, n < m1 and ¢1(> ¢1) will be
mapped to ¢y. If S < 1, the object will decrease and
the area of the background will be enlarged, which will
lead to f2(®2) > f1(®1). Hence, > n; and ¢1(< ¢1)
will be mapped to ¢y. Due to this effect, the error of
the boundary estimation may arise to some extent.
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3. Experimental results

Fig. 1 is the reference image of tool 1. Its histagram
1s shown in Fig. 2. In our experiments, four images of
tool 1 are tested. Tool Al and B1 have the same geo-
metric features as in the reference image. Tool C1 and
D1 have scale=1.2 and rotation=—135° relative to the
reference image. Fig. 3 is the tool D1. Its histogram
1s shown in Fig. 4. The true parameters of tool Al
and C1 are (@=0.9, $=5.0). The true parameters of
tool Bl and D1 are (¢=1.2, f=-50.0).

Fig. 5 is the reference image of tool 2. Its his-
togram is shown in Fig. 6. Also, four images of tool 2
are tested. Tool A2 and B2 have the same geometric
features as in the reference image. Tool C2 and D2
have scale=0.6 and rotation=90° relative to the ref-
erence image. Fig. 7 is the tool D2. Its histogram i:
shown in Fig. 8. The true parameters of tool A2 and
C2 are (&=0.8, #=10.0). The true parameters of tool
Bl and D1 are (&=1.3, #=-40.0).

Due to the possible extra large statistical values
at gray levels 0 and 255, all histograms do not show
the values at gray 0 and 255. In addition, the values
at fi(¢:), ® € V(®;), i = 1,2, are replaced by the
average of the values of the neighborhood on account
that the statistical value of the background does not
have the same scaling factor as the object. Thus, the
computation of moments cannot be affected by the
statistical values of backgrounds. Tables 1 and 2 show
the estimation results. It is clear that the estimated
parameters are accurate. The estimation results of
tool B2 and D2 are involved with larger error because
the common mapping areas of f; (the histogram of
the reference image of tool 2) and f» (the histogram
of tool B2 or D2) are less than other cases.

4. Conclusions

This paper proposes a histogram matching algorithm
to estimate the illumination change between two im-
ages which contain affine-transformed objects. For
simple implementation, the illumination change is
modeled by a linear model. By using the moment
normalization method in our algorithm, the model
parameters can be easily found. On account of the
saturation effect of the histograms at boundaries, the
appropriate boundaries of useful histograms must be
found a priori; hence, a boundary mapping algorithm
is also proposed in this paper. From the results of
the experiments , it is prominent that the estimated
parameters are fairly accurate. Therefore, the illumi-
nation change detection (or the histogram matching)
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can be accomplished by this novel method for a rea-
sonable variation of illumination.
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Fig. 2. Histogram of reference image of tool 1.

& B
tool A1 0.91 4.69
tool B1 1.20 -51.00
tool C1 0.93 5.53
tool D1  1.23 -49.41

Table 2. The estimated parameters. The correct
(&,B) for tool A2 and C2 are (0.8, 10.0). The cor-

rect (,&’B) for tool B2 and D2 are (1.3, -40.0).

& B
tool A2 0.80 9.43
tool B2 1.35 -47.67
tool C2  0.80 9.93
tool D2 1.34 -43.81

Fig. 3. Tool D1.
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Fig. 4. Histogram of tool D1.

Fig. 7. Tool D2.
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Fig. 6. Histogram of reference image of tool 2.
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