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Abstract. This paper presents a neuro-fuzzy approach for compensating exposure in the case
of backlighting, regardless of the position of objects. To achieve the compensation effect, the
fuzzy C-means algorithm is first used to extract features from a backlight image. Then these
extracted features are presented to a trained artificial immune system based neuro-fuzzy
system (AISNFS) to estimate the amount of compensation. Finally, the estimated amount
of compensation incorporated with a compensation equation is used to enhance the inten-
sity component of the backlight image to produce a compensated image. Several backlight
images were used to test the performance of the algorithm.
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1. Introduction

Although most of the digital cameras have many appealing features, such as auto
focus, auto exposure, etc, which enable users to easily take good pictures under
various shot conditions, users still have chances of taking backlight images. When
the luminance difference between the main object and the background is high,
backlight images, such as Figure 1(a), are usually produced.

There are many different approaches for avoiding taking backlight pictures.
Some approaches involve in the design of an auto exposure (AE) system to opti-
mize the image luminance by controlling the exposure. Due to the introduction
of digital circuits into digital cameras, it has been possible for an AE system to
detect whether the backlighting situation is going to happen and compensate the
exposure to improve the luminance of the main object. Currently, there are several
different exposure control systems, and most of them are based on fuzzy rules. For
example, Morimura proposed an exposure control scheme based on the distribu-
tion of luminance for multiple regions of a screen [1]. Haruki and Kikiuchi pro-
posed a method of dividing a screen into six regions and weighting the luminance
data of each region to put emphasis on the center of the screen [2]. Murakami and
Honda proposed an exposure control system which uses ‘hue’ and ‘chroma’ of pix-
els to derive the importance of the background, and determines a compensation
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Figure 1. Backlight images. (a) Original backlight images, (b) their histograms.

amount by fuzzy reasoning [3]. Shimizu et al. proposed an algorithm based on
25 fuzzy rules for compensating exposure, regardless of the position of objects [4].
Each has its own merits and disadvantages.

In addition to the afore-mentioned approaches, some approaches focus on post-
processing. Contrast enhancement techniques can be used to improve backlight
images. There are many contrast enhancement algorithms [5–11], and among these,
histogram equalization [5–9] is the most popular automatic method due to its
simplicity and effectiveness. Global histogram equalization uses the histogram
information of an image as its transformation function that stretches the contrast



NEURO-FUZZY APPROACH FOR COMPENSATING COLOR BACKLIGHT IMAGES 275

of the high histogram region and compresses the contrast of the low histogram
region. This is less effective where the contrast characteristics vary across the
image. To overcome this limitation, some adaptive histogram equalization algo-
rithms were proposed [12–17]. Basically, these algorithms generate the mapping for
each pixel from the histogram in a surrounding window. The price paid for the
improvements is the high computation complexity. In addition, some of these algo-
rithms require very complex computation and hardware, so they cannot be applied
to real-time commercial products.

In this paper, we propose a new algorithm for compensating backlight images.
The details of the proposed algorithm will be discussed in Section 2. An introduc-
tion to an artificial immune system based neuro-fuzzy system (AISNFS) will be
given in next section. In Section 4 we will present the simulation results. Finally
Section 5 concludes this paper.

2. The Algorithm for Compensating Backlight Images

In our previous work [18], we have proposed a neural-network-based compensa-
tion algorithm. In this paper we propose a more effective approach. For backlight
images, the brightness of the background is significantly higher than that of the
object. That is, backlight images have a tendency that the brightness histograms
of these images usually separate into a bright region and a dark region, as shown
in Figure 1(b). A simple method to compensate a backlight image is to directly
add the same amount of compensation to each pixel. For this simple method, the
only problem to be solved is how to decide an appropriate amount of compensa-
tion for each backlight image. The price paid for the simplicity is that the qual-
ities of compensated images are image-dependent, as shown in Figure 2(b). This
simple method usually distorts the color information of the backgrounds in the
images. For example, the blue sky in the fourth image shown in Figure 2(b) turns
into a white sky. In addition, the contrast of the main objects is not enhanced. To
avoid the loss of the color information in backgrounds, we may just add a certain
amount of compensation to each pixel belonging to the main objects. Although
this idea seems correct the compensated images (as shown in Figure 2(c)) some-
times become even worse. For example, the color of the area surrounding those
dolls in the second image shown in Figure 2(c) turns into gray. The reason is due
to the fact that it is difficult to segment the main objects from the images.

Therefore a crucial problem is to determine how much the compensation value
should be added to the dark region so as to simultaneously make the main object
look brighter, keep the color information of the background from being distorted,
and enhance the contrast of the compensated image. Here, we propose a simple
approach to compensating backlight images. The block diagram of the proposed
algorithm for compensating backlight images is shown in Figure 3. The algorithm
involves the following four steps:
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Figure 2. Compensation results. (a) The left column consists of the original image, (b) the second col-
umn consists of the images compensated by adding the same compensation amount into each pixel,
(c) the central column consists of the images compensated by adding the same compensation amount
into each pixel belonging to the main objects, (d) the fourth column consists of the images compensated
by the proposed algorithm, (e) the right column consists of the histogram-equalized images.

step 1: color model transformation

Three popular color models for image processing are the RGB, the YIQ, and the
HIS models. Each model has its own considerations and merits. The HIS model
has two important characteristics: (1) the intensity component, I , is decoupled
from the color information in the image and (2) the hue and saturation compo-
nents are intimately related to the way in which human being perceive color. While
the hue component, H , is a color attribute that describes a pure color, the satura-
tion component, S, gives a measure of the degree to which a pure color is diluted
by white light. Since the I component can provide information about the bright-
ness and it is decoupled from the color information in the image these two features
make the HIS model an ideal tool for us. Therefore, the first step in our algorithm
is to transform the color image into the HIS model.

step 2: feature extraction

Feature extraction plays a very important role in the compensating algorithm.
Understandably, computational complexity will increase with the number of fea-
tures used to describe a backlight image.

Among the three components of the HIS color model only the I component
deals with the brightness; therefore, the following feature extracting procedure will
be based on the I component only. Here, we propose to use the means and the
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Figure 3. The block diagram of the proposed algorithm for compensating backlight images.

variances of the dark and the light regions in the brightness histogram as the fea-
tures. First, we use a clustering algorithm such as the FCM algorithm [19, 20]
to partition the brightness histogram into two clusters corresponding to the dark
region and the bright region, respectively. The mean, mi , and the variance, σi , cor-
responding to each region are computed as follows:

mi =
∑M×N

j=1 I (j) uij

∑M×N
j=1 uij

for i =1,2 (1)

and

σ 2
i =

∑M×N
j=1 (I (j)−mi)

2 uij

∑M×N
j=1 uij

for i =1,2 (2)

where M ×N is the image size, I (j) is the I component of pixel j , and uij rep-
resents the degree of pixel j belonging to the ith cluster. The first and the sec-
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ond clusters correspond to the dark region (the main objects) and bright region
(the background), respectively. These four features, the means, m1 and m2, and the
variances, σi and σ2, are then presented to a neuro-fuzzy system to estimate the
appropriate amount of compensation for the backlight image.

step 3: compensation amount computation

In [4], 25 manually selected fuzzy rules were used to compute the amount of
compensation. In this paper, we choose to collect a training set to train a func-
tion approximator to compute the appropriate amount of compensation for each
backlight image. Many different neural networks, such as multi-layer perceptrons
(MLPs), radial basis function (RBF) networks, etc, can be used as function
approximators here. In addition to these two popular neural networks, we propose
to use an artificial immune system based neuro-fuzzy system (AISNFS) to estimate
the amount of compensation. An AISNFS is an on-line learning neuro-fuzzy sys-
tem which was inspired by part of the mechanisms in immune systems. A detailed
introduction to AISNFS will be given in next section.

step 4: image compensating

If the amount of compensation resulting from the previous step is directly added
to the intensity component of each pixel the quality of the compensated image
may not look good enough because the intensity range of the main objects is still
not wide enough. Instead of directly adding the same amount of compensation to
each pixel, we add different amount of compensation to each pixel based on its
brightness. Our idea is as follows. In a backlight image, the brightness histogram
has a tendency of exhibiting a dark cluster and a bright cluster. We use the degree
of a pixel belonging to the bright cluster (i.e. background), u2j , to decide the rel-
ative amount of compensation. Besides the addition of the compensation amount,
a contrast enhancement procedure is carried out simultaneously.

Suppose the amount of compensation computed by a trained AISNFS is Ic. Let
the smallest I component in the original backlight image be denoted as Imin and
its corresponding degree of belonging to the bright cluster be denoted as u2min. In
addition, the value of u2m1 represents the degree of the mean value of the dark
cluster, m1, belonging to the bright cluster. The backlight image is compensated
through the following two stages:
(1) Stage One: Adding Compensation Amount

Ij = Ij + Ic × (1−u2j ) for 1≤ j ≤M ×N (3)

Obviously, the smaller the value of u2j is the larger the amount of the compensation is.
(2) Stage Two: Contrast Enhancement

By (3) we may make the object look brighter; however, the contrast of the object
is still low. Therefore, we need to adopt a contrast stretching technique to increase
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Figure 4. An illustration of the effect of Stage 2 and Stage 3.

the dynamic range of the I component of the object. Figure 4 illustrates such an
enhanced procedure. For each pixels of which I component satisfies the condition,
Ij ≤ m1 + Ic×(1−u2m1), we use the following equation to enhance its contrast

Ij = {Ij − [Imin + Ic × (1−u2 min)]}× [Ic × (1−u2h)+0.5m1 +0.5Imin]
[m1 + Ic × (1−u2m1)]− [Imin + Ic × (1−u2 min)]

+0.5m1 +0.5Imin (4)

where u2h represents the degree of the gray level m1+Imin
2 belonging to the bright

cluster. Via (4), the brightness interval, [Imin +Ic × (1−u2 min), m1 +Ic × (1−u2m1)],
is stretched to be the interval, [ m1+Imin

2 ,
m1+Imin

2 +Ic × (1−u2h)] in order to enhance
the dynamic range of the dark cluster.

After each pixel’s I component has been compensated we transform the HIS
color model back to the RGB color model to display the image.

3. Brief Introduction to AISNFS

In our previous work [21], we have developed a training algorithm for apply-
ing AISNFSs in solving pattern recognition problems. Here we will introduce
how to train AISNFSs for solving function approximation problems. The immune
system is a highly complicated system. Many properties of immune systems
attract a great amount of attentions from compute scientists and engineers. A
rich source of mechanisms in immune systems may serve as metaphors for
designing computational systems. Different artificial immunes systems are inspired
by different subsets of the available metaphors.

Basically, the architecture of the proposed AISNFS, shown in Figure 5, resembles
the architecture of the RBF network or its variants [22–25]. The major differences
between the AISNFS and these well-known networks are as follows. Generally, the
RBF network or its variants are trained by the supervised learning such as orthogo-
nal least squares, backpropagation algorithm, etc. However, our AISNFS is trained
in an on-line learning environment. In addition, we introduce the strength parameter,
sj , to represent the strength of the j th rule. Owing to the appearance of the strength
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Figure 5. The architecture of the AISNFS for function approximation problems.

parameter, the AISNFS is different to the RBF network or its variants in the way
of the computation of the network’s outputs.

The algorithm for training an AISNFS for solving function approximation
problems is given as follows:

Step 1: Set J = 0, decide the value of the initial strength s0, and initialize the
parameters, ηw, ησ , ηs and ηc, where J is the number of rules in AISNFS,
ηw, ησ , ηs and ηc indicate the learning rates.

Step 2: Present an input pattern x into the system. Suppose the desired output of
the input pattern is d.

Step 3: If there is no neuron in the system then go to Step 8 to generate a new
neuron to respond to the first data pattern x. Otherwise, compute the out-
puts of the neurons in the present system using the following equation:

mj(x)= exp

{

−
n∑

i=1

(
xi −wji

σji

)2
}

(5)

Step 4: Find the winner j∗ by selecting the neuron with the largest similarity
which is computed by multiplying the neuron’s output, mj(x), with its
corresponding strength, sj :
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sj∗mj∗(x)=Arg max
j=1,... ,J

(
sjmj (x)

)
(6)

Here we assume the present number of neurons in the system is J .
Step 5: Check whether the similarity between the winner and the input pattern x

is larger than the pre-specified threshold θ :

sj∗mj∗(x)≥ θ (7)

If this condition is met, then find the voting set, Vs, consisting of neurons
of which similarities are also larger than the threshold θ . Otherwise, go to
Step 8 to generate a new neuron.

Step 6: Compute the system output. The system output is computed by the
weighted summation method as follows:

Out(x)=
∑

j∈Vs
cjmj (x)

∑
j∈Vs

mj(x)
(8)

That is, all neurons in the voting set will cooperate to compute the net-
work’s outputs. The weighting factor for each neuron is provided by the
value of membership function, mj(x).

Step 7: Compute the difference between the system output and the desired out-
put, e= ∣

∣Out(x)−d
∣
∣. Then check whether the difference is smaller than the

threshold, θerror, where θerror is a positive real-valued constant pre-specified
by the user. If yes, update the winner’s strength in the following way:

sj∗(n+1)= sj∗(n)+ηs × 1
fj∗

× sj∗ ×mj∗(x) (9)

Otherwise, we update the winner’s weight vector, strength and its output
in the following way. For the case d −Out(x)>θerror, the values of wj∗(n),
σj∗i (n), and cj∗(n), are adjusted by an amount proportional to the positive
of their corresponding gradients at their current values and the value of
sj∗(n) is adjusted by an amount proportional to the negative of its gra-
dient at its current value. For the case d − Out(x)<−θerror, the values of
these four parameters are all adjusted by an amount proportional to the
negative of their gradients at their current values. Then Go to Step 2.

Step 8: Generate a new neuron whose weight vector and strength are initialized as
follows:

wJ+1 =x (10)

σJ+1 =σ 0 (11)

cJ+1 =d (12)

sJ+1 = s0 (13)

J =J +1 (14)

Then Go to Step 2.
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Note that at the end of epoch, we will delete the neurons of which strengths
are smaller than the initial value s0. To improve the training performance, we may
continue the training procedure until a pre-specified number of epochs is reached.
After the network has been trained, we proceed to the testing mode. In the test-
ing mode, the trained network can be used to predict the output when an input
pattern, x, is presented to the network. First, we find the voting set. If the set is
not an empty set then the output is computed by the weighted summation method.
Otherwise, we use the winner’s output, cj∗ , as the system output.

4. Experimental Results

We apply the proposed compensation algorithm to the backlight images collected
by us to demonstrate its performance. We collected 50 images of which sizes are
all 640 × 480 for various kinds of objects under different lighting conditions. The
image data set consists of 45 backlight images and 5 normal images. We then man-
ually determined the optimal amount of compensation for each backlight image.
One thing should be emphasized is that the manually chosen optimal amount of
compensation for each backlight image was decided by a process of trial and error.
That is, we continued to use a different amount of compensation to compensate
an image until the quality of the compensated image was satisfactory. We then
split the data set into a training data set and a testing data set. The training
data set consists of 22 backlight images and 3 normal images. The testing set con-
sists of the remaining 25 images. We used the training data set to train a two-
layer perceptron with the backpropagation algorithm, a two-layer RBF network,
and an AISNFS with the same number of hidden nodes. The results are tabulated
in Table 1. Obviously, the trained AISNFS outperformed the other two networks
based on the comparison of the root mean square error (RMSE). Since the trained
AISNFS achieved the lowest RMSE we decided to use the trained AISNFS to
continue the experiments.

First, we used the proposed compensation algorithm incorporated with the
trained AISNFS to compensate the whole 50 images. Then for the compari-
son purpose, these 50 images were also compensated by using the histogram
equalization algorithm in the Photoshop software package. Methods for assessing
image quality can be divided into two categories: objective and subjective. While
objective methods adopt some kinds of mathematical criteria to measure image
quality, subjective methods are based on the perception of a group of human

Table 1. The performance of the three kinds of function approximators.

Approximator Architecture Training set RMSE Testing set RMSE

AISNFS 4×15×1 9.32 11.11
RBF 4×15×1 11.35 11.54
MLP 4×15×1 11.01 11.92
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viewers. In objective methods, the quality of an image is usually estimated by
comparison with a known reference image. The root-mean-square error (rms) and
signal-to-noise ratio (SNR) are two popular criteria for measuring image quality.
Although objective methods offer a simple and objective mechanism for mea-
suring image quality we do not adopt them to measure the quality of compen-
sated images. The reasons are as follows. First, compensated images ultimately are
viewed by human beings; therefore, measuring the quality of compensated images
by the subjective evaluations of a human observer is more appropriate. Second,
we are unable to have the reference images for computing the measures. Thus we
adopted the subjective assessment method to evaluate the performance of the his-
togram equalization algorithm and our proposed compensation algorithms. As the
assessment measure, the five level grading scales shown in Table 2 were used. Ten
subjects were asked to evaluate the compensated images. Table 3 tabulates the sta-
tistics of the votes for these two algorithms. Based on the votes we found that our
compensation algorithm received a better grade than the histogram equalization
algorithm.

Some of the images compensated by the proposed algorithm and the histogram
equalization are shown in Figure 2(d). Their histograms are shown in Figure 6.
To see these histograms suddenly, one may make an erroneous judgment that the
histogram-equalized images will definitely more satisfactory than those images com-
pensated by our algorithm. The erroneous judgment may come from the following
observations. Observing the histograms, some common features exist. For all images,
our algorithm gives similar shaped histogram to the original images. On the contrary,
the histogram equalization algorithm produces histograms that are completely differ-
ent from the original histograms. The resultant images have almost flat shapes for
the dark regions and different shaped histograms for the bright regions. However,
by viewing the enhanced imaged shown in Figure 2(d) we will make an opposite
judgment. One may find both our algorithm and the histogram equalization algo-
rithm have greatly improved the main objects in these backlight images. However, we
found that in some areas (e.g. especially the backgrounds) of the histogram-equal-
ized images the color information was seriously distorted. On the contrary, images
compensated by our algorithm do not exhibit the distortion effect. Therefore, our
algorithm performed superior compensation to the histogram equalization algorithm
based on the comparisons of these 50 compensated images.

Table 2. The five level grading scales.

Scale Rating words

1 Bad
2 Poor
3 Fair
4 Good
5 Excellent
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Figure 6. Histograms of Figure 2. (a) The left column corresponds to the original images, (b) the sec-
ond column corresponds to the first simple method of adding the same compensation amount into each
pixel, (c) the central column corresponds to the second simple method of adding the same compensation
amount into each pixel belonging to the main objects, (d) the fourth column corresponds to the pro-
posed algorithm, (e) the right column corresponds to the histogram-equalized images.

Another appealing property of our compensation algorithm is that the algorithm
can be improved on-line. To demonstrate the on-line learning property we carried
out another experiment. We selected five images, which received the lowest grades,
from the testing set. Then we directly used these five chosen images to re-train
the AISNFS. One thing should be emphasized is that we did not combine these
five image into the original training data set to form a larger training data set.
After training, the 50 images were compensated by the compensation algorithm
incorporated with the newly trained AISNFS. The performance was tabulated in
Table 4. Although the average score just increased a very small amount the RMSE
decreased more apparently. This experiment demonstrated that the performance of
our algorithm could be improved on-line. If the user is not satisfied with the com-
pensated image achieved by the algorithm incorporated with a trained AISNFS
he or she may decide the amount of compensation by him or herself to compen-
sate the image. Then he or she can use this newly compensated image to re-train
the originally trained AISNFS to further improve the performance. As the process
continues the performance of the compensation algorithm will become more fit to
the user’s personal requirements.

5. Conclusions

In this paper, we propose a new compensation algorithm for backlight images. We
introduce four features to represent the information of the brightness histogram
of a backlight image and use an AISNFS to determine the amount of compen-
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Table 4. The performance of the on-line learning capability.

Performance RMSE Average score

Original trained AISNFS 10.22 (= (9.32+11.11)/2) 3.65
Newly trained AISNFS 8.16 3.66

sation. Instead of adding the same amount of compensation to each pixel, we add
different amount of compensation to each pixel based on its degree of belonging
the bright region. The algorithm can be used to compensate backlight images in
a software way. In addition, the algorithm does not require very complex com-
putations and hardware, so it may be implemented in an electronic camera and
then used to compensate images. Another appealing property of our compensation
algorithm is that the algorithm can be improved on-line.
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