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ABSTRACT

The user-friendliness and cost-effectiveness have contributed to the growing popularity of mobile phone cameras.
However, images captured by such mobile phone cameras are easily distorted by a wide range of factors, such
as backlight, over-saturation, and low contrast. Although several approaches have been proposed to solve the
backlight problems, most of them still suffer from distorted background colors and high computational complexity.
Thus, they are not deployable in mobile applications requiring real-time processing with very limited resources. In
this paper, we present a novel framework to compensate image backlight for mobile phone applications based on
an adaptive pixel-wise gamma correction which is computationally efficient. The proposed method is composed
of two sequential stages: 1) illumination condition identification and 2) adaptive backlight compensation. Given
images are classified into facial images and non-facial images to provide prior knowledge for identifying the
illumination condition at first. Then we further categorize the facial images into backlight images and non-
backlight images based on local image statistics obtained from corresponding face regions. We finally compensate
the image backlight using an adaptive pixel-wise gamma correction method while preserving global and local
contrast effectively. To show the superiority of our algorithm, we compare our proposed method with other
state-of-the-art methods in the literature.
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1. INTRODUCTION

Recently, the mobile phones equipped with cameras are becoming common in our daily life because of their
portability and multipurpose functionality. Various techniques for enhancing the quality of the captured image
have also been developed to raise viewing experience. In this respect, compensating the image backlight has
become one of the critical research issues. The image backlight can be defined as a phenomena containing serious
discrepancies between the recorded color image and the direct observation of scenes due to the light source coming
from behind the object, yielding low local contrast in the object region (see Fig. 1). Although many algorithms
for compensating the image backlight are discussed in the literature, they are not suitable for mobile platforms
due to limited memory and processing power. A hardware or dedicated co-processor based solution is not suitable
for handheld devices. Our algorithm specifically aims at compensating the image backlight in real-time for mobile
phone applications without using any additional hardware.

In general, the previous approaches can be classified into two main categories: 1) global approaches and
2) local approaches. The global approaches are commonly characterized by a single mapping curve to modify
pixel values. The distinct advantage of global approach lies in their simplicity and computational efficiency.
Gamma correction and histogram equalization are most widely used as global approaches. However, they often
tend to fail in preserving local contrast in the dark and bright regions of an image. Tumblin and Rushmeier1
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(a) (b)
Figure 1. Backlight image and compensated image : (a) backlight image, and (b) result of compensation by our method .

describe a more sophisticated non-linear global mapping curve designed to preserve the apparent brightness of an
image based on the actual luminance in the input image and target luminance characteristics. Ward2 suggests
a contrast-based linear scale factor, which is automatically estimated from the input luminance, to conserve
contrast rather than brightness and visibility around a particular adaptation level. Reinhard and Devlin3 propose
a global method mimicking a photoreceptor in the human visual system based on the sigmoidal mapping curve.
However, these methods may result in severe distortion in the background when applied to images with high
contrast. On the other hand, other methods4–6 of global approaches are also proposed based on neural networks
or fuzzy systems to detect a backlight level. Basically, they apply an adaptive cubic curve to correct the image
backlight dependent on the backlight level. But these neural networks or fuzzy systems require many user-
defined parameters that are sensitive to input image and thus are not suitable for the mobile phone applications.
Although global approaches are simple and fast, local approaches are more popularly used due to excellent
performance. The local approaches7–11 compute a local adaptation level for each pixel. This local adaptation
level derives a compensation curve for each pixel based on the local bright contrast. However, local approaches
are computationally expensive and excessive distortion can also be generated in the background captured in the
normal illumination condition and thus they are not considered suitable for mobile phone applications.

The first step for compensating the image backlight is to identify illumination condition. That is, in our work,
the given images are classified into two groups: 1) the images taken under normal illumination condition and
2) the distorted images by backlighting condition. In this paper, an image is categorized into above-mentioned
two classes in a fully automatic manner. Since it is a quite challenging problem to identify the illumination
condition without any prior knowledge, we assume the target images always contain human faces, which is
thought reasonable in mobile phone applications such as video calling.

In this paper, we propose a fast and robust scheme for compensating the image backlight based on the
adaptive pixel-wise gamma correction. Our algorithm is composed of two sequential stages: 1) illumination
condition identification and 2) adaptive backlight compensation. We develop a fully automated method by
employing an identification stage for the illumination condition. The gamma correction is applied to correct the
image backlight adaptively for each pixel based on spatial correlations of intensity where the local gamma level
of each pixel is determined by averaging intensities obtained from local region. Moreover, background regions
can be preserved even after the backlight mapping process. Our method combines the advantage of both global
approach and local approach so that it is fast enough to be executed real-time and it enhances low local contrast
in the dark region damaged by backlight. The rest of this paper is organized as follows. In Section 2, a brief
review of related work is provided with the retinex algorithm and the gamma correction. In Section 3, we
describe the outline and procedure of our proposed algorithm and in Section 4 experimental results are reported.
Finally in Section 5, we conclude the result.
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2. RELATED WORK

In this section, we describe the basic concept of the gamma correction and the retinex theory that models human
local adaptation, and then discuss how they inspire the proposed algorithm based on our observation. The
gamma correction is simple exponential correction and conventional method in this field. This method performs
well for totally dark or bright images with the convex or concave curve, respectively. However, when there are
dark and bright regions in an image together, this correction is not satisfactory as shown in Fig. 2.

The retinex is a theory of color vision developed by Land that attempts to explain how the visual system
extracts reliable information from the world despite changes of illumination.12, 13 Based on Land’s experiment,
we observe that the perceived color of a unit area is determined by the relationship between this unit area
and the rest of unit areas in the image, independently in RGB color components, and does not depend on the
absolute value of light. A variety of computational models from this principle have been implemented. The most
important issue in the existing computational models is to assign a new value to each pixel in the image based
on spatial correlations of light intensity. The primary goal of retinex is to separate the image into the reflectance
and the illuminance to eliminate the illuminant effect from images.

Horn 14 formulates Land’s retienx theory and regards an image I(x, y) as a product

I(x, y) = R(x, y) · L(x, y), (1)

where R(x, y) is the reflectance and L(x, y) is the illuminance at each point(x, y), respectively. By Land,13 the
reflectance is estimated by the logarithm ratio of I to L which is a Gaussian low-pass filter version of I. There are
two different forms of the retinex algorithm: 1) Single-Scale Retinex (SSR) and 2) Multi-Scale Retinex (MSR).
Conventional SSR is determined as:

Ri(x, y) = log Ii(x, y) − log {F (x, y) ∗ Ii(x, y)} , (2)

F (x, y) = K · exp((x2 + y2)/c2),
∫∫

F (x, y)dxdy = 1 (3)

where Ii(x, y) is the input image in the i-th spectral band and F (x, y) is the Gaussian low-pass filter. Since the
performance of a SSR strongly depends on the standard deviation c of the Gaussian low-pass filter, it is required

Figure 2. The image compensation by classical approaches : (top row) original image, (middle row) gamma correction,
and (bottom row) retinex(MSRCR).
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to be carefully determined based on the contents of the images. Specifically, a small scale produces an enhanced
local contrast with more halo artifacts, whereas a large scale removes the chromaticity of the illumination
without changing the local contrast. For this reason, Rahman et al.8 present a multi-scale retinex, computing
the logarithm of the retinex responses for several Gaussian low-pass filters of different sizes and linearly combine
the results. Jobson et al.9 suggest a multi-scale retinex with color restoration (MSRCR) to overcome the loss
of color saturation inherently present in a multi-scale retinex. However, Jobson’s method (MSRCR) suffers
excessively from the high computational complexity due to Gaussian low-pass filtering with different sizes. To
reduce the computational complexity of the retinex approach, pre-defined structure using linear and non-linear
filters or a truncated set of basis functions is used by Elad and Kimmel et al .15 Nevertheless, the computational
cost is not reduced enough to be deployable on mobile phone applications. Their color correction also enhances
the saturation but does not a correct rendition of colors with graying-out effect (see Fig. 2). The color distortion
still remains in the region with the normal illumination condition. Although the retinex-based algorithm is not
suitable for our work, we are remarkably inspired from assigning a new value to each pixel in the image based
on spatial correlations of light intensity through the Gaussian low-pass filtering. This approach will act as an
important bridge between the gamma correction of global approaches and our method of local approaches and
will help to build up the spatial correlations of intensity for the adaptive pixel-wise gamma correction.

3. PROPOSED ALGORITHM

The proposed algorithm is composed of two main stages: 1) illumination condition identification and 2) adaptive
backlight compensation. In the illumination condition identification stage, we extract the face region based on
Viola and Jones’ detector16 to classify the illumination condition of input image into backlight and non-backlight
based on local image statistics of the face regions. Then, the image backlight compensation is conducted by our
adaptive pixel-wise gamma correction, which can effectively correct shaded regions caused by backlight while
preserving local contrast efficiently. Figure 3 shows the overall block diagram of the proposed algorithm. Our
method basically operates on the luminance component, since the image backlight is more closely related to the
luminance component than to the chromatic components.

3.1 Illumination condition identification

In this subsection, to identify the illumination condition, we firstly extract the face region based on Viola and
Jones’ detector16 as mentioned. Then we conduct comparative statistical analysis between the local histogram
obtained from the extracted face region and the global histogram of the whole image. That is, the average
value of the face region is used as a useful indicator based on our observation that the face region is quite dark
compared to the backgrounds when the given image is damaged by the backlight, More specifically, we compute
the distance between a average value of the face region and the highest bin index of the global histogram as
follows:

BLflag =
{

1, if HB − μface ≥ TBL

0, otherwise (4)

where μface denotes an average intensity of the local histogram, and HB denotesthe highest bin index of global
histogram. TBL represents a threshold to estimate the illumination condition and empirically set to 120 of a
range [0-255]. As shown in (4), if the difference between the highest index of the global histogram and the

Figure 3. Overall algorithm of the image backlight compensation.
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(a) (b) (c) (d)
Figure 4. Illumination condition identification : (a) original image, (b) face detection, (c) local histogram, and (d) global
histogram.

average intensity of the face region is greater than TBL, we conclude that the image backlight is present in the
image.

3.2 Adaptive pixel-wise gamma correction

For the backlight image identified by using our face-based criterion explained in the previous subsection, we now
enhance the contrast damaged by backlight without visual distortions in the backgrounds. To this end, we build
the adaptive mapping relation between input (i.e., backlight image) and output (i.e., compensated image) in a
pixel-wise manner based on the gamma correction, which is defined as follows:

Lout(x, y) = 255
[
Lin(x, y))

255

]γ

, (5)

where Lin and Lout represent the luminance of input and output images, respectively, and γ is a positive number
that usually varies from 0 to 3. Based on (5), each pixel is compensated through a gamma level γ, which is fixed
over the whole image. Compared to the conventional gamma correction, in our work, we consider the exponent γ
as a variable to derive a local gamma level for each pixel similar to Moroney.17 Our adaptive pixel-wise gamma
correction is defined as follows:

Lout(x, y) = 255
[
Lin(x, y)

255

]LG(x,y)

, where LG(x, y) = α( SC(x,y)−µ)
µ ). (6)

Here, LG(x, y) and SC(x, y) represent the local gamma level and spatial correlations of intensity for each point
(x, y), respectively. γ denotes the global adaptation level and μ denotes the optimal average, which are determined
as follows:

α = log
HB

μface
, and (7)

μ = p(L) · μL + p(H) · μH , where p(L) =

∑
bi≤bmaxL

h(bi)
T

, p(H) =

∑
bi≥bminH

h(bi)
T

. (8)

The subscript L and H represent the lower and upper part of the global histogram, divided by the backlight level,
except 10% of the highest and lowest values, respectively. Note that the backlight level is defined as the maximum
intensity of the face histogram except 1% of the highest values. bi and h(bi) denote the i-th intensity level and
value of the global histogram, respectively, and T denotes the total number of pixels in images. bmaxL and μL

denote the maximum and average intensity in lower part, respectively. bminH and μH denote the minimum and
average intensity in upper part, respectively. Output luminance is determined according to the input luminance
and the local gamma level. Although there are two pixels with same intensity in the input image, these pixels
can be dealt with independently through the local gamma level.

The local contrast in the backlight region should be enhanced, while the background region should be main-
tained without the undesirable visual distortions. To this end, we separate the image to the backlight and
background region based on the optimal average. This is called as backlight map and is defined as follows:

BLmap(x, y) =
{

Lin(x, y), if Lin ≤ μ
μ , otherwise (9)
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(a) (b)

Figure 5. (a) spatial correlations of intensity of Fig. 1, and (b) our mapping relation

where BLmap(x, y) is the backlight map. In this way, the background regions are preserved consistently.

The spatial correlations of intensity inspired from the retinex models are generated by the box filtering of the
backlight map and help to determine how the input luminance is compensated (see Fig. 5(a)). The box filter with
small scale is employed to reduce the computational complexity. The local gamma level is finally constructed
by the spatical correlations of intensity based on the global adaptation level α and the optimal average μ. The
spatial correlations of intensity are less than the optimal average μ will result in a local gamma level less than
1, which compensates the backlight region. On other hand, the spatial correlations of intensity are equal to the
optimal average μ will yield a local gamma level equal to 1, which means no modification.

As mentioned earlier, our method operates on the luminance of an image. In order to assign colors to the
pixels of the enhanced image we use a similar approach proposed by Schlick18 and Smits and Meyer.19 More
specifically, the color components of a pixel in the output image are computed as follows:

Rout = Lout · Rin

Lin
, Gout = Gout · Gin

Lin
, Bout = Lout · Bin

Lin
(10)

where Lin and Lout denote the luminance before and after the image backlight compensation, respectively. Rin,
Gin, and Bin are the RGB components of the original image, and Rout, Gout, and Bout are the RGB components
of the enhanced color image.

4. EXPERIMENTAL RESULTS

In this section, our experimental results are compared with those of other state-of-the-art methods in the literature
to show the superiority of our algorithm. We also show that our adaptive pixel-wise gamma correction method
can effectively improve the visibility at dark regions keeping both the color balance and saturation in background
region. Furthermore, our method demonstrates that its computational complexity is low enough to be deployed
into mobile applications.

The comparison has been conducted for the images taken by our database and Google images. We evaluate our
algorithm by comparing with the photoreceptor method3, 20 and the retinex algorithm9 as shown in Fig. 6. The
photoreceptor method directly inspired by photoreceptor physiology is a global approach based on a sigmoidal
curve. To more increase visual quality in the dark region, i.e., object region, it is inevitable to sacrifice detailed
information in the bright region due to a limitation of single mapping curve (see Fig. 6 (b)). In contrast to
the photoreceptor method, the retinex algorithm known as a local approach can more express details in both
the dark region and the bright region. Although the retinex method reduces the distortion of the background
compared to the photoreceptor method, it still suffers from over-saturation and graying-out in the background,
as shown in Fig. 6(c). Compared with the results of above-mentioned methods, the visibilities of our output
images are drastically improved while keeping the color balance and saturation in both the dark region and
the bright region. Moreover, we compensate the image backlight more visually pleasant based on the adaptive
pixel-wise gamma correction through mapping black to black and white to white.
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Table 1. Comparison of processing time between our method and other algorithms (uint:ms)

Image size 500×375 600×450 700×525 800×600 900×675 1000×750 1200×900
Photoreceptor 136.13 196.08 266.13 353.27 446.23 545.34 790.48

Retinex 4019.48 6173.73 8028.54 10876.44 13801.81 17248.26 25490.68
Our method 54.55 67.61 87.21 105.67 135.35 167.59 245.55

In addition, the computational complexity of our algorithm is also evaluated. We measure the processing time
by using the PC-AT personal computer with CPU of Intel Core 2 Duo (2.67GHz), RAM memory of 2.00GB and
OS of Windows 7. As shown in Table 1, the processing time depends on the size of input images and the low-pass
filter. In the retinex algorithm, we use three different sizes of the Gaussian filter for compensating the image
backlight, which are 20, 50 and 100 weighted by 0.3, 0.4 and 0.3, respectively. On the other hand, our proposed
method is based on the adaptive pixel-wise gamma correction using the box low-pass filter which has a small size,
9x9 pixels, with a single scale. In addition, our algorithm operates on only luminance component in contrast
to the retinex algorithm which operates on all color components independently. As a result, the processing
speed of our algorithm is approximately a hundred times faster than that of the retinex algorithm. Although the
photoreceptor method does not use the low-pass filter, it operates on all color components independently likewise
the retinex algorithm and thus it performs very slowly. Thus, it is worth noting that our method demands quite
low computational complexity compared to other state-of-the-art methods based on the box low-pass filter with
a small scale and operating only on luminance component.

5. CONCLUSION

In this paper, we have presented a method to compensate the image backlight based on the adaptive pixel-wise
gamma correction method by taking inspiration from the gamma correction and retinex model. In particular, it
is designed to perform on the mobile phone applications in a fully automatic manner, including the identification
stage of the illumination condition. To this end, input images are classified into facial images and non-facial
images to provide prior knowledge for identifying the illumination condition at first. For facial images, they are
categorized into backlight images and non-backlight images based on local image statistics obtained from corre-
sponding face regions. We finally compensate image backlight using the adaptive pixel-wise gamma correction
based on the backlight map. In this way, backlight regions and non-backlight regions are treated differently, thus
preventing the distortion of the background and compensating reasonably the image backlight. It is possible to
reduce the computational expense by a nonlinear combination of simple gamma correction and spatial relations
obtained from local regions. In order to evaluate the performance of the proposed algorithm, we test our method
on various backlight images, comparing it visually and objectively with other algorithms. We demonstrate that
the proposed algorithm can efficiently compensate the image backlight while preserving the original background
and reducing the computational complexity.
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(a) (b) (c) (d)
Figure 6. (a) original image, (b) photoreceptor, (c) retinex (MSRCR), and (d) our method.
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