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Abstract—This paper presents an efficient optimized backlight
local dimming method that minimizes power consumption under a
given allowable distortion for liquid crystal displays with edge-lit
light-emitting diode backlight. To reduce image quality fluctuation,
an inequality constraint optimization problem is formulated using
a given allowable distortion and the steepest descentmethod is used
to solve the optimization problem. The experimental results show
that the proposed method has better performance than previous
methods at the same average power consumption in the unnotice-
able level of the difference between the displayed images before and
after dimming. Also, the proposed method reduces the risk of large
performance degradation and reduces computation time by three
times compared with the existing optimization based methods.

Index Terms—Light-emitting diode (LED) backlight, light
spread function (LSF), liquid crystal display (LCD), local dim-
ming, optimization.

I. INTRODUCTION

A LIQUID CRYSTAL display (LCD) with a light-emitting
diode (LED) backlight is widely used in a variety of mo-

bile devices, such as smartphones and tablet computers. Since
the display consumes more battery power than other compo-
nents in a mobile device [1], it is important to save its power.
Recent developments in the field of III-Nitride-based LEDs

have resulted in innovations for achieving high efficiency
emitters [2], [3]. These advances were driven by approaches
to suppress charge separation for improved internal quantum
efficiency [4]–[7], improved material epitaxy [8], [9], and
suppression of the droop issue in LEDs [10]–[12]. Along with
the development of new materials in LED-based backlight
technology, an efficient local backlight dimming algorithm is
also required to further reduce power consumption.
For an LED-backlit LCD display, there are currently two

types of LED backlights, differentiated according to the posi-
tion of the LEDs: direct-lit and edge-lit LED backlights [13].
The direct-lit LED backlights are placed behind a screen. On
the other hand, the edge-lit LED backlights are located near the
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rim of the screen to reduce its thickness. A variety of backlight
dimming methods for both types of LED backlights have been
developed to reduce power consumption.
Existing backlight dimming algorithms can be grouped into

global and local dimming approaches. First, the global dimming
approaches [14]–[18] set the power of all the LEDs to the same
value. They used a histogram of luminance values [14]–[17]
and low-level features such as the average and maximum lu-
minance pixel values [18]. The advantage of global dimming
is that the power of LEDs can be easily controlled. Second,
the local dimming methods control each LED power individu-
ally [19]–[33]. Since they analyze the image intensities around
the position of each LED, they consume less power than the
global dimming methods, especially for high contrast images.
They usually divide an image into several blocks and then ana-
lyze low-level features such as the average and maximum lumi-
nance pixel values [19]–[27] or luminance histograms [28]–[30]
to determine the power for each LED. A saliency map was also
used to consider perceptual image quality [31]. However, these
local dimming methods heuristically adjust the power based
on neighboring blocks and the light spread from an LED light
source [24]–[28] and thus do not estimate optimal power con-
sumption. Some methods such as in [20] and [25] cannot be
applied to an edge-lit LED backlight system.
Recently, an optimization problem for local dimmingwas for-

mulated to minimize the weighted sum of power consumption
and the distortion of an image after local dimming in the lu-
minance component [32]. The L1-norm is used for the distor-
tion measure to solve the optimization problem by linear pro-
gramming. However, it requires greater computation since the
number of variables for optimization is equal to the number of
pixels in the image. An extended version of the method of [32]
for the RGB color space is introduced where the optimization
problem is solved using the steepest descent method with a re-
duced number of variables, equal to the number of LEDs. Nev-
ertheless, for both of themethods in [32] and [33], the weight for
power consumption for a given input image has to be manually
adjusted in order to obtain stable image quality. For example,
if a higher value of weight is used for power consumption, the
distortion increases with lowered power consumption.
In this paper, we propose an efficient optimized backlight

local dimming method for edge-lit LED backlight LCDs. In
the proposed method, each LED's power is computed to min-
imize power consumption within a given allowable distortion.
The proposed method uses less power than previous methods
at the same average peak signal-to-noise ratio (PSNR). In the
methods of [32] and [33], variations in the image quality after
dimming are large with a fixed weight, and thus more power
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Fig. 1. Overall diagram for the proposed backlight local dimming method.

can be required for the resulting images. Since the local dim-
ming is formulated as a constrained optimization problem in this
paper, the picture quality is guaranteed to be within an allow-
able distortion. Moreover, the proposed method still converges
faster than the latest method [33]. In our iteration process, the
power of each LED is adjusted to minimize the power consump-
tion within the given allowable distortion. The backlight lumi-
nance for each pixel is then updated by superposition of the light
spread from LEDswith the adjusted power for the next iteration.
The rest of this paper is organized as follows. In Section II,

we describe the proposed backlight local dimming method. In
Section III, we present experimental results. Section IV con-
cludes the paper.

II. PROPOSED BACKLIGHT DIMMING ALGORITHM

We first consider an edge-lit LED backlight LCD system
where LEDs can be controlled individually. A set repre-
senting the power of each LED is defined as

(1)

where denotes the normalized power of the -th LED. The
displayed image , where and are the pixel position
and one of the RGB components, respectively, is represented by
the product of the backlight luminance and the liquid
crystal (LC) transmittance of each color component. The value
of LC transmittance is determined by converting the pixel value
in the original image . Therefore, we can express the dis-
played image as follows:

(2)

where the value of and is normalized from 0 to 1.
The backlight luminance is calculated by the summa-
tion of the product of the power and the light spread func-
tion (LSF) , which is the influence of the -th LED on a
pixel :

(3)

The process of the proposed backlight local dimming is
shown in Fig. 1. First, we model the LSFs. Then, we analyze the
original image with the brightness of the device and perform
backlight dimming by calculating the optimal power of the
LEDs using the modeled LSF. After the optimal power of the
LEDs is determined, we generate the compensated image to
show the displayed image to be same as before dimming. Note

Fig. 2. Backlight luminance distributions with luminance values for different
power consumptions. (a) 100%. (b) 50%.

that we focus on making the resulting displayed image to be
same as the displayed image before dimming. We now describe
how to model the LSF and decide the power of the LEDs.

A. Modeling of the Light Spread Function
The LSF representing the shape of the light spread from an

LED as written in (3) can take on various patterns because of
the design of the light guide plate in the LCD panel [34]. The
patterns can be modeled by measuring the luminance of the dis-
play using a luminance meter. We use a commercially available
smartphone, which is known to use a single edge-lit LED back-
light and have 10 LEDs, to measure the distribution of backlight
luminance of display. Therefore, we concentrate on a single
edge-lit LED backlight LCD system. Unfortunately, however,
since at present mobile devices do not support controlling the
power of each LED individually, we measure the distribution of
backlight luminance with the same power for all LEDs using a
luminance meter. For example, if the power consumption of a
display is 50% of the maximum power, the power of all LEDs
is equally 50%.
The distributions of backlight luminance measured under dif-

ferent levels of power consumption are shown in Fig. 2. We can
see that the distributions of backlight luminance are almost flat
and that the luminance value decreases linearly as shown in the
ranges, corresponding to the reductions in power consumption.
The slightly bright values in the center area (comprising 15%
of the entire area) are caused by a reflection from the lens of
the luminance meter. The effect of this measure error will be
discussed in Section III-A. However, we do not know the exact
spreading pattern from a single LED because we cannot control
the power of each LED individually, as mentioned above, and
the resolution of the smartphone (1280 768) is different from
that of the luminance meter (490 490). Therefore, we develop
three types of LSFs to model the light spreading patterns from
an LED and fit them to the measured distribution of backlight
luminance to determine and use a model suitable to the simula-
tion of the proposed local dimming algorithm.
Examples of backlight distributions by the three LSFs mod-

eled from three different patterns are shown in Fig. 3. We as-
sume that there are three LEDs in the LCD panel on the left
side and that they each have different power in order to demon-
strate the differences in each pattern clearly. The first pattern
is one where if an LED turns on, overall distribution of back-
light luminance is almost the same (LSF 1). The LSF for this
pattern is modeled as the normalized power consumption for all
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Fig. 3. Examples of backlight distributions by three LSFs modeled from three
patterns with three LEDs. (a) LSF 1. (b) LSF 2. (c) LSF 3 (proposed).

pixels. We can expect that this pattern works like global dim-
ming. The second pattern is one where if an LED turns on, the
light is spread fanwise (LSF 2).Wemodel this pattern to the LSF
using a decaying Butterworth function [35]. The last pattern is
one where if an LED turns on, the light is spread in a straight for-
ward direction without attenuation (LSF 3). We propose a new
model of an LSF for this pattern by utilizing a sigmoid function
to prevent the discontinuity of the distribution of backlight lumi-
nance by the differences in power between neighboring LEDs.
The proposed LSF, called LSF 3, can be expressed as

(4)

where controls the slope of the sigmoid function and de-
notes the width of the light spread. The function represents
the position at the main axis and is the position of the -th
LED. The main axis is defined as the axis where the LED ex-
ists. In Fig. 3(c), for instance, the main axis is the vertical axis
because the LED is on the vertical line, and thus the values of
the vertical axis are different by and , but the values of the
horizontal axis are the same.
We fit these three LSFs to the measured distribution of back-

light luminance to determine which LSF is suitable for the single
edge-lit LED backlight.

B. Proposed Backlight Dimming Algorithm

In the proposed backlight local dimming method, an allow-
able distortion is defined as the difference between the dis-
played images before and after dimming. If the value is getting
smaller, the displayed image after dimming will be closer to that
from before dimming, but more power will be needed. Our ap-
proach is to minimize the power consumption of LEDs under
the constraint that the root mean square error of the distortion
caused after backlight dimming is less than or equal to the al-
lowable distortion . The inequality constraint in the proposed
model denotes that the relative error in each pixel is less than
the allowable distortion we set. Our approach can be written
as

(5)

where is the set of positions for sampled pixels and is
the number of sampled pixels. The set represents one of the

RGB components as explained in (2). It should be noted that all
pixels in the image can be used for the constraint, but to reduce
the computations, the pixels in an image are uniformly sampled
in the current implementation. A reference image
is defined as the product of the original image and the
brightness of a device with a value of , given
by a user, representing the brightness of uniform backlight lu-
minance for all pixels. The resulting displayed image
after dimming with is given by the product of the compen-
sated image and the backlight luminance . Thus
we obtain

(6)
(7)

The compensated image is calculated pixel by pixel from
the reference image using the backlight luminance because the
LSF can exhibit a non-uniform pattern and the power of each
LED is different. Also, the pixel values in the compensated
image cannot be over the maximum normalized value because
they are also converted to the LC transmittance, like the orig-
inal image in (2). The case in which the compensated value in a
pixel is over the maximum normalized value is when the pixel
value of the reference image is higher than that of the backlight
luminance by , and the distortion occurs at this pixel. This can
be written as follows:

if
otherwise. (8)

In (8), since the pixel values in a reference image are fixed,
the backlight luminance is affected by the power ,
and this leads to the changing of both and . An
example of the relationship between the compensated value and
the resulting displayed value at a pixel corresponding to the
backlight luminance is shown in Fig. 4.
We can see that if the backlight luminance value

at a pixel is lower than the reference value ,
the compensated value is saturated and the resulting displayed
value is the same as the backlight luminance value. Therefore,
the distortion occurs at this pixel. However, when a backlight
luminance value is brighter than a reference value, the com-
pensated value cannot be over the maximum normalized value,
and the resulting displayed value is the same as the reference
value. If there is no distortion after dimming, for instance, the
resulting displayed image should be same as the ref-
erence image.
As the proposed model is an inequality constraint problem,

we can formulate this optimization problem (5) using the La-
grangian, and there exist the optimal values for and from
the Kuhn-Tucker condition [36], which is composed of the gra-
dient equations and the complementary conditions to yield (9),
shown at the bottom of the next page. Note that we removed
the normalization factor and square root in the inequality con-
straint for computational convenience and that we can obtain
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Fig. 4. Examples of the values corresponding to the backlight luminance at a pixel with a reference value of 0.3. (a) Compensated value. (b) Resulting displayed
value.

nonlinear equations from (9). The first equa-
tions are from the gradient equations in the first line of (9), as
given by (10), shown at the bottom of the page, where

if
otherwise (11)

and represents the LSF for the -th LED, as shown in (3).
The reason that the derivative value in (11) is split is that the
resulting displayed value in (7) is affected by the compensated
value calculated in (8). If the derivative value is determined to
be 0, there is no distortion in a color component at a pixel .
The th equation of is from the complementary
condition in the second line of (9) and given by (12), shown at
the bottom of the page.
To solve these nonlinear equations, we can use the following

minimization problem:

(13)

Then, we solve this using the steepest descent method [37]
since it works well in our experiments and is computationally

more efficient than Newton's method. Thus, and are itera-
tively updated as

(14)

(15)

where is the number of iterations and is the step size de-
scending to the minimum value. The value becomes small
during the iteration process. The value is used to change
the gradient of to a unit vector:

(16)

The iteration stops when the changes in values are smaller
than a given number and the resulting representing the
power of each LED becomes the optimal solution for (13). For
all the pixels in the image, the optimized power is applied
to calculate the backlight luminance using (3), and then the
compensated image is also calculated using (8).
To solve (13) using the steepest descent method, the initial

power of LEDs is determined by dividing the reference image

(9)

(10)

(12)
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into blocks and computing the histograms of the whole image
and each block

(17)
where is the initial power of the -th LED, is the number
of LEDs, and are global and local luminance histograms,
respectively, and and are the pixel values that have the
most probable luminance values in the entire image and local
block, respectively. Therefore, and represent
the probability at the most probable pixel value and , re-
spectively. Also, the initial power of LEDs is determined to be
the same value by using the weighted sum of luminance among
each local block around an LED and the entire image.

III. EXPERIMENTAL RESULTS
To more easily evaluate and compare the proposed algorithm

with previous methods, we developed a simulation tool using
Visual Studio 2008 and Matlab on the PC environment of Mi-
crosoft Windows 7 with Intel Core i7, 2.93 Ghz. In the simula-
tion tool, we can set some configurations such as the displaying
resolution, the number of LEDs, and the shape ofmodeled LSFs.
We also collected 200 images as the test image set for the per-
formance evaluation, where more than half of the 200 test im-
ages were from widely used standard test images [38]–[41] and
others were the images we captured from the display screens
of smartphones. The image resolution was 1280 768, and the
number of LEDs was set to 10. Also, the user-defined brightness
of the device was set to 1.0.
To evaluate performance, we calculated the average power

consumption for the test image set after backlight local dimming
as follows:

(18)

where is the number of images in the test image set and
is the power of the -th LED at the -th image. Also, we cal-
culated the average PSNR for the test image set to compare the
distortion to the previous methods and this can be expressed as
follows:

(19)

where denotes the mean square error (MSE) value at
the -th image. When we calculated PSNR, we compared the
resulting displayed image to the reference image in the simula-
tion tool.

A. Comparison of Fitting Errors for Modeled LSFs
We designed three LSFs to present the backlight spreading

patterns from an LED, as mentioned in Section II-A. The three

TABLE I
FITTING ERROR OF LSFS FOR MEASURED BACKLIGHT LUMINANCE

LSFs were fitted to themeasured distribution of the backlight lu-
minance from the commercially available smartphone with 50%
of power to all LEDs. However, since the measure errors oc-
curred near the center area, as described in the previous section,
we attempted to check the effect of the measure error indirectly
in the following manner—we selected the best LSF model by
fitting the LSF models to the same measured backlight distri-
bution in three ways: i) to the original measured distribution; ii)
to the original measured distribution, except the center area; and
iii) to the measured distribution whose values near the center are
subtracted by a Gaussian distribution fitted to the center area of
the measured distribution. We obtained the same results for all
three cases of selecting the best LSF in terms of fitting errors,
and thus we expect that the measured distribution with error
does not greatly change the result of choosing the best or most
suitable LSF. Table I shows the result of the fitting error of the
three LSFs for the original measured distribution. The fitting
error was measured from the MSE. Among the three LSFs, LSF
1 and 3 had the same fitting errors because they have the same
distribution of backlight luminance at the same power for all
LEDs. However, the LSF 1 is not suitable for the local dimming
because it works like global dimming. For the LSF 2, which had
the highest fitting error, the luminance on the center area was
bright from the superposition of the lights from many LEDs. On
the other hand, the luminance on the corner of the display was
relatively darker than that of the center area because the number
of influencing LEDs is small. Therefore, it was not easy to fit
this model to the measured backlight luminance. For the LSF 3,
an LED covers the narrow area on the backlight surface, and a
pixel is influenced by the smaller number of LEDs. Also, the fit-
ting error was small. Therefore, the effect of local dimming by
the LSF 3 could be increased, and we simulated the proposed
local dimming algorithm based on the LSF 3 to compare it with
other methods.

B. Performance Comparison of Backlight Dimming

We compared the proposed method to Lai's method [14],
Cho's method [19], Zhang's method [21], and Burini's methods
[32], [33]. Although the method of [14] is a global dimming
method, we applied this method independently to each of the
blocks obtained by dividing the entire display by the number
of LEDs in order to operate it as a local dimming method for
fair comparison. The value of the fixed weight factor in [32]
and [33] was set from 100 to 800, and the value of allowable
distortion in the proposed method was set from 0.05 to 0.3,
experimentally. Also, to reduce the computational time for
the proposed method and the methods of [32] and [33], we
sampled the pixels in an image every four pixels uniformly in
both the horizontal and vertical direction. The LSF 3 was used
to compare the performance of the local dimming as written in
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Fig. 5. Comparison of the average PSNR performances for the test image set.

Section II-A. In other words, if an LED turns on, the light is
spread in a straight forward direction without attenuation.
As mentioned in the previous section, since mobile devices

at present do not support controlling the power of each LED
individually, it is not certain whether the expected LSF from
the measured data is exactly matched to the spreading pattern
of a single LED in the device we measured. Therefore, instead
of experimenting in the actual environment, we performed the
backlight local dimming methods and compared the results in
the simulation environment.
Fig. 5 shows the result of the average PSNR for the test data

set with average power consumption. In the result, the proposed
method had a higher average PSNR than the previous methods
over 40 dB, which is the level at which people cannot easily per-
ceive distortion when the average power consumption is sim-
ilar. In other words, if the average PSNR is the same, we can
reduce the power consumption more. The methods of [32] and
[33] yielded very similar results because of their similar formu-
lation, with the exception of the number of variables. Also, in
the results of the methods of [32] and [33], the performances
were poor, especially for the images that have a small number
of bright pixels with a dark background, because the algorithm
determines very low power consumption and many distorted
pixels were shown in the resulting displayed image. Other pre-
vious methods yielded poorer performance because they heuris-
tically compute the power consumption using a luminance his-
togram [14] or low-level features such as the average and max-
imum luminance pixel values [19], [21] without solving opti-
mization problems.
Also, the result for the worst PSNR in the test image set is

shown in Fig. 6. The worst PSNR is defined as the lowest PSNR
of the resulting displayed image in the test image set. The result
shows that the proposed method had better performance than
the heuristic methods [14], [19], [21] and also yielded at least
a 2 dB-higher PSNR in the worst case compared with [32] and
[33]. This shows that the proposed method possesses less risk
of large image-dependent performance degradation than with
the methods of [32] and [33]. If the weight factor in [32] and
[33] is adjusted to increase the worst PSNR to that of the result
of the proposed method, at least 2% more power will be con-
sumed, as shown in Fig. 6. We could see this better when we
compared the distribution of PSNR for the test images under

Fig. 6. Comparison of the worst PSNR performances for the test image set.

Fig. 7. Comparison of the distribution of PSNR for the test images under the
condition of similar average power consumption.

the condition of a similar average power consumption, as shown
in Fig. 7. The three heuristic methods [14], [19], [21], were ex-
cluded because the average power consumption is not adjustable
with these methods. In the methods of [32] and [33], there were
low PSNRs for the images whose backgroundswere dark. These
images had low power consumption and a high amount of dis-
tortion because the amount of distortion could not be controlled
adaptively with a fixed weight factor. On the other hand, since
the proposed method determined the power of LEDs with dis-
tortions under the allowed amount of distortion, the distribution
of PSNRs was more concentrated on the average PSNR. There-
fore, the image quality fluctuation with the proposed method
was smaller than with the methods of [32] and [33].
Fig. 8 shows two resulting displayed images (“Nightcity” and

“Kodim23”) from the test image set under the condition of a
similar average power consumption. Note that the percentage
under each image is the ratio of power consumption after dim-
ming compared with the original power consumption, which is
a user-defined brightness of the device . In the “Nightcity”
image in Fig. 8(a), the pixel values at the streetlights in the
red box were more distorted in previous methods than with the
proposed method, implying that the proposed method yielded
higher PSNR values under similar power consumption. In the
“Kodim23” image in Fig. 8(b), we could see the distortions,
where the color of the bird in the red box was different in the
results for [14], [19], and [21]. On the other hand, the results
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Fig. 8. Resulting displayed image comparison of two images under similar
average power consumption. (a) “Nightcity.” (b) “Kodim23.”

for [32] and [33] had a very high PSNR (over 55 dB) and the
power consumption was higher than with the proposed method.
However, we cannot perceive the distortion easily in the result
of the proposed method. Therefore, there is no need to have such
a high PSNR with high power consumption, and this shows that
the methods of [32] and [33] cannot control the amount of dis-
tortion better than the proposed method.
Table II shows the comparison of the computation times of

the backlight dimming. The average computation time of [32]
was too slow even though we sampled the pixels in an image
every four pixels in both the horizontal and vertical direction.
This is because the method uses so many variables and a high
number of iterations when the linear programming works. The
method of [33] had a much reduced computation time compared
with [32] because a smaller number of variables was used to
solve the optimization problem. Nevertheless, the method of
[33] was slower than the proposed method by three times be-
cause of the slow convergence rate during iteration. The other
previous methods were faster than the proposed method, but the

TABLE II
AVERAGE COMPUTATION TIME OF BACKLIGHT LOCAL DIMMING

performances of the power consumption and PSNR were poor,
as shown in Figs. 5 and 6.

IV. CONCLUSION
An efficient optimization-based backlight local dimming

method for edge-lit LED backlight LCDs is proposed to save
power consumption in mobile devices. The LSF is modeled
using the measurement of the distribution of backlight lumi-
nance, and the optimal power for each LED is determined
based on the steepest descent method under the inequality
constraint of the given allowable distortions in order to reduce
image quality fluctuations. The simulation results show that
the proposed method exhibits better performance than previous
methods at the unnoticeable level of the difference between the
displayed images before and after dimming, and that it reduces
the risk of large performance degradations for some images.
Also, if the power of each LED can be controlled individually,
the proposed method can be used not only in the edge-lit LED
backlight, but also in the direct-lit LED backlight because
it only requires the position of the LEDs and the modeling
information of LSF in LED-backlit LCDs.
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