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Abstract—With the increasing variety of mobile applications, redudng
the energy consumption of mobile devices is a major challemgin sus-
taining multimedia streaming applications. This paper expores backlight
scaling, which is deemed a promising technical solution. Ft, we model
the problem as a dynamic backlight scaling optimization prdolem. The
objective is to minimize the energy consumption of the baciht when
displaying a video stream without adversely impacting the ger’s visual
perception. Then, we propose a dynamic-programming algothm to solve
the fundamental problem and prove its optimality in terms of energy
savings. Finally, based on the algorithm, we consider impitaentation
issues. We have also developed a prototype implementationtégrated
with existing video streaming services to validate the praticability of
the approach. The results of experiments conducted to demsirate the
efficacy of the proposed algorithm are very encouraging.

Index Terms—Energy-efficient optimization, dynamic backlight scal-
ing, multimedia streaming applications, mobile devices

. INTRODUCTION

of the human visual systeris exploited by the approach in [16], so
that the incurred image distortion is confined to a tolerabhteshold
and does not affect the clarity of the display significantfgrious
image compensation techniquesg., [10], [11], [13], have also been
proposed to further dim the backlight. They compensatehi@image
distortion through image pixel transformation and furtheduce the
energy consumption at the same time. These techniquesnile¢cthe
dimmest backlight level for a single image and provide a tation
for exploring dynamic backlight scaling optimization ingtpaper.

A video stream comprises a series of image frames. An inéuiti
way to reduce energy consumption is to treat a video stream as
a collection of images and dynamically change the backligiht
applying backlight scaling techniques to each image framakvid-
ually [7], [18]. However, in most video applications, themahest
backlight level may vary significantly across consecutiearfes [11],
so changing the backlight dynamically over a number of framey

Advances in information and communications technologyehayesult in flickering effects [15]. To resolve the issue, sapproaches

increased the popularity of mobile devices. This in turn @tivating

the development of a growing number of mobile applicationd a

services, which are having a profound effect on people&stifies.
However, reducing the energy consumption of mobile devibes
utilize the mobile applications is a major challenge. Rectadies
on mobile user activity indicated that the backlight usedltmninate
the display subsystem consumes most of the energy; thusoulds
receive the most attention with respect to improving enefigiency
[19], [20]. Mobile users are becoming increasingly addict®
multimedia streaming applications, such as YouTube [61 #me
ability to disseminate videos via social network commuasitiike
Facebook [3]. A recent report [12] forecast that mobile daadfic
will double every year in the coming few years, and videoastring

determine the backlight level for an image frame by consgider
the preceding frame’s pixel values and backlight level [1]4F].
The drawback of this strategy is that switching the backlighel
frequently may introduce inter-frame brightness distort[9]. Fur-
thermore, the hardware and software require some time th ezl
adjust the backlight, so it is necessary to reduce the frexyuef
backlight switching [17]. To this end, the approach in [1Tpups
the image frames of a video and determines a common backlight
level for each group. As a result, the backlight of a scene bmy
changed suddenly if the frames comprising the scene ariiqaet
into different groups. In contrast, the approach in [9] gizs the
number of backlight levels to eliminate small backlight fluations
during a scene and, thereby prevents frequent backlighmgetsa The

will account for almost 66 percent of the traffic by 2014 sucHrawbacks of existing heuristics result primarily from efetining

usage behavior will lead to a significant increase in the gner

consumption of mobile devices, especially with the stroagand for

larger, higher-resolution screens. This observationvastus to study
dynamic backlight scalinfor multimedia streaming applications on

mobile devices.

The display subsystem needs to stay in active mode for as lon

as the video stream is displayed; thus, a sensible way taecthe
energy consumption is to dim the backlight. However, thiy read
to image distortion, which is normally defined as the resemdz
between the original video image and the backlight-scafedge
[9], [21]. For example, thestructural similarity index[22], a metric
specially designed to comply with the perception of the hurage,

is widely used to assess distortion. In recent years, a nurobe
effective backlight scaling techniquelsave been developed to limit

the distortion and/or maintain the fidelity of a single imaghen

the backlight is dimmed. In particular, thest noticeable differende

1This represents the minimum amount by which the stimulienisity must

be changed in order to produce a noticeable variation incsgrexperience.

the backlight level of each image frame based on its adjdcamtes
(and itself), instead of having an overall consideratioseobon all the
frames in a video. Approaches based on heuristic or empgiodies
cannot provide a rigid theoretic framework for dynamic Bk
scaling optimization.

dn this paper, we focus on minimizing the energy consumption
incurred by the backlight for multimedia streaming apgiimas on
mobile devices, without adversely impacting the user'siaigercep-
tion. The contributions of this study are as follows. Fixgg model
the problem of dynamic backlight scaling optimization tiraposes
two scaling constraints on the backlight changes over infiegaes.
Second, we propose an algorithm based on dynamic progragrimin
solve the fundamental problem. The solution involves deiging the
appropriate backlight levels for image frames without &iolg the
scaling constraints. We prove that the algorithm is optimatrms of
energy savings when the energy consumption is a monotonatifun
of the backlight levels. Third, we discuss technical impbetation
issues that arise from incorporating the proposed algurithto
existing video streaming services, such as YouTube. We hs®@



developed a prototype implementation (comprised of anirmn-|
backlight server and a mobile application program) basedrairoid
smartphones [1] to demonstrate the efficacy of the propdgeditaim
and validate the practicability of the approach studiedhis tvork.

When the program is installed, an Android smartphone of HTC

Desire [4] can achieve a significant energy reduction whemwsing

video streams on YouTube [6], but users are not aware thatrdiyn
backlight scaling is being applied. Finally, we conductesedes of
experiments and compared the proposed algorithm with aistieur

revised based on the approach proposed in [17]. The expetame

results provide further insights into dynamic backlightlgty on
mobile devices for multimedia streaming applications.

The remainder of this paper is organized as follows: Section

describes the system model and defines the problem. In 8détio
we propose an optimal algorithm to solve the problem. IniSedy/,
we discuss some system implementations. The experimestalts
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the increasing slopes may change within different rangdmoklight
levels. Various stepwise functions have been used to desizae the

are reported in Section V. Section VI contains some conolydi power models of display subsystems [13], [15], [16]. Figlirghows

remarks.

Il. SYSTEM MODEL AND PROBLEM DEFINITION

In this section, we present the respective scaling comssrahat
limit the dimmest backlight level of each image frame andrtiigi-
mum time period (duration) between two adjacent backlidgisinges.

the power model measured from an Android smartphone of HTC

Desire [4] in practice, as well as the models approximatedin®ar
and stepwise functions. In this paper, we make no assumpbont
the power model to which the proposed algorithm can be applie
However, we prove that the algorithm is optimal in terms oérey
saving if the energy consumption increases monotonicaith e

We also introduce the power model and define the fundamenf)%lcklight level.

problem.

A streaming video comprises a series of image frames disglay
succession at a constant rate. Each image frame is reprdseyta
grid of pixels. Theperceptual luminance intensitf a pixel shown on
a display panel is proportional to the product of Haeklight leveland

the pixel luminancé [11], [17]. The pixel luminance does not have

a noticeable impact on the energy consumption, but the iogutkl
level is a decisive factor. Therefore, dimming the bacKli¢dvel
while compensating for the loss of the perceptual luminantmnsity
by increasing the pixel luminance is considered an effectsay to

Scaling down the backlight will save energy; however, it ldou
affect the user’s visual experience if appropriate badtikligvels are
not applied to the image frames. Thus, our objective is terdgne
an appropriate backlight level for each image frame such tiia
total energy consumption of the backlight is minimized. Appiag
of a given set of image frames to the available backlightl&eym
the range 0 to 1) is called assignmentAn assignment iseasible
if two conditions are satisfied: (1) the backlight level apglto any
image frame is no lower than the frame’s critical backligduel; and
(2) the number of image frames between any two backlight gésn

save energy in mobile devices. A number of techniques haee b‘?s not less than a specified number. Next, we formally defire th

proposed to limitimage distortion and/or maintain imagelffig, e.g.,
[10], [11], [13], [16]. In this paper, we simply assume thatk image
frame is associated with eritical backlight levelthat represents its
dimmest backlight level (determined by the above techrsjjuand
treat the critical backlight level as a scaling constraint.

A display subsystem relies on a light source to illuminate th

display from behind. Although the light source is usuallypable
of adjusting the luminance levels, it may not be able to adjne
backlight for every frame because it takes some time to rdact
addition, frequent switching of the backlight may introduinter-
frame brightness distortion [9]. Thus, there needs to be ranmim
duration between consecutive changes in backlight levVéésdefine
another scaling constraint that requires the adjusted lightKevel
resulting from each backlight change to remain the same éerin
number of subsequent image frames. For ease of presentat@on
map the backlight levels into corresponding dimming valaes!
normalize them in the range 0 to 1, with O representing no Ik
and 1 representing the full backlight.

The energy consumed by a display subsystem is dominated

problem:

The Dynamic Backlight Scaling Optimization Problem

Instance A set of N image framesF' = {fi, f2,..., fn }, where
each framef; is associated with a critical backlight leve(i); a
minimum duration ofd frames for a backlight change; and a power
model P(), which represents the relation between the backlight $evel
and the energy consumption.

Objective A feasible assignment such that the total energy
consumptionzil\;1 P(o(i)) is minimized.

I1l. DYNAMIC BACKLIGHT SCALING OPTIMIZATION
A. Algorithm Description

In this section, we present a dynamic-programming algorigmd
its polynomial-time implementation to solve the dynamicidigght
scaling optimization problem. The algorithm is based onréwairsive
formula given in Equation (1). LeE(:) be the minimum energy

uired to display the first image frames without violating the

the backlight level. Some studies simply assume that theggne scajing constraints, provided that a backlight change lswad at

consumption is linearly proportional to the backlight lesad model
the relation with liner functions [8], [9]. However, as obged in [11],
although the energy consumption increases with the bduklayel,

2A pixel's luminance is an 8-bit value between 0 and 255. It barderived

frame f; 1. For ease of presentation, we introdutank framesand
append them to the given image frame set. The critical bgluklevel
of a blank frame is set at 0, i.ec(i) = 0, Vi > N. It is assumed
that the blank frames do not consume any energy regardlegee of

by converting its RGB values to the YCr coordinate space with standard backlight levels applied to them. We delineate two posstiases of

conversion functions [17].

Equation (1):



V1<k<i @

min  {F(j) + (min(é, N) — min(j, N)) x P( max c(k))}, otherwise.

i X P( max c(k)), if 1<i<d,
E(@) =
v1<j<i—d Vi<k<i

»
>

frames, f1, f2, ..., fi, the same backlight Iev@ni%ﬁ c(k). Because
1 7

E(J) (i) x P(max c(k)) —| we have to examinéV table entries at most, and each examination
| takes constant tim& (1) (refer to the following time complexity
l _J— analysis), the construction of a feasible assignmeriiased onS
= R T can be completed i () time.

Backlight levels

Optimal —— - I [ - S
Critical - - - - [ -

Algorithm  1:
Input: A frame setF with an association functior(), a minimum
durationd, and a power modefP()
F|g 2. An illustration of the dynamic.programming formula Output: The minimum energy Consumption for a feasible aSSignment
g
(1) f1<i<d, thenE(:)is setati x P( max c(k)). That fori—1t0oN+d—1do
V1<k<: S[Z] — 00

\/
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is, thei frames are provided with a common backlight level,
which is equal to the maximum of their critical backlight o, E(N+d—1)
levels.
(2) Otherwise, ifi > d, suppose that the last— j frames are Procedure E(3)
assigned the same backlight level. Because any frgme  if S[i] < oo then
vk > N, is a blank frame that does not consume any energy, réturn Sli]
we should only considemin(i, N) — min(j, N) frames  endif
when computing the energy consumption of thej frames. ' 1 < @< d then
The minimum energy consumption of the firsframes is Slil =i P( max _c(k))}
E(j), provided that a backlight change is allowed at frame else

fi+1. Thus, the total energy consumption of thérames St min_ {BG)+min, N)—min(j, N))x P( max - c(k))}
is E(j) + (min(é, N) — min(j, N)) x P( max c(k)),as endif B
Jisks< return  S[i]

shown by the example in Figure 2. Note that after the
backlight level is changed, it must remain at that level for &3 properties
leastd frames. To ensure that the backlight can be changed
at frame f; 11, the possiblej values must be in the range
1 to ¢ — d. By considering all of themE(:) is set as the
minimum energy consumption.

The objective is to deriveE(N + d — 1). Note that thed — 1

blank frames consume no energy, and are introduced to rekax Proof. It is assumed that < N; otherwise, the trivial case is solvable
presupposition that the last frames of theN frames have the in O(NN) time. The time complexity of the implementation depends
same backlight level. Consequentlly(N + d — 1) is equal to the on the number of table entries and the time required to detiee
minimum energy required to display the original image frames solution to a subproblem. The table contaidéN) entries, each of
without violating the scaling constraints. which is initialized and stored with the solution to the esponding
Algorithm 1 implements the dynamic-programming formula resubproblem once. The solution to each subprohiefi) is derived by
cursively. Once derived, the solution to each subproblEfi) is referring toi—d (which is less tharV) preceding entries sequentially.
stored in a corresponding entry in a one-dimensional tabléAt  When an entryS[j] is referred to, computing a possible solution
the beginning of the algorithm, each table entry is initiedl asco  to E(i) takesO(1) time. Note that max c(k) can be determined
to indicate that the corresponding subproblem has not bekeds . oo a‘;ij“?:_l and K
yet. Whenever Procedur&(i) is invoked, the procedure simply y i paringj ) ijlli}liﬁic( ),
returns the previously derived solution stored in tableyefifi] if the ~because the latter term has been determined when éfijry- 1]
entry has been updated. Otherwise, the solution to the shilgpn is Was referred to. Thus, deriving the solution to any subgobtakes
derived based on the presented dynamic-programming farmoti O(XV) time. In summary, tablé can be constructed i@(N?) time.
returned. After the entire table has been derived, a caoreipg 1
feasible assignment can be constructed by back tracing the table  Thaorem 1:Algorithm 1 is an optimum algorithm for the dynamic
based on the dynamic-programming formula as follows. Wdrbegoacklight scaling problem.
with the last table entry by setting an indéxas N + d — 1,

and examine each entry sequentially (frd#fi — d] to S[1]) until - proof The theorem follows directly from the correctness of the
we find an entryS[j] in which the stored value minimizes theqynamic-programming formul&(i). We prove the correctness of the
solution to subproblen¥(i). The i — j frames, fj+1, fj+2,- fis  formula by mathematical induction on the indexAs the induction

are assigned the same backlight 'e‘\ﬁ?gﬁic(k)- We then start pasis 1 < i < d, to ensure that a backlight change is allowed at frame

with the discovered entry by settingas j and repeat the above f;11, the firsti frames must be assigned the same level. SiA¢e
process recursively until < d. Finally, we assign the remaining is a monotonic function of the backlight levels, the minimenmergy

In the remainder of this section, we analyze the time conitylex
of Algorithm 1 and prove its optimality for the dynamic baigkit
scaling problem.

Lemma 1:The time complexity of Algorithm 1 i9)(N?).



consumption required to display thdrames isi x P(vngfi c(k)).
1<k<i
Thus, the formula is correct. For the induction hypothesigpose

that the formula is always correct for the fiisframes when < n.
We show that the formula is also correct for the finsframes.

Suppose that the last—j frames are assigned a common backlight

level. The minimum energy consumption required to displag t

n — j frames is(min(n, N) — min(j, N)) x P(vm%}é c(k)). Since
1< n

j < n, by the induction hypothesisi(j) is the minimum energy

consumption for the firsf frames, provided that a backlight change
is allowed at framef;1. Since the common level applied to the last
n — j frames is not subject to the backlight level assigned to &am

j, the total energy consumption of the frames is the sum of the
energy consumption of the firgtframes and that of the last — j

frames. To allow a backlight change at frarfie;1, we must ensure
thatn—j > d. This implies that all possiblg values are in the range
1 ton — d. By considering all of themFE/(n) is set as the minimum
energy consumption yielded. HencE(n) is the minimum energy

consumption of the firsk frames, provided that a backlight change

is allowed at framef,, 1. The theorem follows.

IV. IMPLEMENTATION ISSUES

In this section, we discuss some implementation issues that

arise when integrating the proposed algorithm with existiideo
streaming services. Determining the backlight assignrfard video
is computation-intensive; in particular, computing cati backlight
levels usually involves analyzing a large number of imageelgi
Thus, the energy consumption incurred by the computatiardco
easily negate the energy savings gained by the dynamic ightkl
scaling technique if the assignment is computed on mobiléces.
Consequentially, the primary principle is that a desigdaerver is
responsible for computing the critical backlight levelslannning the
proposed algorithm. We delineate two possible applicagimenarios.
First, if modification of the video content is allowed, thenss
determines the backlight assignment for the video and embisel
information in the corresponding headers of the image fmaine
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Fig. 3. Snapshots of the mobile application program

the wireless bandwidth is sufficient for video streamingwduld be
ideal if all the videos on streaming websites could be amalyn
advance, but doing so would be tremendously timing-consgrand
a huge storage space would be required. Hence, we analyzeaoist
popular videos on YouTube, and left the remainder to be aedipn
mand. To support on-demand video analysis, we have gmaklo
an application program that runs on Android mobile devices,
shown in Figure 3(a). When a user starts to play a video stream
on a smartphone with the program installed, the programssémel
video’s URL link to the backlight server. If there is no capending
backlight file, the server replies accordingly and star@lyming the
video to generate the corresponding backlight file. In tliseg the
video is played without dynamic backlight scaling, as shawigure
3(b). Conversely, if the server returns the correspondiagklight
file, the program adjusts the backlight dynamically acawgdio the
backlight file with the video being played on the smartphoag,
shown in Figure 3(c).

V. PERFORMANCEEVALUATION

advance. Then, when the video is displayed on a mobile devide Experimental Setup

the video player in the device simply adjusts the backlightel
according to the embedded information. In the second sicerthe
video content cannot be modified, so the server stores thdidpfatc
information in a corresponding text file (called thecklight filg

instead. When a video is to be displayed on a mobile device,

the corresponding backlight file is transmitted with theead The
concept is similar to that of subtitles in a video. In the fgsénario,
the video streaming provider, such as YouTube [6], coul@rmieine
the backlight assignments for the videos, while the secaetaio
could be developed as a value-added service of the Inteengts
provider like AT&T [2].

We have implemented a prototype system based on the second
scenarid. The prototype system includes an on-line backlight server

and a mobile application program based on the Android piatfo
[1]. The backlight server automatically uses the propodgdrihm

to analyze the videos on major video streaming websitesh Eac

derived backlight assignment is stored in a space-effié@mat and
associated with the corresponding video's URL link. Beeathe size
of a backlight file for a 15MB video (with a bit rate of 550-6%ijs)

Fig. 4. The experimental environment

To better understand the properties of, and gain insights, in

is usually less than 1 KB, it can be transmitted in no time whefiynamic backlight scaling for mobile streaming applicasio we

3The energy-saving service is not intended for all models alife devices,
but the popular ones and those needing the service. Howtbeeaccuracy of
the power model will only affect the amount of energy savedt, the visual
perception, so other device models could also benefit framebhnique.

evaluated the performance of the proposed algorithm viarakv
case studies. Any image compensation techdiqueild be used to

4When an image compensation technique is used, the videerjslaiecoder
must be modified to increase the pixel luminance when playidgos.



compute a video’s critical backlight levels. However, talexle the SSIM index was no less than 0.9.

energy reduction benefits from the adopted compensatidmitpee, In addition to the case studies, we compared the proposed alg
a simple image distortion metric should be employed. In thsec rithm, denoted aOPT, with a heuristic-based algorithm, denoted
studies, we adopted the structural similarity (SSIM) ind28] as as GOS when the SSIM index was set at 0.9 and the minimum
the image distortion metric because of its popularity imted studies duration was set at 10, 30, and 60. GOS is based on the concept
[7], [18]. The resultant SSIM index is a decimal value betwekand of groups of scenes utilized by the approach in [17]. It stavith

1, where the value 1 is only reachable in the case of two idainti a group ofd frames, and then adds subsequent frames until the
sets of data. Given a video stream, the critical backlighellef variance of the average luminosity exceeds a thresholdpideess is
each image frame was computed with respect to a specified SSidpeated until all frames have been grouped, and the frameach
index; then, the proposed algorithm was used to determaeptimal group are assigned the maximum of their critical backlightels.
assignment with respect to the critical backlight levelee Tmobile Following [17], the variation threshold was set at 40. We @dd
application program was installed on an Android smartplaftdTC ~ GOS for comparison because the minimum duration betweeangelsa
Desire [4], equipped with a 3.7-inch Super LCD display ssbsy. in backlight levels can be ensured by setting the minimunugisize.

The power model with 20 backlight levels is shown in Figurdrl.
the experimental environment, shown in Figure 4, one srharp
performed dynamic backlight scaling while the other did,rand ~ Figure 6 shows the impacts of the SSIM index on the energy
the energy consumption of their display subsystems was ureds Savings achieved by OPT. As expected, the energy savingsassed

by Power Monitors of Monsoon Solutions [5]. as the SSIM index decreased. The reason was that a smalletr SSI
index led to lower critical backlight levels. This in turn jed
more energy savings, because a feasible assignment wiplectes
to higher critical backlight levels was also feasible to déoveritical
backlight levels, but not vice versa. The results show tlihgn SSIM

= 0.9, OPT can achieve energy savings between 18% and 31%,
depending on the characteristics of videos. The percertbhgrergy

5| savings was more evident when a video’s critical backlighvels

! varied significantly, such as in the Need for Speed videos Tas

o because the significant variation meant a large number ottiigal

o o 1" i T backlight levels, which provided opportunities to dim thecklight.

. Interestingly, a video with a large number of static scesesh as

" BBC News, also benefited substantially from the dynamic ligiok
I T N scaling technique due to the difference between the full aitital

J backlight levels.

B. Experimental Results

\
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=
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Fig. 5. Snapshots and critical backlight levels of four asle 34
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We studied four videos with representative charactesstiamely,
Need for Speed, Avatar, M. Jackson MV, and BBC News, all of
which were found on YouTube. Figure 5 shows some snapshots of
the videos and the critical backlight levels when the SSiMein
was set at 0.9. Need for Speed, which is a typical advertisefoe
video games, comprises diverse scenes that demonstratmtines
high fidelity; thus, the critical backlight levels vary sificantly. . ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
Avatar is a characteristic trailer for sci-fi movies, so thighhfidelity 098 096 094 092 09 088 086 084 082 08
feature is also emphasized, but the consecutive scenemger| SSIM index
and more similar than those of game advertisements. M. dacks
MV is a classic performance of Michael Jackson with fantastage
effects. The critical backlight levels vary frequentlytlhe changes  Figure 7 shows the impacts of the minimum duration on thegner
are small. BBC News is a news video clip comprised of mainlgavings achieved by OPT. The energy savings generally afseleas
static scenes. The performance metric was the percentageeofy the minimum duration increased. This is because the saoldpace
savings achieved without adversely impacting the visuatemion. under a larger duration is a subset of that under a smallatidor We
We investigated the impacts of the SSIM index within the @@ to observed an interesting exception with the M. Jackson MVrwhe-
0.98 when the minimum duratiod, was set at 10 frames. The impact4. The phenomenon occurred because the video’s criticalligatk
of setting the minimum duration between 4 and 90 frames was alevels varied frequently, but the changes were small. Thiécking
investigated when the SSIM index was set at 0.9. The settwiege overhead, although almost negligible, could negate theggngain
based on the following observations. HTC Desire allows bglek if changing the backlight frequently only yielded margireiergy
changes up to 8 times per second, which corresponds to a mimimsavings. We also observed that the minimum duration affette
duration of 4 frames for 30 frame-per-second videos. Maoggoit  energy savings of the Need for Speed and Avatar videos signtfi;
was difficult to determine whether a video adopted our tegmi however, it did not have a significant impact on M. Jackson Mid a
when the SSIM index was no less than 0.8; and it was difficdlBBC News. The results imply that the first two videos contdire
to differentiatewhich of two videos adopted our techniqugew the large variety of scenes, each comprised of a few frames. firast,
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Fig. 6. Impacts of the SSIM index



the other two videos contained longer scenes with simildafcal prove that it is optimal in terms of energy savings when thergyn
backlight levels. In addition, as in the previous experitnéime more consumption increases monotonically with the backlighele To
diverse the critical backlight levels, the greater the gmesavings. validate the practicability of the approach, based on therahm, we
The results show that, wheh= 10, OPT can achieve energy savingimplemented a mobile application program and deployed &liggt
between 18% and 31%. This is similar to the result in Figureh@mw server that can be integrated with existing video streamsinyices.
SSIM = 0.9 because the same setting was used in both expésimeWith the program installed, an HTC Desire mobile phone [4iiewed
energy savings of 18-31% when browsing videos on YouTubg [6]
34 while users were not conscious of the dynamic backlightisgal

32} Need for Speed —x | technique. The efficacy of the proposed algorithm is morelesi
g 0 M. Jackson MV -0 when a video contains a large variety of scenes. In additothé
g 28 | above results, a series of experiments provided usefujhitsiinto
£ 6l dynamic backlight scaling for multimedia streaming apgticns on
E o | mobile devices.

2 2 g In the future, we will release the mobile application progrén
i 0l o ) 2 ~~~~~~~ g the Android Market [1] and seek feedback on its performamzbta
Bda SO B identify more issues in this research direction.
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