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Abstract— Battery lifetime enhancement is a critical design pa- ~ first attempt at battery-aware dynamic task scheduling.
rameter for mobile computing devices. Maximizing battery life- Dynamic task scheduling has been extensively investigated
time is a particularly difficult problem due to the non-linearity  jn the context of ideal power sources. Several of the algorithms
qf the batte_ry behavior a_nd its dgpendence on the characteris- [5], [6], [7], [8] operate in two phases: off-line phase (based
tics of the discharge profile. In this paper we address the prob- o0 \WCET or other execution time estimates) followed by an
lem of dynamic task scheduling with voltage scaling in a battery- online phase where the slack is greedily absorbed. The accu-

powered DVS system. The objective is to maximize the battery fthe offli . tisi dini6lb lovi
performance measured in terms of charge consumption during racy of the off-line assignment is increased in [6] by employing

execution of the tasks. We present a new battery-aware dynamic S€arch t_echnlqu_es., g [7] by using stochastic estimates gnq in
task scheduling algorithm, darEDF, based on an efficient slack [8] by using static timing analysis. The "average rate heuristic’
utilization scheme that employs dynamic speed setting of tasks Proposed in [9] is an online EDF algorithm which absorbs the
in run queue. We comparedarEDF with three state of the art  slack better than greedy algorithms by considering the speed
energy-efficient algorithms, IpfpSEDF, IppsEDF, IpSEH, with re-  requirements of all ready tasks. The on-line slack estimation
spect to battery performance and energy consumption. We show heuristic proposed for dynamic-priority task scheduling (e.qg.
that darEDF has better performance thanlpSEH (which has close  EDF) in [10] and fixed-priority task scheduling (e.g. RM) in

to optimal energy value), and has lower run-time complexity. [11] distribute the slack more evenly among tasks and have su-
perior performance. Better slack utilization is also achieved in
|. INTRODUCTION [8] by intra task scheduling.

Battery-operated portable devices are widely used in mobi}e Thls.pg_petr pfp?hsisha new ED.F based SCh%dg“?tg algorl;hm
computing and wireless communication applications. Maxio" perloTlr:: als S'tha as Tupen%r energy and ba ?m pertor-
mizing battery lifetime is the most important design metric fofnance. 'neaigoriinm employs a dynamic version ot the aver-

e rate heuristic first proposed in [9], and delays slack absorp-

such systems. This problem is quite challenging due to t S X .
non-linear behavior of the battery. Since the amount of eﬁ'—on’ resulting in better battery performance. The main contri-

ergy delivered by the battery depends on the discharge currfﬁwons Olf this work are: b d ic alaorith
profile [1], the battery life can be extended by controlling th 1) Deve o.pr:nent ?ff a new battery-aware %’”a.m'c algorithm,
discharge current level and shape. In this paper, we propoggrEDF' W't_ an e. icient spe(.adlsettlng mec qmsm. i

an approach based on modifying the discharge current profﬁ%) Comparison with three existing energy—efﬁment algorithms
of real time tasks during task scheduling on a DVS (DynamifPfPSEDF[12], IppsEDF[5], IPSEH10]) with respect to bat-

Voltage Scalable) processor such that the charge consumpt§fY Performance and energy consumptiatarEDF has bet-
during task execution is minimized. ter energy and battery performance th@®EH10] (which has

Task scheduling for DVS processors has been studied é)§a/-optimal energy performance [13]), and has lower run time

tensively in recent years. The model assumes that the procggmplexity compared ttpSEH

sor is connected to an infinite source of energy. Strategies that! "€ rest of the paper is organized as follows. The paper be-

have been developed to reduce the energy consumption of sis With preliminaries like system configuration, battery mod-
models do not work well for limited energy sources like batter€!S: i€ in Section II. In Section I1l, the new scheduling algo-
ies. Furthermore, batteries exhibit non-linear discharge behd{'™ is presented with a illustrative example. The simulation

ior that need to be exploited. results with random examples are described in Section IV. The

In recent years, there has been significant amount of woR@Per is concluded in Section V.

done in studying battery characteristics [1] and using these
characteristics to shape the discharge profile [2], [3]. All of Il. BACKGROUND
the earlier work on battery aware task scheduling ([2], [3], [4])

has been for static tasks where complete information about the

tasks is known apriori. To the best of our knowledge, this is the The system configuration for the battery-operated processor

*This research was funded in part by the NSF-S/IUCRC Center for Lovl\7mder consideration is described in Fig 1. The system consists

Power Electronics (Grant No. EEC-9523338), and by the NSF/IIUCRC cent&f One DVS processor driven by a single battery. The battery is
Connection One. used to power the processor through a DC-DC converter. The

System Level Configuration




DC-DC converter has an efficiengywhich is typically in the  B. Dynamic Scheduling AlgorithrdarEDF
range [0.8,0.9]. The efficiency= % whereV,,; and

att Vat B.1 Dynamic Average Rate
Ip.: are the battery voltage and current gr}doc andl,,,. are y 9

the processor voltage and current. Slack Forwarding : Slack forwarding is a derivative of bat-
' e Vs tery property 2, accor@ing to vyhich, it is better to make t.he
Battery . DC-DC ; Processor current profile decreasing with time. By not greedily absorbing
bat | Converter | Tproc the slack but letting the later tasks absorb it, this method results

in later tasks having a lower current. NTA (stretch to the arrival
of next task) used in the algorithipfps[12] is an example of
Throughout the paper, we assume that the change in voltaglack forwarding.
is always associated with a change in frequency. For a lorglack Lookahead : Because of the difference betwed® T
channel CMOS gate with threshold voltageand supply volt- and WCET, and the limitation of the number of possible
ageVyq, voltage scaling by a factor of causes the processorscaled voltage values, the amount of slack that is forwarded
currentl,,,,. to scale by a factor of*. Assume that the DC- maybe much higher than the absorption ability of the last task.
DC conversion efficiency) and the battery voltag®,..; are  This will cause increase in system idle time, which is neither
averaged constants for the duration of a task execution, thenergy efficient nor battery efficient (see property 1). In or-
the battery currenf,.; scales byys® [2]. Thus, scaling re- der to compensate for the lost slack, algoritims [5] applies
sults in a large drop in the battery load and leads to significagtobal scaling before NTA. As a result, slack is more evenly
maximization of the residual charge at the end of a task profilgistributed, and then NTA is used to absorbs the slack further.
Dynamic Average Rate : We combine the concepts in slack
B. Battery Model and Its Non-linear Properties forwarding and slack lookahead and propose a new task speed
In this work, we have considered a high-level accuratgtting algorithm called dynamic average rate. The speed set-
charge based model [14]. The model gives an analytical réng in traditional AVR @verage-rate heuristigsis given by
lationship between the current load, discharge time and thige summation of the densities (WCET/Period) of all live tasks
charge consumed due to the discharge. For a time-varyifg | our algorithm, AVR is modified to DARGynamic Aver-
load represented by a piecewise approximate fungtipnA: here the task density i dated wh h
Ap =ty —tg—1,ty <T,k=1,2.N}, the charge consump- age Ra& where the task density 1S updated wheneverne run
tion C in durationT’ is given by queue is chqnged. The density of a'llve task is not the original
N o (T —ty—AL) o FPmE(T—ty) value given in [9] but set to the residudlfC ET' divided by
o= Inixa+2) © " ) (1) residual available time (time before deadline). As a result, the
k=1 m=1 pom slack generated by the difference 4£T andW CET of the
(32 is related to the diffusion rate within the battery and capturgsrevious task is taken into the speed calculation of the current
its nonlinearity. In our simulations, we have used the Li-ioiask. Assume task is the active task (task instance executed

Fig. 1. System Level Configuration.

battery used in DUALFOIL[3] with3 = 0.273min~1/2. by processor at current time), its execution speed is given by
We evaluate the battery performance by its charge consump- '
tion. A lower value of charge consumption implies better bat- s(t;) = Z Residual WCET}, @)

tery behavior. dp —t;
There are several important properties of the battery with _ _
respect to voltage scaling that have been derived from the arydiere the rumueue includes all the task instances ready to

lytical model [2], [3]. Two of those properties have been useBe executed (arrival time passediesidual W CET}, is the

kerun_queue

here for developing the real-time scheduling heuristics. amount of WCET that is yet to be executed (a parameter that is
Property 1: Scaling voltage to absorb slack is more batteryquired for task preemptionjy, is absolute deadline of a task,
efficient than using the slack for battery recovery. t; is the start time of task.

Property 2: A decreasing current profile is battery-efficient. ~ DAR is battery-efficient in the following two ways: 1) It ab-
sorbs the slack as much as possible thereby resulting a lower

[1l. BATTERY-AWARE DYNAMIC TASK SCHEDULING battery load current. 2) Because of the difference between
o AET andWCET, the DAR speed setting for the tasks in a
A. Task Definition run queue is expected to result in a decreasing current profile.
In this paper, we consider periodic tasks in which the relativA detailed analysis is given in section B.4.
deadline of a task is equal to its period. We (%eto denote
the k—th periodic task in the task sef, ; is thei—th instance B.2 Dynamic Scheduling Algorithm darEDF
(released in thé—th period) of taskl;,. TaskT}, is associated
with the following parameters: the currehy, the arrival time
ar, the start time, the deadlinely, the periodP;, the worst
case execution tim&/C ETj,, and the actual execution time
AET,. WCET, and AET] is the required time when task is
run in the highest voltage.
The slack associated with a _task is due to two factors: (_JE?.3 Schedulability
the inherent slack due to the difference between the deadline
and theW C ET and (2) the slack generated due to the actualarEDF results in a feasible schedule if the task set is EDF-
execution time being less than the worst case execution time gehedulable. This is because the relative deadline of the peri-
slack due to workload variation. odic task equals the period and there is at most one instance of

The algorithm proposed in this papearEDF, uses DAR in
dynamic EDF scheduling. This algorithm consists of: (1) mov-
ing all released task into the run queue; (2) selecting the active
task and determining its speed by DAR; (3) executing the active
task. The flow chart ofiarEDF is given in Fig 2.



begin darEDF: TaskT; is selected as active task first because of its
L;—] earliest deadline. Its start timedg,, = 0, speed and scaled

—} Put released task into run queue task execution time fcﬂl are
/////i\"'\m\, Yes E
~—Fun queue is empiy?= 3. Residual WCET;
— $(t1y,,) = Z ——————— = w1 + W2 + W3 = Uedf
I No j=1 dj = tiga,
Put it to run queue ‘ Select active task by EDF‘ Ty, = S(tldar)71 x AET, = l";i; x AET,
!
Yes No . A i
e ! Execute active task by DAR speed ki TaskTy is selected as active task at timg, . = 71, when
~_finished? /l task Ty is finished. The task speed and scaled task execution
~ Yes //// New task ™~ No time are
t /\n\' dor activet}sl/(/\/—
~_ finished? .
— (ta )= z‘: Residual WCET; _  WCET, WCET;
. . . . s 2dar/ = P dj—tz . - dz—‘f‘l - d3—7‘1 .
Fig. 2. Flow chart of dynamic scheduling algorithm darEDF j=2 dar dar dar
T2, = S(th )71 X AETs = ( WCOET, + WCOET, )71 X AETS
. . o o d2 = Tige, 43 = Tig,,
each task in the run queue, gof the run queue tasks still sat-
isfies the feasibility condition. From the definition DAR, if TaskTs is started at3,,, = 71,,, + T2,,,, the task speed
we scale all the live tasks in the run queue by speeg) (see and scaled task execution time are
equation (2), then the run queue has utilizagios 1. However , & Residual_ WCOET, WCET
we only scale the active task, §0< 1, and the schedulability *(8g0r) = = dj =iy, ds—Tig, T,

condition still holds fordarEDF [15]. i

-1
T3dar:S(t3dar) XAETS:hSX(d37T1dar7T2daT)

B.4 Mathematical Analysis The total scaled execution time is

_The following analysis gives the relative performance COMPAr G, = hy x ds + (1 — hs) X (4ol x AETs + s(ta,,, )" x AETz)
ison of IpfpsEDF, IppsEDF and our algorithmdarEDF. The

comparison is with respect to slack utilization since larger the EXqor > E Xy, if we can proves(ta,,,.) < fedf-

slack utilization, lower the current and better the battery perfor-

. . . . . WCET, WCET;
mance. Comparing using charge consumption given in equa- s(t2gq,) = g g
. . dar dar
tion (1? is c_umbersome. _ _ 3 WCET, . WCET,
To simplify the proof (without loss of generality), we assume S &k x WOET, ' ds — pjs x WOBT,

there are 3 periodic taskg(, T», T3) with only one instance, wy X da ws X ds

and they are all released at time O, so all of them are in the g, = ok X wi X da + T o d +wa + w3 = pear
run queue. The parameters of a task include: deadlirie =

1,2,3,andd; < dy < ds), worst case execution tim& CET;, HencedarEDF has better slack utilization than both Algorithm

and actual execution timéET;. We definew, = W%i and IppsEDFand AlgorithmlpfpsEDF

hi = v, Wherew; is task density satisfying constraint gattery efficiency of darEDF : From the above analysis, we

Pedf = w1 +wa + w3 < 1,andh; < 1. can see that(ts,,.) < s(t1,,.) becauses(ts,, ) < peqr and
Lett;,,,, andr;,, . denote start time and scaled executiorg(tldw) = Jieqr- Similarly, we can show thak(ts, ) <

time of taski determined by Algorithnalg respectively . Our (¢, ). So the speed of the tasks in the run queue decreases

objective is to maximize the summation of scaled executiofith time. This results in a decreasing current profile. Note that

time EXaige = T1,10 20150 T Targe - algorithmslpfpsEDF, IppsEDF, IpSEH also result in a locally
We assume the DVS processor is continuously scalable. decreasing current profile.

IpfpsEDF: TasksT; andT; are executed at full speed, orify )
is scaled. The task start timg . and scaled execution time C. lllustrative Example

for each task are

pfps

Tirp fps We consider task$), T, T3, with P, = dj, given by 2 min,
by =Om, . = AETiits,, =7, . .7 — AET: 3 min and 6 min}/W CET given by 1 min, 1 min, 1 minAET
prps el el _l:”s dlp_”: given by 0.25 min, 0.25 min, 0.5 min respectively. The pro-
Bipspe = Tpgps ¥ Topspe Bipsps = 1o X (4 = toippp.) cessor used in the simulation is the StrongArm SA1100, which
The summation of scaled task execution time is has 11 frequency values range from 206.4MHz to 59MHz. The
voltage and current corresponding to 206.4MHz are 1.5V and
EXpfps = hg X d3 + (1 — h3) X (AET, + AET?) 237.8mA [16]

The voltage profiles generated BpfpsEDF, IpfpsEDF

IppsEDF: It scales all tasks based on the utilizatiogy ini- C .
tially, then scales task; further. The task start time and scaled,IpSEH darEDF are shown in Fig 6 along with the correspond-

task execution time is ing charge consumptio@’ and energy consumptioli. Note
thatdarEDF consumes the least charge and least energy.

1 —1
t1pps = 0,71 pps = Pegp X AET13t2,pps = T pps: T2;pps = Heqp X AET2;

tapps = Tiipps + T2yppe, T = ha X (ds — ty;ppo); IV. EXPERIMENTAL RESULTS
EXipps = ha X ds + (1 — ha) X p_g; X (AETy + AET)) o o
To evaluate the battery efficiency and energy efficiency of
EXipps > EXipfps because ofi.qr < 1, solppsEDFdoes the proposed algorithrdarEDF, we selected 3 existing algo-

better slack utilization compared lgfpsEDFE rithms: 1)IpfpsEDF[12] which implements slack forwarding;
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Fig. 3. Average CPU Charge Consumption Fig. 4. Average CPU Energy Consumption Fig. 5. Comparison of complexity in CPU time
& T e e ] (i) compared its performance with 3 competing algorithms,
U;L. ‘iiiiiiiiiiiliiiiiiiiliiiiiiiiliiiiiiiiiiiiiiiiii IpfpsEDF, IppsEDF, IpSEH with respect to charge consump-
0 3 n L tion and energy consumption. We found that the trends in
Y (9). non-DVS EDF schedulling ( C: 10095, E: 100%6) charge consumption are similar to the trends in energy con-
”;t. — I ........ I ........ T - sumption. For the Videophone benchmark run on StrongArm
o= . ) . n : ot SA1100, our algorithm has the best performance both in energy
v (b). Ipfps/lpps EDF scheduling ( C: 86.85%, E: 79.32% ) consumption and charge consumption. Furthermore, our algo-
rithm has much lower run-time complexity thipSEHwhich
p - | ¢ has been proven to have close to optimal energy saving [13].
u] 1 2 3 4 g G
¥ (c). IpSEH EDF scheduling ( C: 74.58%, E: 54.11%0 )
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