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Abstract. The management of energy consumption in battery-operated
embedded and pervasive systems is increasingly important in order to
extend battery lifetime or to increase the number of applications that
can use the system’s resources. Dynamic voltage and frequency scaling
(DVFS) has been introduced to trade off system performance with energy
consumption. For real-time applications, systems supporting DVFS have
to balance the achieved energy savings with the deadline constraints of
applications. Previous work has used periodic evaluation of an applica-
tion’s progress (e.g., with periodic checkpoints inserted into application
code at compile time) to decide if and how much to adjust the frequency
or voltage. Our approach builds on this prior work and addresses the
overheads associated with these solutions by replacing periodic check-
points with iterative checkpoint computations based on predicted best-,
average-, and worst-case execution times of real-time applications (e.g.,
obtained through compile-time analysis or profiling).

1 Introduction

Motivation. Energy management has become a central issue in the embedded
systems domain, where an increasing number of devices, including personal dig-
ital assistants, cell phones, medical equipment, and solar-powered systems, are
supported by rechargeable batteries. If applications have stringent requirements
for high performance or real-time guarantees, the energy consumption of these
devices has to be carefully balanced with the resource utilization and applica-
tion needs. Efficient energy management can result in reduced battery specifi-
cations (resulting in smaller and lighter devices), maximized battery lifetime,
and increased mission duration. Fortunately, embedded applications can take
advantage from a multitude of novel energy saving techniques. At the hardware
level, consider the StrongARM SA11xx processors, the Intel XScale 80200, or the
Transmeta Crusoe with LongRun, all of which support the run-time selection of
different frequency or voltage levels [10,14]. At the network level, wireless cards
and disks are built with support for multiple power modes, i.e., these devices can
be switched into a power-saving mode when idle [6]. Finally, at the application
level, energy-aware transcoding and adaptation techniques [12,17] reduce the
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computation or communication needs, and therefore, the energy requirements of
these applications. The energy management approach addressed in this paper
is the frequency and voltage scaling capabilities of modern mobile processors.
Consider a multimedia application in which a mobile device receives one or more
video and audio streams that have to be replayed with certain requirements for
constant rates and maximum jitter to ensure sufficient quality. This requires that
the device allocates sufficient processor and network resources to these applica-
tions. However, especially with wireless communications, it is likely that video
and audio frames will arrive in bursts, where the receiving device will buffer in-
coming data until their replay time has arrived. Based on the desired replay rate,
a deadline for the replay of each frame can be derived. If the CPU is not fully
utilized, frequency or voltage scaling can be used to slow down the execution of
the video and audio players, therefore reducing the energy consumption of the
device, while still ensuring the timely replay of video and audio.

Problem statement. Previous work has introduced approaches to dynamically
change the speed or voltage at different layers of an embedded system, e.g., as
compile-time tool or as operating system extension. These approaches predict
application run-time — e.g., from information collected through code analysis —
and compute a clock frequency or voltage accordingly. However, variations in the
run-time, caused by changes in the application behavior, input variables, or by
resource scarcity, can lead to mispredictions, resulting in missed deadlines or inef-
ficient energy management. Therefore, these approaches monitor the progress of
a real-time application, e.g., by inserting checkpoints [3] or hints [1] into the appli-
cation code or by comparing the progress to statistical application behavior [5].
As a result, speed or voltage are adjusted to compensate for these variations.
Our approach builds on this prior work and addresses the overheads associated
with these solutions, which stem from two sources: (a) cost of checkpointing and
progress evaluation and (b) cost of frequency and voltage adjustments. For exam-
ple, in the device used in this work, every time the clock frequency is adjusted,
all devices fed by it (e.g., LCD controller, DMA controller, serial controllers,
OS timer) ‘freeze’ for a duration of 150us and the subsequent synchronization
of memory requires up to 20ms. It is to expect that newer devices will reduce
these overheads, however, inefficient energy management approaches can lead
to a large number of frequency adjustments, e.g., a process running for 500ms
with run-time evaluations every 10ms could potentially experience 50 frequency
adjustments during its execution. Instead, the goal should be to minimize the
energy and time penalties caused by frequency adjustments, to maximize the
number of process deadlines met, and to maximize the energy savings achieved.
Simulations or models used in previous research fail to capture these significant
overheads of ‘real” hardware, therefore, in this paper we perform actual measure-
ments on a handheld device to capture the overheads associated with dynamic
frequency scaling. To control the overheads, we replace periodic checkpoints
with an approach that iteratively computes checkpoints based on the best-case
execution time (BCET), average-case execution time (ACET), and worst-case
execution time (WCET) of a real-time application. These times can be obtained
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through compile-time code analysis, or through off-line or on-line profiling. For
simplicity, we can estimate the average case with ACET = (WCET+BCET)/2.
At each checkpoint, the application progress is evaluated, a new clock frequency
or voltage is calculated and set if required, and a new checkpoint is computed.
This reduces the number of checkpoints and potential speed or voltage changes,
e.g., our results show that the number of frequency changes is reduced to about a
quarter for the experimental scenario used in this paper. This approach assumes
an embedded real-time system, where tasks execute until completion (e.g., using
an EDF scheduler). The approach introduced in this paper is evaluated with
an application from the scientific visualization domain. An embedded device re-
ceives visualization data in form of points and lines that are to be displayed.
Using profiling we derive a relationship between the number of lines in an image
and the application run-time for the best-, average-, and worst-case scenarios.

2 Dynamic Frequency Scaling for Real-Time Applications

Dynamic voltage and frequency scaling (DVFS) has been introduced to trade off
system performance (i.e., application execution time) with energy consumption.
While this paper focuses on frequency scaling, the approach introduced here is
similarly applicable to devices with voltage scaling capabilities. The processor
under consideration in this paper is a StrongARM SA1110 processor and the
device used in this work is a Compaq iPAQ H3870 handheld with 32MB RAM,
32MB Flash, and an Orinoco Gold 11Mbps wireless card. The processor supports
11 clock frequencies ranging from 59MHz to 206.4MHz in 14.7MHz steps, the
default frequency being 206.4MHz. The device runs the familiar Linux distri-
bution version 0.7.1 with a 2.4.19 kernel. Figure 1(a) compares the application
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Fig.1. (a) Application run-time and (b) device energy consumption as a function of
clock frequency.
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run-time of a simple test application (i.e., a for-loop with 107 iterations) at
11 different clock frequencies, showing how the application run-time increases
with lower frequencies. In contrast, Figure 1(b) shows the energy consumption
E(Joule) = Puetive * Tactive + Pidie * Tidre of the device for the same application,
where the shown energy is the sum of the ‘active’ period of the device (i.e.,
when an application is executed) and the ‘inactive’ or ‘idle’ period of the device
over a period of 3.09s (the execution time of the application at the lowest clock
frequency). For real-time applications it is important to select a clock frequency
that allows these applications to meet their deadlines. However, uncertainties in
application run-times (e.g., caused by variations in input data, the number of
interrupts, etc.) would require that clock frequencies are selected such that all
applications can meet their deadlines even for their worst-case execution times.
However, this pessimistic approach will not fully exploit the potential energy sav-
ings, particularly if average-case and worst-case executions vary greatly. Other
approaches, therefore, use dynamic evaluation of an application’s progress and
adjust the clock frequency if required, e.g., to speed up if the application is at risk
of missing its deadline or to slow down to ensure optimal energy savings if an ap-
plication is ‘faster’ than expected. Approaches such as profiling and compile-time
analysis [1,3,16] are used to predict and monitor the run-time of an application.
In [1, 3], the authors use checkpoints or hints at certain code locations to es-
timate the remaining execution time. However, frequent checkpoints can result
in significant overheads, caused by the frequent progress evaluation and by the
frequency changes. The goal of this paper is therefore to minimize the overheads
by delaying progress evaluations and frequency changes until the latest possible
times. Figure 2 compares the original periodic approach with the iterative ap-
proach introduced this work. In the original approach, checkpoints are placed at

Task Execution
original approach: Deadline
ERARERNERENERIN
Period Checkpoints
iter ative approach: L Deadline
| | | time

Fig. 2. Progress evaluation with checkpoints.

regular intervals, where at each checkpoint it is decided if and how to change the
clock frequency. In contrast, an iterative approach uses knowledge of best-case
and worst-case execution times to determine the latest possible time for progress



Efficient Frequency Scaling for Energy-Aware Real-Time Systems 5

evaluation. At this point, the clock frequency can be adjusted if required and a
new checkpoint, based on the remaining best- and worst-case execution times,
is calculated. The idea is that early progress evaluations (i.e., before the loca-
tion of the checkpoint computed in our approach) are unnecessary and only cause
overheads through frequent progress evaluations and frequency adjustments. For
example, variations in run-time detected by early checkpoints could result in fre-
quency changes that have to be reversed later on because of other variations.
Further, the accuracy of progress evaluation and frequency adjustments depend
on the accuracy of checkpoint placement, i.e., an error in checkpoint placement
could result in erroneous progress evaluations and undesired frequency switches.
With the iterative approach, the number of checkpoints are significantly reduced,
thereby reducing the negative effects of inaccuracies in progress feedback.

3 Iterative Checkpoint Computation

Assumptions and definitions. The basis of our approach is the knowledge of
the best-case execution time (BCET) and the worst-case execution time (WCET)
of a given real-time application. Approaches to obtain these numbers include
compile-time code analysis and profiling; the latter being used in this paper.
Further, the average-case execution time (ACET) of an application is used to
compute an appropriate clock frequency. ACET can be obtained in the same
manner BCET and WCET are obtained, however, for simplicity, we assume that
ACET is the arithmetic mean, i.e., ACET = (BCET + WCET)/2. The max-
imum deviation from the mean is then (WCET — BCET')/2, which we denote
as At. We assume that an application deadline T} is either expressed explicitly
(e.g., by the application) or derived from the application context, e.g., from the
replay rate of a video player. The processor supports multiple clock frequencies in
the range from f,in t0 finaz; through off-line measurements we can obtain a list
of scaling factors k.., to translate application run-times at one clock frequency
to application run-times at any other clock frequency. These scaling factors are
obtained by executing a sample application at all available clock frequencies and
measuring the run-times, i.e., a scaling factor expresses the ratio of the run-times
at two different clock frequencies. For example, an application run-time of 2s at
f1 and a scaling factor kg0 = 2 translates into a run-time of 2 % 2s = 4s at
frequency fs. In the remainder of this document, if not otherwise indicated, all
base times are assumed to be calculated for the default clock frequency fqz-

Frequency computation. The goal is to execute a given task P; with a known
deadline Ty at the lowest possible frequency, to allow it to approach the dead-
line as close as possible without missing it. The basis of our computations is
the average case, i.e., we determine the clock frequency to prolong application
execution assuming that the application will require the average-case execution
time (see Figure 3). Therefore, the frequency f, is determined such that the
following requirements are satisfied: (A) ACET oz * kmaze <= Ty and (B)
ACET oz * kmazw—1 > Ty. (A) determines that the average execution time
multiplied by the scaling factor kp,qz. (for the transition from f,q. to f.) is
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at most the deadline and (B) ensures that the selected frequency is the lowest
possible frequency that would not cause the application to miss its deadline,
assuming that the actual run-time will be ACET'. Since the clock frequency can

Power .
deadline Td

ACET at frequency fx

time

-

d

Fig. 3. Frequency selection for ACET.

only be selected at discrete steps, the application run-time ACET, (ACET at
the clock frequency f,) will result in the application finishing § time units before
the deadline Ty (6 >= 0). Algorithm 1 summarizes the frequency computa-

index = maxindex;
while (index > 0) do
if (ACET x factor[index] <= Td) then
| indexr — —;
else
if (index < maxindex) then
| index + +;
end
break;
end
end
set_clock (frequency[index]);
return frequency[index];

Algorithm 1: Frequency computation.

tion, where available clock frequencies and scaling factors are stored in tables
(“frequency’ and ‘factor’). The value of index indicates the currently chosen ta-
ble entries and thereby the clock frequency (fmin <= findez <= fmaz). The
algorithm is implemented as a function in a C library, which is linked by the
application. This algorithm is executed at the beginning of application execu-
tion, where the application passes the predicted average-case execution time and
the deadline as parameters. The outcome of this algorithm is the selected clock
frequency and the CPU clock is changed accordingly with the set_clock system
call, which is caught by a kernel-loadable module that performs the OS-level
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clock management tasks.

Checkpoint computation. Consider Figure 4, which shows the run-times of
process P; for both the best and the worst case, resulting in the task finishing
At + § time units before the deadline (best case) or At — ¢ time units after the
deadline (worst case). Since these are the both extremes (shortest and longest
paths through the application code), two checkpoints can be computed for these
two scenarios and the earlier one will be the first checkpoint for the evaluation
of the application progress. The remainder of this section shows how the best-
and worst-case execution times are used to determine the first checkpoint.

best case: . worst case: )
deadline Td deadline Td

BCETx WCETX
fx time fx time

At+d At

Fig. 4. Best case and worst case task run-times.

(a) Best case: In the best case scenario, an application will require BCET,
at clock frequency f,. Figure 5(a) shows the desired approach, i.e., the task
is executed as long as possible at frequency f, (for T, time units) and at a
certain — yet to be determined — checkpoint Cy, the frequency is switched to
fmin, allowing the application to finish as close as possible to the deadline, i.e.,
T, + Trin = T4. That means that — in the case the application requires BCET

BCETX ¢t T
A+
Cc1 Td fx ; time
fmin . AT
fx time x
Tx Tmin Tmin

Fig. 5. (a) Desired outcome of frequency selection for best case scenario and (b) check-
point computation.

— the first part of the task execution will occur at frequency f, (based on the
assumption the application will require ACET') and the remainder will occur
at fimin, the lowest possible clock frequency. Figure 5(b) shows that scenario,
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where ATy, is an unknown part of the task run-time BC ET,., which, if executed
at finin will satisfy the following equation:

This leads us further to the following formula:
AT, = (At +6)/ (kzimin — 1).

Then the first checkpoint (when to evaluate a task’s progress for the first time)
is computed with:

C, = BCET, — AT,.

(b) Worst case: In the worst case scenario, the task finishes after WCETy;
Figure 6(a) shows the desired approach for this case. The task is executed at clock

C2 Td
77777 -
c2  Td i ;
fx fmax o ATx
time
T Tmax Tmax

Fig. 6. (a) Desired outcome of frequency selection for the worst case scenario and (b)
checkpoint computation.

frequency f, as long as possible (for T, time units) and at a certain checkpoint
C5 (yet to be determined), the frequency is switched to fi,q. and the remainder
of the task will require T},q, time units, where T, 4+ Ty = T4. Again, this
means that a certain part of the task that would be executed at f, (AT)) now
has to be executed at fiq.. (see Figure 6(b)). We can establish that

Tmam = AT; * km:ma;ﬂ = ATQIC — At + d.

Or in words: an unknown time AT of task T;’s execution (measured at clock
frequency f,) will be executed at the highest possible clock frequency fpqz, such
that the deadline will be reached exactly (in the worst-case scenario). This leads
us to the following formula:

AT! = (0 — At) / (kgimaz — 1)-
The checkpoint is then computed as follows:

Cy = WCET, — AT,
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d = deadline — (ACET x factor|indez]);

kTmin = factor[mazxindex]/ factor[index];
kZmaz = factor[index]/(1 — factor[maxindex]);
Aty = ACET — BCET;

Aty = WCET — ACET;

dtx1 = (Atl — 5)/(kl’mln — 1);

dtzs = kTmae * (6 — At2);

C = MIN(BCET — dtz1, WCOET — dtz);
set_OS_timer(C);

return C;

Algorithm 2: Checkpoint computation.

The earliest of these two checkpoints is now the checkpoint C' where the
application progress will be evaluated for the first time:

O = min(C’l, 02)

Algorithm 2 summarizes the checkpoint computation, which is performed
after the clock frequency f, is determined. This function issues a system call,
set_OS_timer, which sets an interrupt service routine in the kernel that will be
executed once the timer expires. At timer expiration, an upcall into the library
is performed, where the application progress is then evaluated.

Progress counter. Each checkpoint is used to evaluate an application’s progress.
In addition to checkpoints, a compile-time tool must also insert frequent progress
hints into application code, to allow checkpoints to make predictions on the re-
maining run-time. The goal of this paper is to minimize the costly checkpoints
and frequency adjustments, assuming that the ‘hinting’ costs are negligible. At
compile-time, two different functions are inserted into the application code: (a)
a single call to the function init_progress_counter at the beginning of the ap-
plication, initializing a progress counter to a pre-determined value and (b) peri-
odic calls to a function called update_progress, where each call will decrement
the previously initialized value of the progress counter. The initial value of the
progress counter and the positions of the function calls are determined such
that the progress counter can give sufficient information of the status of the
application execution. At each checkpoint, the progress counter is used to eval-
uate the application’s progress. Different approaches for the placement of calls
to update_progress can be used, e.g., in [1], the authors use code analysis to
identify optimal locations of such calls. Here, calls are placed a few milliseconds
apart, details about this approach are beyond the topic of this paper. The cost
of each call is a few extra instructions for decrementing an integer value.

Iterative checkpoint computation. Once the first checkpoint has been com-
puted, the process is repeated in the following manner: we consider the remainder
of a task’s execution from the first checkpoint to the deadline. The previously
obtained execution times for the best-, average-, and worst-case scenarios are
adjusted to reflect the progress made and the new values are used to determine
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(a) if the clock frequency needs to be adjusted and (b) the location of the next
checkpoint. Algorithm 3 summarizes these steps, which are repeated until ei-

BCEThew = BCET, 14 * counterrem /countersiart;
ACEThew = ACETy 14 % counterrem [countersiart;
WCEThew = WCETq4 % counteryem /countersiart;
Tdnew = T'doia — current_time;

dt = Tdoriginal/Pcounter';

fy = call(algorithm 1);

Chrew = call(algorithm 2);

if (Chew < 2% dt) then

| Chew = dt;

end

if ((Chew +2#dt) > Td) then
| Chew = 0;

end

set_clock(fy);
if (Crew > 0) then
| set_OS_timer(Chrew);
end
return Chew;

Algorithm 3: Recursive frequency and checkpoint computation.

ther the value of the new checkpoint or the distance between the deadline and
the new checkpoint are smaller than twice dt, the interval between two consec-
utive calls to the function decrementing the progress counter. In the first case,
instead of computing new checkpoints, we simply evaluate the progress once per
dt and in the latter case we are sufficiently close to the deadline to terminate
the evaluation process.

4 Evaluation

Application profiling. The application under consideration is that of a sci-
entific visualization tool for mobile devices. Here, data streams contain graphic
objects in form of points and lines, which are then displayed and the pixels be-
tween end-points of a line are interpolated. The number of lines determines the
overheads in displaying the images. Each data frame received contains a header
indicating the number of lines in the frame. The relationship between the number
of lines and the application run-times has been determined with off-line profiling
and is shown in Figure 7(a). Using these results we are able to obtain functions
(e.g., with linear regression) to describe the run-times for the best case (7tpc),
the average case (rtq.), and the worst case (rt,.), where the number of lines is
indicated by num(l): rtp. = 2.82xnum(l)+650, rte. = 2.86xnum(l)+665, rty. =
2.90 * num(l) + 680.
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Fig. 7. (a) Scientific visualization application and (b) video decompression.

These results show that At = (WCET — BCET)/2 is almost independent
from the number of lines. We compare these results to the profiling results of
another application, a video decoder, shown in Figure 7(b). Here, the deviations
At increase with the size of the data. This increase can be explained with the
larger variation in data content for video streams, i.e., the decompression depends
not only on the data size but also on the image content. The resulting functions
are as follows, where size(d) is the size of the compressed data in kBytes: rty. =
9.54 x size(d) + 4.6, rtqa. = 10.98 x size(d) + 8.1, rty. = 12.42 x size(d) + 8.4.

The experiments are performed on the previously described Compaq iPAQ
handheld and the power measurements are performed with a Picotech ADC-100
PC oscilloscope (100kSamples/s, 2 channels, and 12 bit resolution).

Iterative checkpoint computation. The goal of the iterative checkpoint com-
putation approach introduced in this paper is to reduce the number of progress
evaluations of a running task and the number of frequency changes. Figure 8(a)
shows a snapshot of an approach with periodic progress evaluation, with a pe-
riod of 20ms between evaluations. This period has been carefully chosen, i.e.,
larger periods resulted in less frequency adjustments but more missed deadlines
due to the reduced ability for the approach to react to variations, particularly
close to the deadline. Smaller periods have resulted in larger overheads and more
frequency adjustments and therefore also missed the deadlines more frequently.
The arrows in Figure 8(a) indicate the times where the evaluation resulted in
a clock frequency adjustment, e.g., 10 times in the example shown here. Fur-
ther, due to the overheads caused by these frequent — and often unnecessary —
adjustments, the deadline (as indicated in the graph) is ultimately missed by
about 30ms. In contrast, Figure 8(b) shows a snapshot of the same application,
this time with the iterative checkpoint computation. The first checkpoint is after
about 30% of task execution, the second one after 50%, etc., resulting in 5 check-
points, each of which results in a frequency change. Compared to Figure 8(a),
where 20% of all checkpoints result in frequency changes (50 checkpoints and 10
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Fig. 8. (a) Current drawn by device for periodic progress evaluation and (b) current
drawn by device for iterative progress evaluation.

frequency adjustments), in our approach in Figure 8(b) 100% of all checkpoints
result in frequency changes (5 checkpoints), while still ensuring that the applica-
tion meets its deadline. That is, our approach is efficient in the sense that only
10% of the checkpoints — compared to the periodic approach — were needed, but
each checkpoint resulted in a frequency adjustment.

Overhead considerations. With our code, each checkpoint computation re-
quires approximately 50us. In contrast, each frequency switch requires about
150us, however, the total measured delays can reach up to 20ms. This is due
to the way the used Linux version updates the SDRAM refresh rates for each
frequency change. Figure 9(a) evaluates the achieved run-times of the scientific

NG Power Manage:
Iterative Checkpoint Comput:
Periodic Cl

Itérative Checkpoint COMPULAton  memm
Period fic Checkpoints sessssss
1400 |

Deadline

1200 200

1000

Run-Time (ms)

E
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) 20 0 60 80 100 ) 20 0 60 80 100
Number of lines Number of lines

Fig. 9. (a) Measured application run-times and (b) average clock frequencies.
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visualization application for the following three approaches: (a) no power man-
agement, (b) periodic checkpoints, and (c¢) iterative checkpoint computation.
The number of lines is varied from 10 to 100, in all cases the application termi-
nates before the deadline if no power management is deployed. If the iterative
approach is used, the actual run-time is about 0-4% earlier than the deadline.
However, if the periodic approach is used, the deadline is missed for most execu-
tions with number of lines of 40 and more. The reason is that the high number
of evaluations and clock changes results in large overheads, which can ultimately
push the execution time beyond the deadline. Figure 9(b) compares the average
clock frequency for the two approaches: iterative checkpoints and periodic eval-
uations. Lower average clock frequency translates to lower energy consumption.
For line numbers from 10 to 70, the iterative approach has lower average clock
frequencies, thereby saving more energy than the periodic approach. After 70,
the periodic approach has lower average clock frequencies, but note that this
led to the missed deadlines in the previous graph. Similar results are shown by

1200

10

5 Power Manage:

iterative Chetkpoint Computation
Pohodic Chetkpoints I

1000

Consumed Energy (mJ)
9
o
S

Frequency Changes Per Task

N LU T TTTT LTI T

o
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) 20 a0 60 80 100 ) a0
Number of lines Number of lines

Fig.10. (a) Energy consumptions and (b) number of frequency adjustments per ap-
plication.

Figure 10(a) that show the energy consumptions as a function of the number
of lines. Here, the periodic approach shows the worst results. The iterative ap-
proach shows the best results up to about 70 lines. After that, the execution
times are so large and the potential energy savings so little, that the overheads
caused by our approach result in increased energy consumptions compared to
the case without power management. This indicates the possibility of deploying
a hybrid approach, where frequency scaling is only used if the potential energy
savings outweigh the overheads introduced by the frequency scaling algorithms
(this approach is left as future work). Finally, Figure 10(b) compares the number
of frequency adjustments for the same application for both the periodic and the
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iterative approach at different numbers of lines, where the periodic approach
requires on average 3.8 times as many clock adjustments.

5 Related Work

There has been substantial work on power management for mobile devices, in-
cluding low-power modes for disks and networks [4, 6], power-aware schedul-
ing policies [11], and energy management techniques for wireless communica-
tion [2,12]. Frequency scaling [9] and voltage scaling [10] have been investigated
in recent research. Both have been shown to be useful to reduce power consump-
tion for a variety of application scenarios, including real-time systems [7,10].
In [15], the authors exploit slack times to integrate fixed priority scheduling
with power-awareness. The exploitation of idle times to preserve power in video
decoding applications has been shown feasible in previous work [8,13]. The focus
of this work is on overhead reductions for dynamic frequency management for
embedded real-time applications. Previous approaches have introduced methods
to dynamically adjust the clock frequency to allow applications to meet their
deadlines while minimizing the energy consumption [1,3]. However, frequent ex-
ecution of progress evaluations and frequent frequency changes reduce the utility
of these approaches. This paper extends these approaches by introducing an it-
erative method of computing checkpoints, reducing the number of checkpoints
and frequency changes required.

6 Conclusions and Future Work

The work presented in this paper builds on previous work on dynamic frequency
and voltage scaling for real-time applications. Here, periodic comparison of ac-
tual task progress with predicted task progress is used to determine if and how
to change the clock frequency. The problem with periodic evaluation of appli-
cation progress is that frequencies may be changed too frequent, resulting in
excessive overheads. The goal of this paper is to replace periodic checkpoints
with iteratively computed checkpoints, resulting in less overheads for progress
evaluation and frequency changes. The results show that in the case of a sci-
entific visualization tool, the overheads can be reduced to 26% of the costs for
the original periodic approach. Our future work will use techniques to evalu-
ate task progress also to detect ‘hot spots’ of long running application code
in terms of energy consumption. For example, the scientific visualization tool
discussed in this paper is typically run for a long period of time and code opti-
mizations of frequently executed segments of the application may help to reduce
the overall energy consumption. Further, this paper considered a single real-time
application for embedded systems, our future work will address situations with
multiple real-time applications executing simultaneously. Finally, other architec-
tures (e.g., Transmeta, XScale) offer different numbers of frequency levels and
voltage levels; our work will explore the achievable overhead reductions on these
architectures.
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