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THIS PROJECT IS TO DEVELOP AND IMPLEMENT EFFICIENT

dynamic voltage scaling (DVS) algorithms in battery-
operated spacecrafts and autonomous rovers1,2 in order

to extend their battery life while satisfying timing constraints
and optimizing system reward (quality-of-service or QoS).
DVS technology has been incorporated by Transmeta,3 Intel,4

and AMD.5 The power consumption is defined as P = kCV2f,6

where k is a constant, C is the total capacity of wires and tran-
sistor gates, V is the supplied power, and f is the clock fre-
quency. Changing a processor’s voltage supplied also changes
its speed since f ∝ (V – Vt)

2/V, where Vt is the threshold volt-
age, f is the clock frequency, and V is the voltage supplied.

Many DVS algorithms have been developed; we cite a few
recent work6-9 here. Most papers focus on two constraints:
time-energy or time-reward. Rusu et al10 is the only group
who study three constraints and develop a scheme to run the
most critical and valuable applications, without depleting the
energy source while still meeting the deadlines. However,
their approach does not perform well in overloaded systems.

Previous work on DVS has concentrated on general-pur-
pose and soft real-time systems. However, in hard real-time
systems such as spacecrafts and autonomous rovers, it is very
difficult to guarantee that all tasks meet their deadlines since
we often cannot predict their execution times accurately. Most

Abstract—Rechargeable batteries are used to
operate many spacecrafts and autonomous rovers.
Their operational periods are limited, however, by
their battery supplies before the next recharge. How
to use this battery-supplied energy efficiently is a crit-
ical issue. Most existing energy-conserving techniques
are based on dynamic voltage scaling (DVS) and con-
sider only timing or energy constraints. In a more
realistic scenario, we should simultaneously consider
three constraints: time, energy, and reward (quality-
of-service). This project investigates two static meth-
ods (Greedy and Dynamic Programming) and an on-
line method for selecting tasks to optimize system
reward while meeting timing constraints and conserv-
ing energy. We use simulation experiments to com-
pare the performance of these methods with existing
techniques. We study three static methods to select
tasks from the task sets: (1) Simplified REW-Pack, (2)
Greedy, and (3) REW-Pack. We have compared the
reward gained by these three methods. We found that
our Greedy method often yields a larger total reward
value than the gain with REW-Pack. The Greedy
method, we find, is more efficient than REW-Pack.
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existing techniques assume that their systems can meet the
demand of all tasks leading to a problem similar to the prob-
lem researchers confronted in the recent Spirit Mars Rover. In
the real scenario, however, we may have to terminate some
tasks if we cannot meet all their requirements.

Our objective is to develop and implement task selection
techniques to obtain as much system reward (QoS) as possi-
ble. Our research points to two static and one on-line method
that would reduce energy usage while meeting timing con-
straints and optimizing system reward. The first static method
called Greedy is based on a solution to the well-known knap-
sack problem, while the second static method is based on
dynamic programming. The on-line method is motivated by
the fact that the actual workload of a set of tasks is often much
less than their combined worst-case execution times
(WCETs). We can therefore collect unused processor cycles
and use them to execute additional tasks. This project devel-
ops these methods and studies their performance via simula-
tion. In particular, we compare our static methods with REW-
Pack,10 the only existing technique that deals with all three
constraints (time, energy, and reward) but does not perform
well for overloaded systems.

Methodology
We assume a frame-based task model. There are N periodic
tasks: T = {T1,T2,…,TN}. All task periods are identical and all
task deadlines are equal to their periods. Each task has its own
WCET and reward. The tasks are to be executed on a variable
voltage processor with the ability to dynamically adjust its
frequency and voltage on application requests. There are M
available frequencies: {f1,f2,…,fm}. Each task can run at any
of the available speed. The common deadline/period is denot-
ed by D. A frame consists of a subset of tasks which are
selected for execution. The execution of the frame is to be
repeated. It is not a requirement that all tasks must be sched-
uled. However, a task cannot be selected more than once dur-
ing a frame. Processor frequency f is near-linearly related to
the voltage: f = k × (Vdd – Vt)

2/Vdd, where k is constant, Vdd is
the voltage supplied, and Vt is the threshold voltage. For sim-
plicity, we assume power consumption P = f 3.8 Each task con-
sumption ei = f 3

i ⋅ ci/fi = f 2
i ⋅ ci,where ci is the WCET when the

task runs at the maximal speed. When decreasing processor
speed, we also reduce the supply voltage. This reduces
processor power consumption cubically and task energy con-
sumption quadratically at the expense of linearly increasing
the execution time of the task.

Associated with each task Ti there is a reward vi. The sys-
tem reward (which affects the quality-of-service or QoS) is
defined as the sum of the task values for all tasks that are
selected for execution. The objective is to find a subset of
tasks S ⊆ {1,2,…,N} that maximizes the system value Svi.
For all tasks i ∈ S, the speed level fi ∈ {f1,f2,…,fm} must also

be determined. There are two major constraints on the system:
• The timing constraint imposed by the global deadline D.

Each task selected for execution must finish before this
deadline D.

• The energy constraint imposed by the amount of energy
available in the system is denoted by Emax. The energy
consumed by the selected tasks cannot exceed Emax.

Thus, the problem is to find the subset S, the speed fi, and
vi in order to maximize

subject to S ⊆ {1,2,…,N}, and

fi ∈ {f1,f2,…,fm}.
We attempt to retrieve as much system reward as possible

in a time frame while not violating the total time and energy
constraints.

Results
The maximal reward value problem is similar to the 0/1 knap-
sack problem. We are given n objects and a knapsack. Object
i has weight wi and the knapsack has a capacity m. If we put
the object i in the knapsack, then we set xi = 1 and earn a prof-
it of pi is earned; otherwise, we set xi = 0. The objective is to
obtain a filling of the knapsack that maximizes the total prof-
it earned. Formally, the problem can be stated as:
maximize            subject to Σwixi ≤ m and xi = 0 or 1, 1 ≤ i ≤ n.

Next, we need to convert our problem to a knapsack prob-
lem. As defined above, a periodic task set T = {T1, T2, T3,
…,Tn}, where each task has two parameters (c,v), where c is
the WCET, and v is the reward. We explore three methods:
A. Greedy Method: We have n inputs and attempt to obtain a

subset that satisfies some constraints. Any subset that sat-
isfies these constraints is called a feasible solution. We
need to find a feasible solution that maximizes a given
objective function.

B. Dynamic Programming Method: This is an algorithmic
design method used when the solution to a problem can be
viewed as the result of a sequence of decisions. A solution
to the knapsack problem can be obtained by making a
sequence of decisions on the variables x1,x2,…,xn. A deci-
sion on variable xi involves determining which of the val-
ues 0 or 1 is to be assigned to it. Let us assume that deci-
sions on the xi are made in the order xn, xn–1,…,x1.
Following a decision on xn, we may be in one of the two
possible states: the capacity remaining is m and no profit
has accrued or the capacity remaining is m – wn and a prof-
it of pn has accrued. It is clear that the remaining decisions
xn–1,…,x1 must be optimal with respect to the problem state
resulting from the decision on xn. Otherwise, xn,…,x1 will
not be optimal. Hence, the principle of optimality holds.

Let fj(y) be the value of an optimal solution to the 0/1
knapsack problem. Since the principle of optimality holds,
we obtain fn(m) = max{fn-1(m), fn-1(m – wn) + pn}. For arbi-
trary fj(y), i > 0, the previous equation generalizes to fj(y) =
max{fi-1(y), fi-1(y – wi) + pi}. The second equation can be
solved for fn(m) by beginning with the knowledge f0(y) = 0
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for all y and fi(y) = -∞, y < 0. Then f1,f2,…,fn can be succes-
sively computed using this equation. Notice that fi(y) is an
ascending step function; i.e., there is a finite number of y’s,
0 = y1 < y2 < … < yk, such that fi(y1) < fi(y2) < … < fi(yk);
fi(y) = -∞, y < y1; fi(y) = fi(y1), y > yk; and fi(y) = fi(yj), yj ≤
y < yj+1. We need then to add the energy constraint.

C. On-Line Method: If the task execution time is in a normal
distribution, there will be some time slack left due to the
fact that the actual execution time of a task may be much
shorter than its WCET. We can reuse this time slack to acti-
vate more tasks. There we define the best-case execution
time (BCET) to be 10% to 100% of WCET. The mean of
the distribution is (BCET+WCET)/2. The standard devia-
tion is (WCET-BCET)/6. The sketch if the algorithm is:
1. Use the Dynamic Programming method to decide the

selected task set.
2. Compute the time slack and energy slack.

Time slack = time slack + (WCET – actual execution
cycles)/fi.
Energy slack = energy slack + fi

2 × (WCET – actual exe-
cution time).

3. Use the Greedy method to activate more tasks when we
have enough time and energy slack.

The flowchart of the Greedy method algorithm is presented in
Fig. 1. The middle two components are described next in detail.

Add tasks at maximal speed: We attempt to schedule the
tasks in descending order of their v/c while not violating the
timing and energy constraints. We add them at the maximal
frequency possible.

Add unselected tasks at any speed: We attempt to add the
unselected tasks in descending order of their v/c at any speed
while not violating the timing and energy constraint.

The Greedy algorithm follows:

Figure 1. Flowchart of the Greedy Method

Algorithm Greedy(a,n)
//a[1:n] contains the n inputs.
{
(1) solution:= ∅;// Initialize the solution
(2) selected[i] := false for i:= 1 to n ; 
(3) for i := 1 to n do
(4) {
(5) x:=Select(a);
(6) if Feasible(solution, x) then 
(7) {
(8) solution:= Union(solution,x);
(9) selected[i] := true;
(10) }
(11) }
(12) for i: = 1 to n do
(13) {
(14) if (selected[i] = false)
(15) {
(16) if CouldAdd(a[i] ) then
(17) {
(18) solution:= Union(solution,x);
(19) selected[i] := true;
(20) }
(21) }
(22) }
(23) return solution;
}

The function Select selects an input from a[] and removes
it. The selected input’s value is assigned to x. Feasible is a
Boolean-valued function that determines whether x can be
included in the solution vector. The function Union combines x
with the solution and updates the objective function. The func-
tion Greedy describes the essential way that the Greedy algo-
rithm will look, once a particular problem is chosen and the
function Select, Feasible, and Union are implemented. In our
maximal reward problem, we define these functions as follows:
Select: We select the task with highest vi/ci.
Feasible: We consider both time and energy constraints. We

first add the task to run at the highest frequency possible
while satisfying energy constraints and check if this task
could meet the frame deadline. 

Union: If the task is feasible, we add it to our solution set.
CouldAdd: We select the task with the highest vi/ci. Compute

the minimal speed that could add the task while not violat-
ing the energy constraint and timing constraints. Then, we
check if the task will miss its deadline. If it will not miss its
deadline, then we add it to our solution.
We use simulations to evaluate our algorithms.

Computation time is uniformly distributed between 1 and 100
clock cycles in the lowest frequencies. The value of each task
is uniformly distributed between 1 and 100 units. We also
assume in this project that the shutdown energy cost is 0 and
the switching overhead can be ignored. We repeat each exper-
iment 100 times and count the average results of the total
reward value. We compare three methods: simplified REW-
Pack, REW-Pack, and Greedy. We use M to denote the num-

Initialize

Add tasks at
maximal speed

Add the unselected
tasks at any speed

Return solution

↓

↓

↓
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ber of frequencies. The total deadline of each time frame is D,
which is the total time consumption of all tasks at their high-
est frequency. We denote the energy limit by E. The number
of tasks is N.

We compared the two algorithms to a simplified version of
REW-Pack mentioned in Rusu, Melhem, and Mosse.10 The
performance ratio shown in Fig. 2 is defined as the system
value returned by the algorithm (REW-Pack, Greedy) divided
by the system value of the simplified REW-Pack.

M = 5.
N = 25.

We change the ratio of E/D to observe its impact on the per-
formance ratio.

Processor Frequency = {0.2,0.4,0.6,0.8,1.0}.

From Fig. 2, we can observe that the REW-Pack method
almost always maintains its performance ratio between 1.5
and 2 regardless of the E/D value. However, the Greedy meth-
ods are always better than REW-Pack, especially when we
have a larger energy limit. It is understandable that when we
have more abundant energy, we can schedule more tasks at
the maximal frequency and compose a better execution task
set using the Greedy method. However, REW-Pack always
adds the task at its lowest frequency; in order to meet its dead-
line, it must drop some tasks from the selected task sets. In
this situation, it cannot consider all the tasks at the same time
and can only obtain a sub-optimal solution. When the E/D
approaches 1, all the tasks can finish its execution at the high-
est frequency and do not violate the time and energy con-
straints. We also find that the Greedy method has a better per-
formance when we have more tasks or more choices of
processor frequencies. Limited space does not afford discus-
sion of the details here.

Discussion
In this project, we have developed a static method for sched-

uling an overloaded, battery-powered system. We compare our
methods to a previous method and compare the performance of
these four methods in many situations. We conclude that the
Greedy method often has a better performance than REW-Pack,
especially when the system has more energy limit, a number of
processor frequencies, and a number of tasks. In a future proj-
ect, we plan to develop a combined method which is more suit-
able in more situations. We will also investigate the best sched-
uling choice for each system environment.

Conclusions
This project implements power-saving methods and investi-
gates their performance via simulation. In particular, we have
compared our static methods with REW-Pack,10 the only
existing technique that deals with all three constraints (time,
energy, and reward) but does not perform well in overloaded
systems. We believe that our algorithms are more suitable
when the energy limit is higher, there is a larger set of proces-
sor frequencies, or when there are a larger number of tasks.
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