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ABSTRACT
Energy management is a critical concern in the design of embedded
systems to prolong the lifetime or to maximize the performance un-
der energy constraints. In particular, the emerging embedded sys-
tems with renewable energy sources rise new problems and trigger
the revision of conventional energy management. If, e.g., the size
of a solar cell limits the available power/energy of an electronic de-
vice, decisions likewhento providewhichservice have to be made
in order to satisfy the needs of the user as well as possible. In this
paper, we explore how to maximize the system reward of diverse
applications for an energy harvesting system. By utilizing the no-
tion of rewards to express the different priorities of services, we
answer the fundamental question of how to optimize the use of en-
ergy provided by a scarce and time-varying environmental source.
For this purpose, we provide algorithms to optimally adjust ser-
vice parameters dynamically. Our work is supported by simulation
results which are based on long-term measurements of the power
generated by real solar cells. Furthermore, we demonstrate how
to dimension the embedded system, e.g., the battery capacity and
elaborate on implementation details which are of practical impor-
tance.

Categories and Subject Descriptors:D.4.1 Software OPERAT-
ING SYSTEMS – Scheduling

General Terms: Algorithms, Design

Keywords: Energy harvesting systems, embedded systems, reward
maximization, solar cells.

1. INTRODUCTION
Energy management has become vitally important to battery-

operated embedded systems. In the past years, significant research
effort has been dedicated to achieve efficient energy utilization.
This holds in particular for systems adopting, e.g., dynamic volt-
age scaling [4, 25] or dynamic power management [6, 9]. Such
methods tempt to increase the battery lifetime and maximize energy
savings while still maintaining an acceptable service level for the
user. To minimize energy consumption under some performance
constraints, applications are associated with soft or hard real-time
constraints. In the past decade, energy-efficient scheduling for real-
time tasks has been an active topic in both academics and industry.
Chen and Kuo [4], recently, provide a comprehensive survey for
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energy-efficient scheduling for real-time systems.
Many embedded systems like, for instance, wireless sensor nodes

or portable multimedia devices require energy autonomy. Unfortu-
nately, improvements in battery capacity have not kept pace with
the dramatic increasing power consumption in micro-electronics
technology. In order to overcome limitations of batteries, energy
harvesting techniques such as conversion of, e.g., photovoltaic or
vibrational energy have opened up an exciting field of research [20].
Energy harvesting is exceptionally interesting in wireless sensor
networks. Here, the energy generated by small solar panels suf-
fices to execute most common data gathering applications. Con-
sequently, numerous researchers have started to design energy har-
vesting circuits to efficiently convert and store solar energy [8, 10,
18,24].

Instead of energy consumption minimization under performance
constraints, in energy harvesting devices, the energy consumption
of the system should depend on the energy harvested from the en-
vironment to maximize the performance. There exist two major
constraints which arise due to the burstiness of common energy
sources: (1) The harvested energy is temporarily low and the ser-
vice must be lowered or suspended. (2) During bursts, the har-
vested energy exceeds the battery capacity. Driven by solar energy,
the main challenge for such a system is to optimize its performance
while respecting the time-varying amount of energy. How to design
and play out a given battery capacity becomes a key concern.

Therefore, energy management must consider performance max-
imization for different environment states. Exploiting solar energy
for performance optimization has been studied recently. Kansal et
al. [11] explore how to maximize the utilization of solar energy
by minimizing the round-trip losses of the battery, while Moser
et al. [14] develop lazy-scheduling to avoid deadline violation in
energy-harvesting systems. Liu et al. [13] extend the results in [14]
to reduce the rate of deadline misses by taking into account proces-
sors with the capability of dynamic voltage scaling.

Distinct from the above performance metrics, we explore sys-
tems in which the quality, in terms ofreward, of the provided ser-
vice depends on the amount of computation. In general, the reward
associated with a service increases with the amount of computation
required to provide the service. Prominent models used in litera-
ture are the imprecise computation model [12] and the increasing
reward with increasing service (IRIS) model [7, 23]. For numer-
ous practical applications, such as image and speech processing,
time-dependent planning, and multimedia applications, the reward
function is modeled as a concave function of the amount of com-
putation [3].

Reward maximization under energy constraints has been stud-
ied for real-time systems such as [2, 5, 21, 22]. Specifically, Rusu
et al. [22] explore the reward maximization for a set of real-time
tasks with multiple versions for execution by applying energy har-
vesting devices. The execution frames are divided into two types,



namely recharging frames and discharging frames. These two types
of frames are then executed by applying their static schedules in-
dividually. If the scheduler observes more energy residual in the
battery, three different approaches are proposed to distribute the
additional energy for getting more system reward. Moreover, re-
cent study for the maximization of the minimum rate of applica-
tions [16] can be treated as a special case of reward maximization.

This paper explores how to exploit energy harvested from the
environment to maximize the system performance for applications
with different concave reward functions. At this, our application
model allows the specification of various dependencies between the
provides services. The problem studied in this paper is similar to
that in [22], but we focus on a more fundamental problem to maxi-
mize the system reward globally, in which the energy consumption
in all recharging frames and discharging frames might be different
to achieve the global optimization. Furthermore, the application
model studied in this paper extends the one in [15] to several tasks
which can run in parallel and may have various dependencies.

Our contribution in this paper is as follows:

• We develop algorithms to derive optimal solutions which max-
imize the overall reward.

• For a specified environment, we demonstrate how to dimen-
sion the embedded system, e.g., the battery capacity and elab-
orate on implementation details.

• Simulations illuminate the merits of our algorithms by apply-
ing real data recorded for photovoltaic cells as the harvested
energy.

2. SYSTEM MODEL AND PROBLEM STATE-
MENT

This paper explores how to exploit energy harvested from the
environment to maximize the system performance for applications
with different reward functions. The harvested energy varies over
time. For example, the energy harvested from a solar panel at a
sunny noon is much more than the energy harvested at dawn. As a
result, the system should adjust the quality of the associated appli-
cations to reflect the dynamic behavior for performance maximiza-
tion instead of energy consumption minimization. In general, the
more energy an application consumes, the more reward the system
gains. However, an application might over-consume energy so that
the possibility to gain more reward in the future is sacrificed.

This section will present the system model studied in this paper,
including energy harvesting model for the energy source, the en-
ergy storage model, and the service and application models. The
overview of the studied system is depicted in Figure 1, where the
energy harvested from the energy source is stored in the energy
storage, and the scheduler makes decisions for consuming the en-
ergy based on the information provided by the prediction unit and
the available energy in the energy storage. At the end of this sec-
tion, the problem definition will be presented.

2.1 Energy Harvesting Model
This paper explores embedded systems equipped with an energy

harvesting device, which can generate energy depending on the en-
vironmental situation, such as a solar panel. It is difficult to eval-
uate the exact amount of harvested energy in the future as the sur-
rounding environment might change. However, in many cases, the
surroundings do not change very frequently. As a result, a predic-
tor can indeed help and is quite precise to predict the amount of
harvested energy [19]. This paper assumes that the energy harvest-
ing device has a prediction unit to estimate the amounts of energy

Energy Source (eEH ) Energy Storage (EC )

Prediction Unit

Scheduler Energy Consumption (e)

Figure 1: The system model.

harvested in each of the nextK prediction intervals in the future.
For brevity, a prediction interval is denoted as aframe, while K is
referred tonumber of frames of the prediction horizon. Each frame
is assumed to have the same length and is the basic time unit for
scheduling.

Suppose that a prediction unit predicts the energy harvested from
the environment for the next50 minutes, in which the length of a
frame is5 minutes. The prediction horizon for this example is50

minutes, whileK is 10. We denoteeEH(k) the accumulated energy
harvested that is predicted for thek-th frame. For the rest of this
paper, we assume a perfect energy predictor. In the case of solar
cells, diverse estimation algorithms or even external informations
from the weather forecast can be applied. Comprehensive discus-
sions about how to choose a suitable energy prediction algorithm
or how to cope with prediction mistakes can be found in [17], and,
hence, the details are not included here.

2.2 Energy Storage Model
The energy storage, e.g., a supercapacitor or a battery then stores

the energy harvested from the environment. As energy storage is
not a perfect process, there might be some loss of energy. Theef-
ficiency factordefined as the actually stored energy divided by the
harvested energy can be used to model the storage process. Usu-
ally, the efficiency factor, denoted byη( eEH), is a function of the
harvested energy, and, by definition, is between0 and1. As a re-
sult, onlyη( eEH)× eEH(k) amount of the harvested energy will be
stored to the energy storage in thek-th frame.

The amount of the harvested energy that will be stored to the en-
ergy storage in thek-th frame is denoted byEH(k), whereEH(k)

is η( eEH)× eEH(k). The harvested energy in thek-th frame, for the
rest of this paper in sake of simplicity of presentation, is implicitly
denoted byEH(k).

The energy storage is constrained by the maximum capacityEmax

of the energy in the storage. If the energy storage is full, the addi-
tional harvested energy dissipates. Formally, suppose thatEC(k) is
the energy in the energy storage at the end of thek-th frame. After
servicing the applications in thek-th frame with energy consump-
tionek, the energy in the energy storage ismin{Emax, EC(k−1)+
EH(k)−ek}. In other words, ifEC(k−1)+EH(k)−ek is larger
thanEmax, the system dissipatesEC(k−1)+EH(k)−ek−Emax

amount of energy, which is a waste.

2.3 Application and Service Model
This paper explores how to achieve performance maximization

for a variety of applications running on an embedded system, e.g.,
a sensor node . Two types of applications are studied in this pa-
per: one is thecomputation-basedmodel and the other is therate-
basedmodel. For the computation-based model, the quality of
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Figure 2: An example for rate graphs.

the service provided by an application can be adjusted by assign-
ing different computation workload, e.g., the imprecise computa-
tion model [12] and the increasing reward with increasing service
(IRIS) model [7,23]. In general, for the computation-based model,
the more computation a service requires, the more reward an appli-
cation contributes. Moreover, more energy consumption is required
to achieve higher reward of a service. For the rate-based model,
the reward of a service depends on the rate to activate the applica-
tion, while the computation demand and the energy consumption
are fixed for one activation. For example, an application which ob-
serves an environmental phenomenon may be more precise when
the sensing rate is higher, where each sensing activity takes the
same time and consumes the same energy.

Moreover, for the rate-based model, several applications might
be dependent in the settings of their rates. For instance, a sensor
node may sense some data, and then decide whether to compress
and store the data in some local memory or to directly transmit the
data via the radio. Clearly, the sum of stored and transmitted data
has to equal the amount of originally sensed data. In this paper,
we explore rate-conserving applications that can be described by
several rate-based graphs (RBGs) defined as follows: A rate-base
graph is a directed tree, denoted byG = (V, E), in which a ver-
tex inV is an application and a directed edge(u → v) in E is the
relationship between the rates of two applications. Suppose that
ρ(v) is the rate of an application in vertexv in V. If (u → v) in
E is the only incoming edge to applicationv and is the only outgo-
ing edge from applicationu, the rates of applicationsu andv are
the same. If there are more than one incoming edge to an applica-
tion v, the rate of the applicationv must be the sum of the rates of
the applications that have directed outgoing edges to vertexv, i.e.,
ρ(v) =

P
(u→v)∈E ρ(u). Moreover, if there are more than one out-

going edge from an applicationv, the rate of the applicationv must
be the sum of the rates of the applications that have directed incom-
ing edges from vertexv, i.e., ρ(v) =

P
(v→u)∈E ρ(u). Figure 2

depicts an example for9 applications and their rate relationships.1

For each frame, the scheduler has to determine how to provide
the services of different applications. The quality of the provided
service of an application is evaluated in each frame. For the rate-
based model, once we assign an energy consumption to an appli-
cation, the corresponding rate of the application is known. Sim-
ilarly, for the computation-based model, the energy consumption
for a given workload of provided service is assumed to be a con-
vex function (when dynamic voltage scaling is adopted [5, 25]) or
a linear function (when the power consumption is a constant).

The reward function of an application is assumed to be a con-
cave and increasing function of the amount of computation in the
computation-based model or the rate in the rate-based model. Ex-

1The approaches in this paper also work for rate-based graphs with
scaling factors on the edges. For example, it could be0.5ρ(v1) +
0.3ρ(v2) = ρ(v3).

amples are image and speech processing, time-dependent planning,
and multimedia applications. Therefore, the reward function of
an application is a concave and increasing function of the energy
consumption. For the rest of this paper, we will only discuss the
amount of energy consumption of an application in each frame,
while the required computation time or rate to complete its corre-
sponding service in a frame with the specified energy consumption
can be derived by simple calculation.

Specifically, letri(ǫ) denote the reward for executing the service
in a frame with energy consumptionǫ for applicationvi, where

• ri(ǫ) is continuous and differentiable.

• ri(ǫ) is monotonically increasing inǫ.

• ri(ǫ) is concave inǫ, i.e.,

α×ri(ǫ1)+(1−α)×ri(ǫ2) ≤ ri (α × ǫ1 + (1 − α) × ǫ2) ,

for anyǫ1ǫ2 ≥ 0, ǫ1 6= ǫ2, and1 > α > 0.

2.4 Problem Definition
We are given a predictor forK frames at time0. The energy in

the energy storage at time0 is specified asEC(0) and the energy
harvested in thek-th frame isEH(k). Thek-th frame starts from
time k − 1 to time k. A setV of N applications is going to be
executed in each frame, in which each applicationvi has its reward
function ri(ǫi) of the energy consumption. We assume that the
reward functions are concave and increasing.

The objective is to determine aninter-frame energy assignment

~e = (e1, e2, . . . , eK)

of energy consumption for theseK frames andintra-frame energy
assignments

~ǫk = (ǫk,1, ǫk,2, . . . , ǫk,N )

for theN applications within thek-th frame such that the reward is
maximized without violating the required energy constraints. Ob-
viously, if one knows the intra-frame energy assignment~ǫk one
obtains the inter-frame energy assignment

ek =

NX

n=1

ǫk,n

by simple summation for every framek. The energy consumptions
of some applications in a frame might be related. For example, sup-
pose the energy consumption of applicationvi is σi when its rate
is 1. The relationshipρ(v1) + ρ(v2) = ρ(v3) in Figure 2 leads
to ǫ1

σ1
+ ǫ2

σ2
= ǫ3

σ3
, whereǫi is the energy consumption of appli-

cationvi. We write these constraints from the rate-based graphs
(RBG) in the formcm(~ǫk) = 0, wherem = 1, . . . , M . The con-
straintscm(~ǫk) can be arbitrary linear combinations of the assign-
ment~ǫk which conserve the rates of the application.

Let EC(k,~e) be the energy in the energy storage at timek by
applying the assignment of energy consumption~e. After complet-
ing the last frame, we would like to reserve some amountEℓ of
energy in the energy storage for future use, and, hence, a feasible
assignment~e must satisfyEC(K,~e) ≥ Eℓ. We denote the studied
problem as thegeneral reward maximization on energy harvesting
problem. Without loss of generality, we only explore the case that
EC(0) − Eℓ +

PK

i=1 EH(i) ≥ 0 in this paper since there is no
feasible solution for the other case.

We formally define the feasibility of an assignment for the gen-
eral reward maximization on energy harvesting problem as fol-
lows:



DEFINITION 1. [Feasible Assignment] An energy vector~e =
(e1, . . . , eK) along with~ǫk = (ǫk,1, ǫk,2, . . . , ǫk,N ) for all these
K frames is feasible if

(a) EC(k,~e) = min {Emax, EC(k − 1, ~e) + EH(k) − ek},
whereEC(0, ~e) is EC(0),

(b) EC(k,~e) ≥ 0, ∀1 ≤ k < K,

(c) EC(K,~e) ≥ Eℓ,

(d)
PN

n=1 ǫk,n = ek, and

(e) cm(~ǫk) = 0, ∀1 ≤ m ≤ M .

An assignment is saidoptimalfor the general reward maximization
on energy harvesting problem if its reward is the maximum among
all feasible assignments. We say there exists anenergy underflow
for an assignment~e if there existsEC(k,~e) < 0 for some1 ≤ k ≤
K − 1 or EC(K,~e) < Eℓ. On the other hand, an assignment~e

is said withenergy overflowif there exists somek with EC(k −
1, ~e) + EH(k) − ek > Emax.

3. OPTIMAL SERVICE ALLOCATION AL-
GORITHMS

In this section, we will show how to optimally allocate services
subject to the available energy given by the environment and the
energy storage. Thereby, we exploit the nature of the general re-
ward maximization on energy harvesting problem and split it into
two subproblems, namely the inter-frame problem and the intra-
frame problem, which can be solved independently. Formally, the
inter-frame problem focuses on inter-frame energy assignments~e,
while the intra-frame problem copes with intra-frame energy as-
signment~ǫk for everyk-th frame. In Section 3.1, for completeness,
we present our recently proposed algorithm in [15] for computing
inter-frame energy assignments~e. The energy consumption of a
frame in assignment~e can be treated as the energy budget in the
frame. In Section 3.2, an algorithm is presented to determine the
intra-frame energy assignment~ǫk for assigning energy budgetek

to theN applications within eachk-th frame.

3.1 Inter-Frame Energy Assignment
We will first present how to derive the optimal inter-frame energy

assignment~e. The proposed algorithm is presented in Algorithm 1,
denoted by Algorithm Inter-Frame Service Allocation. The algo-
rithm can be proved to derive optimal solutions for systems with
only one application with any concave reward function. Moreover,
if there is more than one application, the next subsection will show
that these applications can be treated as one application with ajoint
reward function, which is concave, too. Therefore, for the sake of
simplicity, we will consider only one application with a concave
reward function in this subsection.

To explain how Algorithm 1 works, we will use the following
simple example for demonstration: Suppose that we are given a
prediction of the future harvested energyEH(1) = 4, EH(2) =
5, EH(3) = 1, EH(4) = 0, EH(5) = 5, EH(6) = 5 for a time
horizon ofK = 6, as depicted in Figure 3(a), where both the initial
energy in the battery and the required energy in the battery afterK

frames are2, i.e.,EC(0) = Eℓ = 2.
If the maximum capacityEmax of the energy storage is large

enough (e.g.,Emax = ∞), we do not have to worry about the
energy overflow issues. In such cases, to optimally exploit the con-
cavity of the reward function and maximize the sum of rewards,
one would like to consume the constant, average amount of energy

Algorithm 1 (Inter-Frame Service Allocation)

Input: K, EH(k) for k = 1, 2, . . . , K, EC(0), Eℓ, Emax;
Output: a feasible assignment~e∗ of energy consumption for the

K frames;
1: k ⇐ 0, n ⇐ 1, k0 ⇐ 0;
2: while k < K do

3: leteej be
EC(k)+

j
P

i=k+1

EH (i)

j−k
, ∀j = k+1, k+2, . . . , K−1;

4: let eeK be
EC(k)+

K
P

i=k+1

EH (i)−Eℓ

K−k
;

5: let êj be
EC(k)+

j
P

i=k+1

EH (i)−Emax

j−k
, ∀j = k+1, k+2, .., K;

6: K′ ⇐ K;
7: while truedo
8: k∗ ⇐ arg mink<k̂≤K′{eek̂};
9: k′ ⇐ arg maxk<k̂≤k∗{êk̂};

10: k† ⇐ arg mink<k̂≤k′{eek̂};
11: if eek∗ ≥ êk′ then
12: kn ⇐ k∗, es ⇐ eek∗ ;
13: break;
14: else ifeek† ≥ êk′ then
15: kn ⇐ k′, es ⇐ êk′ ;
16: break;
17: else
18: K′ ← k†;
19: e∗j ⇐ es, ∀k + 1 ≤ j ≤ kn;
20: EC(kn) ⇐ EC(k) +

Pkn

i=k+1(EH(i) − e∗i );
21: k ⇐ kn, n ⇐ n + 1;
22: return~e∗ as the solution;

4+6+1+5+5
6

= 10
3

for all the six frames. However, for the example
at hand, this assignment is not feasible according to Definition 1,
since it results in an energy underflowEC(4) = − 4

3
. The key

idea to obtain an optimal assignment is to equate energies of an as-
signment as much as possible subject to feasibility constraints. As
shown in Algorithm 1 in Step 3, thefeasibleaverage energieseej are
calculated for the remaining framesk+1, k+2, . . . , K−1. For the
last frameK, one has to account for the final energyEℓ in Step 4.
In our example, the average energieseej are{6, 5 1

2
, 4, 3, 3 2

5
, 3 1

3
}

in the first iteration of the outer while-loop. In Step 8, the index
k∗ = 4 of the minimum average energyee4 = 3 is determined.
For the case thatEmax is large enough, the if-statement in Step 11
is always true. As a consequence, energy consumptione∗j = 3 is
assigned to the first four framesj = 1, 2, 3, 4 in Step 19. In the
next iteration, the average energieseej are{5, 4}, and hence, we set
the energy consumptione∗j = 4 for the remaining framesj = 5, 6.
The inter-frame energy assignment~e∗ and the stored energyEC()
for Emax = ∞ are displayed in Figures 3(b) and 3(c), respectively.

Next, we will limit the maximum amount of storage energy to
Emax = 3 to show the effects of energy overflow. Of course, en-
ergy overflows can always be avoided by increasing the energy con-
sumption when needed. For the example in Figure 3(b) and 3(c), in-
stead of loosing the 2 energy units at time 2, one could just increase
the overall reward by increasing the energye∗2 = 3 to e∗2 = 5. This
strategy, however, would not produce an optimal assignment.

Instead, Step 5 in Algorithm 1 calculatesall average rateŝej

which are feasible with respect to an energy overflow. The aver-
age rateŝej are{3, 4, 3, 2 1

4
, 2 4

5
, 3 1

6
}. To obtain the ”smoothest”

increase of energy consumption during the first 4 frames, the max-
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Figure 3: An example for EH() and the solutions derived by Algorithm Inter-Frame Service Allocation whenK is 6 for Emax = ∞
and Emax = 3.

imum of the energieŝej , namelyê2 = 4, is chosen in Step 9. This
time, the optimal energy consumption̂e2 = 4 necessary to avoid
an energy overflow is greater then the optimal energy consumption
ee4 = 3 to prevent from energy underflow. Thus, the first two en-
ergiese∗j are set to 4 forj = 1, 2. After this iteration, an energy
underflow is avoided at time 4 and the energiese∗3 ande∗4 are set to
2. Finally, the last iteration is the same as forEmax = ∞ and we
gete∗5 = e∗6 = 4. The assignment~e∗ and the stored energiesEC()
for Emax = 3 are displayed in Figures 3(d) and 3(e), respectively.

The second if-statement in Step 14 turns out to be false for our
example, since there is no energy underflow possible before the en-
ergy overflow at time 2. In general, this situation may nevertheless
happen. Then the horizonK′ is reduced in Step 18 and a sub-
problem is solved. Similarly, there may be an arbitrary sequence
of energy underflows and overflows, which are handled in the or-
der of their appearance. If an energy overflow is not avoided, the
overflowing energy is just wasted and cannot be used later on.

The time complexity of the algorithm isO(K2). It is easy to
verify that the derived solution~e∗ is feasible according to the first
three conditions in Definition 1 and consumes all available energy
EC(0)−Eℓ+

PK

i=1 EH(i), both being necessary conditions for an
optimal assignment. Please note that Algorithm 1 is equivalent to
Algorithm Recursive-Decomposition (RD) in [15], and is included
for completeness of this paper.

THEOREM 1. Algorithm Inter-Frame Service Allocation derives
optimal assignments~e∗ for the general reward maximization on
energy harvesting problem for an application having a concave re-
ward function.

PROOF. A proof for the optimality is given in [15].

Note that Algorithm 1 does not have to know the exact reward
function. The only requirement for guaranteeing the optimality is
that the (joint) reward function has to be concave.

3.2 Intra-Frame Energy Assignment
In contrast to the inter-frame energy allocation, the intra-frame

energy allocation requires the precise knowledge of the reward func-
tions rn() to distribute the energy among all running applications
n = 1, . . . , N . Given the energyek as the total energy which can
be consumed in thek-th frame, we can formally write the intra-
frame energy assignment problem as follows:

maximize
PN

n=1 rn(ǫk,n) subject to: (1)

PN

n=1 ǫk,n = ek

cm(~ǫk) = 0 ∀1 ≤ m ≤ M

ǫk,n ≥ 0 ∀1 ≤ n ≤ N

In other words, we want to maximize the sum of rewards subject
to the energy budgetek and the constraintscm(~ǫk) from possible
rate-based graphs. We denote the optimal objective value of the
above optimization problem in Equation (1) as functionR(ek) =

max{PN

n=1 rn(ǫk,n)}. The following theorem establishes the con-
cavity ofR(ek) over the energyek.

THEOREM 2. If r(x,y) is concave in (x,y) and C is a convex
nonempty set, thenR(x) = max

y∈C
r(x, y) is concave in x, provided

R(x) > −∞ for some x.

PROOF. A proof can be found in standard text books on convex
optimization and is omitted here.

As a result, based on the concavity ofR(ek) in Theorem 2 and
the optimality of Theorem 1, we can divide the overall optimization
problem into two subproblems, says inter-frame and intra-frame
energy assignments. Therefore, what we have to do is to determine
the intra-frame energy assignment. By applying the Lagrange Mul-
tiplier method, we can solve the problem in Equation (1) optimally,
as shown in Algorithm 2.

Algorithm 2 (Intra-Frame Service Allocation)

Input: ek, rn() for n = 1, . . . , N , cm(~ǫk) for m = 1, . . . , M ;
Output: a feasible assignment~ǫk of energy consumption for the

N applications in framek;
1: letL(ǫk,n, . . . , ǫk,N , λ0, λ1, . . . , λM ) be

NP
n=1

rn(ǫk,n) − λ0 ·
„

NP
n=1

ǫk,n − ek

«
−

MP
m=1

λm · cm(~ǫk) ;

2: solve ∂L()
∂ ǫk,1

= · · · = ∂L()
∂ ǫk,N

= 0, ∀1 ≤ n ≤ N under the

energy constraints
NP

n=1

ǫk,n = ek andcm(~ǫk) = 0 ;

3: return~ǫk as the solution;

Certainly, solving these equations in Step 2 is a critical operation
in Algorithm 2. In Section 5, techniques for a practical implemen-
tation of the algorithm will be discussed.

Due to the concavity of the reward functions, the solution found
by using the Lagrange Multipliersλ0, λ1, . . . , λM is guaranteed
to be theglobal optimum for the intra-frame energy assignment
problem. As a result, it is not difficult to see the optimality of the
derived solutions, which is a direct consequence of Theorems 1
and 2.

COROLLARY 1. The energy assignment obtained by successive
application of Algorithm 1 and 2 constitutes an optimal assignment
for the general reward maximization on energy harvesting problem.

To demonstrate how Algorithm 2 works, we use the following
example for illustration. Suppose that an embedded system has to
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Figure 4: Intra-frame energy assignment for the example with
r1(ǫk,1) = ln ǫk,1 and r2(ǫk,2) =

√
ǫk,2.

execute two independent applicationsv1 andv2 with the energy
budgetek in a certain frame. The respective reward functions are
given by r1(ǫk,1) = ln ǫk,1 and r2(ǫk,2) =

√
ǫk,2. By setting

the partial derivatives of the LagrangianL() equal to 0, we get
∂r(ǫk,1)

∂ ǫk,1
=

∂r(ǫk,2)

∂ ǫk,2
= λ0 under the energy constraintǫk,1+ǫk,2 =

ek. Thus, we have to solve

1

ǫk,1
=

1

2
√

ǫk,2
= λ0

ǫk,1 + ǫk,2 = ek.

In this case, we know thatǫk,2 =
ǫ2k,1

4
. Therefore,

ǫ2k,1

4
+ ǫk,1 −

ek = 0, in which ǫk,1 = −2 + 2
√

1 + ek. If we continue on the
example from the previous subsection in Figures 3(d) and 3(e), the
energy consumptions in the first frame are, e.g.,ǫ1,1 = −2 + 2

√
5

andǫ1,2 = 6− 2
√

5. In Figure 4, the normalized functions
ǫk,1

ek
=

2
√

ek+1−2
ek

and
ǫk,2

ek
= 1 − ǫk,1

ek
are displayed over the energy

budgetek. For valuesek < 8, applicationv1 receives the larger
percentage ofek, whereas forek > 8, it is advantageous to assign
more energy to applicationv2. At ek = 8, the energy budgetek

has to be shared equally among both applications.

4. DESIGN CONSIDERATIONS
This section provides some remarks for designing embedded sys-

tems with energy harvesting devices using the techniques described
in this paper. For the online usage of Algorithm 1 (Inter-Frame Ser-
vice Allocation), one has two principal alternatives, as illustrated
in Figure 5,sliding horizonor sliding frameoperations. While the
sliding horizon operation repeatedly predicts and optimizes the en-
ergy assignments for independent horizons, the sliding frame oper-
ation solves the problem for overlapping horizons for every frame.
As energy prediction is assumed perfect for the study in this paper,
the sliding horizon operation is adopted and will be used for pre-
senting the simulation results in Section 5. Certainly, if there are
prediction mistakes, one would preferably choose the sliding frame
operation since prediction mistakes can be counteracted more effi-
ciently. On the other hand, the sliding frame operation imposes a
higher computational load for the embedded system, since Algo-
rithm 1 is executedK times more often then in the sliding horizon
operation.

To design the energy supply of an embedded system, it is impor-
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Figure 5: Different sliding operation for Algorithm 1 (Inter-
Frame Service Allocation).

tant to estimate how to dimension the energy storage device. Given
an initial energyEC(0), an energy sourceEH(k), 1 ≤ k ≤ K

and a final energy constraintEℓ, we are interested in the minimum
storage capacity which is needed to achieve the maximum possi-
ble reward. We denoteEmax,min the minimum capacityEmax for
which the optimal reward equals the reward for an unconstrained
system whichEmax = +∞. For a single horizon, we can now
determine

Emax,min = max
k=1,2,...,K

{EC(0) +

kX

j=1

(EH(j) − e
∗
j )},

where~e∗ is an assignment computed by Algorithm 1 for specified
EH(k) for k = 1, 2, . . . , K, EC(0), Eℓ andEmax = ∞. For
the sliding horizon operation, this calculation has to be repeated
for representative data samplesEH(k) for the energy source. This
can be done by using, e.g., sufficiently large traces of solar energy
which have been recorded beforehand. By choosing the maximum
of all capacitiesEmax,min, it is possible to determine the minimum
capacityEmax to optimally exploit a given environmental source.

In some systems, the services might have the requirement to
consume at least some amount of energy consumption in a frame,
and there might also be some constraints on the maximum energy
consumption in a frame since there is no improvement in qual-
ity/reward for more energy consumption. We can revise the so-
lution~e† derived from Algorithm 1 by setting the energy consump-
tion of thek-th frame as the maximum energy consumption ife∗k is
greater than the maximum energy consumption constraint. If there
existse∗k which is less than the minimum energy consumption con-
straint, it is not difficult to see that the input does not admit an fea-
sible assignment. Moreover, as a frame may last several hours in
physical time, if the energy storage is full, there may be an energy
overflow. However, this conflict can be resolved by assuming the
existence of small energy buffers (capacitors or super-capacitors)
or a lower capacityE′

max.



5. SIMULATION RESULTS

5.1 Simulation Environment and Setup
For the experiments, we use long-term measurements of solar

light intensity recorded during 5 years from a photovoltaic plant at
Mont Soleil, Switzerland [1]. The data measured in

ˆ
W

m2

˜
serves as

harvested energyEH(). Of course, to simulate a concrete system,
one would have toscale the measured power profilewith the size,
number and efficiency of the actually used solar panels. The data is
sampled every 5 minutes, so we have a maximum of 288 samples
per day.

Since solar energy shows a similar pattern every 24 hours, multi-
ples of a day are reasonable choices for the prediction horizon. The
number of frames per day does not affect the results too much. The
presented results in this section are conducted by setting16 frames
per day, which means a frame lasts for1.5 hours. The results for
different numbers of frames per day are quite similar. When in-
vestigating different values for the number of frames of the pre-
diction horizonK ∈ {16, 32, 48, . . .}, we use the shorter notation
K ∈ {1d, 2d, 3d, . . .} but keep in mind that we have 16 frames per
day. At the end of the prediction horizon, we want the remaining
energyEC(K) to be at least equal to the initial energyEC(0), i.e.,
Eℓ = EC(0).

5.2 Choice of ParametersK and Emax

A fundamental question one might ask when designing a sys-
tem in a given environment is: How many days should the horizon
span to obtain reasonable rewards? For this purpose, we simulate
Algorithm 1 (Inter-Frame Service Allocation) for different param-
etersK ∈ {1d, 2d, 3d, 5d, 10d, 15d, 30d, 70d, 105d, 210d}. To
obtain a total simulated time of 210 days for each experiment,
{210, 105, 70, 42, 21, 14, 7, 3, 2, 1} horizons are executed in the
sliding horizon operation, respectively. The resulting energy as-
signments~e∗ are evaluated by applying the joint reward function
R(ek) = ln(0.01 + ek

1000
) which assigns negative rewards (i.e.,

penalties) to energiesek < 990, whereR(ek) is the summation of
reward functionsrn(ǫk,n) of theN applications under energy con-
straintek. In particular, setting the services to0 is punished with an
penalty ofln(0.01) ≈ −4.61. For each experiment, we calculate
the accumulated reward for 210 days.
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Figure 6: Convergence of the normalized accumulated reward
over number of days andEmax, EC(0) = Eℓ = 3000.

For this arbitrarily chosen reward function, Figure 6 displays the
accumulated rewards which are normalized by the accumulated re-

ward obtained by the experiment with the longest horizon, namely
210 days. If one chooses a smallerEmax, it turns out that the re-
ward converges faster towards its longterm average with increasing
d. For a horizon ofd = 15 days, a capacity ofEmax = 500000
will result in a reward of 93,7% of the reward for the same capacity
with d = 210 days. For smaller capacitiesEmax = 24000 and
4000, the ratio increases to 97,7 % and 99.9 %, respectively. The
reason for this behaviour is that Algorithm 1 is getting more and
more nearsighted with smaller capacityEmax: Due to the capac-
ity constraint, local maxima of~e∗ are computed to avoid energy
overflows. Hence, for small energy storage capacitiesEmax, the
accumulated reward can hardly be improved by increasing the pre-
diction horizonK.

The minimum energy capacityEmax required to optimally ex-
ploit this energy source isEmax,min = 759450. Using this value
for the battery, a horizon ofd = 15 days is sufficient to achieve
93.4% of the maximum possible reward (i.e., the reward forEmax =
∞ andK = ∞). For this particular reward function, however, also
smaller capacitiesEmax are possible to achieve a similar reward. In
summary, using our techniques, one can easily determine or trade-
off suitable parametersK andEmax for a given environment. The
solution strongly depends on the reward functionr().

5.3 Efficient Implementation of the Intra-Frame
Energy Assignment

Concerning the intra-frame energy assignment, we already men-
tioned that solving the set of equations in Step 2 of Algorithm 2
may not give an explicit solution. In such situations, numerical
root-finding algorithms like Newton’s method can be applied to
find an approximation for the energy assignmentǫk,n∀1 ≤ n ≤ N .
Newton’s method is known to have a fast, quadratic convergence
ratio and the precision of the result is only limited by the finite pre-
cision of the machine which is used to carry out the arithmetic. Like
that, Algorithm 2 is performed offline for a large number of energy
budgetsek and approximation functionsǫk,n = fn(ek), ∀1 ≤ n ≤
N are computed.
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Figure 7: Approximated inter-frame energy assignment using
polynomial functions.

We investigated systems consisting of several applications and
discuss a representative problem next. Assume we have two inde-
pendent applicationsv1 andv2 with the reward functionsr1(ǫk,1) =
ln ǫk,1 andr2(ǫk,2) =

p√
ǫk,2 + 2. To our best knowledge, there

exists no explicit function to distribute the budgetek in a certain



frame. Using Newton’s method, we approximatedǫk,1 and ǫk,2

for integer valuesek ∈ {1, 2, . . . , 200}. Next, we determine the
coefficients of, e.g., a 10th degree polynomial by least-square fit-
ting. In Figure 7, the top plot shows the approximated values of
ǫk,1

ek
= 3.7 · 10−21 · e10

k − 10−18 · e9
k + 1.9 · 10−15 · e8

k − 4.9 ·
10−13 · e7

k + 810−11 · e6
k − 8.6 · 10−9 · e5

k + 6 · 10−7 · e4
k − 2.8 ·

10−5 · e3
k + 0.00083 · e2

k − 0.018 · ek + 0.97. In this plot, it is
not possible to distinguish the approximated from the real values
of

ǫk,1

ek
. The approximation mistake is expressed in terms of resid-

ual error and can be negligible in practice, see the bottom plot in
Figure 7. The coefficients of the approximation functions have to
be stored and evaluated for every task in the online case, causing
neglectable overhead in terms of computation and memory require-
ment. Note that these approximations can be performed for miscel-
laneous computation-based or rate-based application models with
arbitrary reward functions, as presented in Section 2.

6. CONCLUSIONS
This paper copes with embedded systems equipped with energy

harvesting devices, such as solar panels. By applying prediction
techniques, we explore how to globally optimize the system per-
formance of diverse applications in terms of system rewards. The
reward functions of applications are assumed to be concave and in-
creasing with respect to the energy consumption. For a given speci-
fied prediction horizon composed of multiple frames, we develop a
two-stage mechanism for energy assignments. First, we determine
how much energy can be consumed in one frame without violating
the energy capacity constraint. Then, an algorithm based on the La-
grange Multiplier method is applied to distribute the energy budget
in one frame to the applications in the system. The effectiveness
of the proposed algorithms is supported by simulations based on
long-term measurements of the power generated by real solar cells.
Moreover, we also demonstrate how to dimension the embedded
system, e.g., the battery capacity and elaborate on implementation
details for efficiency issues.
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