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Energy harvesting (also known as energy scavenging) is the process of generating electrical energy
from environmental energy sources. There exists a variety of different energy sources such as
solar energy, kinetic energy, or thermal energy. In recent years, this term has been frequently
applied in the context of small autonomous devices such as wireless sensor nodes. In this article,
a framework for energy management in energy harvesting embedded systems is presented. As a
possible scenario, we focus on wireless sensor nodes that are powered by solar cells. We demonstrate
that classical power management solutions have to be reconceived and/or new problems arise if
perpetual operation of the system is required. In particular, we provide a set of algorithms and
methods for various application scenarios, including real-time scheduling, application rate control,
as well as reward maximization. The goal is to optimize the performance of the application subject to
given energy constraints. Our methods optimize the system performance which, for example, allows
the usage of smaller solar cells and smaller batteries. Furthermore, we show how to dimension
important system parameters like the minimum battery capacity or a sufficient prediction horizon.
Our theoretical results are supported by simulations using long-term measurements of solar energy
in an outdoor environment. In contrast to previous works, we present a formal framework which is
able to capture the performance, the parameters, and the energy model of various energy harvesting
systems. We combine different viewpoints, include corresponding simulation results, and provide
a thorough discussion of implementation aspects.
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1. INTRODUCTION

Power and energy management has played an important role in modern em-
bedded system design to prolong the battery lifetime without sacrificing too
much performance. The emerging technology of energy harvesting has earned
much interest recently to provide a means for sustainable embedded systems.
For systems with expensive deployment cost, energy harvested from the en-
vironment could provide sustainable services for data gathering applications.
Among renewable energy resources, energy harvesting with solar panels is one
of the most popular applied technologies, and there have been many energy har-
vesting circuits that are designed to efficiently convert and store solar energy.

Clearly, one may just use solar energy to recharge a primary energy source,
for example, a battery. In this way, the point in time when the system runs
out of energy is simply postponed. If, however, one strives for perpetual oper-
ation, common power management techniques have to be reconceived. Then
the embedded system has to adapt to the stochastic nature of the solar en-
ergy. The goal of this adaptation is to maximize the utility of the application
in a long-term perspective. The resulting mode of operation is sometimes also
called an energy neutral operation: The performance of the application is not
predetermined a priori, but adjusted in a best effort manner during runtime
and ultimately dictated by the power source.

Efficient solar harvesting systems adapt the electrical operating point of
the solar cell to the given light condition, using techniques called Maximum
Power Point Tracking (MPPT). For industrial, large-scale solar panels these
techniques are well-understood and extensively used [Esram and Chapman
2007]. For solar cells the size of a few cm2, however, particular care has to be
taken in order not to waste the few mW generated by the solar cell.

Concerning the software algorithms running on an embedded system, simi-
lar considerations as for the hardware hold. The energy required for sophisti-
cated control algorithms may introduce a high control overhead for low-power
applications. For example, a simple sensor node, which periodically senses and
transmits data, might spend most of the time in power-saving sleep modes, and,
hence, we need simple and low-complexity solutions. Two of the first prototype
sensor nodes with energy harvesting capabilities were Heliomote [Hsu et al.
2005] and Prometheus [Jiang et al. 2005].

A first step in this direction has been made in Kansal et al. [2007]. The
authors point out how the problem of adapting the duty cycle of a solar powered
sensor can be modeled by a linear program. As the objective, the average duty
cycle shall be optimized. Instead of periodically solving this linear program
online, a heuristic algorithm of reduced complexity is proposed. The work in
Vigorito et al. [2007] improves on the results in Kansal et al. [2007]; however,
the assumed optimization objective and application remain very specific.
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Fig. 1. Illustration of the system model.

In this article, a more general approach to optimize the utilization of solar
energy will be presented which builds on our works in Moser et al. [2007a,
2008, 2009a, 2009b].

In contrast to previous work, the methods presented in this article are capa-
ble of modeling a much larger variety of application scenarios, constraints, and
optimization objectives. To optimally adjust the application rates according to
the environmental energy, we demonstrate how multiparametric programming
techniques can be applied to compute efficient online controllers. In doing so, we
avoid solving optimization problems online which may be prohibitively complex
in terms of running time and energy consumption. Instead, a precomputation
of the control laws is performed according to the results in Moser et al. [2010].
Furthermore, we investigate the fundamental problem of assigning harvested
energy to services, which have user-defined rewards. In order to optimize the
overall reward, we present algorithms which carefully plan the future energy
consumption of the system. Finally, we address the case of systems that execute
applications with real-time constraints. For this purpose, we have constructed
an optimal scheduling algorithm that jointly handles constraints from both the
energy and time domains.

We organize this article as follows. In the next section, the system concept
and the models and methods used are discussed. In Section 3, we demonstrate
how to obtain simple but optimal controllers which adjust the application rates
on a sensor node. In Section 4, we present algorithms to assign service levels
with user-defined rewards. In Section 5, we present lazy scheduling algorithms
for optimal online scheduling of real-time applications. Section 6 provides a
summary and the conclusions.

2. SYSTEM MODEL AND PROBLEM STATEMENT

The system model is shown in Figure 1. The whole hardware/software system is
powered by an energy harvesting device (e.g., a solar cell) that delivers energy
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ES(t) and loads the energy storage. The sensor node may use the energy ES(t)
directly to drive the application with energy ED(t). Surplus energy is stored in
a storage device with efficiency η. At time t, there is the stored energy EC(t)
available. Note that the subscript C in EC(t) refers to capacity. The capability
to bypass the storage device is a typical feature of the latest prototypes. It
offers the opportunity to save substantial energy by using the solar energy
directly when available. The energy storage may be charged up to its capacity
C. If the application consumes no energy ED(t) and the storage is consecutively
replenished, an energy overflow occurs and surplus energy is wasted.

Note that the presented model of the power flow even holds for the simplest
connection between the energy source, the energy storage, and the load: a
direct, parallel connection. If, for example, a solar cell, a supercapacitor, and
a sensor node are connected in parallel, they will experience the same voltage
and, due to Kirchhoff ’s law, the currents will split up at the junction. As a
consequence, the power flow (as a product of voltage and current) will show the
described behavior. For a detailed discussion on more sophisticated charging
circuitry, we refer the reader to Brunelli et al. [2009] and Moser et al. [2010].

As illustrated in Figure 1, this article investigates three different application
scenarios, namely application rate control, service-level allocation, as well as
real-time scheduling. We provide dedicated algorithms for these application
scenarios, which will be presented in Section 3, 4, and 5, respectively. For all
application scenarios, an estimation of the future energy harvesting is required
to optimize the system performance. As illustrated in Figure 1, the estimation
of the prediction unit is used as an input to the online scheduler which controls
the application. In addition, the currently stored energy in the energy storage
is measured.

Both the application rate controller and the service-level allocator decide on
the usage of harvested energy in a long-term perspective. In doing this, pa-
rameters of the application are adapted for the coming days or even weeks. As
a result, the average power consumption of the system is optimized. While
the application rate controller can be designed for a wide variety of sys-
tem dynamics and constraints, the major advantage of the service-level con-
troller is the explicit formulation of user-defined rewards for the different
services. Furthermore, the service-level controller can handle a finite set of
service levels, which can only be done approximately with the application rate
controller.

The real-time task schedulers presented in Section 5 guarantee optimal task
ordering in a short-term perspective. For instance, for time scales of millisec-
onds or seconds, the scheduler decides how to assign energy to time-critical
tasks. Application parameters as well as average power consumption are not
influenced by the real-time task scheduler.

In summary, the application rate controller or service-level allocator decides
which and how many tasks are executed on the long run and the real-time task
scheduler decides about the short-term task ordering. All three application
models and corresponding solution methods turn out to be of practical concern.
They can be applied independently as presented in the respective sections.
Furthermore, it is possible to combine the proposed application models. For a
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discussion on how to combine the different models and methods, the reader is
referred to Section 6. The problem statement can be written as follows.

—We want to adapt parameters of the application such that a maximal utility
is obtained while respecting the limited and time-varying amount of energy.

—In the presence of real-time constraints, if the task set of an application is
schedulable with the available energy and time, we want to determine a
feasible schedule.

3. APPLICATION RATE CONTROLLER

In this section we are adapting parameters of the application to optimize the
performance in a long-term perspective. By adapting the activation rates of
tasks, we control the average power consumption of the embedded system. As
a main contribution, a framework for adaptive power management is proposed
which builds on multiparametric programming techniques. In doing so, we
link methods from control theory with the software design of environmentally
powered systems.

3.1 Task Model

The energy ED(t) is used to execute tasks on various system components. A task
τi from the set of tasks needs energy ei for completing a single instance. We
suppose that a task is activated with a time-variant rate Ri(t), that is, during
the basic time interval T , the task is executed Ri(t) times. Therefore, a task
needs energy ei · Ri(t) in time interval T for successful execution. Finally, we
denote R(t) the vector of all task rates Ri(t) at time t. For more sophisticated
task and application models, the reader is referred to Moser et al. [2008b].

3.2 Energy Prediction and Receding Horizon Control

The estimation unit receives tuples (t, ES(t)) for all times and delivers N predic-
tions on the energy production of the energy source over the so-called prediction
horizon (see Figure 2(a)). In the following, the energy prediction will be denoted
Ẽ(t, 0), Ẽ(t, 1), . . . , Ẽ(t, N − 1). The estimation algorithm should depend on the
type of the energy source and the system environment. Standard techniques
from automatic control and signal processing can be applied here. For sensors
with solar cells deployed in an outdoor environment, even the weather forecast
can be used. In Kansal et al. [2007] and Moser et al. [2007b], prediction algo-
rithms based on a weighted sum of historical data are demonstrated to perform
well. In addition, a short-term factor is accounting for the momentarily har-
vested energy. In Moser et al. [2008b], a worst-case energy prediction algorithm
which guarantees sustainable operation is presented. For a discussion about
suitable energy prediction algorithms or how to handle prediction mistakes,
we refer the reader to related work. The mentioned degradation effects due to
energy misprediction have been studied extensively elsewhere.

At time t, the controller is computing the control sequence R(t + k · T )
for all prediction intervals 0 ≤ k < N based on the energy estimation
as well as the current system state (e.g., EC(t)). However, only the first
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Fig. 2. Application rate controller for an example application.

control rates R(t) are applied to the system during the first time-step T . The
rest of the control sequence is discarded. At time t + T , a new vector R(t) is
computed which extends the validity of the previous vector by one time-step.
Again only the first control is used, yielding a Receding Horizon Control (RHC)
strategy.

3.3 Multiparametric Control Design

It has been shown that many optimization problems for energy harvesting
systems can be modeled by the class of Linear Programs (LP), see, for example,
Moser et al. [2007b] and Kansal et al. [2007]. However, solving at each time-
step t an LP in a resource constrained system like a sensor node is prohibitive
in general. In the following, we will describe a method for solving the respective
LP offline and using the result for constructing an optimal online controller.

In Moser et al. [2007b], the fundamental observation made is that the con-
sidered LPs are parameterized and can be solved offline. As illustrated in
Figure 2(b), a state vector X is defined consisting of the actual system state,
the level of the energy storage, as well as the estimation of the incoming en-
ergy over the finite prediction horizon. Furthermore, let us denote the vector
of optimal control rates Ropt. As it turns out, the state space of vector X can be
subdivided into a number NCR of critical regions, in which the optimal control
rates can be obtained by evaluating a simple linear function of X. The polyhe-
dral partition of the state space is illustrated in Figure 2(b) in a 3D cut using
different colors for the different regions. The computation of the vectors and
matrices in the control law in Figure 2(b) is done offline using, for example, the
algorithm in Borrelli et al. [2003].

In the online case, the controller has to identify to which region i the current
state vector X belongs. After this simple membership test, the optimal control
rates Ropt for the next time-step are computed by evaluating a linear function
of X. These rates Ropt are identical to the rates one would obtain by solving
the linear program. However, the computational demand is greatly reduced
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compared to solving an LP online. After having solved the mp-LP in advance, a
set of NCR polyhedra with associated control laws has to be stored and evaluated
at each time-step t.

3.4 Experimental Evaluation

In this section, both feasibility and practical relevance of the proposed approach
are demonstrated by means of simulation and measurements. For this purpose,
we implemented the computation of online controllers for an exemplary case
study using the Matlab toolbox in Kvasnica et al. [2004]. We simulated the be-
havior of the controlled system and measured the resulting controller overhead
on a sensor node.

Measurements of solar light intensity during nearly 5 years recorded at [sol
2007] serve as energy input ES(t). The time interval between two samples is 5
minutes, so we set the basic time interval T = 5 min. Using this data, we could
extensively test the performance of our algorithms for time scales one usually
wants to achieve with solar powered sensor networks.

Let us consider the following example application. Let us assume a sensor
node is expected to observe some phenomenon of interest in an environmental
monitoring application. For this purpose, an image has to be recorded with a
camera sensor and the data has to be transmitted to a base station. We can
model these requirements using a data sensing task τ1 and a data transmission
task τ2. The data sensing task τ1 is operated with rate R1(t). At every instanti-
ation, the sensing task τ1 drains e1 = 0.1 energy units and stores an image in
some local memory. The transmission task τ2 is transmitting images with a rate
R2(t). Task τ2 reduces the occupied memory by one image per instantiation. In
general, radio communication is the main energy consumer in sensor networks
and we choose e2 = 0.9. According to our experience with hardware prototype
systems, we opted for a storage efficiency of η = 0.8. The sensor node can store
a maximum of Mmax = 1000 images. The energy prediction algorithm we used
is the same as in Moser et al. [2007b] with parameter α = 0.5.

The optimization objective is to maximize the minimal rate with which the
task τ1 is operated in the finite horizon. In terms of intervals, the objective
translates into a minimization of the maximum interval between any two con-
secutive measurements. This could be a reasonable objective if one attempts to
minimize the unobserved time periods between two recorded images.

In Figure 3, the generated controller is optimizing the sampling rate R1 and
the transmission rate R2 during 5 days. The controller achieves to optimize the
rate R1 in spite of the unstable power supply ES(t). Consequently, the stored
energy EC(t) is highly varying: It is increasing during day and decreasing at
night. Also the transmission rate R2 is oscillating around the sampling rate R1.
Since it is favorable to use energy when it is available, data is stored at night
and transmitted during day.

In order to evaluate the implementation overhead, we implemented the con-
troller consisting of NCR = 1049 critical regions on a BTnode [Beutel et al. 2004]
and measured its running time as well as power consumption. In terms of phys-
ical memory, the storage demand of the controller amounts to 9,4 Kbyte using
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Fig. 3. Adaption of the sensing rate r1 and the data transmission rate r2 by a multiparametric
linear controller for five days.

the techniques described in Moser et al. [2008b] and a 16-bit integer represen-
tation per coefficient. In other words, the algorithm is applicable to commonly
used sensor nodes like the TmoteSky [Corporation 2006], which exhibits 48
Kbyte Flash ROM or the BTnode, with 128 Kbyte. In our implementation on
a BTnode, we measured the worst-case computation time <190 ms, yielding
a neglectable control overhead every T = 5 min. Also the energy consump-
tion for evaluating the control law can be neglected compared to the energy
consumption caused by the application rates R1 and R2 during the interval T .

4. SERVICE-LEVEL ALLOCATOR

In this section, we assume that a service executed by the system is associated
with a certain reward which can be defined by the user. We present algorithms
which maximize the overall reward of the task subject to the given energy con-
straints. We will investigate the case of continuously adaptable service levels
with concave reward functions in Section 4.2.1 and discrete service levels in
Section 4.2.2.

For real-time systems without energy harvesting, reward maximization un-
der energy constraints has been studied extensively as, for example, in Chen
and Kuo [2005], Alenawy and Aydin [2004], and Rusu et al. [2002, 2003]. 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 [Liu et al. 1991] and the Increasing
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Reward with Increasing Service (IRIS) model [Dey et al. 1996; Shih et al.
1991]. For numerous practical tasks, 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 computation [Aydin et al. 1999].

4.1 Service Allocation Models

—Energy Harvesting and Storage Models. For service-level allocation, we as-
sume that the energy harvesting device has a prediction unit to estimate the
amounts of energy harvested in each of the next K prediction intervals in
the future. For brevity, a prediction interval is denoted as a frame, while K
refers to number of frames of the prediction horizon. Each frame is assumed
to have the same length and is the basic time unit for scheduling. As in the
previous section, the length of a frame in physical time and the number of
frames K are chosen depending on the given energy source (see Section 4.5).
The energy storage, for example, a supercapacitor or a battery, stores the en-
ergy harvested from the environment. To simplify the discussion, we assume
a charging efficiency of η = 1 for this section. Note, however, that the whole
formulation allows to handle also more general problems. The amount of the
harvested energy that will be stored in the energy storage in the kth frame is
denoted by ES(k). The energy storage is constrained by the maximum capac-
ity C of the energy in the storage. If the energy storage is full, the additional
harvested energy dissipates.

—Service and Task Models. We investigate how to achieve performance maxi-
mization for periodically executed services in environmentally powered sys-
tems. To this purpose, the scheduler receives predictions of the future energy
ES(k) generated in the next 1 ≤ k ≤ K frames. We consider a task with ei-
ther: (1) continuous service levels or (2) M discrete service levels. For every
frame k, the scheduler has to assign exactly one service level sk. For con-
tinuous service levels, a service level with s amount of energy consumption
contributes r(s) reward, in which we assume r(s) is a concave and increasing
function. Specifically, we assume that the reward r(s) is strictly concave in s,
that is,

α · r(σ1) + (1 − α) · r(σ2) < r
(
α · σ1 + (1 − α) · σ2

)
,

for any service levels σ1, σ2 with σ1 · σ2 ≥ 0, σ1 �= σ2, and 1 > α > 0. For
high service levels the reward saturates, that is, the increment in reward is
getting smaller. This property is typical for human perception of, for example,
a multimedia application where at a certain point the difference in resolution
becomes imperceptible. As already mentioned, this reward model has been
used extensively in the literature.

For discrete service levels, the jth service level is associated with a corre-
sponding reward rj and an energy consumption e j which is drawn from the
energy storage. Note that for the discrete service levels, the user may define
arbitrary rewards which are not required to be concave.

—Problem Statement. We are given the prediction for K frames at time t.
Without loss of generality, we scale time t to 0. The energy in the energy
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Fig. 4. An example for service allocation.

storage at time 0 is specified as EC(0) and the energy harvested in the kth
frame is ES(k) with charging efficiency η = 1. For brevity, the kth frame starts
from time k − 1 to time k. After the last frame, we require to have at least
energy E� in the energy storage which can be used in the future. The objective
is to find an assignment �s = (s1, s2, . . . , sK) of service levels for these K frames
such that the sum of rewards

∑K
k=1 rsk (or

∑K
k=1 r(sk) for the continuous case)

is maximized while respecting the required energy constraints. Note that we
output ED(t) = esk (respectively, ED(t) = sk) for the kth frame for the discrete
(respectively, continuous) cases.

4.2 Service-Level Allocation Algorithms

4.2.1 Service Allocation for Continuous Service Levels. Because the service
is a concave and increasing function of the energy consumption, an optimal as-
signment for the reward maximization on energy harvesting problem should
consume a constant amount of energy to maximize the achieved reward. How-
ever, the harvested energy might not be enough to support the energy consump-
tion. Therefore, an optimal assignment for the reward maximization on energy
harvesting problem should try to consume some constant amounts of energy
without leading to energy underflow. For example, as shown in Figure 4(a), if
K is 6 with E� = EC(0) = 2, ES(1) = 6, ES(2) = 4, ES(3) = 0, ES(4) = 0, ES(5) =
5, ES(6) = 5. Running at a constant energy consumption with an assignment �s
with 6+4+5+5

6 = 10
3 unit of energy consumption for all these six frames. However,

the resulting assignment is not feasible since there is an energy underflow at
the fourth frame. Figure 4(b) gives an optimal energy consumption assignment
which tries to consume constant amounts of energy without incurring energy
underflow.

If there is no constraint on the battery capacity, that is, C is +∞, we just have
to prevent energy underflows. The strategy is to find the bottleneck that incurs
energy underflow. Suppose that E�(k) is the minimal energy leftover after frame
k, where E�(K) is defined as E� and E�(k) is 0 for k = 1, 2, 3, . . . , K − 1. Let s̃j

be EC (0)−E�( j)+∑ j
i=1 ES(i)

j , ∀ j = 1, 2, . . . , K. To optimize the reward, we have to find
the index j∗ such that s̃j∗ ≤ s̃k,∀1 ≤ k ≤ K. Then we assign the first j∗ frames
with the energy consumption equal to s̃j∗ and set EC( j∗) as 0. That is, sj is set
to s̃j∗ for j ≤ j∗. For example, in Figure 4(b), j∗ is 4. For the rest of the frames,
we apply the same procedure by only considering the remaining frames from
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j∗ to K. Due to the concavity of reward functions, the aforesaid approach can
be proved to derive optimal solutions.

For the case that there is a battery constraint, that is, C is not +∞, the prob-
lem is more complicated. First, we derive an optimal solution �s∗ with infinite
battery capacity as shown in the previous paragraph. The solution for infinite
battery capacity divides the K frames into some segments, in which a segment
[kn−1, kn] is defined such that solution �s∗ has the same energy consumption for
all the frames between kn−1 + 1 to kn. However, as it is possible that a segment
has energy overflow, we will present how to revise the solution in a segment
[kn−1, kn]. There are three cases for energy consumption.

—The energy consumption is a constant, denoted by λ1, in the segment such
that the energy in the battery at the end of the segment is E�(kn).

—The constant energy consumption λ2(k) from frame k to frame kn by assuming
that the energy leftover in the battery after frame k is C. We take the frame
k∗ with the minimum λ2(k∗).

—The constant energy consumption λ3(k) from frame kn−1 to frame k by assum-
ing that the energy leftover in the battery after frame k is 0. We take the
frame k′ with the minimum λ3(k′).

Based on the preceding cases, we take the following actions.

—If λ2(k∗) < λ1, we divide the segment into two segments [kn−1, k∗] and [k∗ +
1, kn] such that the energy leftover E�(k∗) in frame k∗ is specified to be C.

—If λ3(k′) < λ1, we divide the segment into two segments [kn−1, k′] and
[k′ + 1, kn] such that the energy leftover E�(k′) in frame k′ is specified to
be 0.

—Otherwise, there is no overflow or underflow, and we can return the energy
assignment for the segment.

The previous algorithm is denoted as algorithm Recursive Decomposition (ab-
breviated as RD), which requires a recursive call by dividing a segment into
two to decide the energy consumption assignment. The flow chart is presented
in Figure 5. Moreover, it was proved in Moser et al. [2008a] that algorithm
RD derives optimal solutions for reward maximization with continuous service
levels in O(K2).

4.2.2 Service Allocation for Discrete Service Levels. For a task with dis-
crete service levels, we present two algorithms. The first algorithm is a
greedy algorithm extended from algorithm RD in Section 4.2.1. It derives
discrete service levels by rounding the continuous service levels computed
by algorithm RD. The second algorithm is an approximation algorithm with
adjustable time complexity which is based on the principles of dynamic
programming.

—Greedy Algorithm. Suppose that the assignment by applying algorithm RD is
�s∗. The greedy algorithm for discrete service levels simply applies algorithm
RD as a subroutine to determine the assignment for discrete service levels by
rounding down the energy consumption. A naı̈ve extension of algorithm RD
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Fig. 5. Flowchart of algorithm RD.

is to choose service level s†k for the kth frame such that es†k
≤ es∗

k
< es†k +1. This

guarantees the feasibility of the derived assignment �s†, but loses optimality.
Therefore, to optimize the system reward, we need to be more careful. Some
available discrete service levels might be energy inefficient. That is, service
level j might consume much more energy but have marginal improvement
on the reward. To conquer this, we have to eliminate those service levels j
with rj−rj−1

e j−e j−1
<

rj+1−rj

e j+1−e j
. As a result, after the elimination, for 2 ≤ j ≤ M′ − 1,

we have
rgj −rgj−1

egj −egj−1
≥ rgj+1 −rgj

egj+1 −egj
.

After eliminating the energy-inefficient service levels, the greedy algo-
rithm iteratively decides the service level of a frame based on the solution
derived from algorithm RD. That is, for the kth iteration, algorithm RD is
applied to derive the service level of the kth frame by assuming that the
service levels of the first k− 1 frames have been determined, and the greedy
algorithm greedily chooses the service level gj with egj ≤ es∗

k
< egj+1 for the

kth frame, where s∗
k is the service level derived from algorithm RD for the

kth frame.
—Dynamic Programming. We now present a dynamic programming algorithm

that derives optimal service levels in case the reward values are integers.
For noninteger reward values, an approximation is provided. Let ε be a user-
specified real number between 0 and 1 for the tolerance of approximated
solutions. Specifically, by choosing a smaller ε, the approximated algorithm
will derive a solution which is guaranteed to be closer to the optimal solution,
but the complexity will be higher. Therefore, how to choose a proper ε to trade
the performance with the running time is a task left to system designers (see
also Section 4.6). Then, for each service level j, we derive the rounded reward
r′

j of service level j by applying r′
j = � rj

ε·rM
�.
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Suppose that Ẽ(k, ρ) is the maximum energy residual in the energy storage
after servicing the kth frame with total rounded reward (for the first k frames)
no less than ρ. For notational simplicity, let Ẽ(k, ρ) be −∞ if ρ < 0 or ρ > kr′

M.
Moreover, by the definition of feasible assignments, the total reward of the first
k frames must be at least kr′

1. Hence, when ρ < kr′
1

Ẽ(k, ρ) = −∞. (1)

Then, we can have the dynamic programming as follows.

Ẽ(k, ρ) = min
{

C, max
j=1,2,...,M

{Ẽ(k − 1, ρ − r′
j) + ES(k) − e j}

}
(2)

Ẽ(1, ρ) =
{

min
{
C, ê

}
, if ê = EC(0) + ES(1) − e j ′

ρ
≥ 0

−∞, otherwise,
(3)

where j ′
ρ is the service level j with r′

j−1 ≤ ρ ≤ r′
j , where r′

0 is assumed 0 here for
calculating j ′

ρ . Note that the other boundary conditions must also be applied
for Ẽ(k, ρ).

We can build a dynamic programming table by applying the preceding re-
cursive function in Eqs. (1), (2), and (3). Suppose that R′ is the maximum value
with Ẽ(K, R′) ≥ E�. By back-tracking the dynamic programming table, we can
derive an assignment �s
 such that the sum of the rounded reward of �s
 is R′ and
the residual energy in the energy storage is no less than E� at the end of the Kth
frame. The following theorem shows that the quality of the derived solution �s


of the previous dynamic programming is not too far away from the optimal
assignment, even in the worse case. In addition, the time complexity is signif-
icantly reduced compared to straightforward approaches like Integer-Linear
Programming or a full search.

THEOREM 1. Deriving �s
 takes O( K2 M
ε

) time complexity and O( K2

ε
) space com-

plexity, and for any input instance with feasible assignment �s, 1
1−ε

∑K
k=1 rs


k
≥∑K

k=1 rsk.

If integer reward values are given, one may use the original reward values
instead of the rounded reward r′

j by setting ε = 1
rM

. As has been shown in Moser
et al. [2009b], the dynamic programming algorithm derives optimal discrete
service levels for integer reward values. Of course, also for integer reward
values, the computational complexity can be further reduced by choosing a
smaller ε.

4.3 Dimensioning the Storage Capacity

To design the energy supply of an embedded system, it is important to estimate
how to dimension the energy storage device. Given an initial energy EC(0), an
energy source ES(k), 1 ≤ k ≤ K, and a final energy constraint E�, we are
interested in the minimum storage capacity which is needed to achieve the
maximum possible reward. We denote Cmin the minimum capacity C for which
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the optimal reward equals the reward for an unconstrained system which C =
+∞. For a single horizon, we can now determine

Cmin = max
k=1,2,...,K

⎧⎨⎩EC(0) +
k∑

j=1

(ES( j) − s∗
j )

⎫⎬⎭ ,

where �s∗ is an assignment computed by algorithm RD in Section 4.2.1 or the
dynamic algorithms in Section 4.2.2 for specified ES(k) for k = 1, 2, . . . , K, EC(0),
E� and C = ∞. By choosing the maximum of all capacities Cmin, it is possible to
determine the minimum capacity C to optimally exploit a given environmental
source.

4.4 Experimental Evaluation

4.5 Choosing Sufficient Parameters K and C

A fundamental question one might ask when designing a system in a given
environment is: How many days should the horizon span to obtain reasonable
rewards? Since solar energy shows a similar pattern every 24 hours, multiples
of a day are reasonable choices for the prediction horizon. The presented results
in this article are conducted by setting 16 frames per day, which means a frame
lasts for 1.5 hours. The results for different numbers of frames per day are
quite similar. When investigating different values for the number of frames of
the prediction horizon K ∈ {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 energy EC(K) to be at least
equal to the initial energy EC(0), that is, E� = EC(0).

We simulated algorithm RD for K∈{1d, 2d, 3d, 5d, 10d, 15d, 30d, 70d, 105d,

210d} for the continuous problem. To obtain a total simulated
time of 210 days for each experiment, we repeateady computed
{210, 105, 70, 42, 21, 14, 7, 3, 2, 1} horizons, respectively. The resulting energy
assignments �s are evaluated by applying the reward function r(s) = ln(0.01 +

s
1000 ) which assigns negative rewards (i.e., penalties) to energies s < 990. For
each experiment, we calculate the accumulated reward for 210 days.

As a matter of fact, the accumulated reward depends both on the number d
of days of the prediction horizon and the energy storage capacity C. In Figure 6
we see that the accumulated reward increases quickly with the parameters d
and C. The minimum energy capacity Cmin required to optimally exploit this
energy source is Cmin = 759450. Using this value for the battery, a horizon of
d = 15 days is sufficient to achieve 93.4% of the maximum possible reward (i.e.,
the reward for d = C = ∞). For this particular reward function, however, also
smaller capacities C are possible to achieve a similar reward.

Using the presented algorithms and simulation methods, one can easily
dimension parameters like d and C before deploying the embedded system in
a certain environment. As a requirement, a trace of the energy profile has to
be provided which is representative for the actual energy source ES.
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Fig. 6. Accumulated reward for 210 days computed by algorithm RD, EC (0) = E� = 3000.

4.6 Greedy Algorithm vs. Dynamic Programming

In the following, we will compare the presented algorithms for the discrete
reward maximization problem. We choose an example task with 5 service
levels with energies e j ∈ {1000, 3000, 5000, 6000, 8000} and reward values
rj ∈ {4, 5, 12, 13, 18}. Since all reward values are integers, we can compute
the optimal service levels using the dynamic programming algorithm with
ε = 1

8000 . We will simply denote this algorithm as algorithm DP from now on.
We experienced that for tasks with many service levels, the greedy algorithm

closely approximates the optimal solution derived by dynamic programming.
However, for the examples with few service levels, the greedy algorithm can
only roughly approximate the optimal solution. As displayed in Figure 7(a),
the average reward of the greedy algorithm is converging towards ≈63% of the
optimal reward value for the mentioned example application. Algorithm DP
achieves a normalized reward of 100% for all prediction horizons. On the other
hand, Figure 7(a) also displays two approximations of the dynamic program-
ming with tolerances ε = 0.1 and ε = 0.2. They compute service levels whose
rewards are only a few percent from the optimal ones. Note that this problem
cannot be solved in acceptable time using a full search.

Instead of measuring the running time on a certain platform, we decided to
choose a platform-independent evaluation of our algorithms. For this purpose,
we counted the number of operations (both arithmetic as well as logic opera-
tions) which have to be executed for each algorithm. As depicted in Figure 7(b),
the greedy algorithm is only more efficient for short prediction horizons. For
our implementations of the algorithms, however, the greedy algorithm even
has a higher computational load for longer prediction horizons. It becomes
obvious that the two approximation algorithms can substantially reduce the
computation load.

For the relevant horizons, we counted at most several millions of operations
for all algorithms. In consideration of the fact that current sensor node plat-
forms like the Tmote Sky [Polastre et al. 2005] or the BTnode [Polastre et al.
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Fig. 7. Comparison of the greedy algorithm, the dynamic programming algorithm, and two ap-
proximated DP solutions with ε = 0.1 and ε = 0.2.

2005] are operated with frequencies between 4 MHz and 16 MHz, we believe
that our algorithms are executed efficiently on common sensor nodes.

In summary, the greedy approximation of the continous solution may give
quite poor solutions for the discrete problem. For a practical implementation,
one would rather choose a suitable dynamic programming approximation. In
doing so, one can easily trade performance versus computation time and give
performance guarantees for worst-case scenarios. Concerning the memory re-
quirement for internal variables, we found that the introduced overhead is
neglectable for all presented algorithms. Like that, our algorithms can be
implemented efficiently on embedded systems, even on resource-constrained
systems, for example, sensor nodes.

5. REAL-TIME SCHEDULER

In this section, we consider applications with real-time requirements where
tasks are given by arrival times, deadlines, computation times, as well as a
certain amount of energy which is required to complete each task. We point out
that greedy scheduling is not suitable if tasks are processed using regenera-
tive energy. We present lazy scheduling LSA, an optimal real-time scheduling
algorithm for energy harvesting systems.

This algorithm could be applied in scenarios where the application parame-
ters are either fixed or determined by an application rate controller or a service-
level allocator. For instance, we know from our experiments that reasonable
values T for updates of the application rate controller range from several min-
utes up to one hour (compare Figure 2(a)). It is now the responsibility of the
real-time scheduler to find a feasible schedule on a short-term basis, that is,
for time intervals smaller than T .

5.1 Task Model and Problem Definition

On an embedded system, a resource, for example, the microprocessor drains
energy ED and uses it to process tasks with arrival times ai, energy demands
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ei, and deadlines di. We assume that only one task is executed at time t and
preemptions are allowed. There may be tasks which are activated directly or
indirectly by an application rate controller or a service-level allocator. In addi-
tion, tasks may be invoked by external events or the communication protocol.

We utilize the notion of a computing device that assigns energy ED to dynam-
ically arriving tasks. We assume that the corresponding power consumption
PD(t) is limited by some maximum value Pmax. In other words, the process-
ing device determines at any point in time t how much power it uses, that
is, 0 ≤ PD(t) ≤ Pmax. If the node decides to assign power Pi(t) to the execu-
tion of task i during the interval [t1, t2], we denote the corresponding energy
Ei(t1, t2) = ∫ t2

t1
Pi(t)dt. The effective starting time φi and finishing time fi of task

i are dependent on the scheduling strategy used: A task starting at time φi will
finish as soon as the required amount of energy ei has been consumed by it.
We can write fi = min{t : Ei(φi, t) = ei}. The actual running time ( fi − φi) of a
task i directly depends on the amount of power Pi(t) which is driving the task
during φi ≤ t ≤ fi. In the best case, a task may finish after the execution time
wi = ei

Pmax
if it is processed without interrupts and with the maximum power

Pmax. For a more detailed discussion about practical task processing and the
system model in general, see Moser et al. [2007a].

The problem statement presented in this section comprises two major con-
straints which have to be satisfied: First, tasks can be processed exclusively
with energy ES generated by the energy source. And second, timing constraints
in terms of task deadlines di must be respected. For this purpose, two degrees
of freedom can be exploited. The scheduler may decide which task of all ready
tasks to execute and what amount of power PD to assign to this task.

5.2 Why Naı̈ve Approaches Fail

In the following, we will demonstrate that conventional algorithms from
scheduling theory are unsuitable for energy harvesting systems. The exam-
ple in Figure 8(a) illustrates why greedy scheduling algorithms (like Earliest
Deadline First EDF) are not suited in the context of regenerative energy. Let
us consider a sensor node with an energy harvesting unit that replenishes a
battery. For the sake of simplicity, assume that the harvesting unit provides
a constant power output. Now, this node has to execute an arriving Task 1
that has to be finished until a certain deadline. Meanwhile, a second Task 2
arrives that has to respect a deadline which is earlier than the one of Task 1. In
Figure 8(a), the arrival times and deadlines of both tasks are indicated by
up and down arrows, respectively. As depicted in the top diagrams, a greedy
scheduling strategy violates the deadline of Task 2 since it dispenses overhasty
the stored energy by driving Task 1. When the energy is required to execute
the second task, the battery level is not sufficient to meet the deadline. In
this example, however, a scheduling strategy that hesitates to spend energy on
Task 1 meets both deadlines. The bottom plots illustrate how a lazy scheduling
algorithm described in this article outperforms a naı̈ve, greedy approach like
EDF in this situation. It will be showed in the next section how an optimal
starting time φi for a task i can be computed.
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Fig. 8. Why naı̈ve approaches fail: A greedy scheduling discipline, like, for example, EDF schedul-
ing, will lead to energy conflicts 8(a). On the other hand, scheduling tasks as late as possible will
lead to timing conflicts 8(b).

On the other hand, starting a task As Late As Possible (ALAP) seems to be a
promising approach. The upper plots in Figure 8(b) display a straightforward
ALAP translation of the starting time for Task 1: To fulfill its time condition,
Task 1 begins to execute at starting time φ1 = d1 − e1

Pmax
. As illustrated, it may

happen that shortly after φ1 an unexpected second task arrives. Assume that
this unexpected Task 2 is nested in Task 1, that is, it also has an earlier deadline
than Task 1. This scenario inevitably leads to a deadline violation, although
plenty of energy is available. This kind of timing conflict can be solved by
shifting φ1 to earlier times and thereby reserving time for the unpredictable
Task 2 (see lower plots Figure 8(b)). But starting earlier, we risk to "steal”
energy that might be needed at later times.

5.3 Optimal Lazy Scheduling Algorithm LSA

From the examples in the previous section, we learned that it may be disadvan-
tageous to prearrange a starting time in such a way that the stored energy EC

cannot be used before the deadline of a task. If the processing device starts run-
ning at time φi with Pmax and cannot consume all the available energy before
the deadline di, time conflicts may occur. On the other hand, energy conflicts
are possible if the stored energy EC(t) is 0 at some time t < di. Hence we can
conclude the following: The optimal starting time φi must guarantee that the
processor could continuously use Pmax in the interval [φi, di] and empty the
energy storage EC(di) = 0 exactly at time di. Before the optimal starting time
φi, the scheduler has to conserve energy and keep the storage level EC as high
as possible. It can be shown that the optimal starting time φi can be written as

φi = di − min(EC(ai) + Ê(ai, di), C + Ê(φi, di))
Pmax

,

where Ê(ai, di) denotes the estimation of the accumulated energy ES between
the arrival and the deadline of task i. The pseudocode of the Lazy Scheduling
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Algorithm 1
Require: maintain a set of indices i ∈ Q of all ready but not finished tasks Ji

PD(t) ⇐ 0;
while (true) do

dj ⇐ min{di : i ∈ Q};
calculate φ j ;
process task Jj with power PD(t);
t ⇐ current time;
if t = ak then add index k to Q;
if t = f j then remove index j from Q;
if EC(t) = C then PD(t) ⇐ PS(t);
if t ≥ φ j then PD(t) ⇐ Pmax;

Algorithm LSA is depicted in Algorithm 1. It is based on the following rules.

—Rule 1. EDF scheduling is used at time t for assigning the computing device
to all waiting tasks with φi ≤ t. The currently running task is powered with
PD(t) = Pmax.

—Rule 2. If there is no waiting task i with φi ≤ t and if EC(t) = C, then all
incoming power PS is used to process the task with the smallest deadline,
where PS denotes the current power generated by the energy source.

If no prediction mistakes occur, that is, if Ê = ES holds for all times t, we
proved the optimality of lazy scheduling as follows: If LSA cannot schedule a
given task set, then no other scheduling algorithm is able to schedule it [Moser
et al. 2007a].

Simulation results show that also with imperfect energy estimation LSA
may reduce the deadline miss-ratio significantly. Although it is based on an
estimation of the future incoming energy ES, LSA remains an online algorithm.
The calculation of φi must be performed once the scheduler selects the task with
the earliest deadline. If the scheduler is not energy-constrained, that is, if the
available energy is more than the device can consume with power Pmax within
[ai, di], the starting time φi will be before the current time t. Then, the resulting
scheduling policy is EDF, which is reasonable, because only time constraints
have to be satisfied. If, however, the sum of stored energy EC plus generated
energy ES is small, the scheduling policy changes towards an ALAP policy. In
doing so, LSA avoids spending scarce energy on the “wrong” tasks too early.

In summary, LSA can be classified as an harvesting-aware adaptation of
the earliest deadline first algorithm. It changes its behavior according to the
amount of available energy, the capacity C, as well as the maximum power
consumption Pmax of the device. For example, the lower the power Pmax gets,
the greedier LSA gets. On the other hand, high values of Pmax force LSA to
hesitate and postpone the starting time φi. For Pmax = ∞, all starting times
collapse to the respective deadlines, and LSA degenerates to an ALAP policy.
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6. CONCLUSIONS

The application scenarios investigated in this article give fundamental insight
in the challenges of power management for energy harvesting systems. While
most conventional power management solutions aim to save energy subject to
given performance constraints, performance constraints are not given a priori
for the energy harvesting systems discussed in this article. Rather, the per-
formance is adapted in a best-effort manner according to the availability of
environmental energy. The goal is to optimize the performance of the applica-
tion subject to given energy constraints. We demonstrate that classical power
management solutions have to be reconceived and/or new problems arise if
perpetual operation of the system is required. In particular, we provide a set
of algorithms and methods for different application scenarios, including real-
time scheduling, application rate control, as well as service-level allocation.
The purpose of the latter two approaches is to decide which and how many
tasks are executed in a long-term perspective. Based on an estimation of the
energy harvested in the future, long-term decisions on the use of the available
energy are made. On a task level, we provide real-time scheduling algorithms
to assign energy to upcoming tasks in a short-term perspective. By taking into
account both available time and energy, an optimal task ordering is computed
to avoid deadline violations. For nonreal-time applications, an application rate
controller or service-level allocator may be sufficient. The other way round, if
the application parameters are determined by external conditions (e.g., sensor
data, events, or the protocol between neighbor nodes) a real-time scheduler for
local signal processing may be required. The proposed theory leads to practical
techniques for scheduling processes in energy harvesting systems.
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