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Abstract—Recently, there has been a substantial interest in the design of systems that receive their energy from regenerative sources

such as solar cells. In contrast to approaches that minimize the power consumption subject to performance constraints, we are

concerned with optimizing the performance of an application while respecting the limited and time-varying amount of available power.

In this paper, we address power management of, e.g., wireless sensor nodes which receive their energy from solar cells. Based on a

prediction of the future available energy, we adapt parameters of the application in order to maximize the utility in a long-term

perspective. The paper presents a formal model of the corresponding optimization problem including constraints concerning buffer

sizes, timing, and rates. Instead of solving the optimization problem online which may be prohibitively complex in terms of running time

and energy consumption, we apply multiparametric programming to precompute the application parameters offline for different

environmental conditions and system states. In order to guarantee sustainable operation, we propose a hierarchical software design

which comprises a worst-case prediction of the incoming energy. As a further contribution, we suggest a new method for approximate

multiparametric linear programming which substantially lowers the computational demand and memory requirement of the embedded

software. Our approaches are evaluated using long-term measurements of solar energy in an outdoor environment.

Index Terms—Embedded systems, energy harvesting, power management, multiparametric linear programming.

Ç

1 INTRODUCTION

WIRELESS sensor networks (WSNs) have opened up an
exciting field of research. A WSN can be seen as a

system of self-powered, wireless sensors which are able to
detect and transmit events to a base station. WSNs are
deployed wherever it is not possible or practical to maintain a
wired network infrastructure. In recent years, a great number
of prototype sensor networks have been deployed, including
networks for volcano monitoring [1], habitat monitoring [2],
or glacial movement monitoring [3]. For most of these
deployments, unattended operation of the network for long
periods is highly desirable. Furthermore, the sensor nodes
are anticipated to be small and inexpensive devices which
can be unobtrusively embedded in their environment [4].
Thus, a sensor node’s hardware is stringently limited in terms
of computation, memory, communication as well as storable
energy (e.g., batteries). These resource constraints also limit
the complexity of the software executed on a sensor node.

The past several years have seen an increasing interest in
wireless sensor nodes which are scavenging energy from
their environment. In [5], several technologies have been
discussed for extracting solar, thermal, kinetic, or vibrational
energy from a node’s physical environment. In particular,
techniques to harvest energy via photovoltaic cells have

attracted the interest of the sensor network community [6].
Solar energy is certainly one of the most promising energy
sources and typical environmental monitoring applications
have access to solar energy. For instance, this is the case for
the PermaSense network [7] deployed in the Swiss Alps to
investigate Permafrost. For this deployment, unattended
operation over multiple years is highly desirable. If the
sensor nodes are equipped with photovoltaic cells as energy
transducers, the autonomy of the network is increased
substantially since frequent recharging and replacement of
the batteries become unnecessary. Ideally, sensor nodes once
deployed in a harsh environment benefit from a drastically
increased operating time and become virtually immortal.

Recently, a number of solar powered prototype sensor
nodes have been presented which perform more and more
efficient energy conversion. Two of the first prototypes
were Heliomote [8] and Prometheus [9]. In both systems,
the solar panels are directly connected with the storage
device. However, an efficient solar harvesting system
should adapt the electrical operating point of the solar cell
to the given light condition, using techniques called
Maximum Power Point Tracking (MPPT). For solar cells,
the size of a few square centimeter particular care has to be
taken in order not to waste the few milliwatt generated by
the solar cell. Latest MPPT circuits accurately track the
maximum power point of a solar cell and can adapt to
changing light conditions quickly [10]. These prototypes
have successfully demonstrated that solar energy is a
realistic energy source for sensor nodes and perpetual
operation is indeed possible.

On the other hand, resource constraints also limit the
software running on a sensor node. Recently, a number of
operation systems have been presented which support
resource-limited sensor nodes [11], [12]. The latter systems
allow resource-aware programming and support power
management. In fact, the methods presented in this paper
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could be implemented in the framework of such a resource-
aware operating system. Concerning power management in
energy harvesting systems, the energy required for sophis-
ticated optimization techniques may introduce a high
control overhead. For sensor nodes which periodically
sense and transmit data, but spend most of the time in
power saving sleep modes, simple, low-complexity solu-
tions are needed.

Clearly, the power generated by small solar cells is
limited. Sensor nodes executing a given application may
frequently run out of energy in times with insufficient
illumination. If one strives for predictable, continuous
operation of a sensor node, common power management
techniques have to be reconceived. In addition to perform
classical power saving techniques, the sensor node has to
adapt to the stochastic nature of solar energy. 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 energy neutral operation [13]: 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. Therefore, storage
devices like batteries are solely used as energy buffers to
compensate the variations of the underlying energy source.

In this paper, we present a class of optimization
problems described in terms of software and hardware of
energy harvesting systems. 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. In
addition, particular care has been taken to account for the
unreliable nature of environmental energy. On the one
hand, we address the design for worst-case situations in
order to guarantee sustainable operation. On the other
hand, an approximate multiparametric programming algo-
rithm is presented which results in an acceptable system
behavior, avoiding an overly precise computation of the
application parameters. In summary, we propose a low
complexity and robust software design which is well suited
for resource-constrained systems like, e.g., sensor nodes.

This paper is organized as follows: In Section 2, we
highlight the contributions of our work, and in Section 3, we
discuss related works. In Section 4, a brief overview of the
system concept is presented, followed by a detailed discus-
sion of the models and corresponding notation in Section 5.
Section 6 describes the basic principles of multiparametric
linear programming and illustrates its application with
practical examples. A hierarchical system design to separate
decisions on energy usage and energy savings is the topic
of Section 7. In Section 8, a new method for approximate
multiparametric linear programming is presented. Finally,
we have a detailed look at implementation issues in Section 9
before Section 10 concludes the paper.

2 CONTRIBUTIONS

This paper is based on the results described in [14], [15],
[16]. We present a set of tools and methods for adaptive
power management in energy harvesting systems. We
combine the different viewpoints, include corresponding

simulation results, and provide a thorough discussion of
implementation aspects. Specifically, the paper contains the
following contributions:

. We present a formal model based on linear
programming which is able to capture the perfor-
mance, the parameters, and the energy model of
environmentally powered systems.

. To optimize the long-term system behavior, we
suggest the use of energy prediction algorithms in
combination with simple model predictive control-
lers. Concretely, we are applying results of the well-
established field of multiparametric programming to
the emerging area of energy harvesting systems.

. A hierarchical software design is presented which
increases the robustness toward energy prediction
mistakes. By designing the upper control layer for
worst-case situations, depletion of the energy sto-
rage is avoided and robustness of the overall system
is increased. In addition, we show that the hierarch-
ical design reduces the computation overhead and
storage demand significantly.

. We present a new algorithm for approximative
multiparametric linear programming. The algo-
rithm computes approximated control laws which
reduce the involved online overhead substantially.
An experimental setup reveals that the achieved
performance is not necessarily decreased compared
to the optimal solution.

. We evaluate our methods by means of simulation
using long-term measurements of solar energy as
input data. In this way, we could extensively test the
performance of our algorithms for time scales one
usually wants to achieve with, e.g., solar-powered
sensor networks.

. We propose practical techniques for the efficient
implementation of the controllers, give a thorough
analysis of the involved implementation overhead,
and demonstrate the practical relevance of our
approach by measurements of the controller running
on a real sensor node.

3 RELATED WORK

In [17], 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 objective, the average duty cycle shall be
optimized. Instead of periodically solving this linear pro-
gram online, a heuristic algorithm of reduced complexity is
proposed which attempts to decrease the duty cycle in times
when the scavenged energy is low (e.g., at night) and increase
the duty cycle when scavenged energy is high (e.g., during
the day). In contrast, the class of linear programs presented
in this paper is capable of modeling a wider variety of
application scenarios, constraints, and optimization objec-
tives. We are able to handle arbitrary objectives such as
maximizing the minimum duty cycle. For the latter objective,
we are able to achieve a more balanced system behavior, i.e.,
we try to prevent an embedded system from shutting down
during periods with little harvested energy. The work in [18]
improves on the results in [17]; however, the assumed
optimization objective and application remain very specific.

MOSER ET AL.: ADAPTIVE POWER MANAGEMENT FOR ENVIRONMENTALLY POWERED SYSTEMS 479



In [19], an optimal real-time scheduling algorithm for
energy harvesting systems is presented. Taking into account
the available time as well as the harvested energy, an
optimal task ordering is determined based on the prediction
of the available energy. The work in [19] is extended in [20]
by taking into account a processor with different execution
frequencies (DVS). In contrast to the work presented in our
paper, the parameters of the application in [19], [20] are
assumed to be given (in form of task arrival times, energy
consumptions, and deadlines). By scheduling the different
tasks, short-term decisions on the use of environmental
energy are made. In our work, we are actively adapting
parameters of the application to optimize the performance
in a long-term perspective.

The approach in [21] is restricted to a very special
scheduling problem: Periodic tasks with certain rewards
are scheduled within their deadlines according to a given
energy budget. The overall objective is to maximize the sum
of rewards. Therefore, energy savings are achieved using
Dynamic Voltage Scaling (DVS). The energy source is
assumed to be solar and comprises a simplified day state
as well as a night state. A similar reward maximization
problem has been recently presented in [22]. In the latter
work, the received reward is assumed to be a concave
function over the energy consumption. Again, our approach
generalizes the work in [21], [22] for a much larger variety of
application scenarios and objective functions and the works
in [21], [22] can be seen as special cases of our approach.

4 SYSTEM CONCEPT

The system model is depicted in Fig. 1. The whole
hardware/software system is powered by an energy
harvesting device that delivers in a unit time interval
starting at t the energy ESðtÞ. In the same time interval, the
system uses energy ERðtÞ. At time t, there is the stored
energy ECðtÞ available. It is a typical feature of recent energy
harvesting circuits that solar energy ES is either used
directly by the system or is stored in the energy storage for
later use. In the latter case, the charging of the battery is
done with some efficiency �, whereas the direct usage is free
of energy losses. This possibility of bypassing the energy
storage can be exploited to save energy by minimizing the
round-trip losses in the energy storage device. For a
discussion on how this system model matches real hard-
ware implementations, the reader is referred to Section 9.

Besides the application, there are two additional software
tasks running on the target architecture. The estimator
predicts future energy production of the harvesting device

based on measurements of the past. The controller adapts
properties of the application, e.g., task activation rates, based
on the estimation of future available energy, the currently
stored energy, and additional information about the system
state, e.g., the amount of available data memory. Parameters
of the application are modified by the online controller.
During execution, the system state (e.g., the amount of
information stored in local memory and the stored energy) is
changed. It is the duty of the controller to adjust properties of
the application such that long-term objectives are optimized
(for example, maximizing the sampling rate of a sensor)
while respecting system constraints (for example, using not
more than the available memory).

5 BASIC MODELS AND METHODS

In this section, we present our model of energy harvesting
systems. In Section 5.1, we start with the principal modeling
of the physical power flow, followed by a brief description
of our rate-based application model in Section 5.2. Next, we
introduce the principles of energy prediction and receding
horizon control as fundamental techniques to control the
long-term behavior of the system (Section 5.3). Finally, in
Section 5.4, we show how optimization problems in energy
harvesting systems can be modeled by the class of linear
programs.

5.1 Power Flow and Energy Storage Model

The modeling is based on the notion of discrete time t 2 ZZ�0

where the difference in physical time between two discrete
time instances is denoted as T . Energy-related sensing and
control may happen only at times t. In a practical setting,
one may have a basic time interval T of a few minutes or
even an hour.

The energy harvesting device is modeled as a power
source which delivers energy ESðtÞ in the time interval
½t; tþ 1Þ of length T . Therefore, in time interval ½t1; t2Þ with
t1, t2 2 ZZ�0, it delivers energy ESðt1; t2Þ ¼

P
t1�u<t2 ESðuÞ.

The incoming power can be stored in an energy storage
device, e.g., a rechargeable battery or a supercapacitor. We
denote � the storage efficiency of a nonideal storage device.
The energy level at time t is denoted as ECðtÞ. In
dependence on the energy ERðtÞ drawn from the sensor
node, the increment �ECðtÞ of the stored energy is defined
at each time t according to the following statement:

if ESðtÞ > ERðtÞ
then �ECðtÞ ¼ � � ðESðtÞ �ERðtÞÞ
else �ECðtÞ ¼ ðESðtÞ �ERðtÞÞ:

If the generated energyESðtÞ is higher than energyERðtÞ, the
sensor node is powered directly by the solar cell and excess
energy is used to replenish the energy storage. As in [17] and
[15], we account for the efficiency � during the charging of
the energy storage. As the arrangement in Fig. 1 is fully
symmetrical, one could also consider � when the storage is
discharged. Alternatively, efficiencies of �

2 for charging and
discharging are thinkable; from a control point of view, all
three mappings of the efficiency � are equivalent.

The energy ERðtÞ is used to execute tasks on various
system components. For sensor nodes, tasks may be as
diverse as sensing, signal processing, A/D or D/A conver-
sion, computing, or communicating. A task �i 2 I from the

480 IEEE TRANSACTIONS ON COMPUTERS, VOL. 59, NO. 4, APRIL 2010

Fig. 1. Illustration of the system concept.



set of tasks I needs energy ei for completing a single instance.
We suppose that a task is activated with a time-variant
rate siðtÞ, i.e., during the basic time interval T starting at t, the
task is executed siðtÞ times. Therefore, a task needs
energy Eiðt1; t2Þ ¼

P
t1�u<t2 ei � siðuÞ in time interval ½t1; t2Þ

for successful execution. Finally, we denote SðtÞ the vector of
all task rates si at time t. The detailed application and task
model will be described in the next section.

5.2 Rate-Based Application Model

As described in Section 4, parameters of the application are
changed at runtime in order to optimally use the available
energy in the future. In this paper, we restrict ourselves to a
rate-based application model. The application consists of
tasks �i, i 2 I. A task is instantiated siðtÞ � 0 times in the
interval of length T starting at time t and the execution of
each instance needs energy ei. The activation of tasks can be
modeled by a rate graph whose nodes and edges represent
tasks and activation relations, respectively. In this way,
various dependencies between the tasks can be modeled.
The interested reader is referred to [14], where a detailed
description of rate graphs for more sophisticated applica-
tion models can be found.

5.3 Energy Prediction and Receding Horizon
Control

According to the system model described in Section 4, the
online controller receives energy estimations eEðt; kÞ of the
future harvested energy. Based on these predictions, the
online controller computes future control parameters R
which optimize the long-term behavior of the system. In
order to keep the control problem computationally tractable,
both energy prediction and calculation of future control
rates are planned for a finite horizon, leading to the concept
of receding horizon control (RHC) [23].

The estimation unit receives tuples ðt; ESðtÞÞ for all
times t � 1 and delivers N predictions on the energy
production of the energy source. We assume that the
prediction intervals are of equal size denoted as the number
L (in units of the basic time interval T ). We denote the total
prediction horizon H ¼ N � L (again in units of the basic
time interval T ), see also Fig. 2. At time t, the predictor
produces estimations eESðtþ k � L; tþ ðkþ 1Þ � LÞ for all
0 � k < N . We write eEðt; kÞ ¼ eESðtþ k � L; tþ ðkþ 1Þ � LÞ
as a shorthand notation, i.e., the estimation of the incoming
energy in the ðkþ 1Þst prediction interval after t.

The prediction algorithm should depend on the type of
the energy source and the system environment. Standard
techniques known from automatic control and signal
processing can be applied here. In this paper, we will,
e.g., provide prediction algorithms which are useful for
solar cells that operate in an outdoor environment. The
algorithms used for the experimental results will be
presented in the respective sections.

At time t, the controller is computing the control
sequence Rðtþ k � LÞ for all prediction intervals 0 � k < N
based on the estimates eEðt; kÞ as well as the current system
state (e.g., ECðtÞ). In other words, the rates si of the different
tasks are planned to be constant during each prediction
interval. However, only the first control rates RðtÞ are
applied to the system during the first time step T . The rest
of the control sequence is discarded. At time tþ T , a new
vector RðtÞ is computed which extends the validity of the
previous vector Rðt� 1Þ by one time step. Again, only the
first control is used, yielding an RHC strategy.

5.4 Linear Program Setup

The first step in constructing the online controller is the
formulation of the optimization problem in form of a
parameterized linear program (LP). Corresponding solution
methods will be described in Sections 6 and 8.

One of the essential states of the system is the stored
energy. Using the power model described in Section 5.1, we
obtain the following state equations:

ECðtþ k � LÞ ¼ ECðtÞ � k � � þ
Xk�1

j¼0

ð eEðt; jÞÞ �
Xk�1

j¼0

L � E T � Sðtþ j � LÞ þ ð1� �Þ�ðjÞ
� �

;

81 � k � N; ð1Þ

�ðjÞ � 0; 80 � j < N; ð2Þ

�ðjÞ � eEðt; jÞ � L �E T � Sðtþ j � LÞ; 80 � j < N: ð3Þ

They determine upper bounds for the expected contents
of the energy storage at times tþ kL for 1 � k � N , where
N denotes the number of intervals in the prediction
horizon. The factor � accounts for energy leakage of the
storage device. SðtÞ is a vector containing all activation
rates siðtÞ and E T is a (row) vector that contains all energy
requirements ei for all i 2 I. Therefore, the total energy
consumption in an interval starting at time t can be written
as L �E T � SðtÞ ¼ L �

P
i2I ei � siðtÞ. The auxiliary variable

�ðjÞ accounts for the energy bypassing mechanism in the
ðjþ 1Þst prediction interval as described in Section 5.1. If
the predicted harvested energy is smaller than the pre-
dicted energy consumption in a certain prediction interval,
�ðjÞ is forced to zero. In this case, the energy difference is
just drawn from the battery. The other way round, if the
predicted harvested energy is greater than the predicted
energy consumption in a certain interval, �ðjÞ has a positive
value. For this interval, the excess energy is stored with
efficiency � in the battery. This corresponds exactly to the if-
else-statement given in Section 5.1.

In a similar way, we can also model other system states,
for example, memory. A task could produce a certain
amount of data that is stored and another removes it, e.g.,
by means of communication to another node. In this case,
we would have for 1 � k � N the state equations:

Mðtþ k � LÞ ¼MðtÞ þ L
Xk�1

j¼0

M T � Sðtþ j � LÞ; ð4Þ
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where MðtÞ denotes the amount of stored data at time t and
mi is the amount of data produced or consumed by a task �i
with rate si in a time interval of length T . M T is a (row)
vector that contains all data amounts mi for all i 2 I. Of
course, (1)-(4) provide only examples of possible system
states and their associated changes. Moreover, there may be
constraints on the feasible states, for example,

0 � ECðtþ k � LÞ � Emax; ð5Þ

0 �Mðtþ k � LÞ �Mmax; ð6Þ

for 0 � k � N .
One can now easily combine (1)-(6) and obtain a

system of linear equalities and inequalities that contain as
free variables Mðtþ k � LÞ (the state of the memory),
ECðtþ k � LÞ (the state of the energy) for 1 � k � N , and
the rate control Rðtþ k � LÞ for 0 � k < N .

So far, no optimization goal has been formulated, and
therefore, any feasible rate control Rðtþ k � LÞ could be a
solution. Any linear objective function J that makes use of
the free variables given above is possible in this case. One
may also define additional variables in order to model
specific objectives. One possible (very simple) example
would be the objective

maximize J ¼ �
s1ðtþ k � LÞ � � 80 � k < N;

ð7Þ

which would attempt to maximize the minimal rate with
which the task �1 is operated in the finite horizon
0 � k < N . This could, for example, be a task that gathers
sensor data and it is desired that the minimal rate is as large
as possible. In terms of intervals, the objective translates
into a minimization of the maximum interval between any
two consecutive measurements. Hence, one could apply
this objective in scenarios where one attempts to minimize
unobserved time periods like, e.g., in environmental
monitoring or intruder detection applications.

Clearly, for the objective in (7), the controller would
continuously try to empty the storage at the horizon to
obtain an optimal objective value. Therefore, we formulate a
final-state constraint that ensures energy neutral, sustain-
able operation:

ECðtþN � LÞ � ECðtÞ þ �ðtÞ: ð8Þ

A common choice for the prediction horizon is
H � T ¼ 24 h, see, e.g., [24] or [15]. In [24], the energy offset
�ðtÞ is set to 0 for all times t. Following a diurnal circle, solar
energy is assumed to behave similarly on consecutive days.
In [15], � is manually tuned to some fixed value. However, it
has become evident that the choice of �ðtÞ severely
influences the performance of a system: decreasing �ðtÞ
results in a more aggressive control behavior, running the
risk to deplete energy EC . On the other hand, increasing �ðtÞ
may lead to overly conservative rates S, poor performance,
and an high energy level EC . In Section 7, a solution will be
presented how � can be tuned automatically using an
hierarchical control approach.

Obviously, solving at each time step t, a linear program
in a resource limited system is prohibitive in general.
However, we can conclude that the optimal rate control can
be determined by solving a parameterized linear program,

where the parameters are eEðt; jÞ, ECðtÞ, and MðtÞ. In the

next section, we will describe an optimal method for

solving the above parameterized linear program offline

and using the result for constructing an optimal online

controller. In Section 8, we will show how this online

controller can be approximated to obtain a less precise but

much simpler controller.

6 MULTIPARAMETRIC CONTROL DESIGN

Next, we will show how to design an online controller
based on multiparametric linear programming (mp-LP)
which avoids solving a linear program at each time step.
Thereby, we are following the ideas in [25], where the
regulation of discrete-time-constrained linear systems is
studied in the context of model predictive control. In [14],
the application of multiparametric linear programming has
been proposed for the first time for energy harvesting
systems. We will briefly recall the main results in Section 6.1
and illustrate the approach with the help of simple
examples in Sections 6.2 and 6.3. The last example
presented in Section 6.4 shows the limits of the approach.

6.1 Controller Generation

As a first step, we define a state vector X consisting of the

actual system state, the level of the energy storage as well as

the estimation of the incoming energy over the finite

prediction horizon (cp. Fig. 1). Resuming the system

dynamics formulated in (1)-(8), the state vector X can be

written as

XðtÞ ¼ ðECðtÞ; MðtÞ; eEðt; 0Þ; . . . ; eEðt;N � 1ÞÞT : ð9Þ

Furthermore, let us denote the vector of optimal control

inputs to the system, i.e., the vector of planned rates R as

U�ðX; tÞ ¼ ðRT ðtÞ;RT ðtþ LÞ; . . . ;

RT tþ ðN � 1Þ � Lð ÞÞT :
ð10Þ

Note that we need to compute the optimal control input R ðtÞ
for the next prediction interval as input for the application

(cp. Fig. 1). The state space of X (in our case IRNþ2 bounded by

possible constraints on ECðÞ, MðÞ, and eEðÞ) can now be

partitioned into a number NCR of polyhedrons. For each of

these polyhedrons j (also called critical regions), the optimal

solution U�ðXÞ of the control problem can be made available

explicitly as

U�ðXÞ ¼ BjXþCj if HjX � Kj; j ¼ 1; . . . ; NCR; ð11Þ

w h e r e Bj 2 IRN�ðNþ2Þ, Cj 2 IRN , a n d HjX � Kj; j ¼
1 . . .NCR is a polyhedral partition of the state space of X.
In other words, every possible state vector X belongs to
exactly one critical region j. For all state vectors within this
critical region j, the vector of optimal control inputs U�ðXÞ
can be computed as a linear function of the state vector X.
Note that for simplicity, we dropped the dependence on t of
the state vector X. The computation of the vectors and
matrices of control law (11) is done offline using, e.g., the
algorithm presented in [26] or other efficient solvers cited in
the latter work. In principle, these solvers solve the
optimization problem for every possible state vector X.
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In the online case, the controller has to identify to which
region j the current state vector X belongs. After this
membership test, the optimal control moves U� for the next
N prediction intervals may be computed by evaluating a
linear function of X. However, according to the receding
horizon policy, it is sufficient to calculate only the first rates
RðtÞ for the next interval. These rates RðtÞ are identical to the
rates one would obtain by solving the linear program.
However, the computational demand is greatly reduced
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.
The computation demand in the online case now depends on

. the number of critical regions NCR which have to
be tested,

. the size of the state vector X (in particular, the
number of prediction intervals N), and

. and finally, the number of controlled rates R which
have to be determined.

If the number of critical regions NCR gets large, the
computational effort still may be large as many matrix
multiplications HjX � Kj must be performed. Indeed, this
general shortcoming of the mp-LP approach may render the
calculated controllers inapplicable for resource-constrained
systems. By dividing the problem in subproblems within a
hierarchical framework (see Section 7) and proposing an
approximate, suboptimal multiparametric solver (see Sec-
tion 8), we will show how complex control problems can be
mastered anyhow.

6.2 Adaptation of Sensing Rate (Example I)

We implemented online controllers for exemplary case
studies using the MATLAB toolbox in [27]. Measurements
of solar light intensity ½W

m2� recorded at [28] serve as energy
input ESðtÞ. In order to simplify the presentation of the
results, we normalized and scaled all physical quantities.
Like that, we avoid presenting results which are conclusive
for a specific system only. For instance, our results hold for
different sizes of solar cells and different types of sensor
nodes. The energy prediction algorithm that has been used is
the same as in [14]. It is similar in nature to the predictor
used in [24] and attempts to predict the most probable,
average energy values for the prediction intervals.

Let us assume the following example: In a home sensing
application, sensor nodes are deployed in a building for
thermal comfort analysis. A sensor node is expected to
measure some physical quantity like, e.g., ambient tempera-
ture and has to transmit the sampled data to a base station.
We can model these requirements as a single sensing task �1

with rate R1ðtÞ, i.e., a task which is instantiated R1-times in
the interval ½t; tþ T Þ. For the sake of simplicity, the sensing
task �1 drains at every instantiation 1 energy unit from the
battery. Assume further that we want to minimize the
delay which may occur due to the absence of environmental
energy, such as in (7). The environmental energy may stem
from solar light as well as from indoor illumination. We can
formulate the linear program LP I as shown below. Note that
the last inequality in LP I is used to stabilize the receding
horizon controller.

maximize J ¼ � subject to : ðLP IÞ
R1ðtþ k � LÞ � � 80 � k < N

ECðtþ k � LÞ ¼ ECðtÞ þPk�1
j¼0 ð eEðt; jÞ � L �R1ðtþ j � LÞÞ 81 � k � N

ECðtþ k � LÞ � 0 81 � k � N
ECðtþN � LÞ � ECðtÞ � 100

In general, the number of partitions NCR of a multi-

parametric solution grows with the size of the state vector X.

Hence, it is of practical concern to keep the number of

prediction intervals eEðt; iÞ and therewith the dimension of

X as small as possible. We chose L ¼ 24 and N ¼ 6 and

obtain the states XðtÞ ¼ ðECðtÞ; eEðt; 0Þ; . . . ; eEðt; 5ÞÞT . The

resulting online controller consists of NCR ¼ 7 partitions.

Fig. 4 visualizes the partition HiXðtÞ � Ki; i ¼ 1; . . . ; 7 for

an arbitrarily chosen set of parameters eEðt; 2Þ � eEðt; 5Þ.
In Fig. 3, the generated controller is optimizing the

sensing rate R1 over a time period of seven days. We started
the simulation with an energy level ECð0Þ ¼ 500 and found
a nearly constant rate R1 during the whole simulation time.
On the other hand, the stored energy ECðtÞ is highly
varying, since the controller successfully compensates the
unstable power supply ESðtÞ. As a consequence, the stored
energy ECðtÞ is increasing during the day and decreasing at
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Fig. 3. Adaptation of the sensing rate R1.

Fig. 4. Three-dimensional view of the polyhedral partition of the state
space X for LP I. Cut through eEðt; 2Þ ¼ 100:0, eEðt; 3Þ ¼ 120:0,eEðt; 4Þ ¼ 300:0, and eEðt; 5Þ ¼ 10:0.



night. Even the fourth displayed day with significant less
sunshine is not jeopardizing the sensing rate R1. Fig. 3
demonstrates that the online controller manages to meet the
optimization goal for this simple example.

This optimization procedure could also be relevant for
other applications. For instance, a camera sensor node
deployed in an environmental monitoring application is
expected to detect a certain event. Also, for this application,
minimizing the maximum unobserved interval between
two images might be a useful objective. However, it should
be mentioned that there exist sensor applications for which
the sensing and transmission rates are fixed. In some cases,
the phenomena being sensed necessitate a certain sampling
frequency. Moreover, in certain real-time applications,
delaying of data transmissions may not be possible.

6.3 Local Memory Optimization (Example II)

As a second example scenario, let us consider a sensor node
with an attached vision sensor, as the one presented in [29].
The application may consist of two tasks running on the
sensor node: A first task �1 is sampling some data, e.g.,
capturing an image and storing the data in some local
memory. A second task �2 is transmitting stored samples to
a base station with rate R2 and thereby frees memory from
the storage device.

In the following, we derive a relation between the energy
consumptions of tasks �1 and �2 for a specific sensor
application. To this end, we assume the smart vision system
in [29] to be attached to an MICA2 sensor node [30].
According to the measurements in [29], capturing an 8-bit
monochrome image of 352� 288 pixels takes approximately
4 mJ and is done in 90 ms. Meanwhile, the MICA2 mote is in
idle mode consuming 9.6 mW. The recorded image is then
transferred to the local memory via a serial interface with
115 kbit

s . During the data transfer, both the 50 mW power
consumption of the vision sensor system and the 24 mW of
the MICA2 in active mode have to be considered. Subse-
quently, the vision sensor is shut down and image is
transmitted with 76.2 mW power consumption of the
MICA2 mote. Assuming a 15 percent data overhead of the
packet and a transmission rate of 15 kbit

s , the image is
transmitted in 62 seconds to the base station. Finally, we
get the energy ratio 0:5J

4;7J for sampling and transmitting a
single image, and hence, we set the normalized energies e1 ¼
0:1 and e2 ¼ 0:9.

maximize J ¼ ð�� �Þ subject to : ðLP IIÞ
R1ðtþ k � LÞ � � 80 � k < N

MðtþN � LÞ � �
ECðtþ k � LÞ ¼ ECðtÞ þ

Pk�1
j¼0

eEðt; jÞ �Pk�1
j¼0 ðL � ½0:1 0:9� �Rðtþ j � LÞÞ 81 � k � N

ECðtþ k � LÞ � 0 81 � k � N
Mðtþ k � LÞ ¼MðtÞ þ

L
Pk�1

j¼0 ½1 � 1� �Rðtþ j � LÞ 81 � k � N
Mðtþ k � LÞ � 0 81 � k � N

ECðtþN � LÞ � ECðtÞ � 150

For this application, two reasonable optimization objectives
would be 1) to minimize the unobserved intervals between
any two consecutive samples and 2) to minimize the
amount of stored data M. The purpose of the second
objective is twofold: On one hand, sensor nodes are usually
small, inexpensive low power devices with constrained
hardware resources such as memory. On the other hand,
the objective may to some extent enforce the freshness of
data arriving at the base station. The corresponding linear
program is given in (LP II).

To account for the additional system state MðtÞ, we
reduced the number of prediction intervals and set L ¼ 36
and N ¼ 4. The state space of XðtÞ ¼ ðECðtÞ;MðtÞ;eEðt; 0Þ; . . . ; eEðt; 3ÞÞT is divided by the control law in NCR ¼
39 critical regions.

Fig. 5 displays the simulated curves of the state and
control variables during six days. The figure at the top
represents a scenario with no use of local memory, i.e., the
control problem in LP I, whereas the bottom figure shows a
comparable scenario using local memory according to LP II.
Until t ¼ 1;700, both tasks are adjusted to the same rate R1 ¼
R2 and the memory MðtÞ is empty. However, after two days
with little harvested energy, the energy level ECðtÞ on the
sensor node is falling and the controller starts to suspend
the energy-costly communication task �2 by reducing
rate R2. Consequently, the number of buffered samples M
is increasing starting before t ¼ 1;800. In the following, the
controller achieves to autonomously regulate the trade-off
between ECðtÞ and MðtÞ. While a lack of ECðtÞ would cause
the noninitiation of task �1, an increasing MðtÞ directly
affects the second optimization objective. After t ¼ 1;950,
the controller reduces the amount of occupied local memory
by increasing the rateR2. It becomes obvious that in terms of
the minimum sampling rate R1, the controller for LP II
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Fig. 5. (a) Scenario without local memory. (b) Scenario with optimized local memory.



outperforms the controller for LP I. The minimum rate
R1;min 	 820 for LP I is significantly lower than the
minimum rate R1;min 	 1;280 for LP II.

6.4 Optimization with Nonideal Energy Storage
(Example III)

In this section, we discuss a more involved example to
pinpoint the limits of a pure multiparametric control
approach. First, we show that explosions of the polyhedral
partition of the online controller may happen for practical
examples. And second, we show that care has to be taken
when choosing the energy prediction algorithm, since the
robustness of the overall system severely depends on it.

Example III is similar to Example II. The main difference
is that we now consider an energy storage device with a
nonideal round-trip efficiency � ¼ 0:8. Assume a video
surveillance application where a first task �1 is recording
images, performing some image compression, and stores
the data in some local memory. The task is instantiated with
rate r1ðtÞ and at every instantiation, one data unit is stored.
The maximum storage capacity of the sensor node is
Mmax ¼ 1;000. A second task �2 with rate r2ðtÞ frees memory
by transmitting images to a base station. We choose again
e1 ¼ 0:1 and e2 ¼ 0:9 as energy demands of the tasks r1ðtÞ
and r2ðtÞ, respectively. For this application, we want to
minimize the unobserved intervals between any two
consecutive images (i.e., activations of task �1). The
corresponding linear program LP III is given below.

maximize J ¼ � subject to : ðLP IIIÞ
R1ðtþ k � LÞ � � 80 � k < N

R1ðtþ k � LÞ; R2ðtþ k � LÞ � 0 80 � k < N

ECðtþ k � LÞ ¼ ECðtÞ þ
Xk�1

j¼0

ð eEðt; jÞ �
L ½0:1 0:9� Rðtþ j � LÞ � ð1� �Þ�ðjÞÞ 81 � k � N

�ðjÞ � eEðt; jÞ � L ½0:1 0:9� Rðtþ j � LÞ 80 � j < N

�ðjÞ � 0 80 � j < N

ECðtþ k � LÞ � 0 81 � k � N
Mðtþ k � LÞ ¼MðtÞ þPk�1
j¼0 L � ½1 � 1� �Rðtþ j � LÞ 81 � k � N

0 �Mðtþ k � LÞ �Mmax 81 � k � N
ECðtþN � LÞ � ECðtÞ

We performed the experiments using long-term mea-
surements of solar light intensity measured in [31] and
shorter time intervals of T ¼ 5 minutes. The energy
predictor used is the same as in the previous sections. We
set the prediction horizon to H � T ¼ 24 h and subdivided
the horizon in N ¼ 6 intervals of length L ¼ 48. For the
optimization problem in LP III, we compute the explicit
solution via multiparametric programming for the state
vector XðtÞ ¼ ðECðtÞ;MðtÞ; eEðt; 0Þ; . . . ; eEðt; 5ÞÞT . The result-
ing online controller consists of NCR ¼ 1;049 partitions.
Fig. 6 visualizes the partition HjXðtÞ � Kj; j ¼ 1; . . . ; 1;049
for an arbitrarily chosen set of parameters eEðt; 1Þ � eEðt; 5Þ.

The complete control law requires the storage of ð3N þ
9Þ �NCR real numbers. In the worst case, the active region is
the last one to be examined, and the controller will give a
solution after ð3N þ 6Þ �NCR multiplications, ð3N þ 3Þ �NCR

sums, and NCR � 1 comparisons. In Table 1, the complexity
of the control law is given in terms of storage demand and
number of operations. As it turns out, even with probabil-
istic region checking or efficient representations of the state
space, the computational demand of the problem remains
considerable. This holds in particular since the control law
has to be evaluated every time step T .

In Fig. 7, an exemplary situation is displayed where the
generated controller is optimizing the sampling rate R1 and
the transmission rate R2 during seven days. During the first
five days, the controller achieves to optimize the rate R1 in
spite of the unstable power supply ESðtÞ. The transmission
rate R2 is oscillating around the sampling rate R1. Since it is
favorable to use energy when available, data are stored at
night and transmitted during day. At this, the finite amount
of storable data Mmax ¼ 1;000 is chosen large enough not to
constrain the dynamic of the ratio R1

R2
. Only if the memory is

Mmax < 800, we observed that the parameter Mmax begins to
influence the overall system behavior. Note that the
parameters in Fig. 7 are scaled appropriately to show them
all in one diagram. The absolute values, however, are not
necessary those displayed on the y-axis in Fig. 7.

However, at the end of the displayed time period, the
controller is forced to suspend the sampling of data and
achieves the worst objective value possible: Shortly before
t ¼ 4;200, the sampling rate R1 is set to 0 for approximately
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Fig. 6. Three-dimensional view of the polyhedral partition of the state

space X for LP III. Cut through eEðt; 1Þ ¼ 1;200, eEðt; 2Þ ¼ 1;000,eEðt; 3Þ ¼ 0, eEðt; 4Þ ¼ 100, and eEðt; 5Þ ¼ 500.

TABLE 1
Complexity Reduction due to Hierarchical Control Design



20 minutes. One of the main reasons for this breakdown is
the averaging energy predictor eE which—per definition—is
unable to foresee extreme situations. As illustrated in Fig. 7,
an overestimation of the actually incoming energy ES may
deplete the stored energy quickly, resulting in an unpre-
dicted performance degradation. From our experiments, we
know that the controller computed for LP III is unable
to avoid these kind of breakdowns with the chosen
predictor eE, independent of the length of the prediction
horizon H, and the number of intervals N .

7 HIERARCHICAL SYSTEM MODEL

7.1 Design Principles

From the examples presented in the last section, we identify
unexpected energy depletion as a major challenge for
environmentally powered systems. In this section, we
present a hierarchical system design whose primary purpose
is to prevent the system from running out of energy.

The main idea is to subdivide the controller for the
problem formulated in (1)-(8) into two subcontrollers, each
with its dedicated energy prediction algorithm. The para-
meters of the prediction horizons are denoted as L1; N1, and
H1 for the upper control layer, and L2; N2, and H2 for the
lower control layer. According to Fig. 8, subcontroller 1
receives estimates of the daily energy in order to ensure
long-term sustainability of the energy harvesting system.
Therefore, we assume a prediction interval to be one day,
i.e., L1 � T ¼ 24 h, and the total prediction horizon should be
chosen in the order of several weeks, e.g., H1 � T ¼ 30 days.
At the interface of both control layers, we define the energy
allowance EDðtÞ as the sum of energies which shall be used
by the system at the next day.

By calculating EDðtÞ, the upper layer determines an
energy budget which serves as input to the lower control
layer. Receiving hourly estimates with a prediction horizon
of H2 � T ¼ 24 h, subcontroller 2 decides how to set the
controlled parameters RðtÞ during the next day. At this, the
efficiency of the energy utilization is optimized by, e.g.,
exploiting the sunlight directly when available.

The advantages of the hierarchical control model can be
summarized as follows (see also experimental results in
Section 7.2): First, by virtue of its worst-case design, the upper
control layer avoids depletion of the energy storage and
increases the robustness of the overall system. Second, the

control formulation renders manual tuning of the final state

constraint unnecessary (cp. (8)), resulting in an automatical

optimization and stabilization of the system behavior. Third,

by decoupling the control problem into two subproblems, the

complexity of the online controller is reduced significantly. In

the following, the two control layers will be described in

detail.

7.1.1 Long-Term Performance Optimization

The optimization objective of subcontroller 1 is to maximize

the minimal available energy EDðtÞ per day. In other

words, we would like to guarantee sustainable operation in

a worst-case sense, similar as in objective (7). For this

reason, an energy prediction for a worst-case scenario is

required. Unlike most of the energy estimation algorithms

presented in related work, we would like to determine the

minimal accumulated energy for the next days, which we

denote as eE1ðt; kÞ. The respective algorithm has been

presented in [15]. Note that contrary to the definition ofeEðt; kÞ in Section 5.3, eE1ðt; kÞ denotes the cumulated energy

for the next k intervals.
For a small number of days, the worst-case energy

prediction algorithm gives pessimistic predictions eE1ðt; kÞ,
which is reasonable if continuous operation of a sensor node

has to be guaranteed. During this time, an underestimation

of the actually scavenged energy may happen. In a long-

term perspective of a few weeks, however, the worst-case

energy prediction algorithm begins to predict the average

incoming energy just as conventional estimation algorithms.
The linear optimization problem underlying subcon-

troller 1 is given below. With the help of the worst-case

energy predictions eE1ðt; kÞ, it is now possible to maximize

the smallest energy EDðtþ k � L1Þ for all 0 � k < N1 in the

prediction horizon. However, only the first energy EDðtÞ
is passed to subcontroller 2 and will be used during the

next day.

maximize J ¼ � subject to : ðsubcontroller 1Þ
EDðtþ k � L1Þ � � 80 � k < N1

ECðtþ k � L1Þ ¼ ECðtÞ þ eE1ðt; kÞ �Pk
j¼1ðEDðtþ ðj� 1Þ � L1ÞÞ 81 � k � N1

0 � ECðtþ k � L1Þ � Emax 81 � k � N1
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Fig. 7. Single controller for LP III, explicit solution via multiparametric
programming, and average energy prediction eEðt; kÞ.

Fig. 8. Illustration of the hierarchical control model.



7.1.2 Short-Term Power Saving

As already indicated, the prediction horizon of the lower

control layer spans H2 � T ¼ 24 h. For a general control

problem and a prediction eE2ðt; kÞ, the final state constraint

of the lower control layer can be set to �ðtÞ ¼ ED �PN2�1
i¼0

eE2ðt; iÞ in order to force the system to spend

energy ED during the next day. Hence, the final state

constraint�ðtÞ is calculated automatically by the upper layer.
In this paper, we focus on a concrete application

(Example III) where energy losses due to storage efficiency
� shall be minimized. Nevertheless, our methods are also
applicable to other power saving techniques, like, e.g., DVS,
energy-efficient packet scheduling for wireless links or
applications with data compression.

For the optimization problem with nonideal energy
storage in LP III, we have to ensure that the sensor node
uses no more than energy ED during the next day. The only
degree of freedom to be exploited by subcontroller 2 is when
to transmit the images with rate R2ðtÞ in order to save as
much energy as possible. Thus, we want to maximize the
energy ECðtþ L2 �N2Þ at the end of the day. We formulate
the linear program to be solved by subcontroller 2 as
follows:

maximize J ¼ ECðtþ L2 N2Þ subject to : ðsubcontroller 2Þ
R1 ¼ ��EDðtÞ

N2�ðe1þe2ÞPN2�1
j¼0 R2ðtþ j � L2Þ ¼ ��EDðtÞ

e1þe2

R2ðtþ k � L2Þ � 0 80 � k < N2

ECðtþ k L2Þ ¼ ECðtÞ þ
Pk�1

j¼0
eE2ðt; jÞ �

e1 L2 k R1 � e2 L2

Xk�1

j¼0

R2ðtþ j L2Þ �

ð1� �Þ
Pk�1

j¼0 �ðjÞ 81 � k � N2

�ðjÞ � eE2ðt; jÞ � e1 L2 R1 �
e2 L2 R2ðtþ j � L2Þ 80 � j < N2

Mðtþ k � L2Þ ¼MðtÞ þPk�1
j¼0 ðR1ðtþ j � L2Þ �R2ðtþ j � L2ÞÞ 81 � k � N2

0 �Mðtþ k � L2Þ �Mmax 81 � k � N2

To exploit the typical profile of solar energy during a day,
an energy predictor eE2ðt; kÞ is needed which predicts the
most probable energy values for the next hours. In contrast toeE1ðt; kÞ, the hourly estimation eE2ðt; kÞ should keep a history
of harvested energies and use a representative, average value
as predictor.

7.2 Optimization with Nonideal Energy Storage
(Cont. Example III)

Next, we subdivide the control problem in LP III into two
hierarchically structured subproblems as described in the
previous section. Concerning the upper control layer, we
chose a prediction horizon of 30 days, where each interval
spans one day. We set the aging of old data � ¼ 100 for the
worst-case prediction algorithm eE1. To avoid unnecessary
control overhead, subcontroller 1 is not activated every T ¼
5 minutes, but only once per day. For the lower control
layer, the prediction algorithm in [14] has been used, again
with the same parameters. As for the single controller, the
prediction horizon of the lower control layer spans one day,
with six intervals of 4 hours length.

Table 1 summarizes the design parameters and the
implementation overheads of both control designs. In terms
of storage demand, the hierarchical approach yields a
substantial reduction of the storage requirement of 83.0 per-
cent. Since subcontroller 1 is only activated once per day, one
has to divide its computation demand by L1 to obtain the
number of operations per interval T . More precisely,
assuming that all regions have to be tested before evaluating
the control law, 3,689 operations have to be executed at every
288th multiply of the basic time interval T . Hence, only
12.8 operations plus 4,829 operations of subcontroller 2 have
to be executed at every time step T . This yields a reduction of
the worst-case computation demand of 91.0 percent com-
pared to a single controller.

In dependence on how the control laws are implemented
in practice, the number of necessary operations will be
smaller than the worst-case values in Table 1. As has been
shown in [14], the average number of region tests can be
reduced by exploiting the fact that some regions are more
frequently activated then others. For the probabilistic region
checking method proposed in [14], we experienced that the
average number of regions tests is proportional to the total
number of regions NCR (and hence, also to the number of
operations in the worst case). Since the worst-case number
of region tests is independent of the implementation
strategy used, we opted for this metric to indicate the
computational effort. Nevertheless, our methods simulta-
neously reduce the average as well as the worst-case
number of operations.

Fig. 9 depicts the performance of the hierarchical control
approach. The simulation result is plotted for 22 days,
covering also the seven days of simulation period of the
previous experiment. This time, the controllers successfully
stabilize the sampling rate at r1 	 1;300. Depending on the
season, we found that rate r1 may slightly increase (in
summer) or decrease (during winter). In any case, subcon-
troller 1 prevents the system to run out of energy and
simultaneously maximizes the amount of energy ED per
day. For a small number of days, like, e.g., one-four days,
the predictor eE1 is generating rather pessimistic estimates,
accounting for a couple of cloudy days. For several days or
weeks, the accumulated energy is very likely converging
toward an average value, like the estimate eE2 used for
subcontroller 2. Exploiting this mechanism, subcontroller 1
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Fig. 9. Hierarchical system, multiparametric programming, worst-case
prediction eE1ðt; kÞ, and average prediction eE2ðt; kÞ.



autonomously regulates the offset �ðtÞ of the final state

constraint and optimizes the long-term system behavior.

8 APPROXIMATE CONTROL DESIGN

In this section, we present an algorithm for approximative

multiparametric linear programming. As a matter of fact,

only a few such algorithms have been proposed in the

literature so far (among them, e.g., the algorithms in [32]

and [33]). The algorithm is presented in Sections 8.1 and 8.2,

and we evaluate the algorithm for the exemplary sensor

application (Example III) from the previous sections.

8.1 An Approximative MP Linear Programming
Algorithm

It is well known in the control community that the size of the

explicit solution obtained by multiparametric linear pro-

gramming grows quickly if the complexity of the control

problem increases. Indeed, already a moderate number of

control variables and parameters may result in a huge

number NCR of critical regions. At this, adjacent regions are

often characterized by almost identical control laws. This

circumstance, however, has negligible impact on the result-

ing control profile in many cases. Rather, numerous regions

NCR entail an high overhead in terms of storage require-

ment, running time as well as energy consumption.
We have designed a new algorithm for approximative

multiparametric linear programming. The basic idea was

. to take a large number of samples Xi of the state
space of X (compare (9)),

. to solve a linear program for each sample Xi to
obtain the respective optimal solution U�i ,

. to find a (preferably simple) fitting function Û�ðXÞ
for the multidimensional data ðXi;U

�
i Þ,

. and finally, use Û
�ðXÞ (which has been calculated

offline) as approximation for U�ðXÞ in the online case.

As fitting algorithm, we opted for the algorithm

proposed in [34]. As described in [16], we derive an explicit

form for the approximated control rates Û�ðXÞ as a function

of the current state X:

Û�ðXÞ ¼ ÂjXþ B̂j if ĤjX � K̂j; j ¼ 1; . . . ; N̂CR: ð12Þ

The approximated control law in (12) can now be used in

an online controller instead of the exact solution in (11). Since

the convex fitting algorithm in [34] allows to tune the number

N̂CR of critical regions, one may chose a smaller number of

regions N̂CR < NCR to reduce the complexity of the control

problem. The fitting algorithm then attempts to create a

smaller polyhedral partition which minimizes the least-

square error of the objective value function. In comparison to

the optimal multiparametric solution, the fitting algorithm

seems to merge smaller regions and reshapes the geometry of

the partition. Albeit no performance guarantees of the

heuristic algorithm are given in [34], it turns out that the

algorithm performs well and produces suitable approxima-

tions, both in [34] and also in our experiments, as we will see

in the next section.

8.2 Optimization with Nonideal Energy Storage
(Cont. Example III)

In Section 7, both controllers involved in the hierarchical
control design have been computed using the optimal
partitions of the parameter space obtained by multipara-
metric programming. In this section, we derive and test
suboptimal, approximate control laws using the algorithm
presented in previous section.

For subcontroller 1, we sampled the state space X1 ¼
ðECðtÞ; eE1ðt; 0Þ; . . . ; eE1ðt; 29ÞÞ using NS ¼ 1;000 samples. For
subcontroller 2, NS ¼ 2;000 samples have been taken from
the state space X2 ¼ ðEDðtÞ;MðtÞ; eE2ðt; 0Þ; . . . ; eE2ðt; 5ÞÞ. In
Fig. 10, some exemplary partitions of X2 are displayed. In
dependence of the choice of the three-dimensional cut, not
all N̂CR partitions may be visible in Figs. 10a, 10b, and 10c.

We denote R̂1, R̂2, ÊC , and M̂ the rate and state variables
obtained if approximate control laws are applied. Let us
also define the rectifier function ½�E �þ as follows:

½�E �þ ¼ �E; if �E � 0;
0; if �E < 0:

�
ð13Þ

Using this notation, we denote the average efficiency of
the energy utilization

�avg ¼ 1� ð1� �Þ �
P

t ESðtÞ � e1R1ðtÞ � e2R2ðtÞ½ �þP
t ESðtÞ

: ð14Þ

In our simulations with the approximated control laws,
the actual optimization objective of regulating the sensing
rate is met almost as well as the exact solution. Using N̂CR ¼ 4
for both subcontroller 1 and subcontroller 2, the maximal
derivation of R̂1 from R1 is 1.52 percent. Obviously, the
approximated algorithm manages to save even slightly more
energy then its exact counterpart. Apparently, the approxi-
mated control law even yields a gain of 0.75 percent of the
average efficiency �avg. The stored energy ÊC is varying up to
11.57 percent from EC . However, the peak of ÊC is just
4.03 percent above the one of EC . That is, the capacity of the
energy storage is required to be approximately 5 percent
higher if the system is controlled by an approximated
algorithm.

Showing a comparable performance during runtime, the
main advantage of the approximated control laws becomes
obvious when considering their complexity. According to
Table 2, the storage demand is significantly reduced by
92.44 percent compared to the optimal solution. In terms
of worst-case computation demand, the reduction even
amounts 98.55 percent. Table 2 also outlines the results for a
second low-complexity approximation. It exhibits a slightly
lower efficiency �avg. On the other hand, the second
approximation closely matches the optimal control rate R1.

488 IEEE TRANSACTIONS ON COMPUTERS, VOL. 59, NO. 4, APRIL 2010

Fig. 10. Illustration of approximated polyhedral partitions for subcon-

troller 2. Cut through eE2ðt; 1Þ ¼ 1;200, eE2ðt; 2Þ ¼ 1;000, eE2ðt; 3Þ ¼ 0,eE2ðt; 4Þ ¼ 100, a n d eE2ðt; 5Þ ¼ 500. ( a ) N̂CR ¼ 3. ( b ) N̂CR ¼ 5.

(c) N̂CR ¼ 10.



In summary, we can state that the approximate solutions
to the multiparametric control problem do not necessarily
entail a degraded performance in terms of the controlled
parameters. Indeed, in most cases, we could find simple but
useful approximations for the underlying control problems.
Besides the significant complexity reduction, there is
another advantage of the proposed technique that should
be mentioned. For highly complex control problems con-
sisting of several thousands of regions NCR, conventional
solvers may be unable to find the optimal polyhedral
partition. We experienced that sometimes, even no solution
can be found at all. Here, our method turned out to be
helpful to find a reasonable solution at all.

9 HARDWARE IMPLEMENTATION ISSUES

In this section, we demonstrate how the proposed control
laws can be implemented efficiently and evaluate the
implementation overhead on a BTnode [35]. For this purpose,
we show measurements of two implementations of exemp-
lary controllers which have been introduced and discussed in
the last sections.

9.1 Average Computation Demand

In general, the identification of the active region j
dominates the linear function evaluation of a control law
(11) in terms of time and energy consumption. In the worst
case, for all NCR regions, a matrix multiplication has to be
performed in order to identify the active region j at time t.
However, the identification of the active region j can be
simplified since usually, only a subset of all regions NCR is
activated and some of the regions in this subset are
activated more frequently than others. This observation
can be exploited by starting the search always with the
region with the highest statistical occurrence, continue with
the second highest, and so on. To this end, an algorithm
should maintain a list of regions j ordered by their
frequencies which is updated every time step t.

For the memory optimization problem in LP II in
Section 6.3, we found that only 7 of 39 regions were used
during the whole simulation period. Using probabilistic
region testing as described above, the critical term of the
form Hj �X � Kj is only evaluated 	1:45 times at time t,
taking the average over the whole simulation period.

Fig. 11 displays the measured power consumption of a
BTnode [35]. At first, the current energy level ECðtÞ of the
battery and the scavenged energy ESðtÞ are determined via

two A/D conversions, which mark the two major peaks in
plot 11. Focusing on the overhead of the proposed controller,
we omit predicting the future energies eEðt; iÞ. Instead, an
average situation is displayed where the region with the
second highest frequency is the active one. Subsequently, the
optimal control output for this region is calculated. It becomes
evident that the computations leading to the actual control
actions take as long as the two A/D conversions (	2 ms).

9.2 Worst-Case Computation Demand and Storage
Demand

For some applications, it is also important to consider the
worst-case computation demand. Here, worst-case refers to
the situation where the currently active region is the last one
to be checked. For example, for the hierarchical control
design presented in Section 7, we are interested in the
worst-case computation time and energy consumption for a
practical implementation.

Since the daily energy estimation and subcontroller 1 are
only activated once per day, their influence on the computa-
tion demand is negligible. In our test implementation on a
BTnode (see Fig. 12), we measured a worst-case computation
time <190 ms for subcontroller 2. The evaluation of this
control law is only done every T time units, which may be
every 5 or 10 minutes. For the example application
introduced in Section 6.3, already one instantiation of the
sensing and transmission task consumes significantly more
energy than one worst-case execution of the control
algorithm. Note that the architecture of the MICA2 sensor
node in this example is almost identical to the one of the
BTnode used in our experiments. If we assume that, e.g., the
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TABLE 2
Comparison of Multiparametric and Approximate-mp Control Design

Fig. 11. Power consumption of a control law evaluation for the memory
optimization problem (LP II) on a BTnode.



solar panels of a sensor node are dimensioned large enough
to allow for several instantiations within an interval T , the
energy overhead for evaluation of the control laws can be
neglected compared to the energy consumption of the actual
application during the interval T .

Using multiparametric programming techniques instead
of solving the optimization problem online basically means a
shift from computation to storage. Thus, one has to ensure that
the storage of the control law does not exceed the limits of the
embedded system. From the example applications presented
in this paper, all control laws could be implemented on a
BTnode. For example, the controller for LP III presented in
Section 6.4 requires the storage of the NCR ¼ 1;049 regions
and corresponding control laws. In terms of physical
memory, this amounts to 55.3 Kbyte using a 16 bit integer
representation per coefficient. Using the hierarchical control
approach as presented in Section 7, we could reduce the
storage demand to 9.4 Kbyte. This reduction makes the
control law implementable on commonly used sensor nodes
like the Tmote Sky [36], which features 48 Kbyte Flash ROM
or the BTnode [35], which exhibits 128 Kbyte Flash ROM.
In summary, using the tools and methods described in
this paper, we believe that controllers for a large class of
optimization problems can be implemented on commonly
used sensor network platforms.

10 CONCLUDING REMARKS

In this paper, we present a framework of tools and methods
to optimize the performance of energy harvesting systems
using multiparametric programming techniques. On the
one hand, we have successfully designed and evaluated an
hierarchical control design which is tailored to the require-
ments of solar-powered sensor nodes. Due to its worst-case
design, the upper control layer prevents the sensor node from
running out of energy. On the lower control layer, we showed
how power saving techniques can work more efficiently if
stability of the operation is guaranteed by the layer above.
Simultaneously, the reformulation of the control problem
into two subproblems yields a significant reduction in online
complexity. On the other hand, we propose a new algorithm
for approximative multiparametric programming. The re-
sulting control laws are rough approximations of the optimal
solution and reduce the involved online overhead substan-
tially. An experimental setup reveals that the achieved
performance may be comparable to the optimal solution.

All methods are supported by extensive simulations results
which are based on long-term measurements of solar energy.
Measurements of our controllers running on a sensor node
together with a detailed analysis of the implementation
overhead show that our algorithms can be implemented
efficiently.
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