
Time- and Energy-aware Task Scheduling in
Environmentally-powered Sensor Networks

Lars Hanschke and Christian Renner

Research Group smartPORT, Hamburg University of Technology, Hamburg, Germany
{lars.hanschke,christian.renner}@tuhh.de

Abstract. In the past years, the capabilities and thus application sce-
narios of Wireless Sensor Networks (WSNs) increased: higher compu-
tational power and miniaturization of complex sensors, e.g. fine dust,
offer a plethora of new directions. However, energy supply still remains a
tough challenge because the use of batteries is neither environmentally-
friendly nor maintenance-free. Although energy harvesting promises un-
interrupted operation, it requires adaption of the consumption — which
becomes even more complex with increased capabilities of WSNs. In ex-
isting literature, adaption to the available energy is typically rate-based.
This ignores that the underlying physical phenomena are typically re-
lated in time and thus the corresponding sensor tasks cannot be sched-
uled independently. We close this gap by defining task graphs, allowing
arbitrary task relations while including time constraints. To ensure un-
interrupted operation of the sensor node, we include energy constraints
obtained from a common energy-prediction algorithm. Using a standard
Integer Linear Programming (ILP) solver, we generate a schedule for task
execution satisfying both time and energy constraints. We exemplarily
show, how varying energy resources influence the schedule of a fine dust
sensor. Furthermore, we assess the overhead introduced by schedule com-
putation and investigate how the size of the task graph and the available
energy affect this overhead. Finally, we present indications for efficiently
implementing our approach on sensor nodes.
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1 Introduction

The popularity of Wireless Sensor Networks (WSNs), based on still increasing
computational power, new sensing capabilities [2] or sharing of WSNs [1,16],
offers a plethora of new application scenarios. Sensor nodes are equipped with
multiple sensors, e.g. fine dust, humidity or ozone, or different radio interfaces,
e.g. LoRa [6], WiFi [10] or IEEE 802.15.4. With an increasing number of different
peripherals, the complexity of the underlying program structure grows steadily.
Each of these radio interfaces or peripherals imposes a new task on the sensor
node. Since these tasks are influenced by physical phenomena, e.g. detecting
a change or reacting on a control command, they are not independent from
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each other. The sampling rate has to be adapted to the physical phenomenon
but additional information of the surroundings has to be considered, e.g. a gas
sensor typically needs to be compensated for temperature or humidity. If power
supply and energy constraints are neglected, this complexity is manageable with
today’s approaches: generating a schedule for all envisaged tasks and performing
these at a constant rate is sufficient.

Supplying sensor nodes with ambient energy from renewable resources, e.g.
solar energy, allows for reducing the environmental footprint of WSNs and also
decreases costs. In many scenarios, energy harvesting allows perpetual operation,
but if the energy budget is restricted, e.g. due to physical size limitation of node
and energy storage, the consumption of the sensor node has to be adjusted
carefully. Since power is only available sporadically and the power consumption
of the sensor node often drastically exceeds source power, scheduling the tasks
of a node correspondingly is key. We also highlight this aspect in Section 2. Over
the past years, many classes of energy-driven devices evolved [17]: continuously
operating, as presented in [15] and [21], or even intermittently-powered, e.g. as
shown in [12] and [7]. While these devices support simple program structures,
e.g. sample-and-transmit-to-sink, it is still unclear how they perform with more
complex program structures imposed of today’s capabilities.

Recent work [13] emphasizes to include time constraints between tasks in
scheduling for sensor networks. While this approach concentrates on intermittently-
powered devices, we strongly agree with it. Especially more complex sensors, as
gas sensors, need up-to-date information of their surroundings, e.g. the temper-
ature or humidity, before a meaningful sensor reading can be obtained. Thus,
sampling a gas sensor without querying related sensors in-time wastes energy.

We argue that future sensor nodes powered by ambient energy need a new
scheduling approach: without consideration of time constraints and dependencies
between tasks, energy is wasted and thus operation is inefficient. In this paper,
we show how dependencies, time and energy constraints can be used for task
graph generation and scheduling.

1.1 Contributions

An important aspect of task scheduling is still missing in existing literature: tasks
are not independent from each other and are strongly related in time. Thus, we
present our approach, which ensures the following:

– Description for a program structure satisfying time constraints.
– Definition of the mathematical problem.
– Automated scheduling for dependent tasks.
– Evaluation of the performance and indications for solving the problem on

low-power microcontrollers used in WSNs.

Our approach allows complex sensors to operate with ambient energy, especially
with size-restricted energy storage units. This paves the ground for running
multi-purpose sensors, with different sensors and radio interfaces, perpetually
for fine-grained environmental monitoring.
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Fig. 1: Process of fine dust sampling; limited energy storage prevents consecutive
execution of all tasks at once.

2 Example

In order to illustrate the shortcomings of existing approaches and to show the
benefits of our solution, we give a practical example depicted in Fig. 1. High
aerial fine dust concentration in European cities is a major influencing factor of
human health [25]. Responsible authorities for inner cities, residential areas but
also larger production plants need to monitor their air quality finely grained to
take countermeasures. Especially in port areas, where ships are the main con-
tributor to fine dust pollution, flexible placement of fine dust sensors is desired.
Interruption of production processes for sensor maintenance is time-consuming
and cost-intensive; thus, supplying these sensors by ambient energy is a promis-
ing approach.

Low-cost and small sensors to measure fine dust particles, i.e. PM2.5 and
PM10

1, have been studied in [22] and [4]. However, solely supplying the sensor
nodes with ambient energy requires careful adaption of the sensing activities,
because of the high power consumption compared to the harvest. A cheap fine
dust sensor as the Nova SDS011 draws 70 mA at 5 V, which depletes the energy
stored in a 100 F supercapacitor in just 9 min. Furthermore, fine dust is cross-
sensitive to the relative humidity in ambient air. This requires a humidity and
temperature sensor to be sampled before a valid fine dust measurement can be
processed. Commercial fine dust sensors offer internal humidity compensation,
but they are orders of magnitudes more expensive.

As recent work in [12] and [7] shows, it is not desirable to supply energy
harvesting sensor nodes with large capacitors. Due to non-deterministic events,
the voltage level of the capacitor might drop below the minimum voltage. Since
recharge time is much longer with large capacitors, the system is unavailable for
a longer time. Unfortunately, the need for smaller capacitors entails that energy-
intensive tasks cannot be completed in one active phase. Entering a low-power
(sleep) state between sampling sensors allows the capacitor to recharge but needs
consideration of time constraints among tasks.

1 PM2.5 and PM10 are air particles with diameter less than 2.5 µm and 10 µm respec-
tively.
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Figure 1 illustrates this behavior: temperature and humidity have to be sam-
pled shortly before the fine dust sensor to ensure correlation between sensor
values. However, once sensor values are gathered, calculation and transmission
of these values can be delayed. Most applications require a certain amount of
information per time interval, e.g. two times per hour. Thus, the margin for
calculation and transmission allows for recharging of the capacitor, ensuring
perpetual operation in the future.

3 Related Work

A plethora of literature exists for scheduling tasks with energy constraints in
sensor networks. The declared goal of all scheduling techniques is to arrange and
serve tasks considering limited energy storage and varying energy harvesting
conditions. The principle of ensuring that the power consumption of a sensor
nodes stays below the energy income and simultaneously ensuring a minimum
battery level is better known as Energy-Neutral Operation (ENO) [15]. While
all presented work satisfy this principle, their strategies vary.

One of the first approaches presented in [14] solely relies on adjusting the
duty cycle based on future energy income to ensure ENO. Neglecting the va-
riety of different power consumption states of a sensor node and its connected
peripherals, apart from sleep and active state, the approach aims to maximize
the duty cycle. However, for sensor nodes with different tasks and more com-
plex program structures, e.g. as presented in Section 2, this approach is limited.
Furthermore, a greedy behavior is pointless for a variety of scenarios, e.g. Delay
Tolerant Networking (DTN).

The work presented in [18] resolves the shortcomings of real-time Earliest
Deadline First (EDF) algorithms by presenting two classes of Lazy Scheduling
Algorithms (LSAs). Arriving tasks are scheduled as late as possible but with a
margin that allows to schedule potentially arriving new tasks without deadline
misses. Unfortunately, LSA relies on independent and preemptive tasks, which is
unsuitable for the application presented in Section 2. Furthermore, the approach
assumes the power consumption of the node to be continuously adaptable. Since
the power consumption has discrete levels, determined by the state of the micro-
controller and peripherals, the approach is not directly applicable in practice.

By using Directed Acyclic Graphs (DAGs) and two corresponding ILP ap-
proaches, [23] describes the tasks of the used platform. The approach tries to find
one path in the graph which minimizes the sum of execution times or maximizes
the usefulness of tasks, respectively. Again, a rate-based duty-cycling ensures
ENO. Their graph-based task model does not include timely distances between
tasks: each task is executed directly after its predecessor although this might not
be valuable in practice. Furthermore, energy savings in practice remain unclear,
since their rate adaption requires re-evaluating the task graph before each new
iteration. Since this can be time-consuming on low-power microcontrollers, it is
not clear if this leads to energy savings in real-world experiments.
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A controller-based approach for adjusting the activity rate of the sensor node
is presented in [19]. The authors formally describe their controller design which
is solved by Integer Linear Programmings (ILPs). While controller generation is
done offline, they reduce the complexity of their online approach by only deter-
mining the control region of the actual system state. Although their approach
allows for rate adaption of different tasks, they do not take dependencies among
tasks into account which might lead to energy wastage in more complex appli-
cations, i.e. as described in Section 2.

Two approaches for tackling the scheduling problem of energy harvesting
are presented in [3]. By introducing the concept of virtual tasks, the authors
opt for smoothing the average power consumption or achieving full utilization.
While they show that their concept outperforms LSA and EDF in simulations
with static schedules, it is unclear how their approach is influenced by dynam-
ically changing weather conditions and thus a dynamically changing schedule.
Furthermore, they lack the support for dependencies between tasks.

A real-time scheduling approach called Earliest Deadline with Energy Guar-
antees (EDeg) is presented in [9] as a variation of the classical EDF algorithm. By
simulations, the authors show that EDeg outperforms energy-oblivious schedul-
ing approaches in terms of system runtime and deadline miss rate. One draw-
back of EDeg is that it assumes tasks to be preemptive without loss of energy. In
practice, this is hard to justify when communicating with external devices, e.g.
sensors or other nodes in the network. Restarting a task, e.g. quiring an external
sensor, involves repetition and thus wastes energy.

The authors of [26] identified that sampling rates of sensors are typically not
known in beforehand in research experiments. Thus, they develop an interactive
algorithm which allows change of sampling rate upon user request at runtime
considering energy limitations. They ensure ENO by keeping track of the saved
energy due to under sampling phases and allowing to spend saved energy at later
point in time. However, they do not check for task dependencies while varying
the different sampling rates.

Initially developed for intermittently-powered systems, the approach pre-
sented in [13] provides a clear description for time constraints of sensor tasks.
As it focuses on systems which face power outages frequently, the approach uses
time constraints for checking validity of sensor values after execution. However,
for ensuring ENO, integrating these time constraints into task planning – so
before execution – is key to ensure both ENO and time constraints.

4 Task Model

As existing scheduling techniques lack the support for describing relations be-
tween tasks for WSNs, e.g. sensing, actuating, processing or sending, we describe
the underlying mathematical model of our approach. Our model aims at task
planning, so tasks are considered as non-preemptive and known in beforehand.
First, we describe the program structure of nodes as a DAG and introduce the
definitions of nodes and edges of the graph. Second, we define the time and
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Fig. 2: Example for describing complex program structures by the use of DAGs.

third, the energy constraints which are solved via ILP. Fourth, we elaborate on
the problem definition and how to choose the objective function.

4.1 Program Flow

The time constraints between different tasks of a sensor node are also described
in [13] by the Mayfly language. The authors of [13] claim that tasks can be
divided into three categories or can be described with three properties:

– misd: minimum inter-sample distance; the time after which new data is valu-
able

– expires: the time after which a sensor value looses its meaning
– collect: describes a distinct number of samples to be collected within a

certain timeframe

We strongly agree with theses definitions, as they allow to describe the program
flow presented in Section 2. misd and expires describe the relation between
consecutive activities, i.e. the time difference. Additionally, collect embraces
numerous activities, which all have to be scheduled into a certain timeframe.

Beyond Mayfly However, the schedule constructed from the compiler of [13]
only ensures a sequence of task execution. Since intermittently-powered devices
may experience power outages between two consecutive tasks, they cannot en-
sure that execution of every task maintains its meaning. If task information
is outdated, is only checked after execution. We believe that devices ensuring
ENO have the benefit of deciding the meaningfulness of tasks before execution
by accurate task planning. The basis for our task scheduling is the program flow
described as DAG; see also Fig. 2.

The task graph G = (T , E) is defined by the set of vertices, here tasks,
T = {t1, t2, ..., tN}, N ∈ N+ and edges E ∈ T × T . Since G is a directed graph,
each edge evw ∈ E is represented by a 2-tuple of starting vertice v and end
vertice w. Tasks which are connected by edges are called adjacent ; thus, the
relationships in G can be described by an adjacency matrix A. The entries of
A = [ai,j ] are defined as

ai,j =

{
1 if (i, j) ∈ E
0 else

(1)
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Tasks To develop an energy-efficient schedule, more information about the tasks
and the edges of the graph is needed. Typical microcontrollers, e.g. the ARM
Cortex series or the low-cost ESP 8266, have different hardware states, which
vary in computing power, usable internal components and consequently power
consumption. Additionally, the nodes power external peripherals, such as sensors
and actuators, to interact with their surroundings. Thus, a task ti is described
by its power consumption Pi, i ∈ N+.

To query a sensor or to perform calculations, a microcontroller needs a time
duration. For task ti, this duration di can be obtained or updated at runtime
by internal timers or external devices [8]. Together with the power consumption,
this allows to compute the energy consumption of the node but also enables
overlapping-free scheduling of tasks. To develop the schedule, we calculate all si,
defined as the starting time of ti.

Edges Apart from its start vertice v and end vertice w, each edge comprises the
constraints for the relation between v and w. Following the definitions in [13],
edges are described by a 4-tuple evw = (misd, expires, timeframe, number).
This 4-tuple describes the constraints which have to be fulfilled by a valid sched-
ule so that a following task w can work with up-to-date data. Not every task
has to fulfill all parameters; e.g. if only one sensor value has to be sampled, no
value for timeframe is defined.

4.2 Constraints

To compute a valid but also energy efficient schedule, numerous definitions are
needed for satisfying the constraints. We also visualize the constraints in Fig. 3.

Time In the following, k and l denote indices of their corresponding tasks which
are connected by an edge, so that ak,l = 1. A mandatory requirement is that
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connected tasks of the program flow are consecutive and that their execution
times do not overlap:

sl ≥ sk + dk. (2)

Furthermore, the time constraints described by the connecting edges have to be
fulfilled. Thus, the difference between starting times has to be:

misdkl ≤ sl − sk ≤ expireskl. (3)

If one task requests a certain number of samples to be collected within timeframe,
the scheduler ensures a greater time distance towards the following tasks, i.e.

sk + timeframek ≤ sl. (4)

Energy Sensor nodes, which are powered from ambient solar energy, mostly run
energy prediction algorithms, e.g. [20] or [5], which give an approximation of the
harvest within the next prediction horizon (usually 24 h in timeslots of 1 h). This
can be used to obtain, e.g. as presented in [21], an approximation of the max-
imum allowed energy consumption per timeslot within the prediction horizon.
Typically, this approximation prevents depletion of the energy storage, e.g. the
voltage of a supercapacitor does not drop below a threshold. Within the pre-
diction horizon, not all tasks can be executed subsequently without breaks and
thus require sleep times in between to ensure recharging of the capacitor. If less
energy is available, the time difference of our tasks are spread further to the
boundaries of expires; if more energy is available, further to misd.

The energy consumption of the sensor node within one timeslot of the pre-
diction horizon is given by the energy consumed by all executed tasks. If there
is a budget b2 which can be taken from the energy storage without depletion
within the next slot of the prediction horizon h, the energy consumption of the
sensor node has to satisfy:

N∑
i=1

ni · di · Pi + (h−
N∑
i=1

ni · di) · Pq ≤ b · Vcc · h. (5)

The budget b describes a constant current drawn by the sensor node at its supply
voltage Vcc. Here, ni denotes the number of executions of task ti — if the budget
is high, the task graph may be executed more than once. Additionally, Pq denotes
the quiescent power consumption in sleep state. For simplicity, we only consider
one sleep state but plan to investigate the use of different sleep states in future
work.

4.3 Problem Definition and Objective Function

For the input of the ILP solver, we need the time and energy constraints, but also
the objective function f for optimization. For our concrete scheduling problem,

2 In compliance with [21], the budget is a current; the energy follows directly with
constant supply voltage and known time.
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we use the definition of the canonical form:

maximize fT s

subject to Cs ≤ c (6)

and s ≥ 0

The starting times of all instances of the tasks are contained in s, while the
constraints presented in Section 4.2 are listed and C and c. We use Eq. (5)
to determine the number of instances ni for every task which can be executed
without violating energy constraints. Microcontrollers offer a plethora of timers
of different resolutions, typically limited by the clock frequency of the Microcon-
troller Unit (MCU). As we do not explicitly aim on real-time systems, we limit
our resolution to milliseconds since ENO systems typically do not benefit from
higher time resolution. Still, it requires the variables, i.e. the starting times, to
be strictly positive integers. Since ILPs are in general more complex to solve,
there is room for decreasing the complexity of our approach in future work.

The choice of f is typically non-trivial. Commonly used objectives for schedul-
ing problems are minimizing lateness, delay, or a serving time. Other objectives
embrace maximizing the usefulness of a schedule by assigning a utility or priority
to each task. While we agree with opting for a utility-based objective, it is very
application-specific, has to be provided by the user and varies with scenarios.

As our approach is aiming at ENO, we choose a different objective function.
Assuming constant harvest during one timeslot, e.g. 1 h, is simplifying the real
world, as shown in [20]. The harvest can be below average at the start of the
timeslot and above average at the end. A constant energy consumption computed
based on the average hence risks depletion of energy storage at the beginning
of the time slot, even if the average harvest prediction is met. Consequently,
we argue that tasks should be preferably executed at the end of the timeslot to
decrease the risk of depletion — but only if time constraints are still satisfied.
The following objective function is constant, which favors starting times at the
end of a timeslot. However, due to the time constraints, the majority of tasks
is still distributed evenly across the timeslot. As choosing different objective
functions offers potential for increasing the usefulness of our schedule, we plan
to investigate this in future work.

5 Implementation

For assessing the performance of our approach, we implement the problem defi-
nition, i.e. the constraints as defined in Section 4.2 and Section 4.3, and feed it
into a MATLAB ILP solver. For the problem definition, we only need two inputs:
the task graph and the budget of the timeslot we are generating the schedule
for. Our goal is to find the number of entries in s as well as matrix C and its
corresponding vector c to solve Eq. (6). To obtain the number of entries in s, we
incrementally add tasks to the list of tasks to be executed within this timeslot as
long as the budget is not exceeded. Once the number of starting times is known,
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Fig. 4: Energy-adapting task scheduling of the fine dust example; number of
instances per h varies upon budget; budget trace obtained from real-world tests.

we loop through them incrementally. First, we check for the task to be executed
at the current starting time. Second, we query the adjacency matrix A if the
task of the current starting time has neighbors. Neighbors can be predecessors
or successors in the task graph — for both of them, we add the constraints as
defined in Eqs. (2) to (4) to C and c. If tasks are executed more than once, we
also add a constraint to ensure the first task of the next repetition of the task
graph is executed after the last task of the current execution. Last, we ensure
that starting times are upper bounded by the length of a timeslot.

To speed up computation and reduce memory footprint, we use the sparse
matrix representation for C. We use intlinprog from the optimization toolbox
of MATLAB. As intlinprog uses several pre-processing techniques, e.g. reduc-
ing the size of the problem or solve relaxed problems first, the time to solve the
problem only gives a hint on complexity-influencing factors, not on the execution
time itself. Still, we are able to show if our approach generates feasible schedules
and to highlight influencing factors.

6 Results

First, we show how an energy-aware schedule is generated for the example of Sec-
tion 2. Second, we analyze the performance of our approach and show how the
number of tasks in the graph and an increasing budget influences execution time.
Third, we discuss what we can learn for our microcontroller implementation. We
use an Intel Core i7-6700 with 16 GB of RAM for our simulations in MATLAB.
Execution times are measured by the provided cputime function.

6.1 Example

We use the task graph shown in Fig. 1 for generating a schedule. Additionally,
we feed real-world budget traces obtained from a long-term experiment with a
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Fig. 5: Median of execution times influenced by the number of tasks in task
graph; dashed lines indicate upper and lower quartiles respectively; constant
budget of 5 mA; since budget stays constant, number of instances in total and
thus complexity of the problem remains relatively steady.

solar energy harvester [11] into simulation. For simplicity, we only depict the
first 64 h in Fig. 4.

Depending on the budget, we can see that instances per hour of the fine
dust sampling task ranges between 6 and 9. The number of instances of all tasks
shows a similar behavior, ranging between 29 and 47. This shows that even more
complex program structures defined by a task graph and with time constraints
can be scheduled being energy-aware simultaneously.

6.2 Performance

Our main metric for comparing the performance is the execution time, i.e. the
time to define and solve the problem. Although energy-aware scheduling is nec-
essary for uninterrupted operation, it is still only a tool for performing the des-
ignated task. Consequently, the energy spent for calculating a schedule means
an energy overhead and thus the time spent for scheduling should be as short
as possible. Figure 5 depicts how the number of tasks in the task graph influ-
ences the execution time. We randomly generate fully connected task graphs
with fixed number of tasks, varying number of edges and a constant budget.
For each number of tasks, we generate 500 different task graphs. Although the
complexity of the task graph increases due to increased number of tasks and
edges, the execution time remains relatively constant. Due to the fixed budget,
an increasing number of tasks does not increase the number of variables — the
number of variables is equal if 15 tasks are executed four times each or if 20
tasks are executed three times each.

However, if the budget increases, also the execution time rises because of more
variables to determine. Figure 6 shows how the increased budget influences the
performance. Again, we randomly generate a task graph and compute a schedule
with increasing budget each. We repeat this process 500 times. The execution
time strongly increases with budget, e.g. increasing the budget from 3 mA to
9 mA demands 30% more execution time. Although this seems noteworthy, the
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increase is good-natured: an increasing budget means good energy harvesting
conditions and thus tolerates a larger overhead for scheduling purposes. However,
it is important to mind this aspect for microcontroller implementations.

6.3 Discussion

Our investigations show that a high-performance PC can generate a schedule for
10 tasks and 20 edges for a typical budget of 3 mA in 8.8 ms. However, the compu-
tational power of microcontrollers is orders of magnitudes lower. To have an idea
on the energy overhead, we compare the DMIPS3 of a common microcontroller,
the ARM Cortex M0+ and our simulation PC. We measure 11.28 DMIPS/MHz
the with Intel Core i7, while a Cortex M0+ offers just 0.95 DMIPS/MHz [24].
Including the clock frequencies in the calculation, the approximated time for
executing the schedule for one timeslot on a Cortex M0+ is roughly 11 s. While
this sounds relatively long, the energy overhead is still only 0.7%, assuming a
current consumption of 6.85 mA [24], a budget of 3 mA and a timeslot length
of 1 h. Surely, these numbers will differ in practice but they indicate that our
approach is feasible.

7 Conclusion

The increasing capabilities of WSNs offer a plethora of new applications but also
pose new demands on energy-aware task scheduling. We showed that using task
graphs, which describe dependencies between tasks, and defining time and energy
constraints, allows for calculation of schedules for sensor nodes. We plan to
investigate the use of different objective functions and to implement our approach
for microcontrollers to perform real-world-experiments in future work.

3 DMIPS = Dhrystone Million Instruction per Seconds; common performance measure
generated by the Dhrystone benchmark.
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