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Abstract

Energy-harvesting sensors utilize local, ambient energy resources
to operate and thus eliminate the need for batteries. A key challenge
for such systems is avoiding power failures during application ex-
ecution. Energy-aware runtimes avoid such failures by reasoning
about the task’s energy consumption and the current energy avail-
able to the system. However, the energy consumption estimates
profiled by prior work fail to account for incoming energy, pro-
ducing incorrect energy consumption estimates which could lead
to power failures and missed deadlines. This work analyzes the
impact of incoming energy on the profiled energy consumption
and argues that future energy-aware runtimes must be mindful of
harvested energy when profiling a task’s energy consumption.
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1 Introductions

Progress in energy-harvesting, battery-free technology has given
rise to sensing and processing applications on the edge [1-7, 9,
10, 12-14, 16, 16, 18-20]. These systems collect ambient energy
from environmental sources such as solar, radio frequency, thermal
or vibrations and store it in capacitors. When the stored energy
is sufficient, intermittent sensors can execute sensing, processing,
or communication tasks. When energy is insufficient, the system
turns off to recharge until sufficient energy becomes available. As
a consequence, typical intermittent execution is frequently hin-
dered by power failures, which occur when the capacitor’s voltage
falls below the harvesting hardware’s minimum threshold (V).
To support the intermittent execution and safely tolerate power
failures, prior work has explored manual or automatic system state
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Figure 1: Energy-aware solutions avoid energy wastage and
potential deadline misses. This figure compares the execu-
tion of a job consisting of two atomic tasks between the job’s
arrival and its deadline under an energy-aware and a tradi-
tional runtime. a A traditional runtime charges the system
until the capacitor voltages reaches Vinax and executes tasks
until the voltage reaches V,g. This mode of operation causes
power failures, wasting valuable energy, and can miss job
deadlines. b) Energy-aware runtimes monitor the system’s
energy and execute atomic tasks when sufficient energy is
present in the system, avoiding power failure and meeting
the task’s deadline.

checkpointing [2, 10, 16, 19], reformatting applications into atomic,
task-based execution models [5, 12, 20], or a combination of the
two approaches [11, 14, 18].

As explored by prior work, timely scheduling of atomic tasks
are a fundamental challenge for intermittent runtime systems [7-
9, 15, 18, 20]. Atomic tasks—such as sampling via peripherals or
radio communication—must be executed without interruptions e.g.
power failures. If power failures occur during an atomic task, the
intermittent runtime must atomically re-execute the entirety of
the task again. Many prior systems [11, 12, 14, 20] support such
atomic tasks by allowing for task re-execution while preventing
potential memory corruption and non-termination. While atomic
task re-execution is a functionally correct method in the face of
frequent power failures, it wastes precious energy when such tasks
are inevitably interrupted by power failures.

Energy-aware solutions circumvent the wasted energy issue by
avoiding power failures during task execution [4, 8, 15, 17]. First,
these runtime estimate a task’s energy consumption (E;,g) and the
system’s available energy (Ecap) via Ecap = %C Veap, Where Veyp is
the capacitor’s voltage and C is its capacitance. Then, throughout
their operation these systems execute a task only if Ecqp is sufficient
to ensure that the system capacitor’s voltage remains above Vyg
throughout the task’s operation, i.e. a task is executed only when
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Figure 2: Ei, i, of an atomic microphone sampling task on a
radio frequency harvesting sensor, estimated approximately
every 5 seconds across 200 seconds. Task energy was esti-
mated using Equation 2. While the position of the sensor was
not changed (i.e. its distance to the broadcaster was constant),
the foot traffic in the office resulted in different amounts of
energy harvested by the node during task profiling, resulting
in inconsistent E;,q; estimates.

Ecap — Etask > Eoff, Where Eqgr represents the energy present in the
capacitor at V. Figure 1 depicts how an energy-aware runtime (b)
conserves energy and avoids missed deadlines when compared to
traditional runtimes (a).

Estimated E; ;s play a central in the operation of these runtimes:
E;ask is used to ensure power failures do not occur, to measure the
feasibility of the current schedule, and to appropriately degrade
performance when the current schedule is not feasible, and to
respond to reactive events in a timely manner [15]. To attain the
benefits of such systems, energy-aware runtimes need accurate
estimates of a task’s energy consumption (E;,g) under the energy
harvesting architecture [15, 17]. To obtain such estimates, these
efforts need to profile a task’s energy consumption and assume
that future execution of a task will behave similarly to the
profiled iteration of the task, i.e. a future version of the task
will consume the same amount of Ey,.. However, current profiling
approaches [15, 17] lead to inconsistent Ey,q. approximations.

During profiling, energy-aware runtimes estimate the energy
change during a task as AE and measure it via

1

, where Vpre and Vjost correspond to the capacitor’s voltage before
and after the task’s execution [15, 17]. They then attribute most of
change in energy to the task’s execution and estimate Ey,q as

AE ~ —E; 4k

1
AE = EC(szost - szre)

@

However, based on our experiments, Equation 2 leads to incon-
sistent Ey,ql estimates. Figure 2 depicts 40 Ey,q estimates of the
same task across 200 seconds on a radio frequency harvesting node
deployed in an office. As shown, the E;,q; estimates vary wildly,
ranging between -0.05 and 0.15 mJ’.

After careful reconsideration of the experiment, the energy
harvested during the task is determined as the source of the

1Negative estimates occur when Vjost > Vpre, i.e. When the system has gained more
energy during a task’s execution.
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Figure 3: AE of an atomic microphone sampling task as the
incoming power to the harvester changes. When incoming
power is high, more energy is harvested than spent during
the task’s execution, so Vpost > Vpre and AE > 0. Inversely,
when incoming power is low, less energy is harvested than
spent during the task’s execution and AE < 0.

inconsistency. To test this hypothesis, we measure AE based on 1
while changing the incoming power into the harvester. The results
are shown in figure 3. As shown, AE is directly impacted by the
incoming power of the system, implying that the AE depends not
only on the energy consumed by the task, but also on the energy
harvested during the task. Hence, we reformulate Equation 2 as
follows,

AE = Epary — Etask

1
Etask = Enarv — EC(Vl;Zost - szre) (3

where E},yy is the energy harvested during the task’s execution. To
accurately profile Ey,q, runtimes need to also accurately estimate
Ehary- However, measuring Ej,. independently of E;,q during a
task’s execution is an open problem.

One approach to handling this challenge is to assume that Ej, 5
is constant as long as energy conditions remain stable and continue
using Equation 2. When energy conditions do change, this approach
simply re-profiles AE to compensate for the changed Eyp . [17].
However, prior work has not explored how much deviation from
stable conditions would require re-profiling. Further, this approach
assumes that incoming power changes slowly enough such that
the re-profiling is seldom needed and when needed, there is ample
time and energy for re-profiling. Such an approach would fail in
the case of arbitrarily or quickly changing energy conditions.

A potential solution would be to directly estimate Ej,.. Let P
denote the power incoming to the system and Ti,g the duration
of a task. Then, assuming Py, is stable, harvested energy can be
described as Ep,py = Py - Trask- However, this approach would also
fail in the case of arbitrarily or quickly changing energy conditions.
Additionally, given the non-linear rate of charging often seen in
intermittent systems, it is not clear whether Pj, can be accurately
measured even during stable energy conditions.

This work demonstrates that prior work assumes that the actual
energy consumed by a task (Ey,x) can be directly approximated
using the profiled change in the capacitor’s energy (AE) the task.
We argue and show that this assumption can lead to inconsistent
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E;ask estimates, which — by assumption - should be constant. We
experimentally show that the inconsistency stems from the energy
harvested during the task (Ep,;vy)- Finally, we argue that to maintain
the benefits of energy-awareness for all incoming energy conditions,
future energy-aware runtime must approximate E,¢ based on both
AE and Epgpy-

2 Background on Energy Aware Scheduling

Energy-aware runtimes estimate a task’s Ey,q) either via dynamic
profiling [15, 17] or statically-guided modeling [8, 17], though dy-
namically profiled approaches are more accurate and can operate
with any energy-harvesting hardware. Statically-guided energy
cost estimations range from simple to sophisticated. Simple static
estimations measure the E,q on wall power and assume that in-
termittent execution of the task will behave similarly [8]. However,
these estimations do not account for the inefficiencies of energy-
harvesting circuits [17]. Sophisticated solutions aim to resolve this
issue by modeling the energy-harvesting hardware to provide more
accurate Ey,q estimations [17]. While more accurate, the improved
accuracy of these solutions is directly tied to the accuracy of the
efficiency model and compounding errors in the model can lead
to increasingly inaccurate estimates [17]. Further, changing any
energy-harvesting component would require updating the model.
In contrast, dynamically profiled methods estimate E,g by mea-
suring the capacitor’s voltage before (Vpre) and after (Vpost) and
using Equation 2. [15, 17]. This model-free dynamic approach in-
cludes the inefficiencies of the system, producing more accurate
results than static approaches with limited reasoning about the
energy-harvesting hardware [17].
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