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Abstract

Combining energy harvesting with energy-aware load adaptation and scheduling enables perpetually operating sensor networks.
The practical realization of this goal yet requires methods for reliable and precise holistic online energy assessment. While the
building blocks—assessing residual energy, predicting energy intake, and tracing energy consumption—have been studied in detail,
the analysis of their interaction on a real platform has been neglected. This paper answers the question, whether these techniques
can be easily joined to give a precise and correct picture of a sensor node’s energetic state and behavior. For this purpose, we model
the energy flow of a prototype energy-harvesting and supercapacitor-powered sensor node. We show that in a real deployment
simple supercapacitor models suffice for energy assessment, while capacity calibration is mandatory yet practicable. We evaluate
the joint performance of state-of-the-art energy assessment based on an outdoor field test. We verify the system model and show
the feasibility of holistic online energy assessment, which tolerates small configuration errors, achievable with a combination of
generic configuration and online calibration. We analyze the feasibility of forecasting a node’s future energy reserve and find that
the presented method produces accurate results for uniformly distributed consumption profiles.
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1. Introduction

Energy-harvesting sensor nodes [1, 2, 3, 4, 5] open the door
to perpetual and self-sustained operation. Thereby, gaps in col-
lected data—reducing the expressiveness of measurements—
and manual intervention for battery replacement—causing large
costs, logistic problems, and severe intrusion [6, 7]—can be
eliminated. Yet, non-intrusive monitoring of phenomena de-
mands devices of tiny size, which come at a non-negligible cost:
the amount of harvested energy is decreased while it must still
satisfy the average power consumed by applications and algo-
rithms executed on the node. Unfortunately, the actual extent
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of neither harvested nor consumed energy is known in advance.
Energy consumption depends on difficult to foresee network
load, e.g., routing services provided by the node. The amount
of harvested energy often depends on the exact positioning of
the harvester, since local and seasonal effects dominate energy
production—e.g., solar-powered nodes close to the Sun-averted
side of a building suffer from shadows. Aging effects, dirt, and
environmental changes reduce the potential of the harvester.

Thus, a sensor node must adapt its consumption to the avail-
able energy resources. Several researchers have tackled this
problem [8, 9, 10, 11, 12]. In brief, nodes have to adjust their
schedule or duty cycle to achieve energy-neutral operation [13],
i.e., consumption must not exceed harvest. To maintain this
principle in times of low harvest, energy must be buffered in
energy-abundant periods. Supercapacitors have been frequently
used, as they combine small size and cheap prices with a capac-
ity to back up operation for several days. Reliable while facile
energy reserve estimation is possible [3, 14].

To adapt a node’s duty cycle or to find an energy-compatible
schedule, tracking the consumption of a sensor node is manda-
tory. Methods for hardware- [15, 16] and software-based [17,
18] tracking have been presented recently. Solar cells are used
as harvesters on many platforms [3, 4]. They deliver suffi-
cient energy with a diurnal pattern, enabling energy intake fore-
casts [19, 20, 21, 13] for depletion-safe and smooth operation
with infrequently adapted duty cycles [11, 12, 10].

The tools for holistic online energy assessment are ready,
but existing research has mainly focused on the individual com-
ponents and their optimization. However, their complex inter-
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action has been neglected, so that three essential and closely
linked questions have not been answered so far:

• How well does joining these techniques work w.r.t. giving
a precise and correct picture of a sensor node’s energetic
situation and behavior?

• Is it possible to forecast a node’s future energy reserve?

• How precise a calibration of the hardware, e.g., sensors
and consumption traces, is required; or, is per-node con-
figuration dispensable?

1.1. Contributions

We present a holistic approach to energy assessment for
energy-harvesting sensor nodes to realize sustained operation.
In this context, we make the following key contributions to an-
swer the aforementioned questions:

1. We analyze the accuracy of simple charging- and dis-
charging models for supercapacitor-operated, low-power,
low-resource devices. For this purpose, we present an
energy-harvesting prototype power supply for sensor nodes
and derive models for lifetime prediction and remaining
charging time. We run several charge-discharge-cycles
to evaluate the accuracy of our models. In addition, we
present and evaluate methods for quick and reliable self-
calibration of a supercapacitor’s capacity.

2. We use these models to describe the energy flow of energy-
harvesting, supercapacitor-powered sensor nodes. We im-
plement a software layer for online energy assessment in
TinyOS running in a five-node deployment with our hard-
ware for three weeks. A detailed evaluation finally ver-
ifies the model and proves the utility of existing energy-
assessment techniques in practice. We identify the main
influencing factors of energy misjudging and those with
low impact on system precision.

3. We show a method for projecting the future energy re-
serve of a sensor node. We analyze the requirements to
obtain valid forecasts, which is the fundament of energy-
aware duty-cycle adaptation and scheduling to enable self-
sustained and perpetual sensor networks while achieving
high utility of harvestable energy.

2. Related Work

2.1. Supercapacitor-Powered Sensor Nodes

Various self-sustaining power supplies for wireless sensor
nodes have been introduced in the past. Enviromote [5] uses
a solar cell as its power source and NiMH batteries for energy
storage. Easy circuit design and cheap energy storage devices
are its main design goals. Another platform employing a solar
cell is Prometheus [3]. It is based on a two-stage energy storage
consisting of a supercapacitor and a rechargeable Li+ battery.
The supercapacitor conserves the battery by limiting its charge-
discharge cycles. The authors take a first step into the direc-
tion of energy-aware scheduling by adapting the duty cycle to

the current supercapacitor voltage. Prometheus has been suc-
cessfully deployed in the Trio testbed [8]. Everlast stores solar
energy in a supercapacitor solely [4]. Maximum power point
tracking (MPPT) is employed to increase the energy efficiency
of the solar cell. The authors claim that their platform can op-
erate for up to 20 years while preserving high data rates. These
projects illustrate the relevance of supercapacitors in novel sen-
sor network hardware and applications.

2.2. Energy Reserve Assessment
Energy assessment for supercapacitor-powered sensor nodes

requires a detailed understanding of the characteristics of super-
capacitors. Barrade and Rufer discuss the energy density and
power density of supercapacitors [22]. For this purpose, they
derive analytical models for the discharging behavior. Weddel
et al. substantiate that supercapacitors do not follow an ideal
capacitor’s model [23]. They propose a multi-layer cascade
circuit model of resistors and ideal capacitors and discuss its
accuracy. A reduced model with a single series resistance is
presented in [24]. The authors of [25] use a piece-wise approx-
imation to model and capture supercapacitor leakage. Merret
et al. have shown in [26] that what is frequently called leakage
is in fact charge redistribution. These works are highly relevant
for system design and supercapacitor simulation; yet, they re-
quire multi-parameter estimation not desirable for sensor node
hardware. They are hence not compatible with online parame-
ter estimation for sensor nodes. Due to low ADC precision in
most cheap sensor node platforms, it is not clear whether these
parameters could be determined with the required precision on
sensor node hardware. We will show that simple models suffice
for online energy assessment.

2.3. Energy Consumption Tracking
Tracing the consumption of sensor nodes offline, i.e., prior

to deployment, is generally infeasible due to the dynamic nature
of sensor network protocols. Online estimation has been widely
accepted as the standard approach [18, 15, 17].

A straight-forward, hardware-based method called Coulomb
counting is to install a high-precision, low-resistance shunt be-
tween the energy buffer and the sensor node input connector.
Energy consumption is assessable by reading the voltage drop
across the shunt with the microprocessor’s ADC—e.g., Her-
genröder et al. have presented such an approach in [27]. This
approach yet requires an active microcontroller to track con-
sumption, rendering this approach energy-expensive and thus
infeasible. Using a dedicated chip is more efficient but still im-
poses an extra energy expenditure of several tens of microam-
pere [28]. An alternative to this are approaches like iCount [15]
that measure the switching frequency of the regulator many sen-
sor nodes are shipped with. These approaches exploit the nearly
linear relationship between switching frequency and input cur-
rent for a constant input voltage. This method is not applicable
in our case, because we supply the regulator with a supercapac-
itor: The regulator’s input voltage ranges from 0.5 V to 2.7 V,
so that a more complex model would be required, cf. [15].

Software-based energy estimation is presented and evalu-
ated in, e.g., [18, 17]. Each hardware component has a typical
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energy consumption per state. In a simple model, components
are on or off. More refined models encompass additional states,
e.g., the radio can be off, listening, receiving, or sending. In
order to track the consumption of a sensor node, three steps
must be taken. Firstly, the hardware states have to be identi-
fied and the corresponding load has to be measured. Secondly,
hooks have to be added to the hardware drivers to track all state
changes. Thirdly, timing with micro-second precision is re-
quired to retrieve the node’s consumption by summing up all
load-time products, since sensor node activity may be as short
as a few micro seconds. We will showcase the implementation
of such an approach and show that hardware variation can be
neglected.

2.4. Energy Intake Forecasting

In this paper, we concentrate on periodic energy sources
with slowly changing energy intake, such as solar harvesting,
because they cover a broad range of realistic application cases.
In this case, obtaining the current energy intake is achieved
with a sensor, and a sampling rate of a few seconds suffices
to capture energy intake. Despite possible imponderables re-
garding sensor calibration, there is no particular challenge in-
volved. To allow for sustainable and efficient operation of sen-
sor nodes, past energy intake recordings can be turned into a
forecast [13, 12, 20, 19], which enables a sensor node to deter-
mine an energy-neutral duty cycle or job schedule.

The general approach for prediction is to exploit the cyclic
behavior of harvesting sources, e.g., the diurnal pattern of so-
lar cells. Each cycle is divided into time slots, usually of equal
length. Energy intake in each of these slots is averaged and
smoothed with past values. The resulting values constitute the
forecast. Recent approaches (e.g., [19, 29]) aim at refining the
forecast by weighting future slot values with the relative course
of the current cycle w.r.t. the smoothed course. However, cur-
rent algorithms only produce imprecise (long-term) forecasts
that particularly fail in changing weather conditions, as ana-
lyzed in [21].

3. Prototype and Energy-Flow Model

To derive and analyze models for practical energy assess-
ment of energy-harvesting and supercapacitor-powered sensor
nodes, we built a customized energy-harvesting power supply
for the Iris sensor node. We will refer to this power supply
as harvester. This section presents details about the hardware
and derives an energy-flow model that enables holistic online
energy assessment.

3.1. Energy-Harvesting Prototype

A fully functional energy-harvesting sensor node with the
prototype harvester is displayed in Fig. 1(a).

A solar cell with a size of 39×35 mm2 and a maximum cur-
rent of 35 mA [30] serves as harvesting source. Direct charging
is preferred over maximum-power-point tracking (MPPT) to re-
duce circuit complexity. The current produced by the solar cell
is almost unaffected by its terminal voltage, so that equal intake

(a) energy-harvesting power supply
with 25 F supercapacitor and solar cell
mounted on top of an Iris node with re-
moved battery pack
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Figure 1: Harvester prototype and measured regulator efficiency

can be expected under the same environmental circumstances.
Intake forecasts are therefore enabled. Current backflow is pre-
vented with a diode. The (amplified) voltage across a 1 Ω shunt
resistor with 1% precision is used to measure the solar current.
The (theoretical) amplification gain of the ADC reading is 1 V
per 15 mA solar current, which is realized with a Texas Instru-
ments OPA 2349 operational amplifier [31]. We conjecture that
this current measurement implementation would also support
an MPPT charging circuit with the sensor placed in the output
path of the regulator.

The harvester supports supercapacitors with a maximum
rated voltage of Vmax = 2.7 V. Supercapacitors with 25 to 100 F
give a good trade-off between size, capacity, and price; e.g., a
50 F supercapacitor can operate an Iris node at a 1% radio duty
cycle for more than two days without harvesting energy. The
supercapacitor is connected to one of the node’s ADC ports, so
that its voltage and thus state of charge are accessible by the
sensor node. To protect the supercapacitor from overcharging,
the harvester automatically disconnects the supercapacitor from
the solar cell using a switch Sh, if its voltage reaches Vmax. The
switch is a field-effect transistor that activates a circuit branch
with a single, small resistor in parallel with the supercapacitor
(and the diode). It is this thus possible to measure the solar cur-
rent, even when charging is disabled, because the solar cell is
always connected to a load.

A Texas Instruments TPS61220 switching regulator [32] is
used to produce a constant output voltage of Vn = 2.7 V. It has
a measured minimum input voltage of Vcut = 0.5 V (the cut-
off voltage). As depicted in Fig. 1(b), regulator efficiency η is
a function of input voltage Vc. Average η across all harvesters
increases from 76% at 0.6 V to 93% at 2.7 V, where the over-
all average in this range and across all harvesters is 86%. To
achieve stable node operation after depletion, the regulator is
kept disabled until Vc reaches the start-up voltage Von = 1.6 V
for the first time.

The prototype allows for discharging the supercapacitor via
the resistor Rd = 40.6 Ω. The underlying intention is to deter-
mine the actual (empirical) capacity C by measuring the time
needed for a voltage drop of the supercapacitor, which is ex-
plained in Sect. 3.4. Capacity calibration is enabled with a
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Figure 2: Simplified, equivalent circuit as basis for system model equations

switch Sd, which is controlled via a microprocessor I/O-pin.
The harvester is equipped with a light sensor and a tem-

perature sensor. The latter is intended to give insights into the
system’s temperature dependency.

3.2. Simplified, Equivalent Circuit

The simplified circuit of the harvester prototype is displayed
in Fig. 2. This circuit describes the fundamental energy flows
of the hardware, which are subsequently used to model the dy-
namic system behavior.

The current Ih ≥ 0 (the harvest) is produced by the so-
lar cell, and the regulator current Ir > 0 is consumed by the
regulator to supply the sensor node with In > 0 (the load or
consumption) at the constant output voltage Vn. The current Ic
flows into the supercapacitor with capacity C. If Ic is positive,
harvest exceeds consumption and the supercapacitor is charged;
otherwise, the supercapacitor acts as source and discharges to
supply the sensor node. Vc is the voltage of the supercapac-
itor. Note that due to overcharging protection, Vc cannot ex-
ceed Vmax and that the regulator will fail, if Vc underruns the
cut-off voltage Vcut.

Capacity calibration is controlled by the switch Sd; calibra-
tion is enabled when Sd is closed. In this case, the discharging
current Id flows through the resistance Rd.

While the presented circuit is derived from the prototype, it
is generally applicable to any harvesting sensor node architec-
ture with the following characteristics: (i) The harvester pro-
duces a direct current (DC) that only depends on harvesting
(i.e., environmental) conditions; (ii) a supercapacitor serves as
energy buffer; (iii) a DC/DC converter converts input to output
power with a known efficiency; and (iv) capacity calibration is
realized through a switchable discharge resistor with low resis-
tance value.

3.3. Analytic System Model

3.3.1. Energy Flow
In normal operation (Sd open), the current flowing into the

buffer (supercapacitor) is the difference of the current harvested
by the source (solar cell) and the input current of the regulator:

Ic = Ih − Ir . (1)

The regulator converts input power with efficiency η, which is
a function of its input voltage Vc and the output current In, so
that

Ir · Vc · η(Vc, In) = In · Vn . (2)

To maintain low complexity (cf. Sect. 2.2), we model the
relation between supercapacitor current Ic and voltage Vc with
an ideal capacitor model:

Ic = C · V̇c . (3)

The only parameter in this model is the capacity C.
Combining Eqs. (1) to (3) yields the final system model:

C · V̇c = Ih − In · Vn

Vc · η(Vc, In)
. (4)

This model is the foundation for holistic online energy assess-
ment.

3.3.2. Supercapacitor Charging
Scheduling decisions and load adaptation may require or

benefit from knowledge about the remaining charging time. A
lower bound of this time can be obtained by modeling super-
capacitor charging w.r.t. its voltage Vc for Ih � Ir. Assuming
In ≈ 0 mA yields

Ih = C · V̇c ⇒
t0+∆t∫
t0

Ih(t) dt = C ·
Vt∫

V0

dVc (5)

for the starting voltage V0 at time t0 and the voltage Vt at time
t0 + ∆t. W.l.o.g. t0 = 0 is assumed in the following, and the
temporal course of Ih can be replaced by its (expected) average
value

Īh =
1

∆t
·

∆t∫
0

Ih(t) dt , (6)

so that

Vt = V0 +
Īh
C
·∆t ⇔ ∆t = (Vt − V0) · C

Īh
. (7)

3.3.3. Supercapacitor Discharging
Supercapacitor discharging in terms of the temporal behav-

ior of its voltage Vc—in a situation in which there is no energy
intake, i.e., Ih = 0—can be applied to perform pessimistic life-
time estimation, e.g., if energy intake is expected in the future
but its course is uncertain or unknown. Self-discharge and re-
organization effects are neglected and η = const. is assumed.
It follows that

C · V̇c = −Vn · In
η · Vc

⇒ ηC

Vt∫
V0

Vc dVc = −Vn

∆t∫
0

In(t) dt . (8)

for the voltage V0 at time t0 and the voltage Vt at time t0 + ∆t.
W.l.o.g. t0 = 0 is assumed, and the actual course of In does
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not have to be known, since the integral can be replaced by the
(expected) average consumption

Īn =
1

∆t
·

∆t∫
0

In(t) dt . (9)

Finally, the future voltage Vt after a time period ∆t and vice
versa are:

Vt =

√
V 2

0 −
2VnĪn∆t

ηC
⇔ ∆t =

(
V 2

0 − V 2
t

) ηC

2VnĪn
. (10)

These equations can be used for state-of-charge assessment and
lifetime estimation using Vt = Vcut. Moreover, they can be em-
ployed to determine the maximum supported, uniform load Īn,
if no harvest forecast is available.

However, any application of these equations relies on knowl-
edge about the actual capacityC and regulator efficiency η. The
latter generally is a function of input voltage, which depends on
the state of charge of the supercapacitor. To combine this fact
with the assumption of constant efficiency in the equations, η
can be described as a piece-wise constant function of Vc. Cal-
culation of Vt or ∆t, respectively, can then be realized through
an iteration process using Eq. (10). This procedure increases
computation complexity and scales with the number of steps
used to model η. Moreover, a precise and generic—i.e., node-
independent—function for η must be known.

3.4. Capacity Calibration
If the discharging switch in Fig. 2 is enabled (Sd closed), the

additional current Id discharges the supercapacitor. To improve
calibration precision, the solar cell should be disconnected in
this case (Sh open). This eliminates sources of error caused by
the solar current sensor (cf. Sect. 3.1).

The general capacity calibration model equation is

Ic = −Id− Ir ⇒ C · V̇c = − Vc

Rd
− In · Vn

Vc · η(Vc, In)
, (11)

where Rd · Id = Vc. Solving this differential equation ex-
actly to determine C is possible, yet requires knowledge of
both η(Vc, In) and the course of In. Moreover, the complex-
ity of the solution prohibits its execution on sensor node hard-
ware. For that purpose, a simplified model is used to reduce
solution complexity. Assuming a constant value of η and a con-
stant consumption In = Īn, cf. Eq. (9), we obtain the Bernoulli
differential equation

C · V̇c = − Vc

Rd
− Īn · Vn

Vc · η
. (12)

For the voltage V0 at time t0 and the voltage Vt at t0 + ∆t, we
find

C =
2∆t

Rd
· ln−1

(
η · V 2

0 + ĪnVnRd

η · V 2
t + ĪnVnRd

)
(V0 > Vt) . (13)

With this equation, capacity calibration is achievable in coexis-
tence with regular node operation, i.e., sensing and forwarding
data.

3.5. Predicting the Future Energy Reserve

If all parameters in Eq. (4) are known, predicting the fu-
ture energy reserve is possible. An exact solution of Eq. (4)
yet requires the precise courses of Ih and In. When it comes
to predicting the future state of the system, this is not the case,
particularly because an exact forecast of Ih does not exist in
real deployments, i.e., the future course of Ih is imprecise (cf.
Sect. 2.4). We thus make the following assumptions and simpli-
fications for practical reasons: (i) The harvester current Ih and
the sensor node load current In are piecewise constant func-
tions, and (ii) the regulator efficiency η is constant. The first
assumption complies with state-of-the-art energy intake pre-
diction (cf. Sect. 2.4) and online consumption assessment (cf.
Sect. 2.3). It may be possible to describe regulator efficiency
by a step-wise constant function of Vc, but we did not explore
this relaxation.

For Ih = const., η = const., In = const., (4) reduces to
an ordinary, first-order differential equation (ODE) of the form

ẏ = b− a

y

(
y=Vc , a=

Vn · In
η · C

≥ 0 , b=
Ih
C
≥ 0

)
. (14)

In the following, we assume y = y(t) and y0 = y(t0), where
t ≥ t0 are points in time and ∆t = t − t0. Two special cases
have to be considered:

1. For y = a
b , we find ẏ = 0⇒ y = y0.

2. If b = 0, the solution is y =
√
y2

0 − 2a ·∆t.

In any other case, this equation has the implicit solution

0 = y−y0 +
a

b
· ln
(
a−b · y
a−b · y0

)
−b ·∆t = f(y, y0,∆t) , (15)

which can be solved, e.g., with Newton’s Method for a given
number of iteration steps or until a given absolute or relative
error is achieved. The overcharging protection (cf. Sect. 3.1)
requires manual enforcement of y = Vc ≤ Vmax.

3.6. Enabled Technologies: Practical Application

According to Sect. 2.4, an energy intake forecast consists
of a set of time slots and mean values for each slot. The fore-
casted harvest Ih is hence constant within a slot. Assuming a
uniform load with average Īn reduces the overhead of predict-
ing the future energy reserve with (15) drastically, because only
one solution has to be calculated for each end of a time slot,
and updates have to be calculated only if a slot elapses. The
results presented in [20] and [21] suggest that 12 to 24 slots per
day are sufficient, so that recalculations are required at most
hourly. This approach can be used to predict the future volt-
age course of the supercapacitor for a given average load, but
becomes meaningful only if the following two questions are
answered: How to calculate this average node load, and how to
capitalize on the voltage course?

The first question can be answered from existing research,
e.g., adapting the (radio) duty cycle [11] is a common technique
to achieve perpetual operation. The duty cycle directly yields
(a lower bound on) the average power consumption of a node.
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.nc .c .c .exe

TinyOS app. intermed. C-file instrum. C-file binary image

nesC instrumenter nesC

. . .
// enable radio receiver
write(RF230_TRX_STATE, RF230_RX_ON);
state = STATE_TRX_OFF_2_RX_ON;
. . .

. . .
// enable radio receiver
write(RF230_TRX_STATE, RF230_RX_ON);
updateConsumption(EPC_RADIO, 14614);
state = STATE_TRX_OFF_2_RX_ON;
. . .

RADIO:
ON, 14614, "write(RF230_TRX_STATE, RF230_RX_ON);"
OFF, 0, "write(RF230_TRX_STATE, RF230_FORCE_TRX_OFF);"

profile

Figure 3: Compilation tool chain for automatic code instrumentation with sam-
ple code and consumption profile. Additions to the existing TinyOS tool chain
are highlighted in blue. Source code and consumption profile are simplified for
presentation

Task scheduling is another option, if the power consumption of
tasks is determined as in [10].

Answering the second question is also possible by a look
at existing research. Kansal motivates the principle of energy-
neutral operation [13], i.e., a node must not consume more en-
ergy than it has harvested. Translated to the predicted volt-
age course, a node has to make sure that its (predicted) voltage
never falls below a critical threshold.

4. Energy-Aware Software Layer

Much effort has been put into energy assessment for sen-
sor node consumption. Models for the voltage course of su-
percapacitors have been evaluated, and measuring harvesting is
possible through sensors. The details provided in Sect. 2 indi-
cate that the premises for holistic online energy assessment are
fulfilled. However, most research simply assumes that the in-
terplay of the individual models is a given fact despite the lack
of proof. Aspects like conversion efficiency of the switching
regulator, precision of measurements, the necessity of manual
per-node configuration due to consumption variation, are hardly
acknowledged at all.

To close this gap, we implemented an energy-aware soft-
ware layer for the prototype harvester for TinyOS to analyze the
interplay of the individual components and to evaluate the prac-
ticability of holistic online energy assessment w.r.t. the energy-
flow model. Implementation details are provided in this section.

4.1. Consumption Tracker
Automatic Code Instrumentation. In an active software devel-
opment community, changing device drivers directly by adding
lines of code for one’s own needs is no suitable approach, be-
cause it potentially leads to conflicts when software updates
become available. Hence, an automatic code instrumentation
tool was developed and integrated into the TinyOS build tool
chain; the concept is illustrated in Fig. 3. Upon compilation
of a TinyOS application, code annotations are added according

Microprocessor (mA) Radio (mA) LEDs (mA)
sleep adc idle act. on red yellow green

0.029 1.20 2.85 6.88 14.44 2.06 1.68 1.83
0.028 1.36 3.00 7.14 14.40 2.05 1.68 1.81
0.029 1.16 2.98 7.33 14.56 2.05 1.68 1.84
0.028 1.21 2.90 8.38 14.80 2.01 1.64 1.80
0.030 1.20 2.86 7.22 14.49 2.06 1.69 1.83
0.030 1.26 2.74 6.81 14.85 2.09 1.65 1.86
0.030 1.23 2.76 6.94 14.78 2.12 1.65 1.85
0.027 1.18 2.71 7.62 14.61 2.02 1.68 1.85

µ 0.029 1.22 2.85 7.29 14.61 2.06 1.67 1.83
σ 0.001 0.06 0.11 0.52 0.18 0.04 0.02 0.02

Table 1: Consumption In (mA) in different operation states of eight Iris nodes
at Vn = 2.7 V. Microprocessor states cover the consumption of the radio-off
state (which is modeled as having zero consumption); transmitting is not con-
sidered separately

to a consumption profile specification for the target hardware
platform. Such a profile defines the components, states, con-
sumption per state, and a code pattern as regular expression
for automatic insertion of the consumption update code. Ta-
ble 1 shows hardware states and consumption values of eight
sensor nodes; mean values form the generic consumption pro-
file. During compilation, an interface to access the consumption
(in µAs) per hardware component is added.

Microsecond Timing. The time spent in a state may be as short
as a few microseconds; thus, microsecond timing is required.
What sounds simple is a frequent dilemma: most sensor nodes
offer microsecond timing at an unbearably increased energy
consumption. The Iris platform, e.g., only offers one asyn-
chronous 8-bit timer that stays enabled in the sleep mode. Mi-
crosecond timing would require the node to wake up at least
every 256 µs to cope with timer overflows, which is not feasi-
ble. The microprocessor’s 16-bit timers are only available in
the idle and active state.

Solving this problem has been inspired by [33], where two
timers are used, one slow 8-bit timer with millisecond resolu-
tion and one faster microsecond timer. The asynchronous mil-
lisecond timer initiates the transition of the microprocessor into
the active state and re-enables the fast-running timer. By trig-
gering a so-called capture interrupt, the asynchronous timer en-
ables the microsecond timer to record its counter value and the
millisecond time upon system wake-up, which coincides with
a millisecond clock tick (apart from a small delay of few mi-
croseconds). Time with a resolution of microseconds is calcu-
lated from the difference of the current and recorded microsec-
ond timer value plus the recorded millisecond time.

The implemented software tracker functions as those refer-
enced in Sect. 2.3, and it has a similar precision of around 10%.

4.2. Energy Intake Assessment
Adaptive Sensor Model. The energy intake Ih of the solar cell
is measured with the sensor described in Sect. 3.1. The relation-
ship between solar current Ih and the amplified voltage across
the shunt resistor Vs exhibits a notable variance among individ-
ual boards. To prevent individual configuration of each board,
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Figure 4: Characteristics of the solar current sensor: (a) comparison of recorded
sensor readings vs. input current (ground truth, solid) with the adaptive, non-
linear sensor model (dashed); (b) minimum, mean, and maximum deviation
of temperature influence on amplification bias. Both plots show measurement
results of two nodes

we derived the following model empirically from Vs-Ih mea-
surement traces of nine harvester prototypes:

Ih(Vs) =

(
α·(Vs−Vb)− 1

α·(Vs−Vb)+βVb
+

1

βVb

)
. (16)

It serves as the basis for a self-configuring method, in which the
parameters α and β are fixed. Their values were obtained by
(offline) least-mean-square regression. For this purpose, ADC
input voltages for input currents from 0 to 35 mA were captured
at room temperature; measurements were performed with Agi-
lent and Voltcraft multimeters. The parameter Vb is the bias of
each harvester and is adjusted automatically during runtime—it
reaches its final value in the first period of zero intake, e.g., at
night. Figure 4(a) compares the model with real sensor traces
(ground truth) for two selected harvesters. Although the model
produces average absolute errors of up to 0.6 mA on some har-
vesters, it still achieves a better precision than a simple linear
approach, which fails to capture the non-linearity near Vb.

Temperature Influence. First experiments with the hardware re-
vealed a temperature influence on the operational amplifier out-
put bias, which has a shift of Vb as consequence. Figure 4(b)
shows the change of the bias in raw ADC values (10-bit resolu-
tion) relative to the value recorded at room temperature (25◦C).
The effect of this shift is obvious and problematic at night:
Adaptation decreases Vb to the global minimum. If Vb de-
creases with lowering temperatures, this global minimum is
achieved in the early morning. As a result, Eq. (16) yields non-
zero harvest readings of up to 0.5 mA after sunset and prior to
sunrise, when temperature is above the global minimum, and in
warm nights. If, in contrast, Vb increases with lowering tem-
peratures, non-zero harvest is reported at night and in the early
morning hours, when temperature is at its minimum. To avoid
errors particularly at night, truncating Ih to zero at low light
intensity (obtained from the light sensor) is a quick and help-
ful remedy. Actual temperature compensation was not further
investigated, since the shift of the amplification bias was pos-
itive on some harvesters while it was negative on others, thus
rendering a valid, generic solution difficult and of low merit.

Node Nominal C Harvesting source Harvest Ih

A 50 F solar cell / lamp n.a.
B 50 F solar cell / lamp 24.2 ± 1.4 mA
C 50 F const. current source 15.0 ± 0.0 mA
D 25 F solar cell / lamp 7.0 ± 0.8 mA
E 25 F solar cell / lamp 6.5 ± 0.8 mA

Table 2: Evaluation node setup; figures for Ih are mean values and standard
deviation during all charging processes

4.3. Capacity Calibration

Capacity calibration is performed with the equations de-
rived in Sect. 3.4. The current implementation uses floating-
point arithmetic and the math library for the logarithm. We
made this choice after a comparison with a fixed-point arith-
metic implementation developed at our institute, which saved
little memory while introducing problems such as (integer) over-
flows and imprecise results of the logarithm function.

A calibration procedure is triggered after the booting pro-
cess of the node has completed but can also be requested at
any time. Calibration is terminated—and the capacity C is
calculated—after a pre-defined voltage drop has been achieved.
No additional timer is required for this approach, because Vc

is recorded periodically. To avoid sensor node depletion and to
achieve representative results, calibration is deferred until the
voltage Vc is inside a user-defined range. An optimal choice of
this range is discussed in Sect. 5.4, which also analyzes the min-
imum required voltage drop of Vc to yield sufficiently precise
results.

5. Evaluation of Energy-Flow Model and Calibration

This section aims at analyzing the practicability of simpli-
fied models of supercapacitor charging and discharging models
and capacity calibration.

5.1. Evaluation Methodology

Setup and Parameters. We conducted an experiment with five
sensor nodes, powered by the harvester with supercapacitors of
25 and 50 F nominal capacity. The latter are Samwha Green-
Caps from the 2.7 V-rated DS-series [34]. To achieve repeat-
able but realistic conditions, we placed four nodes under a desk-
top lamp with a 40 W light bulb. Due to lamp movements and
little sunlight breaking through the windows in the afternoons,
we could yet not exclude (slight) changes of the lighting con-
ditions. The harvester of node C was connected to a constant
current source, instead of a solar cell, to investigate charging in
the case of Ih = const. Table 2 summarizes the setup.

All nodes ran charge-discharge cycles for the set of param-
eters shown in Table 3. Duty cycle values φ were picked to
resemble common sensor node consumption profiles. The har-
vest Ih was measured every 5 s, and an average was computed
every 30 s—no Ih-readings are available for node A due to sen-
sor failure. All other sensors (cf. Sect. 3.1) were read with
a periodicity of 30 s. The set of readings plus a time stamp
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Parameter Symb. Unit Charging Discharging

duty cycle φ % 0.2 0.5, 1, 5, 10, 20
initial voltage V0 V 1.0 1.4, 1.8, 2.2, 2.6
target voltage Vt V 1.4, 1.8, 2.2, 2.6 1.0
harvest switch Sh — closed open
calibr. switch Sd — open open, closed

Table 3: Parameter values for supercapacitor model evaluation
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Figure 5: (a) Charging traces, (b) relative model errors for Vt =2.6 V

were transmitted to a sink. Radio duty-cycling MAC proto-
cols were simulated by switching off the radio after success-
ful packet transmission with a delay corresponding to the cur-
rent duty cycle φ. No actual lower-power MAC protocol was
used to prevent the influence of protocol specifics and trans-
mission waiting times that would distort consumption. For each
value of φ one discharging cycle (with disconnected solar cell
via switch Sh) was run for different voltage ranges. Each of
these discharging cycles was repeated with closed calibration
switch Sd. During the charging process, a duty cycle of only
0.2% was used, so that the node’s consumption could be ne-
glected (cf. Sect. 3.3). Hence, each charging process (with the
same parameter values) was repeated five times. Overall exper-
iment runtime was 32 days for the slowest node.

Methodology and Metrics. For each discharging and charging
trace, empirical capacities C were derived by minimizing the
root-mean-square error (RMSE) using Eqs. (7) and (10), re-
spectively. Values of C were calculated at intermediate volt-
ages in 0.1 V-intervals of each trace. We compared two differ-
ent models of efficiency η: Firstly, a constant value η = 86%
was used. Secondly, η was modeled as a step-function with
0.1 V granularity from the average empirical Vc-η characteris-
tics, cf. Fig. 1(b). The values of Ih and In are the readings of the
solar current sensor and the consumption tracker. The results
hence show a picture from the realistic perspective of a sensor
node with imprecise consumption knowledge, temperature de-
pendency, and error-afflicted sensor readings. This allows to
answer whether simple supercapacitor models are sufficient for
sensor nodes. Capacity calibration from Sect. 3.4 was analyzed
for multiples of the reporting interval of 30 s as ∆t.
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Figure 6: Empirical, unbiased capacity estimates at intermediate voltages of
nodes C and D during charging. Solid lines indicate average capacity, cf. Fig. 7
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Figure 7: Average empirical capacity for charging to different Vt. Gray con-
nected marks represent the mean values of charging traces with same Vt

5.2. Charging Behavior
All charging traces of the experiment exhibit an almost lin-

ear voltage increase and thus support Eq. (7). Voltage traces
and an error analysis for Vt = 2.6 V are displayed in Fig. 5.
The traces follow a near-constant voltage slope, see Fig. 5(a),
with a small relative error, see Fig. 5(b). However, charging
slows down for large values of Vc for two reasons. Firstly, Ih
decreases slightly with increasing Vc (except for node C), since
the power point of the solar cell is changed. Secondly, reorga-
nization effects of the supercapacitor have a more notable influ-
ence for larger values of Vc [23].

A detailed study of the capacity C w.r.t. Vc and for two dif-
ferent values of Vt is displayed in Fig. 6. Both plots show simi-
lar average empirical capacityC and reveal that variation is low.
In conclusion, supercapacitor charging is highly predictable in
low-power sensor networks using Eq. (7), if Ih is known. Only
for Vc approaching Vmax, cf. Fig. 6(a), the empirical capacityC
increases, i.e., charging slows down. The model will hence pro-
duce too high voltage projections and too small charging time
estimates.

The distribution of the average capacity for the individual
charging procedures is shown in Fig. 7. Variation is within 1 F
for nodes C and D, and capacity is slightly larger when charg-
ing to a higher Vc. These observations also apply to node E,
where the two outliers lift the average capacity for Vt = 1.4 V
and Vt = 1.8 V. These two stem from an elevated measure-
ment inaccuracy of the current sensor (cf. Sect. 4.2) due to a
higher average harvest in these runs (the node was close to a
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Figure 8: Discharging traces for V0 = 2.6 V and two common duty cycles.
Charging was immediately stopped at Vc = V0. Solid gray curves indicate
modeled behavior for nominal capacities

window). Note the low empirical capacity of node E, which
is due to manufacturing deviation and aging. The figure sup-
ports that charging time estimation with a single, empirically
determined C is feasible and sufficiently accurate, particularly
if sensor readings or estimates of Ih are error-afflicted or un-
certain due to changing harvesting conditions. Using nominal
capacities would introduce large errors.

5.3. Voltage Course under Load

The voltage course under load generally exhibits the shape
expected from Eq. (10). Figure 8 shows traces for two differ-
ent values of φ and compares them with ideal projections of
the model. Only for high voltages Vc and a low duty cycle
(φ = 0.5%), the recorded traces quickly depart from the mod-
eled courses. This supports previous findings about reorgani-
zation effects at high voltages. The distance of the recorded
traces from the model for φ = 5% is due to lower empirical ca-
pacity. An influence of the charging current on reorganization
could not be observed: The traces of nodes A and C in Fig. 8(b)
are initially (i.e., for Vc > 2.2 V) equal, although the charging
current varied by a factor of almost two. In contrast, there is
a dependency on Vt; e.g., the gradient of Vc (which is propor-
tional to the reorganization current) until reaching Vt−0.1 V ap-
proximately doubles when Vt rises from 1.4 V to 2.6 V. How-
ever, deviations from the model are only observed at high values
of Vc, when the energy reserve is high. As the impact of reor-
ganization fades away quickly, the model is generally suitable
in practice.

Under load, empirical capacities show slightly larger fluc-
tuation than for charging. This is indicated by Fig. 9. The em-
pirical capacity increases with decreasing Vc; its influence is
heavy right after the interruption of the charging process. Here,
the comparison of Figs. 9(a) and 9(b) supports that this effect
is less distinct for smaller values of V0. Comparing the results
to those from the charging traces reveals an inverse behavior.
It appears that both effects cancel out over a complete charge-
discharge cycle.

Figure 10 shows the average empirical capacity under load
w.r.t. V0. Compared to the charging case, mean capacity is
smaller and deviation is larger for nodes C and D. In contrast,
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Fig. 10
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Figure 10: Average empirical capacity under load for different V0. Gray con-
nected marks show the mean values of traces with same V0

capacity under load is larger for node E; the outliers for V0 =
1.8 V and V0 = 2.2 V stem from the traces with φ = 0.5%. The
difference in mean capacity is likely caused by error-afflicted
consumption and harvest readings. Particularly for low duty
cycles, small absolute errors in consumption tracking may lead
to significant errors in state-of-charge assessment and lifetime
estimation. This case illustrates the sufficiency of simple mod-
els: In practical application, models need not be more accurate
than their input values.

Model Errors. The relative root-mean-square error (RMSE) and
mean error (ME) of three variants of the discharging model ver-
sus the recorded load traces are displayed in Fig. 11. The first
model uses optimized values of capacity C for each individual
trace to identify the smallest possible model error. It shows that
the RMSE never exceeds 2% in this case. The ME is below
1% and has no considerable bias and low deviation, supporting
that the model is generally feasible. The second model uses a
single value of capacity C—one for each node—that was ob-
tained by averaging the empirical capacities at Vc = 2.2 V (cf.
Fig. 10). The RMSE is always below 5% with a median of 2%
in the worst case. While the ME is unbiased—i.e., estimated
capacity matches empirical capacity on average—its deviation
is 5%. The third model uses the nominal capacity (printed on
the supercapacitors), giving an RMSE of up to 22% and medi-
ans of 3 to 13%. The distribution of errors (both RMSE and
ME) varies notably among supercapacitors due to age, usage,
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and manufacturing deviation.
These results have the following impact. Firstly, despite

the simplicity of the model, it allows for producing state-of-
charge assessment with low error in most cases. Secondly, us-
ing a static, online-estimated capacity value increases errors but
keeps them within the range of common sensor node consump-
tion variance. This approach is hence feasible. Thirdly, us-
ing the nominal capacity printed on the supercapacitors results
in large, intolerable errors. Therefore, consumption deviation
among nodes caused by hardware variation is merely insignifi-
cant compared to errors in capacity estimation.

The evaluation shows that the proposed models work in
the field. Errors may be as large as 5%, but this number is
small when considering that sensor nodes have (slightly) dif-
ferent consumption, yet only the mean consumption among all
nodes was used for evaluation, and although a constant regula-
tor efficiency was employed. Improved results are achievable at
the cost of hardly feasible manual per-node configuration of the
consumption profile. Despite different charging currents and
duration, target voltage, and capacity, all discharging traces ex-
hibit an almost equal shape with high model correlation.

5.4. Capacity Calibration

The previous findings prove the need for online capacity
calibration. In the following, the method proposed in this paper
is evaluated.

Figure 12 presents calibration results of node C. Variation
is intolerable for ∆t = 30 s in Fig. 12(a), where the minimum
value is 31 F and the maximum is 62 F. Here, no improvement
w.r.t. manufacturing variation is achieved. For ∆t = 120 s, de-
viation around the mean is within 10% in all cases, which is be-
low manufacturing variation. For V0 in the range between 2.4 V
and 1.6 V, calibration results exhibit low variation. In general,
capacity values match those observed for capacity charging and
under load. Fig. 12(b) reveals that the influence of the final
voltage of the preceding charging period is low.

A statistical study of the influence of ∆t for all nodes is
presented in Fig. 13. Doubling ∆t cuts deviation (w.r.t. ex-
treme values and quantiles) almost in half. In general, devia-
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Figure 13: Variation of capacity calibration results for the range of 2.6 V
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tion is lower for supercapacitors with smaller nominal capacity
(nodes D and E). Comparing Figs. 13(a) and 13(b) produces
several insights. Firstly, calibration results are largely unaf-
fected by the duty cycle, i.e., the distributions exhibit similar
shapes. Capacity calibration does thus not require a node to
stop its native activity, e.g., sensing and sending. However, a
lower duty cycle is preferable, as it generally produces lower
variation. These observations meet expectation, because the
consumption of the node is only a single-digit percentile of the
current Id (cf. Sect. 3.4). Secondly, too small values of ∆t (less
than 30 s) produce unreliable results for all nodes. Calibration
results using a value of ∆t = 120 s guarantee a maximum er-
ror (w.r.t. the median) of approximately 10%. This observation
can be explained by measurement noise: We observed a varia-
tion of up to eight ADC steps, which is equivalent to an error
of Vc of 0.02 V. The maximum voltage drop during calibration
is 0.11 V for a nominal 25 F supercapacitor and less than 0.06 V
for a nominal 50 F one. This also explains why calibration for
smaller capacities achieves lower variation.

Finally, calibration results are compared with the empiri-
cal capacities of charging and discharging traces. The previous
discussion and results have already indicated that capacity cali-
bration improves model precision. On the one hand, calibration
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should produce as accurate results as possible. A long cali-
bration time ∆t and respectively large voltage drop, combined
with initiating calibration at a medium voltage Vc, meets this
end. On the other hand, calibration must not be started at a low
voltage Vc in order not to provoke depletion. The voltage drop
should be small to keep energy wastage low.

These contradicting requirements are generally met for a
starting voltage V0 in the range from 2 to 2.4 V and a voltage
drop of roughly 0.15 V (this is the drop achieved by ∆t = 120 s
for 50 F-rated supercapacitors and ∆t = 60 s for 25 F-rated
ones). Figure 14(a) depicts all calibration results for this setup
and φ = 1%. Note that deviation of calibration results is merely
affected by φ (for the values used in this evaluation). Most cal-
ibration results fall into the range of empirical capacities un-
der load. The few outliers are still better approximations than
the nominal values (with one exception for node B). Empirical
capacities obtained from the charging traces also fall into the
range of their counterparts under load. Only for node E, a no-
table discrepancy hints at a relatively large error due to the solar
sensor. This assumption stems from the fact that calibration re-
sults support capacities under load.

Figure 14(b) depicts the same results relative to the average
empirical capacity under load and per node. Deviation of capac-
ity under load is within 8%. This indicates a low error of con-
sumption tracking and supports the general feasibility of the su-
percapacitor model. Charging capacity and calibrations results
are within 10% in most cases. The figure shows that the rela-
tive difference between charging and discharging for node E is
as large as 20% (on average); this equals an absolute error of Ih
of 1.3 mA.

5.5. Conclusion

Simple models for supercapacitors presented in Sect. 3.3
are sufficient for off-the-shelf sensor node hardware w.r.t. to the
achieved precision, particularly when considering aspects such
as consumption variation from one node to another. The ana-
lyzed charging and discharging traces for common sensor node

duty cycles certify small model errors. This is particularly rele-
vant for real-world deployments, because consumption tracking
and a simple solar current sensor were used, both being light-
weight and energy-efficient yet error-afflicted solutions. In this
context, the proposed models are sufficiently accurate despite
consumption uncertainties due to hardware variation and error-
afflicted sensor readings. These observations hold for a wide
range of hardware, since most sensor nodes, low-power switch-
ing regulators, and solar cells have similar characteristics.

The results emphasize the need for online capacity calibra-
tion. The approach suggested in Sect. 3.4 delivers reasonable
results compared to the effort. Capacity calibration with low
wastage of energy achieves results within 10% of the empirical
capacity under load.

6. Evaluation of Holistic Online Energy Assessment

After the validation of the practical applicability of superca-
pacitor models, the feasibility of holistic online energy assess-
ment under realistic environmental conditions is studied with
an outdoor field test.

6.1. Evaluation Methodology
Setup and Parameters. The evaluation is based on a deploy-
ment of five sensor nodes named F through J (not identical
with those in the previous section). All nodes are equipped with
the harvester prototype and a 50 F-rated supercapacitor. They
were placed outside on a window sill (rain-protected by plastic
boxes) to allow analyzing the impact of temperature. Overall
runtime of the experiment was 32 days for nodes F, G, and I.
Nodes H and J were removed from the field test after 21 and
24 days, respectively.

All nodes ran the energy-aware software layer introduced
in Sect. 4 and an evaluation application. The latter recorded the
individual components of the energy-flow model (Ih, Vc, In).
Each node sent a report to the sink every 30 s containing these
values and the ambient temperature. Here, the reported value
of Ih was the mean of all readings (taken every 3 s) within the
last 30 s; In was the cumulative consumption since the node
had booted. To analyze supercapacitor leakage and tempera-
ture dependency, one additional supercapacitor, pre-charged to
a voltage of approximately 2.6 V, was attached to a free ADC
port of each node. A sample of its voltage was taken every 30 s.

It is only possible to evaluate the model for Vc < Vmax due
to the overcharging protection (cf. Sect. 3.1). Therefore, con-
sumption In must be large enough to prevent this case. On the
contrary, In must be small enough to ensure Vc > Vcut in or-
der to prevent node downtimes and resulting gaps in recorded
data. This issue was combined with the intention to evalu-
ate the influence of varying loads In: each node simulated a
duty-cycle adaptation by leaving on its radio for at least 250 ms
(φ = 0.83%) and at most 25 s (φ = 83.3%) after sending its
state report. Eleven values, or steps, of φ were equally dis-
tributed over this range. The duty cycle was increased stepwise,
if Vc > 2.0 V, and it was decreased, if Vc < 1.5 V. The condi-
tions for increasing and decreasing the duty cycle were checked
every 30 s.
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Figure 15: Leakage study of four 50 F supercapacitors (solid) and one 100 F
supercapacitor (dashed) over the first two weeks. Time ticks indicate day bor-
ders at midnight. High temperatures are caused by node packaging

Methodology and Metrics. The analysis is based on 10 min
snapshots and averages of the nodes’ reports, resulting in more
than 3 000 samples per node. This timing gave a good com-
promise between sufficient resolution and noise-reduction—the
change of Vc is smaller than the observed ADC noise for very
short timings. For a detailed analysis, traces of the energetic
state are used. They show the supercapacitor voltage Vc, the
empirical supercapacitor current Ic, the harvest Ih, and the con-
sumption Ir. They were generated from the measured values or
derived using the system model equations (cf. Sect. 3.3), re-
spectively. The empirical supercapacitor current results from
Ic = C ·∆Vc/10 min, and Ir is calculated through Eq. (2) us-
ing the mean supercapacitor voltage of the corresponding 10 min
window.

The capacity C was determined online by the sensor nodes
at the beginning of the deployment with the method presented
in Sect. 4.3. Model errors were calculated by means of the error
function (Ih − Ir)− Ic, representing the imbalance of Eqs. (1)
and (4), respectively. Moreover, the mean error (ME), mean ab-
solute error (MAE), and root-mean-square error (RMSE) were
calculated for all nodes over the runtime of the field test. Be-
cause Ic may be zero, relative errors were not calculated.

6.2. Supercapacitor Leakage

The energy-flow model in Sect. 3.3 does not encompass su-
percapacitor leakage and temperature dependency. To assess
the validity of this assumption, the traces of the five additional
supercapacitors were evaluated. This study hence investigates
the relevance of temperature for the evaluation of holistic online
energy assessment w.r.t. the energy-flow model.

The voltage course of the supercapacitors, their empirical
leakage current, and the ambient temperatures are shown in
Fig. 15. The considerable voltage drop on the first full day
equals an average leakage current of 80 to 250 µA on that day.

15 16

1.98

2.00

2.02

time (d)

vo
lt

ag
e

(V
)

Vc
0

20

40

te
m

p
er

at
ur

e
(◦
C

)

temp.

(a) voltage vs. temperature

15 16

−0.1

0.0

0.1

time (d)

cu
rr

en
t

(m
A

)

leakage (−Ic)

−20

0

20

te
m

p.
gr

ad
.

(◦
C

/h
)temp. grad.

(b) leakage vs. temp. gradient

Figure 16: Influence of ambient temperature on supercapacitor (a) voltage and
(b) leakage

Self-discharge after day 2 is low and shows decreasing varia-
tion. Leakage depends on capacity—it is more than twice as
large for the 100 F supercapacitor. This observation explains
why smaller capacitors exhibit lower variation of empirical ca-
pacity, cf. Sect. 5.4.

Leakage is affected by the ambient temperature. In gen-
eral, average daily leakage appears stronger at higher (average)
temperatures, e.g., compare days 6 and 8 in Fig. 15. Figure 16
portrays the influence of temperature on supercapacitor voltage
and leakage current over time. They particularly show that volt-
age may even increase temporarily (negative leakage) when the
temperature rises. While the temperature gradient and leakage
current appear to be coupled, the effect of temperature leads to
tiny leakage currents most of the time. Only large temperature
gradients induce currents with an absolute value of more than
30 µA, which is roughly the current consumption of Iris nodes
in the sleeping state. Moreover, large temperature gradients oc-
cur during day time, in which the solar cell produces a current
at least two orders of magnitude in excess to that induced by
temperature changes. Finally, the capacity C of the individual
supercapacitor is not known precisely, i.e., the error introduced
by estimating C will easily exceed any influence of leakage and
temperature (cf. Sect. 5.4).

In addition, temperature readings must be correct and re-
liable: Figure 15 indicates a notable deviation of temperature
for one of the nodes on the first days. Here, humidity distorted
temperature readings: After wiping visible condensed water off
the inside of the plastic box’s lid, temperature readings matched
the ones reported by the other four nodes.

In conclusion, adding temperature compensation has the po-
tential to increase the accuracy of energy-reserve assessment
slightly but does not improve overall model precision signifi-
cantly under real-world conditions: leakage is rather small, hard
to model, and has less influence than calibration errors. These
points become more evident in the remainder of this section.

6.3. Accuracy of Holistic Online Energy Assessment

Online capacity calibration at the beginning of the field test
produced values between 49.5 F (node G) and 44.2 F (node J).
The maximum relative error was hence 11.6% w.r.t. the nominal
50 F. These values are similar to those determined in Sect. 5.4.
They are used in the following evaluation.
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Figure 17: Excerpt of the energetic trace of sensor node F (day 8)

Case Study. Figure 17 shows the holistic energetic course of
node F on day 8 of the field test. The energy-flow model pro-
duces tolerable errors in all situations of the day with the fol-
lowing exceptions:

1. The error is high for large absolute values of Ic, if Ir is
large at the same time. This can be explained by config-
uration and calibration errors regarding efficiency η and
capacity C. Both factors influence Ir and Ih linearly (see
Sect. 3.3). In this particular case, consumption of the ra-
dio is ca. 0.2 mA smaller than the average (which is used
for consumption tracking). This error is amplified due
to Eq. (2) for Vc < Vmax, which is visible between 12 h
and 13 h as well as 16 h and 17 h. The current sensor is
another root of error. This is evident from the peak er-
rors in the period around 11:30 h, where Ir ≈ 0 mA and
Ih ≈ 16 mA.

2. The error is large, when Vc reaches the 2 V and 1.5 V
thresholds for consumption adaptation. These errors show
the inherent, yet intentional error of the model: lineariza-
tion and averaging. The current Ir and voltage Vc are
anti-proportional: The higher Vc, the lower Ir, and vice
versa. If a node switches, e.g., from low consumption
to high, enduring consumption while Ih � 0, the lin-
earized model produces large errors caused by using av-
erages only. If the consumption changes moderately, e.g.,
at around 13:40 h, the error is considerably smaller. In
conclusion, non-uniform loads decrease the accuracy of
the model.

3. The errors between 4 h and 7 h stem from too large read-
ings of the solar sensor when Ih ≈ 0 mA, which was ver-
ified by covering the solar cells for a few minutes. Before
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Figure 18: Per-node error analysis: (a) distribution of errors showing median,
40% quantiles and extreme values; (b) error metrics for entire field-test runtime
for calibrated (solid) vs. nominal (hashed) capacity C

4 h, the value of Ih is 0 mA due to too low light intensity
recorded by the light sensor (cf. Sect. 4.2). The errors
from 18 h to 19 h are partially due to this fact as well.
However, errors are larger than in the morning. This
can be explained with the results from Sect. 5.3: After
charging has stopped rather abruptly, reorganization ef-
fects lead to a reduction of Vc. While the absolute drop
of Vc is within a few millivolt, the resulting empirical
supercapacitor current Ic does not match the value of Ir
obtained by consumption tracking.

Overall Precision. The presented traces substantiate the appli-
cability of the energy-flow model and holistic online energy
assessment. Yet, if the current consumption is unevenly dis-
tributed while the solar cell produces large currents, errors of a
few milliampere may result. The practical importance of these
errors is small in many application scenarios. In contrast to the
field test, radio duty cycling shows a uniform and symmetric
distribution of consumption in sense-and-send sensor network
applications.

A per-node error analysis is shown in Fig. 18. Despite hard-
ware deviation, the overall results are homogeneous, thus veri-
fying the applicability of the model. Medians and quantiles in
Fig. 18(a) are similar for all nodes, and 80% of all errors are
in a narrow region. Large errors stem from short times of mas-
sive changes of the consumption profile. The few outliers larger
than 5 mA are due to a minor conflict of consumption tracking
and the TinyOS MAC layer. An application request to switch
off the radio was prevented by a pending packet transmission,
while the corresponding state change of the radio was mistak-
enly triggered.

For all nodes, there is an error bias (non-zero median). This
is stressed by the ME in Fig. 18(b). While the bias of node G
is less than 0.1 mA, it is as large as 0.6 mA for node J. The
bars showing the MAE and RMSE shift the perspective to some
extent. Here, node G exhibits a larger error, indicating that al-
though errors cancel out on average, they are frequent and have
a mean absolute value of 0.4 mA. Node F achieves smallest
absolute errors, despite its ME is larger than that of node G.
Node J produces the largest error among all nodes and metrics.
The figure shows that capacity calibration reduces the error no-
tably.
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To further investigate the reasons for the observed error dis-
tributions, Fig. 19 depicts error mean values and standard de-
viations w.r.t. the three current components Ih, Ic, and Ir. The
presented results are representative. Errors w.r.t. Ih in Fig. 19(a)
are small and mostly positive, explaining the general error bias.
Due to the evaluation application, low harvest coincides with
low consumption, whereas high harvest is observed for the full
range of consumption. This explains the larger deviation for
larger values of Ih. In Fig. 19(b) and for Ic > 0 mA, which
generally corresponds to Ir ≈ 0 mA, errors are small with low
deviation. This complies with previous observations and shows
the low influence of supercapacitor leakage and reorganization
effects. Large values of Ir produce negative mean errors, be-
cause they coincide with large values of Ih—the change of sign
is due to the method of error calculation. The error curve of Ir
in Fig. 19(c) generally mirrors the course in Fig. 19(b), because
a large value of Ir corresponds to negative values of Ic. The
actual value of Ih is of lower importance, because the corre-
sponding errors are relatively small.

6.4. Feasibility of Prediction

To answer the question whether predicting a node’s future
energy reserve is possible, we applied the method presented in
Sect. 3.5. We ran one experiment with 24 and 144 time slots
each per day. Capacitor voltage Vc was predicted using the
consumption and harvesting traces from the field test, but we
removed the bias of the solar current sensor. We used exact har-
vest forecasts, because we aim at evaluating the general practi-
cability of our method. Predictions are calculated for one day in
advance at the beginning of every slot. For the prediction of the
first slot, the algorithm uses the current supercapacitor voltage
for y0, cf. Eq. (15). The following predictions iteratively use
the result of the previously predicted Vc.

Figure 20 shows the 24 h-forecasts generated at midnight
for three days—day 2 is the same as in Fig. 17. The figure does
not show prediction updates in a day, i.e., all predictions have
been created at midnight of the corresponding day. Prediction

works fine in the early hours of each day. Note that without
removing the solar current sensor bias, predicted values of Vc

would be too large. The prediction for the third day produces
a maximum error of 0.1 V (even for only 24 slots), which is a
quite accurate result considering error propagation and calibra-
tion errors. Predictions start to fail as soon as the consumption
of the node changes massively when touching the 1.5 V and 2 V
thresholds, respectively. The more of these changes occur, the
larger the prediction error becomes. As discussed previously,
the absolute model error exceeds 2 mA in these cases, result-
ing in a minimum voltage error of 0.36 V in 60 min (24 slots)
for a 50 F supercapacitor. The underlying problem is visible in
the close-up (right subfigure) of the second day. Prediction is
based on the average consumption of a few mA, but the real
consumption course leads to a different picture: Directly af-
ter time A, consumption is suddenly and heavily decreased (Vc

is falling and stabilizing shortly after passing the 1.5 V thresh-
old at time A). Consumption stays low until reaching the 2 V
threshold shortly before time B, when it is heavily increased
(Vc quickly falls again). Since the major portion of consump-
tion occurs close to time B, the solar cell charges the cap to
a larger Vc, so that Ir is much smaller, cf. Eq. (4). Unlike
predicted, consumption occurs in a more efficient power point.
From time B to C, the effect is smaller, as consumption is more
symmetric.

Estimating a sensor node’s future energy reserve is feasible,
because reasonable results are achieved even for small errors
of the input variables. The model only fails in case of large
errors or heavy, unevenly distributed node loads—i.e., long pe-
riods of extremely high current draw followed by periods of
low load. However, this situation is unlikely in sensor net-
works with tiny-sized nodes running adaptive duty-cycling and
energy-management algorithms aiming at evenly distributed con-
sumption and stable operation.

7. Conclusion

This paper contributes to closing the gap towards holistic
online energy assessment. We presented a tiny, low-cost energy
harvester with a solar cell, supercapacitor, and power-efficient
switching regulator. We derived an energy-flow system model,
a method for online capacity calibration, and a technique for
predicting a node’s future energy reserve. We implemented an
energy assessment layer for TinyOS and ran two five-node field
tests, each running for over three weeks, to collect real energy
traces.

Our evaluation verifies that simple supercapacitor models
are sufficient for off-the-shelf sensor node hardware. The an-
alyzed charging and discharging traces certify small model er-
rors. This is particularly relevant for real-world deployments,
because consumption tracking and a simple solar current sensor
were used. The proposed models are hence sufficiently accurate
despite consumption uncertainties due to hardware variation
and error-afflicted sensor readings. The results emphasize the
need for online capacity calibration. The approach suggested
in this paper delivers reasonable results compared to the effort.
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Capacity calibration with low wastage of energy achieves re-
sults within 10% of the empirical capacity under load.

Holistic online energy assessment is feasible. Temperature
influence and supercapacitor leakage as well as per-node con-
figuration of consumption and regulator efficiency can be ne-
glected. To obtain a valid picture of a node’s future energy
reserve, precise measurements of the energy intake and smooth
consumption profiles are essential. Unevenly distributed con-
sumption profiles result in erroneous predictions. This can be
avoided by updating predictions upon consumption changes.
We find that conservative energy intake forecasts can be paired
with our model to derive duty cycles or task schedules ensuring
effective while perpetual node operation.

The presented results are not restricted to the used proto-
type. The observations regarding supercapacitor leakage, charg-
ing behavior, and temperature dependency are valid for simi-
lar capacities (from a few farad up to 200 F). Larger capac-
ities exhibit larger leakage, which may not be negligible and
may require a different model. Software consumption tracking
will yield comparable results for other combinations of sensor
nodes and low-power regulators—all results comply with previ-
ous research—as long as the consumption variation of the nodes
and the regulator efficiency show the same characteristics. For
the regulator, this implies that efficiency is not affected by the
output current and has low dependency on the input voltage.
It is assumed that the energy-flow model holds for equivalent
hardware designs based on a supercapacitor, a switching regu-
lator, and a direct charging circuit.
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