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We propose the use of the conventional energy storage component, i.e., capacitor, in the kinetic-powered

wearable IoTs as the sensor to detect human activities. Since activities accumulate energy in the capacitor at

different rates, the charging rate of the capacitor can be used to detect the activities. The key advantage of

the proposed capacitor-based activity sensing mechanism, called CapSense, is that it obviates the need for

sampling the motion signal at a high rate, and thus, significantly reduces power consumption of the wearable

device. The challenge we face is that capacitors are inherently non-linear energy accumulators, which leads

to significant variations in the charging rates. We solve this problem by jointly configuring the parameters of

the capacitor and the associated energy harvesting circuits, which allows us to operate in the charging cycles

that are approximately linear. We design and implement a kinetic-powered shoe and conduct experiments

with 10 subjects. Our results show that CapSense can classify five different daily activities with 95% accuracy

while consuming 57% less system power compared to conventional motion-sensor-based approaches.
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1 INTRODUCTION

The rapid development of wearable IoTs [46] has enabled many human-centric monitoring
services, such as step-counting [9], elder fall-detection [38], and daily activity recognition [19].
Conventionally, activity monitoring is achieved by sampling a time-series of the motion signal,
e.g., the 3-axial accelerations, 25–100 times per second [7, 30], depending on the performance
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requirements (i.e., accuracy and latency). Although wearable devices can provide a variety of
monitoring and tracking services, the high power consumption due to the continuous sampling
of the motion signal limits their pervasive use.

In general, the power consumption in sampling is directly proportional to the sampling rate, as
the higher the sampling rate, the more power is consumed by the sensors as well as the micro-
controller (MCU), which has to wake up more frequently to read, process, and store the samples. A
large volume of past research on mobile sensing, therefore, has focused on reducing the sampling
rates of accelerometer-based systems [42, 54]. More recently, researchers have investigated the use
of kinetic energy harvesting (KEH) transducer as the sensor to detect different contexts [5, 13, 17,
20, 25, 52]. The instantaneous electric voltage signal generated by the energy harvesting transducer
is used as an alternative to the acceleration signal. Transducer-based sensing method introduces
new power-saving opportunities for power-limited wearable devices as, unlike the accelerometers,
transducers themselves do not consume any external power. Thus, by saving the energy that would
have otherwise been consumed by the accelerometer, transducer-based systems can further reduce
the sampling power consumption [20]. However, as transducer-based approach relies on a time-
series of signal as the input for activity recognition, it still requires the MCU to frequently wake
up, and thus, consumes a considerable amount of power in energy-limited wearable devices.

In this article, we propose a new way to detect activities for kinetic-powered wearable IoTs,
which obviates the need for frequent motion signal sampling and allows very aggressive duty
cycling of the MCU to reduce power consumption by several orders. To achieve this goal, the
proposed system, which we call CapSense, capitalizes on two important observations:

(1) The kinetic power of human activities is distinct. It has been widely demonstrated
in the literature that the kinetic energy harvested from different activities is distinctively
different [12, 56]. Thus, the energy generation rate of the kinetic-powered wearable device
can be used as a feature for human activity recognition.

(2) Capacitor provides accumulated information. In kinetic-powered devices, the energy
generated by the energy harvesters is naturally stored in the associated capacitor. More-
over, the charging rate of the capacitor provides information about the energy generation

rate of the external activity. In addition, charging rate of the capacitor can be obtained by
simply reading the capacitor voltage at the end of each detection period, which is typically
about five seconds [7, 31], without the need of sampling the instantaneous signal many
times during this period.

Thus, it should be possible to classify human activities by simply reading the capacitor voltage
only once every few seconds. Comparing with conventional motion-sensor-based activity detec-
tion, which requires the system to wake up many times per second [30], CapSense allows very
aggressive duty cycling of the embedded IoT.

However, in realizing CapSense, we face two challenges. The first challenge comes from the
fundamental charging property of the capacitor [50], as the capacitor becomes harder charge with
more energy accumulated. Thus, even for the same activity that generates the same amount of
energy, the charging rate of the capacitor decreases with the increase of its voltage level. The
second challenge arises due to use of a simple and single feature, i.e., the capacitor charging rate,
for activity sensing. In contrast, conventional motion-sensor-based methods leverage a time-series
of motion signal and a set of features for recognition. Both challenges must be addressed to realize
acceptable activity classification accuracy for CapSense. The contributions of this article can be
summarized as follows:

(1) We propose a new method for human activity sensing, CapSense, which detects activity
from the charging rate of the energy storing capacitor.

ACM Transactions on Internet of Things, Vol. 1, No. 1, Article 2. Publication date: February 2020.
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Fig. 1. Generic architecture for kinetic-powered IoT device. The kinetic energy is converted by the transducer

and will be stored in the capacitor before it is sufficient to power the user loads.

(2) We address the challenge of non-linear capacitor charging by jointly configuring the pa-
rameters of the capacitor and the associated energy harvesting circuits. Our solution en-
sures approximately linear capacitor charging cycles during the sensing operation.

(3) We implement CapSense using the piezoelectric bending energy harvester in the form
factor of shoe. We address the single feature classification challenge by introducing two
energy harvesters and capacitors—one at the rear of the sole and the other at the front.
Using our dual-capacitor prototype, we conduct experiments with 10 subjects perform-
ing five different activities. We demonstrate that CapSense is capable of detecting daily
activity with up to 95% accuracy.

(4) We conduct a detailed power profiling to quantify the power-saving opportunity of
CapSense. Our measurement results indicate that, compared to the state-of-the-art,
CapSense reduces sampling-related power consumption by 54% and the overall system
power consumption by 57%.

Partial and preliminary results of this article have appeared in our previous work [27]. In this
article, we provide the following two major extensions to the conference version: (1) we redesign
the CapSense prototype by adding a second energy harvester and capacitor to the shoe insole (at
the front), and thus realize the dual-capacitor wearable prototype; and (2) we conduct a new set of
experiments and collect a new dataset for the dual-capacitor prototype. Using the new dataset, we
demonstrate that the new design improves the activity recognition accuracy by 11% compared to
a single capacitor system.

The rest of the article is organized as follows: We first introduce the background of kinetic-
powered IoTs in Section 2. Then, we present the design and implementation of CapSense in Sec-
tion 3, followed by its performance evaluation in Section 4. The power measurement study is
presented in Section 5. We review the related works in Section 6 before we conclude the work in
Section 7.

2 PRELIMINARIES IN KINETIC-POWERED IOT

In this section, we provide the basic background of kinetic-powered IoTs and the concept of kinetic
energy harvesting transducer-based sensing.

2.1 Kinetic Energy Harvesting

Kinetic energy is the energy of an object’s motion. Kinetic Energy Harvesting (KEH) refers to the
process of scavenging the kinetic energy that is released from the human activity or the ambient
vibrations. The use of KEH for self-powered IoTs has been widely investigated in the literature [4,
37]. Figure 1 shows a generic architecture of a kinetic-powered IoT device, which typically contains
a transducer, i.e., energy generator, that converts the mechanical energy into electric AC voltage,
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Fig. 2. Principle of kinetic energy harvesting transducer.

a set of energy harvesting circuits that converts the AC voltage into regulated DC output, and the
energy storage element, e.g., a capacitor, that stores the harvested energy. The stored energy will
be used to power external user loads (e.g., sensors, MCU, or radio) when a sufficient amount of
energy has been accumulated.

There are three main energy transduction techniques that are widely used in the literature:
piezoelectric, electromagnetic, and electrostatic. Among them, piezoelectric is the most favorable
transduction mechanism for wearable IoTs, because of its simplicity and compatibility with MEMS
(micro electrical mechanical system). Fundamentally, the three techniques share the same physical
mechanism to convert the kinetic energy into electric power. Depending on the energy harvesting
scenario, transducers can be classified into two different categories: the inertial-force transducer
and the direct-force transducer [37]. As shown in Figure 2(a), the inertial-force transducer is usu-
ally modeled as an inertial oscillating system consisting of a cantilever beam attached with two
piezoelectric outer-layers. One end of the cantilever is fixed to the device, while the other end is
set free to oscillate (vibrate). When the piezoelectric cantilever is subjected to a mechanical stress,
it expands on one side and contracts on the other. The induced piezoelectric effect will generate
an AC voltage output as the beam oscillates around its neutral position. Similarly, in terms of the
direct-force transducer shown in Figure 2(b), the AC voltage signal is generated when the piezo-
electric transducer is deformed (bent) by the external mechanical force. In this article, we build
our proof-of-concept prototype using the direct-force piezoelectric transducer (in Section 3.3).

2.2 KEH-transducer-based Sensing

Although KEH transducer is designed with the purpose of scavenging kinetic energy from motions,
researchers have investigated the use of KEH-transducer as a low-power vibration sensor for con-
text detection [17, 20, 32], in which the AC voltage generated by the transducer is used as the signal
for sensing. Comparing with conventional vibration sensor, e.g., accelerometer, KEH-transducer-
based system is able to eliminate the energy consumed by the motion sensor. For instance, in
Reference [20], a KEH-transducer-based activity recognition system is designed, and it is able to
achieve 83% of accuracy for classifying different daily activities while saving 79% of the power that
will be consumed by an accelerometer. Similarly, in Reference [32] the AC voltage signal harvested
from the airflow is used to monitor the usage of the air-conditioning system. Recently, the voltage
signal generated from human gaits is applied for mobile user authentication [52].

3 SYSTEM OVERVIEW

In this section, we present the concept, design, and implementation of CapSense.
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Fig. 3. The processing pipeline of a typical activity sensing system. Comparing with both accelerometer and

KEH-transducer-based system, CapSense does not require any time-series of motion signal for classification.

3.1 CapSense Concept

Figure 3 shows the processing pipeline of a typical activity sensing system. It has a sequence of pro-
cedures, including data sampling, signal processing, feature extraction, and utilizes machine learn-
ing algorithms for classification. We can notice that for both accelerometer and KEH-transducer-
based sensing systems, a time-series of instantaneous motion signal (either acceleration or AC
voltage signal) is required as the input for activity detection. This time-series of signal is usually
obtained by sampling the motion sensor at a frequency of 25–100 Hz given different accuracy re-
quirements [7]. This implies that the MCU of the IoT device must wake up at least 25–100 times
per second to acquire the instantaneous motion signal. As we will demonstrate later in Section 5,
a large fraction of the sampling power is actually consumed by the MCU. Although the use of
KEH-transducer can eliminate the energy consumption in powering the sensors, it still needs to
continuously sense and process the AC voltage signal from the KEH-transducer at a high sam-
pling rate. Thus, it will consume a significant amount of the harvested energy. This motivates the
design of CapSense, which aims to achieve high recognition accuracy while eliminating the need
of high-frequency data sampling.

As shown in Figure 3, unlike accelerometer or KEH-transducer-based systems that sample a

time-series of instantaneous motion signal from the sensor, CapSense uses a single sample of the
capacitor voltage for activity recognition. The feasibility of CapSense relies on two fundamental
facts:

Fact 1. The kinetic power of diferent human activities are distinct. It has been widely
demonstrated in the literature that the kinetic power harvested from different activi-
ties is different [12, 56]. Thus, the energy generation rate of the kinetic-powered wear-
able device can be used as a feature for human activity recognition.

Fact 2. Capacitor provides accumulated information. As shown in Figure 1, in the
kinetic-powered devices, the energy generated by KEH-transducer is stored in the as-
sociated capacitor. Thus, the capacitor charging rate provides information about the
energy generation rate of the external activity. As it will be shown in Section 3.5, the
capacitor’s charging rate over the lastTC second(s) can be estimated by simply reading
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Fig. 4. System architecture of CapSense.

the capacitor voltage once every TC second(s), without the need of sampling the AC
voltage signal frequently to calculate the average harvesting power.

Those two facts imply that by using the charge of the capacitor voltage over a time period ofTC ,
we can estimate the corresponding energy generation rate and use it to recognize the activity in
the lastTC period of time. As we will demonstrate later in Section 4, CapSense can detect activities
by reading the capacitor voltage once every TC = 5 seconds compared to tens of Hz required by
the state-of-the-art [7, 20]. The fundamental novelty of CapSense is that, unlike accelerometer or
KEH-transducer that can only provide instantaneous motion information of the subject at a par-
ticular time, capacitor accumulates the generated KEH energy over time, and the capacitor voltage
provides the accumulated information of the subject over a period of time. Thus, it allows very
aggressive duty cycling of the MCU and reduces the sensing-induced power consumption by sev-
eral orders. Below, we introduce the design and implementation of CapSense.

3.2 CapSense Architecture

There is a variety of options in the design of KEH-powered wearable devices, such as backpack [51],
fabric [55], wristband [45], and footwear [24, 48]. We designed our system in the form-factor of
shoes for several reasons: first, shoes are worn by the users for the majority of time in their daily
lives; second, unlike many other wearable devices, shoes have a much larger space to place the
energy harvesters; third, it is known that feet can generate more energy than the other body
parts [3, 15].

Figure 4 shows the system architecture of CapSense. Considering the scenario in which a subject
is wearing the KEH-powered shoes and doing some activities, e.g., walking or running, her foot
will hit the ground floor and the pressure induced by both the heel and the forefoot strikes will
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bend the two piezoelectric energy harvesters (PEH) placed inside the shoe. The PEH will generate
electric power from the foot strikes when the subject is doing different activities. The generated
energy is accumulated in the associated capacitor. As discussed, since the power generated from
different human activities is distinctively different [12], and the energy generated by the PEH
within the last TC second(s) is accumulated in the capacitor, it would be possible to estimate the
power generation rate duringTC by a single reading of the capacitor voltage. Then, the estimated
rates can be used to recognize the activity that was performed by the user in the last TC second.

As shown in Figure 4, CapSense consists of two parts: Load and Energy Harvesting. The Load

represents the system components that are responsible for data sensing, processing, and commu-
nication (or it can be a rechargeable battery that is used to power a wearable system). The Energy

Harvesting corresponds to the functional components that harvest and accumulate energy from
the human activity. It includes two PEH transducers, i.e., the front and the rear PEH transducers,
to harvest energy from the foot strikes. As exhibited in Figure 4, the front PEH transducer is able
to harvest energy from the ground reaction pressure associated with the toe-off phases when the
forefoot hits the ground, while the rear PEH transducer is designed for harvesting energy from
the pressure caused by the heel strikes. More specifically, when the subject is walking/running,
the body-weight-induced pressure will be transferred to the PEH transducers through bones [22].
Given the anatomical structure of the foot, the front PEH is placed at the location to capture the
pressure transferred from the metatarsal bones, while the rear PEH is placed at the location to
capture the pressure from the calcaneus (heel) bone. In CapSense, the two PEH transducers are
connected to the rectifying circuits that rectify the intermittent AC voltage into stable DC power.
The rectified DC voltage is accumulated in the corresponding capacitor before it is sufficient to
turn on the buck converter (i.e., the voltage of the capacitor should reach a pre-defined threshold
that is configured in the buck converter).

3.3 CapSense Prototype Design

Figure 5(a) shows the design and the implementation of CapSense. As discussed, the prototype
consists of two parts: the Energy Harvesting and the Load. For the Energy Harvesting part, we select
two EH220-A4-503YB PEH bending transducers from the Piezo Systems1 as our PEH transducers
and attach them to the shoe-pad. The transducers are 10.4 grams each with a dimension of 76.2 ×
31.75 × 2.28 mm3, which makes them easy to place inside the shoe. As shown in Figure 5(a), the
two PEH transducers are fixed at the front and the rear of the shoe-pad to harvest energy from the
heel and forefoot strikes, respectively. The details of the PEH transducers are given in Figure 5(b).

The output pins of the PEH transducer are connected to an energy harvesting circuit, namely
the LTC3588-1 from the Linear Technology.2 The LTC3588-1 integrates a low power-loss bridge
rectifier that can rectify the AC voltage output from the PEH transducer, and a high-efficiency buck
converter that can transfer the energy stored in the capacitor into stable DC power to charge the
load. We select two electrolytic capacitors with capacitance of 470 μF and rating voltage (i.e., the
maximum voltage) of 25 V to store the generated energy from the two PEH transducers (we will
discuss how we select the capacitor in Section 3.4). When the voltage of the capacitor rises above
the undervoltage lockout rising threshold of the buck converter (i.e., denoted by VU V LO risinд,
and equals to 4V in our setting), the buck converter will be enabled to discharge the energy that
is stored in the capacitor. However, when the capacitor voltage is discharged below the lockout
falling threshold (i.e., denoted by VU V LO f allinд, and equals to 3.08 V in our setting), the buck

1Piezo System: http://www.piezo.com/prodexg8dqm.html.
2LTC3588: http://www.linear.com/product/LTC3588-1.
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Fig. 5. CapSense prototype design.

Fig. 6. CapSense overall circuit design.

converter will be turned off, and the capacitor starts to accumulate the energy generated by the
PEH transducer.

The simplified circuit diagram of the prototype is shown in Figure 6. The front and the rear
capacitors are used to store the energy harvested from the two PEHs. For analysis purposes, the
voltage of the two capacitors and the AC voltage generated by the two PEHs are sampled through
the onboard 10-bit ADC of an Arduino Uno board. The sampling rate is fixed at 100 Hz. The
sample data are stored on the SD card for offline data analysis. By using this data, we will analyze
the performance of CapSense and demonstrate that it is able to achieve over 90% classification
accuracy by sampling the capacitor voltage once every five seconds.

3.4 Ensuring Linearity in Capacitor Voltage

Before presenting the details of capacitor-based sensing, we first analyze some properties of the
capacitor when it is powered by an energy harvester. We also discuss the feasibility and design
requirement in leveraging the capacitor voltage for activity sensing.

ACM Transactions on Internet of Things, Vol. 1, No. 1, Article 2. Publication date: February 2020.
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Fig. 7. The theoretical curve shows the voltage of the capacitor VC (t ) when it is charged over time t . The

theoretical curve is approximated by a linear curve. The unit of t is RC (i.e., the time constant).

The voltage of the capacitor, VC (t ), at time t during the charging is given by:

VC (t ) = Vmax

(
1 − e−t/τ

)
, (1)

where Vmax is the maximum voltage to which the capacitor can be charged, and it is bounded by
Vmax =min{Vr atinд ,VS }, in which VS is the supply voltage applied to the capacitor, and Vr atinд is
the rating voltage of the capacitor; constant τ is defined as τ = RC , in which R is the resistance of
the resistor in the equivalent resistor-capacitor charging circuit (RC circuit), and C is the capaci-
tance of the capacitor. For a given capacitor, τ is known as the time constant of the equivalent RC
circuit, which is a constant value (in seconds).

The relation between the capacitor voltage,VC (t ) and time t is visualized in Figure 7. The theo-
retical curve indicates the voltage of the capacitor when it is charged by the supply voltageVS over
time (in our case,VS is the rectified DC voltage from the rectifier). We can observe that, within the
examining time of 5RC , VC (t ) increases exponentially and its increasing rate is not constant. For
instance, ΔVC (t ) in the first RC interval (i.e., from time 0 to RC) is not equal to that in the second
RC interval (i.e., from time RC to 2RC). As we will discuss later in Section 3.5, the only information
we can obtain from the capacitor is its voltage, and we will use the voltage increasing rate for
activity sensing. Thus, the nonlinear increment in the capacitor voltage will introduce additional
variation and impair the activity recognition accuracy. In other words, due to the nonlinear charg-
ing behavior of the capacitor, the voltage increasing rate of the capacitor changes over time even
if the capacitor is charged by a constant suppy voltage VS .

Fortunately, as we can see in Figure 7, with time t ≤ 1
2RC , the theoretical curve of VC (defined

in Equation (1)) can be approximated by a linear curve [35]. According to the RC circuit theory, a
capacitor can be charged to 39.3% of Vmax with a charging time of 1

2RC . It means that to ensure

the linearity in the capacitor voltage for a maximum time of 1
2RC , Vmax should satisfy:

Vmax ≥
VU V LO risinд

0.393
, (2)

which yields:

min{Vr atinд ,VS } ≥
VU V LO risinд

0.393
, (3)

where VU V LO risinд is the undervoltage lockout rising threshold of the buck converter, at which
the capacitor starts to be discharged. This means that, to ensure the linearity in the capacitor
voltage, the selection and configuration of the hardware components (i.e., the PEH transducer, the
buck converter, and the capacitor) should be considered interactively.
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Fig. 8. Voltage trace showing the capacitor is charged and discharged periodically. The blue dots indicate

the possible sampling points at which the MCU wakes up to read the capacitor voltage.

As discussed in Section 3.3, in our prototype, the VU V LO risinд of the buck converter is con-
figured as 4 V.3 Thus, given Equation (3), we have: min{Vr atinд ,VS } ≥ 4V

0.393 = 10.18V . The value
of the rectified DC voltage, VS , is depending on the energy harvester that is used in the system.
Given different materials and configurations of the energy harvester, VS can be as high as tens of
volts. In our case, the rectified voltage generated by the PEH transducer is up to 20.8 V, which is
much higher than 10.18 V. Therefore, the rating voltage of the capacitor, Vr atinд , should be larger
than 10.18 V. In our design, we select our capacitor with the rating voltage of 25 V to meet the
requirement.

3.5 Activity Sensing Using Capacitor Voltage

In the following, we discuss how to use the capacitor voltage for activity sensing. Figure 8 shows
the charging and discharging cycles of the capacitor when it is powered by the energy harvester.
The charging/discharging behavior of the capacitor is controlled by the energy harvesting circuit.
Initially, the capacitor voltage starts from 0 and takes approximately 60 seconds to reach 4 V. Then,
it triggers the buck converter to discharge the accumulated energy (i.e., the VU V LO of the buck
converter is 4 V). When the capacitor voltage is discharged to 3.08 V, the buck converter shuts off
until the capacitor voltage reaches the VU V LO rising threshold again.

During the charging/discharging of capacitor, CapSense duty-cycles the MCU to periodically
sample the capacitor voltage. An example is shown in Figure 8. The MCU wakes up to sample
the capacitor voltage once every TC seconds. By using any two adjacent voltage samples, we can
estimate the capacitor voltage increment rate, r , over the last accumulation time of TC :

r =
VC (t +TC ) −VC (t )

TC
, s .t . VC (t +TC ) > VC (t ), (4)

where VC (t ) and VC (t +TC ) are the capacitor voltage at time t and t +TC , respectively. That is
to say, by periodically sampling the capacitor voltage at a frequency of 1

TC
Hz, we can estimate

the energy generation rate of the PEH transducer (either the front or the rear PEH transducer
in our prototype) over the last TC seconds. Note that MCU has no knowledge about the charg-
ing/discharge status of the capacitor; it is possible that the two adjacent voltage samples are ob-
tained in different charging cycles. For instance, as shown in Figure 8, it may result in the case
whereVC (t +TC ) ≥ VC (t + 2TC ). Consequently, it will lead to a negative r in the estimation. This
is because the capacitor is discharged after time t +TC while the capacitor voltage VC (t + 2TC )

3According to the datasheet of LTC3588, to ensure an output DC voltage of 2.5 V, the lowest voltage threshold is 4 V.
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Fig. 9. The measured voltage of a self-discharge capacitor.

is sampled at the initial charging state in a new charging cycle. To avoid this, when estimating
the voltage increment rate, we disregard all adjacent voltage peers {VC (t ) ,VC (t +TC )} in which
VC (t +TC ) ≤ VC (t ).

3.5.1 Impact from the Capacitor Discharging. The estimation of r may be affected by the dis-
charging time of the capacitor. As if it takes a long time for the buck converter to discharge the
capacitor from 4 V to 3 V, it is possible that the MCU wakes up and reads an incorrect voltage
value when the capacitor is still discharging, which means the capacitor discharge happens in the
middle of the last TC seconds, such that the actual energy accumulation time is shorter than TC .
Consequently, the voltage increment rate r obtained from Equation (4) will be underestimated.
Fortunately, as shown in Figure 8, the time required by the buck converter to discharge the ca-
pacitor from 4 V to 3 V is less than 10 ms, according to our measurement. This fast discharging
speed ensures that whenever a capacitor discharge happens within the last TC seconds, the mea-
sured voltage VC (t +TC ) will be much lower than VC (t ), and thus will be disregarded during the
estimation.

3.5.2 Impact from the Capacitor Self-discharge. Another factor that may affect the estimation
of r is the self-discharge of the capacitor; that is, the voltage leakage of the capacitor when it is
not charged by the energy harvester. A high voltage leakage may result in an underestimation in
r , as part of the harvested energy is discharged. To investigate the impact of capacitor leakage,
we measured the voltage of our capacitor when it self-discharges from 5 V to 0 V. The results are
shown in Figure 9. Specifically, we are interested in the behavior of the capacitor within the 3–4 V
range. As shown in the amplified subfigure, we can see that it takes more than 700 seconds (i.e.,
12 minutes) for the capacitor to self-discharge from 4 V to 3 V, which means that the leakage of the
capacitor is negligible within a few seconds. Thus, the capacitor leakage has a negligible impact
on our estimation given a short accumulation time of a few seconds.

3.5.3 Putting It All Together. As an example, Figure 10 shows the voltage traces of the capac-
itor when a subject is doing different activities. We can observe that, for all the five activities,
our hardware ensures an approximately linear increase in the capacitor voltage when it is pow-
ered by the energy harvester. As the energy generation rates of different human activities are
distinct, we can achieve activity recognition by simply using the increment rate of the capacitor
voltage (i.e., the slopes of the voltage traces shown in Figure 10). Moreover, we can also notice that
the capacitor voltage difference among different activities increases with the accumulation time.
For instance, with TC=1s, the voltage increment rates are similar among different activities. Since
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Fig. 10. An illustration of the capacitor voltage traces when the subject is doing different activities. The four

traces for the same activity are plotted in the same line style. For different activities, the differences in the

capacitor voltages grow with the accumulation time. Thus, it is easier to classify the activities with larger

voltage sampling intervals.

CapSense merely uses the voltage increment rate for activity recognition, it will result in a high
classification error. Instead, withTC ≥ 4s, the voltage increment among different activities is more
distinctive, which results in a higher classification accuracy. In the following section, we evaluate
the performance of CapSense.

4 SYSTEM EVALUATION

4.1 Experimental Setup and Data Collection

We collected our dataset from 10 healthy subjects who volunteered to do the experiments in our
lab.4 The subjects were diverse in gender (8 males and 2 females), age (range from 24 to 30), weight
(from 55 to 75 Kg), and height (from 168 to 183 cm). During the data collection, the subjects were
asked to wear the prototype shoe and attach the hardware board to their ankle (as shown in Fig-
ure 5(a)). We prepared shoes of different sizes to meet the requirements of our subjects.

We considered five different activities, including: walking (WALK), running (RUN), ascending
stairs (SU), descending stairs (SD), and stationary (ST, i.e., sitting or standing). The subjects were
asked to perform the activities normally in their own way without any specific instruction. As
illustrated in Figure 11, for activities such as running and walking, they were performed in both
indoor and outdoor environments to capture the influence of different terrains. For ascending
and descending stairs, we conducted data collection in two building environments with different
styles of stairs (i.e., the slope and steps of the stairs are different). For all the five activities, each
volunteer participated in at least two data collection sessions for both indoor and outdoor envi-
ronments. For walking, running, and stationary, each session lasts at least 20 seconds, while for
ascending/descending stairs, each session lasts 6 to 10 seconds, depending on the number of stairs
and the walking speed of the subject. For each of the five activities, we have collected at least four
sessions of samples from each of the 10 subjects. In total, we have 210 sessions of data. We labeled
the activity class during the data collection. The voltage of both front and rear capacitors was
sampled and stored on the SD card at 100 Hz sampling rate for off-line data analysis. To compare

4Ethical approval for carrying out this experiment has been granted by the corresponding organization (Ethical Approval

Number: HC15888).
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Fig. 11. The illustration of data collection.

the performance of CapSense against the transducer-based method [20], the AC voltage signal
generated by the front and rear PEH was also collected simultaneously.

Recall our discussions in Section 3.5 that CapSense leverages the increasing rate r over the last
accumulation time of TC for activity recognition. Following Equation (4), we calculate the r of
different activities with different TC for all the 10 subjects using our dataset. The estimated set of
r is then used as input for activity classification.

4.2 Activity Recognition Performance

The evaluation is carried out in WEKA5 using 10-fold cross-validation with 10 repetitions for
each test. Four typical machine learning algorithms are used: the C4.5 decision tree algorithm
(C4.5) [43], IBk K-Nearest Neighbor classifier [1], Naive Bayes with kernel estimation [16], and
RandomForest [6]. Those classifiers have been widely used in activity recognition and shown to
be effective with high accuracy [7]. The parameters of the classifiers are optimized using the CVPa-
rameterSelection algorithm [21]. In the following, we evaluate the performance of CapSense given
different subjects, positions of the PEH, energy accumulation times, and classifiers. In addition, we
also compare its performance against the transducer-based method [20].

4.2.1 Recognition Accuracy vs. Subject. Intuitively, the foot-strike pressures applied on the en-
ergy harvesters differ in the ways that the subjects perform the activity. In the following, we con-
sider RandomForest as the classifier and fix the accumulation window TC = 6s to investigate the
impact of the subject difference on the classification accuracy.

First, we train the classifier for each of the 10 subjects in the subject-dependent manner and
apply the 10-fold cross-validation for testing. Figure 12(a) exhibits the achieved accuracy for all the
10 subjects. We can notice that the accuracy varies with the subject. For example, Subject 4 achieves
75.50% of accuracy when we use the voltage samples from the Front PEH as signal, whereas Subject
6 achieves a much higher accuracy of 96.75% with the same PEH. The corresponding confusion

5WEKA: http://www.cs.waikato.ac.nz/ml/weka/.
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Fig. 12. CapSense recognition accuracy (in %) achieved for all the 10 subjects. The classifier is RandomForest

and the accumulation windows are fixed as TC = 6s .

Fig. 13. Confusion matrix of CapSense with the RandomForest classifier for Subject 4 and Subject 6. The

TC = 6s .

Fig. 14. Scatter plots of the voltage increment rate of the capacitor when it is charged by the energy harvested

from different activities. The Y-axis indicates the activity class, while the X-axis indicates the estimated

capacitor voltage increment rate r over an accumulation time TC of 6 s. Each dot indicates an estimated

instance of r for a given activity.

matrix is given in Figure 13. In addition, the scatter plots in Figure 14 visualize all the instances of
r given different activities.

As shown in Figure 13(a), the confusion matrix indicates that the major error happens in the
classification between “WALK & DS” and the classification between “WALK & DS.” This results
from the high similarity in the voltage increment rate r when Subject 4 is performing those ac-
tivities. As shown in Figure 14(a), we can observe a high overlapping in r between the “WALK,”

ACM Transactions on Internet of Things, Vol. 1, No. 1, Article 2. Publication date: February 2020.



Capacitor-based Activity Sensing for Kinetic-powered Wearable IoTs 2:15

Fig. 15. The confusion matrices for Front, Rear, and Front+Rear PEH, respectively. The TC = 6s .

“US,” and “DS.” That means, for Subject 4, the voltage increment rates of the capacitor are similar
when it is charged by the energy harvested from those activities. This leads to a low accuracy of
75.5%. Different from Subject 4, Subject 6 performs those activities in a different way. As shown in
Figure 14(c), the voltage increment rates of the capacitor are more diverse when powered by those
activities. We can notice a limited number of samples are overlapped among them; this leads to a
much higher classification accuracy, as shown in the confusion matrix given in Figure 13(c).

We carry out the leave-one-subject-out cross-validation over the data collected from the
10 subjects. In particular, we use data from 1 user as the testing set and the data collected from
the remaining 9 subjects as the training set. This is to evaluate the robustness of CapSense against
user variance and analyze the system sensitivity to subject difference. As shown in Figure 12(b),
the user variance has a big impact on classification accuracy. All the 10 subjects have suffered more
than 6% accuracy drop. This is because the subjects perform the same activity in different ways
(i.e., subjects have different locomotion patterns) [39]. As a result, the energy that is harvested
from the same activity will be different among the subjects, and it will cause variations in the volt-
age increment rate of a particular activity. Note that the variations result from the diversity in the
subjects’ locomotion patterns, rather than the difference in a particular metric (e.g., difference in
weight, height, and age). The results suggest that a subject-dependent model should be considered
in the practical design of our system to achieve better performance. In this regard, we conduct all
the following experiments in a subject-dependent manner.

4.2.2 Recognition Accuracy vs. Different PEH. In the following, we examine the accuracy
achieved by using different PEHs and investigate the performance when we fuse the signal from
the two PEHs for sensing.

As shown in Figure 12(a), we can achieve a higher classification accuracy for most of the subjects
(except Subject 6) by using the signal from the Rear PEH. Taking Subject 4 as an example, we
can notice from Figure 14(b) that the voltage increment rate is more separated among different
activities for the Rear PEH when comparing to that of the Front PEH shown in Figure 14(a). This
observation matches with the confusion matrix given in Figure 13(b), in which only a small fraction
of confusions happen between class “WALK” and “DS.”

Moreover, CapSense achieves a better performance by fusing the signal from the two PEHs.
That is to say, a two-dimensional vector, < rRear , rF ront >, is used as the input for classification,
in which rRear and rF ront refer to the capacitor voltage increment rate of the Rear and the Front
PEH, respectively. As an example, the scatter plot in Figure 16 shows the measured samples of
rRear and rF ront when Subject 1 is doing different activities. We can notice that the rF ront of “DS”
and “US” are similar to each other (as shown in Figure 16, if we only use rF ront in the Y-axis for
classification, most samples of “DS” and “US” will fall in the same range from 0.1 to 0.16). That
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Fig. 16. The scatter plot exhibits the samples of the two-dimensional vector, < rRear , rF ront >, when Subject

1 is doing different activities. The X and the Y-axis indicate the capacitor voltage increment rate r of the Rear

and the Front PEH, respectively.

Fig. 17. The accuracy (in %) achieved by CapSense given different accumulation windowTC . The results are

averaged across the 10 subjects. The classifier is RandomForest.

means, when Subject 1 performs the “DS” and “US,” the Front PEH generates a similar amount of
energy from those two activities. As a result, it will be hard to differentiate “DS” and “US” by using
rF ront only. As shown in Figure 15(a), we can see a high classification error between “DS” and
“US.” Similar results apply to the Rear PEH as well. In Figure 16, if we only use rRear in the X-axis
for classification, we can notice a high overlap between “DS” and “WALK” in rRear . Again, this
results in a high classification error, as shown in Figure 15(b). However, as shown in Figure 15(c),
after fusing the signal of the two PEHs, the confusions between those classes are significantly
resolved. As exhibited in Figure 16 and 15(c), after applying the two-dimensional voltage vector
for classification, only a small fraction of samples are misclassified between “WALK” and “DS.”

4.2.3 Recognition Accuracy vs. Accumulation Time. Now, we investigate the impact of accumu-
lation timeTC on the recognition accuracy. Figure 17 shows the achieved accuracy given different
TC . The classifier used in this experiment is the RandomForest. For a particular TC , the reported
results are the averaged accuracy across all the 10 subjects. We can clearly observe that, regardless
of the signal that has been used, the accuracy increases withTC . As shown previously in Figure 10,
a larger accumulation window leads to a more distinctive difference in the capacitor voltage. Thus,
a largeTC is preferable in improving the classification accuracy. However, the sojourn time in per-
forming a specific activity is short, and transitions between activities may occur in the middle of
TC . Therefore, TC should not be set so large that it exceeds the activity sojourn time. As reported
in Reference [54], for activities such as walking, running, and standing/sitting, the sojourn time
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Table 1. The Accuracy (in %) Achieved by CapSense with Different

Classifiers Given Accumulation Window TC = 5s

Classifier
Naive Bayes IBK J48 RandomForest

Front PEH 78.95 78.11 79.62 78.36
Back PEH 89.46 88.63 89.11 88.88
Front+Back 95.08 93.83 94.57 94.87

The results are averaged accuracy across the 10 subjects.

Table 2. List of Features That Are Used by Transducer-based Method

Time domain features Frequency domain features Vibration-based features

Mean Variance Dominant frequencies Mean of peaks

Standard deviation Minimum Dominant frequency ratio Mean of distance between peaks

Maximum Range Entropy Max distance between peaks

Absolute Mean Coefficient variation Energy Max of peaks

Skewness Interquartile range Peak to peak difference

Kurtosis 1st, 2nd, 3rd Quartile

Absolute Area Mean crossing rate

Mean of absolute value Root mean square

is at least 1 to 2 minutes. For activities such as ascending/descending stairs, the sojourn time is
much shorter, but still longer than 5 seconds for over 99.9% of the time. During our data collection,
we have noticed that, for ascending/descending a 10-step set of stairs, the sojourn time is usually
within 6 to 10 seconds, depending on the subject’s speed. Therefore, as a trade-off between the
system performance and robustness, we recommend the maximum value ofTC for CapSense to be
configured to 5 seconds. As shown in Figure 17, after fusing the signal from Front and Back PEHs,
CapSense is able to achieve 95% of accuracy with TC = 5s .

4.2.4 Recognition Accuracy v.s. Classifier. Table 1 presents the accuracy of CapSense with dif-
ferent classifiers givenTC = 5s . The results are averaged across all the 10 subjects. We can observe
that all the four examined classifiers can achieve over 93% of accuracy after fusing the signal from
the two PEHs. This performance is comparable to that achieved by conventional motion-sensor-
based systems [30]. An interesting observation is that CapSense exhibits no bias on the selection
of classifier, as all the four classifiers achieved similar classification results.

4.2.5 Compare against Transducer-based Method. In the following, we compare the perfor-
mance of CapSense against the conventional transducer-based method [20]. For both CapSense
and tranducer-based, the signals from the two PEHs are fused to improve accuracy. In case of
transducer-based method, we consider different window sizes with a variety of sampling frequen-
cies. We extract 25 features from the AC voltage signal as the input for classification. The details
of the features are shown in Table 2. The classifier used in this experiment is the Naive Bayes.

Table 3 shows the achieved accuracy for all the methods given different window sizes. The
results are averaged across all the 10 subjects. In addition, Table 4 gives the total MCU wake-up
times needed by different methods to achieve the same recognition accuracy. As shown in Table 4,
by using all the 25 features, transducer-based method still needs to sample the signal at 25 Hz
to achieve a comparable accuracy with CapSense. In the case that only the mean feature is used,
transducer-based method needs to sample at least 50 Hz to achieve the same accuracy. This implies
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Table 3. The Accuracy (in %) Achieved by CapSense Compared against That

of the Transducer-based Method

Transducer-based
Set of 25 Features Mean Feature Only

Window Size CapSense 100Hz 50Hz 25Hz 10Hz 5Hz 100Hz 50Hz 25Hz 10Hz 5Hz

6S 95.1 98.2 97.8 96.6 94.7 92.2 96.4 95.7 94.2 88.9 84.3
5S 94.6 97.3 96.8 95.6 91.1 86.9 95.8 94.7 92.3 82.4 78.0
4S 93.1 96.9 95.3 93.1 86.4 81.3 94.4 93.2 89.2 70.7 66.2
3S 87.3 93.2 92.4 91.6 83.6 80.3 89.3 87.2 78.9 68.3 64.7
2S 83.4 91.6 88.6 83.6 77.1 68.3 84.2 83.3 75.6 65.8 60.5
1S 75.7 76.2 75.6 72.2 70.2 64.2 76.1 75.5 70.2 64.2 58.4

The results are averaged across the 10 subjects.

Table 4. The Total MCU Wake-up Times Needed by Different Methods

to Achieve the Same Recognition Accuracy

Total MCU Wake-up Time
Accuracy Transducer-based Transducer-based

Window Size Target CapSense (25 features) (mean feature)
6 s 95% 1 25 Hz × 6 = 150 50 Hz × 6 = 300
5 s 94% 1 25 Hz × 5 = 125 50 Hz × 5 = 250
4 s 93% 1 25 Hz × 4 = 100 50 Hz × 4 = 200
3 s 87% 1 25 Hz × 3 = 75 50 Hz × 3 = 150
2 s 83% 1 25 Hz × 2 = 50 50 Hz × 2 = 100
1 s 75% 1 50 Hz × 1 =50 50 Hz × 1 =50

that CapSense can significantly reduce the required sampling frequency and the total MCU wake-
up time without sacrificing the recognition accuracy.

5 ENERGY CONSUMPTION ANALYSIS

High energy consumption is the major roadblock for the pervasive use of wearable technol-
ogy [46]. In this section, we will conduct an extensive power-consumption profiling of the off-the-
shelf wearable activity recognition systems to investigate the superiority of CapSense in energy
saving.

5.1 Setup for Energy Consumption Analysis

We use an off-the-shelf Texas Instruments SensorTag6 as the target device, which is embedded with
the ultra-low power ARM Cortex-M3 MCU that is specifically designed for today’s energy-efficient
wearable devices.7 The SensorTag is running the Contiki 3.0 operating system,8 which duty-cycles
the MCU to save energy. Moreover, all unnecessary components, including the onboard ADC, SPI
bus, and the onboard accelerometers are powered off when it is not sampling. We are interested in
the power consumption of SensorTag in data sampling (i.e., either in sampling the capacitor voltage

6SensorTag: http://www.ti.com/ww/en/wireless_connectivity/sensortag/.
7Mainstream wearable devices such as FitBit are using ARM Cortex-M3: see https://www.ifixit.com/Teardown/Fitbit+Flex+

Teardown/16050.
8Contiki OS: http://www.contiki-os.org/.
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Fig. 18. Profiling of voltage sampling.

Table 5. States of MCU in Sampling the ADC Signal

State Time (ms) Power (μW) Description

Ssample 0.6 480 MCU wakes up to sample ADC signal.
Ssleep null 6 MCU in deep-sleep mode.

or the AC voltage signal from KEH-transducer) and the power consumption in data transmission.
The average power consumption and time requirement for each sampling and transmission event
are measured by using the built-in function in the Agilent DSO3202A oscilloscope. In the following,
we present our measurement results of those parts in order.

5.2 Power Consumption in Sampling

First, we investigate the power consumption in data sampling. In the measurement, both capacitor
voltage and KEH-transducer signal are sampled through the onboard ADC of SensorTag. Figure 18
presents an oscilloscope trace when MCU sampling the signal from ADC periodically. As shown,
MCU is triggered by the timer to sample periodically. It takes approximately 0.6ms for the MCU to
complete a single voltage sampling event (i.e., state Ssample shown in Figure 18). After that, MCU
turns back into the deep sleep mode (i.e., LPM3 in Contiki OS) to save power. The average power
consumption of the system for a single ADC sampling is 480 μW, and the baseline system power
consumption when MCU is in the deep-sleep mode is only 6 μW. The details are summarized in
Table 5.

In general, for the duty-cycled activity sensing system, the average power consumption in data
sampling, Psense , can be obtained by the following equation:

Psense =
⎧⎪⎨
⎪
⎩

TS×n
1000 Psample + Psleep − TS×n

1000 × Psleep if 0 ≤ n ≤ 1000
TS

,

Psample if 1000
TS
< n,

(5)

where, Psample is the average power consumption of the system during the sampling event, and
Psleep is the average power consumption when the MCU is in deep-sleep mode (with all the other
system components powered off). n is the sampling frequency, and TS is the duration of time (in
milliseconds) required by a single sampling event. Based on the measurement results given in
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Table 6. The Power Consumption (μW) in Data Sampling

KEH-transducer KEH-transducer

(Mean feature) (25 features) CapSense-0.2 Hz

Sensing 14.22 7.11 0.06
MCU Sleep 6 6 6
Overall 20.22 13.11 6.06

Table 5, we can have the average power consumption for KEH voltage sampling event, Psample ,
equal to 480 μW with a duration, TS , equal to 0.6 ms. The power consumption when MCU is in
deep-sleep mode, Psleep , is 6 μW.

As discussed in Table 4, for KEH-transducer-based system, given different feature sets, a sam-
pling frequency of 2 5 Hz–50 Hz is required to achieve recognition accuracy as good as CapSense.
For transducer-based with 25 features, the minimum required sampling frequency is 25 Hz. There-
fore, following Equation (5), we can obtain the power consumption in data sampling for KEH
transducer-based system is 13.11 μW. Similarly, for transducer-based with mean feature only, the
power consumption in data sampling increases to 20.22 μW. However, as demonstrated in Sec-
tion 4, to achieve an overall classification accuracy of 94%, CapSense only needs to sample the
ADC signal once every 5 s. Thus, given Equation (5), the power consumption in data sampling for
CapSense is only 6.06 μW.

The results are compared in Table 6. As shown, CapSense is able to save 70% and 54% of the

overall power consumed by the transducer-based system in data sampling given different

features being used. We can also notice that, for CapSense, the main energy expenditure is the
MCU Sleep (i.e., the unavoidable power consumption of the system when MCU is in the deep-sleep
mode), which consumes 99% (6 μW over 6.06 μW) of the overall sampling power consumption.
Fortunately, with the rapid development of energy-efficient micro-controllers, we can expect the
power consumption of MCU Sleep to be further reduced. For instance, the STM32L4 Series of
MCUs9 consume only 1.35 μW in its sleep mode; it can help CapSense achieve an ultra-low system
power consumption of 1.41 μW .

5.3 Power Consumption for Data Transmission

In the following, we investigate the power consumption in wireless data transmission using the
BLE beacons. We programmed the Contiki OS to wake up the CC2650 wireless MCU periodically
and transmit a BLE beacon packet, which broadcasts three times on three separate channels (rep-
etition improves reliability of broadcasting). The transmitted beacon packets are all 19 Bytes (all
for protocol payloads. The details for each BLE broadcasting event are visualized in Figure 19 and
summarized in Table 7. Note that the transmission time is depending on the packet size. The time
stated in Table 7 (0.28 ms for state S2, S4, and S6) is the minimum required time to transmit the
19 Bytes packet per channel. For every additional Byte10 to be transmitted, 8 μs time needs to be
added to the total transmission time.

For CapSense, it has only two samples to be transmitted once every five seconds (in total,
4 Bytes) for the voltages of the front and rear capacitors. This results in one packet to be trans-
mitted per channel. The total energy consumption in transmission for CapSense is 7.61 μJ .11 The

9STM32L4 Series: http://http://www.st.com/en/microcontrollers/stm32l4-series.html.
10According to the protocol, up to 28 Bytes of data could be added to the 19 Bytes payloads per packet.
11Obtained by: 1.12 ms × 1.008 mW + 1.72 ms × 0.744 mW + 3 × 0.312 ms × 3.99 mW + 2 × 0.3 ms × 2.46 mW =

7.61 μ J .
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Fig. 19. Profiling of BLE broadcasting event.

Table 7. States of BLE Broadcasting Event

State Time (ms) Power (uW) Description

S1 1.12 1,008 Radio setup.
S2, S4, S6 0.28 3,990 Radio transmits a beacon packet of 19 Bytes.
S3, S5 0.30 2,460 Transition between transmissions.
S7 1.72 744 Post-processing before sleep.
S_sleep null 6 Radio off; MCU in deep-sleep mode.

Table 8. Summary of Data Transmission Power Consumption

Transducer (mean feature) CapSense-0.2 Hz

Transmission Energy 7.61 μJ 7.61 μJ
Feature Extraction Energy 16.25 μJ 0
Total Energy 23.86 μJ 7.61 μJ

average power consumption is 1.747 mW with time duration of 4.3 ms; similarly for transducer-
based methods, if considering the case where the features are extracted onboard and only the se-
lected features will be transmitted. In the best scenairo, transducer-based method needs to transmit
only two samples for the mean features of front and rear PEH, respectively. This results in same
transmission power as CapSense. However, to extract the two mean features, it consumes 16.25 μJ
of energy [11]. The results are compared in Table 8. As shown, CapSense is able to save over 68.1%

of the energy consumption in data transmission. Clearly, for KEH-transducer-based systems,
the additional onboard computations for feature selection have introduced inevitable power con-
sumption.

Combining the power consumption in data sampling and transmission together, the overall
system power consumption for KEH-transducer-based system is 17.79 μW ,12 whereas the overall
system power consumption for CapSense is only 7.58 μW.13 This means that CapSense is able to

save 57% of the overall system power consumption of state-of-the-art KEH-transducer-

based system.

6 RELATED WORK

In this section, we first review the efforts in building insole-based self-powered wearable sys-
tem. Then, we introduce some recent efforts in using KEH-transducer as the motion sensor for

12Obtained by:(
13.11μW ×5sec+23.86μ J

5sec+4.3ms ) = 17.79 μW .

13Obtained by:(
6.06μW ×5sec+7.61μ J

5sec+4.3ms ) = 7.58 μW.
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energy-efficient sensing. Last, we review some works in reducing sampling-induced power con-
sumption by finding the minimum required sampling frequency for conventional motion-sensor-
based activity recognition systems.

6.1 Insole-based Energy Harvesting System

With recent advances in energy harvesting hardware, researchers are now turning to kinetic en-
ergy harvesting as a viable source of power to extend battery life or even replace the batteries
altogether in wearable devices [37, 40]. Some wearable KEH products are already appearing in the
market, such as AMPY wearable motion charger [2], SEQUENT self-charing smartwatch [47], and
SOLEPOWER energy harvesting shoe [49], showing signs of a promising future for this technol-
ogy. In the context of wearable shoes, insole-based kinetic energy harvesting is widely regarded as
the most popular solution to achieve self-power given the high harvesting efficiency from human
walking [3]. The history of building shoe-based self-powered wearable devices started in the late
’90s. In an earlier work of Antaki et al. [3], the authors discovered that the ground reaction forces
associated with the heel strike and toe-off phases of the gait can generate the largest amount of
energy during human walking. In this study, a piezoelectric array-based EH shoe has been built
to generate electric energy from human gait. Similarly, in the work of Kymissis et al. [24], a piezo-
electric generator is placed inside the shoe and can generate 1.1–1.8 mW average power during
walking. They have proved that the generated energy is able to power the RFID transmitter to
broadcast signal periodically. More recently, in Reference [36], a shoe-mounted energy harvesting
system has been developed for podiatric analysis. A piezoelectric energy harvester was leveraged
to generate 10–20 μJ energy per walking step. A pressure sensor and passive foot-strike sensor
were utilized to analyze human gaits. Another example of self-powered shoe is given by Huang
et al. [14]. Their prototype consists of a pair of shoes, an accelerometer, and Bluetooth wireless
communication unit powered separately by the energy harvested from each of the two feet, and
coordinated by ambient backscatter. The accelerometer can sense the activity of the user, while
the Bluetooth can transmit the sensing results to the smartphone. Different from the aforemen-
tioned efforts that focus either on maximizing the amount of harvesting energy or optimizing the
wearable system to achieve self-power, the focus and contribution of our work is to investigate the
feasibility of utilizing the capacitor voltage to achieve daily activity recognition while dramatically
reducing the required sampling frequency. To the best of our knowledge, this has not been studied
in the current literature yet.

6.2 Energy Harvesting–based Context Sensing

6.2.1 Energy Transducer-based Sensing. In the current literature, tremendous efforts have been
made in leveraging energy transducers, as sensors to derive different contextual information. For
instance, in Reference [20], Khalifa et al. proposed the idea of using the power signal generated by a
KEH device for human activities recognition. The proposed system can achieve 83% of accuracy for
classifying different daily activities. Similarly, in Reference [17], a piezoelectric transducer-based
wearable necklace has been designed for food-intake monitoring. The proposed system achieves
over 80% of accuracy in distinguishing food categories. Li et al. [32] designed an energy harvesting
device powered by the airflow from an air-conditioning system. The instantaneous energy output
were used to monitor the usage of the air-conditioning system. In Reference [28], the authors inves-
tigate the feasibility of using KEH as the sensor for transportation mode detection. In Reference [5],
Blank et al. proposed a ball impact localization system using a piezoelectric embedded table tennis
racket. More recently, Xu et al. [53] and Ma et al. [34] have studied the use of kinetic energy signal
for mobile user authentication system based on gait analysis. In References [26, 29], the authors
proposed the use of KEH-transducer as an energy-efficient receiver for acoustic communication.
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Although transducer-based systems can save the energy in powering the motion sensor, they
cannot prevent the MCU from waking up to read every new energy signal. In contrast, the
state-of-the-art MEMS sensors are embedded with the First-In First-Out (FIFO) buffer to store
the acceleration signal and save the MCU from reading every sample. It has been reported that
transducer-based systems can save up to 79% of the overall system power consumption of the
accelerometer-based systems [20]. However, this is estimated under the assumption that no FIFO
buffer has been used. Different from existing works, in this article, we try to leverage the natural
characteristic of capacitor to overcome the current disadvantage of transducer-based systems
(i.e., no FIFO buffer to store the samples). In our design, the capacitor performs like the FIFO to
accumulate energy readings and prevents MCU from waking up.

6.2.2 Capacitor-based Sensing. Unlike most MEMS sensors that are embedded with the FIFO
buffer to store samples, energy transducers cannot prevent the MCU from waking up to read every
new energy signal. Thus, as discussed, a considerable amount of limited harvested power will be
consumed by the MCU. In addition to using energy transducer as sensor, the accumulated energy
information provided by the energy storage, i.e., capacitor or rechargeable battery, can also be
used for sensing. For instance, in Reference [44], by analyzing the “stairs” in the voltage wave-
form of the the capacitor, the proposed system can estimate the number of steps the user has
walked. Intuitively, this is simply because the pressure from the human foot will blend the energy
harvester to charge the capacitor during walking. Similarly, in Reference [18], the authors pro-
posed a foot-mounted energy harvesting system. The energy harvested from walking was stored
in a capacitor. Once the capacitor voltage exceeds a pre-defined threshold, it will be discharged
to power a BLE beacon transmission. When the capacitor voltage decreases below the voltage
threshold, the BLE transmission will stop until the capacitor voltage reaches the threshold again.
Based on the beacon transmission rate, a step counts estimation algorithm is designed. In addi-
tion to human-centric sensing, the authors in Reference [10] developed an electromagnetic energy
harvester–based power meter to estimate the current load in power lines. The underlying intuition
is that the energy harvesting rate of the electromagnetic energy harvester is proportional to the
strength of the induced magnetic field—namely, the strength of current flow in the power lines.
Once the voltage of the capacitor exceeds a predefined threshold, a pulse transmission will be
triggered. Using the signal receiving rate, the energy harvesting rate and current load can be esti-
mated. Different from the existing efforts that rely on radio transmitter [10, 18] or focus only on
simple pedometer application [44], CapSense can classify five different daily activities by merely
reading the capacitor voltage once every five seconds.

6.3 Reducing Sampling Frequency

For both KEH-transducer-based and conventional motion-sensor-based systems, the energy con-
sumption in sensing is proportional to the sampling frequency. Thus, a large volume of works in
the literature focused on reducing the sampling rates to save the energy [7, 11, 42, 54] to improve
the system energy efficiency. For instance, in Reference [23], Krause et al. studied the trade-off be-
tween the system power consumption and classification accuracy by using a smartwatch wearable
device. They demonstrated that the lifetime of the device can be extended by selecting the opti-
mal sampling strategy without losing accuracy. Similar results are presented in Reference [54], in
which the authors pointed out that there is a trade-off between sampling frequency and classi-
fication accuracy; and they introduced the A3R algorithm, which adapts the sampling frequency
and classification features in real-time based on the activity type. In addition, by leveraging the
temporal-sparsity of human activity, researchers have also proposed the use of compressive sens-
ing theory to reduce sampling frequency [8, 33, 41]. Instead of reducing the sampling frequency

ACM Transactions on Internet of Things, Vol. 1, No. 1, Article 2. Publication date: February 2020.



2:24 G. Lan et al.

to the level of tens of Hz, in this work, we introduce CapSense to bring the sampling frequency
down to 0.2 Hz.

7 CONCLUSION

In this article, we present CapSense, a novel activity-sensing scheme for KEH-powered wearable
devices. By sampling the voltage readings of the energy harvesting capacitor at 0.2 Hz, CapSense is
able to classify five different daily activities with 95% accuracy while reducing system power con-
sumption by 57%. However, in spite of the promise, CapSense is still in its infancy. Further efforts
are needed to fully realize its potential. First, as the current prototype is cumbersome, one possible
direction for future work is to design the hardware with a smaller form-factor. Detailed study on
the practical user experience of the device is also needed. Second, as the hardware can harvest
energy from the human activity, we will investigate comprehensive system design to power the
system using the harvested energy and make it battery-free. Last, in addition to human activity
recognition, we would like to explore the feasibility of CapSense in other application scenarios. For
instance, instead of using kinetic energy harvester, we can use the thermo and solar energy har-
vesters to charge the capacitor. By using the capacitor voltage, it may introduce new opportunities
in monitoring the usage of hot water and indoor lights.
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