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Abstract—Capacitive sensors are used in many applications
due to their multiple advantages, but typically up to distances
comparable to sensor dimensions. We present the design and
the experimental results of a self-contained long range capacitive
sensor front-end that is based on phase modulation and is suitable
for indoor human localization. The changes in reactance due to
the changes in the sensor capacitance modulate the phase of
a carrier frequency, which is then demodulated using a XOR
gate as quadrature detector. A phase modulated carrier is bot
less susceptible to noise and easier to filter. The experimental
results show a very good sensor sensitivity up to 150 cm for a
16 cm square sensor plate, very low noise and good measurement
stability.

Keywords: Long range capacitive sensor; low noise capacitive
sensors; phase demodulation; tagless indoor human localization

I. INTRODUCTION

Indoor human detection, localization, tracking and activity
monitoring are at the core of many health care monitoring
and assisted living systems [1]. Many solutions have been
proposed by the research and scientific community in this
regard. Y. Zheng et al. present a vision-based indoor navigation
system [2]. G. Lu et al. introduce an indoor localization system
based on thermal imaging [3]. Both solutions are accurate and
reliable, but require significant computational resources and
energy, which also increase their cost. Moreover, image-based
solutions often rise privacy concerns.

Other tagless indoor localization techniques include ultra-
sonic transceivers to localize indoor persons or objects [4], but
extended exposure to ultrasounds can be harmful [5]. D. Yang
et al. propose indoor human localization using pyroelectric
infrared (PIR) sensors and an accessibility map [6]. A larger
number of sensors were used since the PIR sensors have a
narrow field of view [7] and they are also prone to errors due
to ambient and heat sources, such as electric bulbs, sunshine,
stoves, heaters.

The accuracy of the Wi-Fi-based indoor localization systems
suffer from multipath interference [8]. Other radio frequency
techniques are based on Bluetooth and RFID [4], [9], [10].
However, they require the person to carry a tag in order to
be visible to the system, which can be both inconvenient and
unreliable, since the persons may often forget to wear it.

Capacitive sensors are attractive for indoor person local-
ization and activity monitoring due to their low cost and
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Fig. 1. Main capacitances that influence the overall capacitance of a load
mode capacitive sensor

low power operation [11], [12], [13]. Capacitive sensors are
also proposed for gesture recognition and human identification
from a small group of people with distinct physiological traits
[14], [15].

The total capacitance of a load mode capacitive sensor used
for human localization is influenced by four main components:
the capacitance between the sensor and the ground (Cs; MTL:
correct in Figure 1), the capacitance between the human body
and the ground (Cy,g), the capacitance between the sensor and
the environment (Cg,) and capacitance between the sensor and
the human body (Cg, MTL: correct in Figure 1). The latter
depends on the distance, d, between the sensor and the human
body, as shown in Fig. 1. Moreover, the ambient temperature
and humidity also affect the value of the capacitance.

The sensitivity of the capacitive sensors is often limited by
the environmental electromagnetic noise and the sensitivity of
the interface. In fact, at distances beyond ten times the size
of the sensor, the capacitance variation due to the presence of
the human body can be below 0.01%, which is often hardly
distinguishable from the noise. However, it should be noted
that the noise affects mostly the measurement techniques (e.g.,
the measurement of the voltage across the capacitance) and
much less the capacitance itself, which depends mostly on the
geometry, and electric and dielectric properties of the sensor
and the surrounding environment.

To extend the sensing distance of capacitive sensors, we
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Fig. 2. Capacitive sensor front end interface

present in this work the design and experimental results of a
front end interface for loading mode capacitive sensors which
can achieve high sensitivity, good stability and noise rejection.

The rest of the article is organized as follows. In Section II
we discuss our main contributions. In Section III we present
our methodology, i.e., the capacitive sensor front-end interface
circuit design and the experimental setup. In Section IV we
present and discuss the experiments and results. In Section V
we discuss possible refinements and improvements of the
method, and Section VI concludes the article.

II. OUR MAIN CONTRIBUTIONS

Capacitive sensing for ranges far longer than the dimension
of the sensor presents multiple significant challenges. For in-
stance, in a recent comprehensive survey on capacitive sensing
methods only 12 works out of almost 200 address longer sens-
ing range. Moreover, most of the sensing techniques require
complex sensor topologies and tedious realization methods,
which make them impractical for most applications, including
the IoT.

In this work, we have designed, implemented and tested
the front-end interface of a load mode capacitive sensor for
indoor human localization. The interface measures the variable
phase shift introduced by a lowpass filter that includes the
capacitance of the transducer. The measurement technique
is able to considerably reduce the environmental noise and
provide a high sensitivity to capacitance variations with low
cost components and low power consumption.

III. METHODOLOGY
A. Capacitive-sensor Front-end Interface Design
The front-end interface circuit of the capacitive sensor is

shown in Fig. 2. It consists of two analog processing paths,
both excited using the same signal source,

Vin(t) = Asin(27ft + 6), (1)

with A =3V, and f = 10kHz.

On the upper path, the excitation signal enters a lowpass
filter made of R;Cg, where Cg is the equivalent capacitance
of the transducer of the sensor. The characteristics of the
filter depend on the value of Cg, whose value depends on
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Fig. 3. Signals before filtering

the distance to the human body. Then the output of the R;Cg
filter is read using a high impedance voltage repeater, while
on the lower path the excitation is sent directly to an identical
reader circuit.

We model the noise captured by the sensor transducer, a
16cmx 16 cm metallic plate, as an additive white Gaussian
noise generator (AWGN) at the input of the reader circuit on
the top path. Hence, at the output of the top path reader circuit
we have

Vsens(t) = Bsin(2wft + 6 + ¢) + N (0,N), )

while at the output of the bottom path reader circuit we have

VRet(t) = Asin(27ft 4 0), 3)
where the amplitude is
B= ! 4)

1+ (27fCsR4)?
and the phase shift is
¢ = — arctan(27fCgRy). 5)

The high-pass filters that follow the reader circuits,C;Ro
and CyRg, eliminate the very low frequency noise and DC
offsets from the buffered signals.

The maximum phase shift sensitivity of an RC filter to
variations of the filter capacitance is at the cutoff frequency.
Hence, to improve the sensitivity of our filter we adjusted the
value of Ry in order to tune the R;Cg cutoff frequency to
the excitation frequency, 10kHz, for the value of Cg when
nobody was present in sensor range.

At the cutoff frequency we have

A
B_ﬁ (6)

and .
= ——. 7
0= )
So, for the R;Cyg filter at cutoff we have
™

Asin(27rft +6— 1

V2

and the signals Vger(t) and Vgens(t) are shown in Fig. 3.

VSens(t) = ) + N(O, N) (8)
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Fig. 5. Signals after filtering and hysteresis thresholds to prevent ringing at
comparators output

Vsens(t) has a significant noise component that is captured
by the plate of the capacitive transducer. Since we know
the exact frequency of the excitation frequency, 10kHz, we
remove the noise using a narrow-band bandpass filter. The
filter is placed only on the upper path of the sensor front-
end shown in Fig. 2 and is implemented using a 4th order
Butterworh bandpass filter with a quality factor Q = 5. The
measured response of the filter is shown in Fig. 4. We can see
that its pass-band gain is aboout 1.4, to compensate for the
attenuation of the R;Cg filter:

Vi(t) = 1.4\%5111(277& vo- 1), ©)

The passband filter removes most of the noise from the
signal, as shown in Fig. 5.

The signals of the two front-end paths, Vgee(t) and Vi (t)
(see Fig. 2), are then each passed through a hysteresis com-
parator to prepare them for the phase discriminator circuit
that is implemented using a XOR logic gate. The comparator
hysteresis is small, e.g., for a single 5V supply operation the
upper threshold voltage, Vg, and lower threshold voltage,
V1, are:

Vru = Vee ( (10)

R )
Ri1 + Ry /)’
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Fig. 6. Outputs of the comparators (upper plot) and the phase discriminator
XOR gate (lower plot)

With Veg =5V, VEg =0V, Rig = 100k and R;; = 1kQ
we get Vo ~ 50 mV and Vpp, =0V.

The comparators generate Vi(t) (on the upper path, from
the R1Cg sensor in Fig. 2) and V(t). They are then passed
through an XOR gate which generates V,,¢(t), as shown in
Fig. 6. The fundamental frequency of both V1 (t) and V(t)
is 10 kHz, while the fundamental frequency of the output of
the XOR gate, Voui(t), is double, f, = 20 kHz.

The non-zero average signal V. (t) can be represented as
a Fourier series

Vout (t) = % (Axcos(2kmfot) + Bysin(2kni,yt)),
k=
1 (12)
with 5 0T

A= {sin( = 1)], (13)

5 271'le
Be=— [1— 14
K kﬂ{ COS< T )] (14)

and T; depending directly on the variable phase shift intro-
duced by the R;Cg filter (see Fig. 2) based on the value of
the overall capacitance of the sensor transducer, Cg, which
depends on the position of the human body.

In order to obtain the DC component of the phase discrim-
inator output, V.., we use a 2nd-order lowpass filter which
passes only the DC term,

5T

Vout (dC) = (15)

Since Ty = f (¢), when there is nobody in sensor range
the cutoff frequency of the R;Cg filter matches the excitation
frequency of 10kHz, so ¢ = —%. Thus, we get Ty = %, where
T = 50 ps.

Thus, with no person in sensor range we obtain a static
output of 1.25V. This offset is due to the minimum phase
difference of 7 between the two paths of the front-end. This
minimum phase difference is needed in order to ensure that the
XOR gate of the phase discriminator operates well within its
normal operation parameters, i.e., we avoid very small phase
differences (delays) between its input signals.

We remove most of this static offset using an adjustable volt-
age reference implemented using an LM385 voltage reference
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Fig. 7. Full circuit used for the experiments

and a precision instrumentation amplifier, AD8429, to obtain
V4. (see Fig. 2). We adjust Rg to set the instrumentation
amplifier gain to G = 80. Hence,

Vdc =G (Vout (dC) — VR). (16)

(1)-(16) provide a closed form mathematical model of the
front-end of our capacitive sensor. (15) and (16) show that
the Vg4, output depends on the % ratio, of which T; is a
function of the phase shift ¢ (5) introduced by the R; Cg filter
in Fig. 2, whose capacitance Cg depends on the distance to
the human body. Thus, the output voltage V4. changes with
Cg, increasing as the person approaches the sensor from a
minimum value when the person is outside the range of the
Sensor.

B. Experimental Setup

Fig. 7 shows the experimental setup that we used to perform
the experiments. We programmed a direct digital synthesis
(DDS) programmable waveform generator, AD9837, using the
SPI interface of an ATmega328 microcontroller to generate
a 10kHz sine waveform. The DDS generates a 600 mV,,
signal with 300 mV DC offset, which is removed using Cg.
A, amplifies the signal five times to provide the 3 V,, exci-
tation signal. The demodulated output, V4. (the output of the
instrumentation amplifier), is measured directly by the built-in
analog to digital converter (ADC) of the microcontroller.

As argued before, the value of the capacitance Cg is affected
by many factors besides the position of the human body. So
the measurements are not deterministic and we use multiple
measurements over a certain period of time to study the
statistical properties of the measured data.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

We measured the output voltage of the front-end, Vg,
while a person was standing in front of the sensor at a
distance between 25cm and 150 cm, with steps of 25cm.
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Fig. 9. Ensemble 2 of measurements

Due to random influences of Cg and Vg., we have made
multiple measurements for each position. Figs. 8-12 show
the ensembles of measurements that we have made during
a day in static room settings. In each ensemble are plotted
ten measurement sets and their average. Each measurement
set contains six measurements, one for each of the distances
25cm, H50cm, 75cm, 100cm, 125cm and 150 cm. Fig. 13
shows the averages of all five ensembles of measurements. We
see that in static room conditions the sensor measurements
show a good stability. Moreover, Fig. 14 shows the good
sensitivity and resolution of the sensor even at long distances.
The same can be seen from Table I, which shows the average
output voltage vs. distance of the human body from the sensor,
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Fig. 10. Ensemble 3 of measurements
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TABLE I
AVERAGE V4. VS. DISTANCE FROM THE SENSOR AND OUTPUT VOLTAGE
CHANGES IN 25 CM STEPS TOWARDS THE SENSOR

[ Distance (cm) “ Average V. (V) [ Voltage change per step (mV)

150 0.1360 —

125 0.1712 35

100 0.2352 64

75 0.4176 182

50 0.9864 568

25 3.3960 2400
20 T T
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I Distance= 50 cm |

Number of samples
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Fig. 15. Distribution of output voltage at distances of 25cm and 50 cm

and the output voltage changes per step of 25 cm towards the
Sensor.

Fig. 15, 16 and 17 show the distributions of the output
voltage vs. the distance of human body from the capacitive
sensor. The dispersion is limited for all distances, which
indicates a good sensor accuracy with sufficient signal-to-noise
ratio. Ultimately, these translate in low localization errors.

V. FUTURE WORK AND IMPROVEMENTS

We intend to use multiple sensor nodes in a wireless sensor
network (WSN) for indoor localization of a person. E.g., since
our single sensor node can localize a person at distances up
to 150 cm, with four sensor nodes on the four walls of a room
we can use machine learning algorithms to localize a person
inside a 3 mx3 m room.

We also intend to further optimize the power efficiency of
the sensor using low power components and circuit solutions,
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Fig. 16. Distribution of output voltage at distances of 75cm and 100 cm
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and by duty cycling the operation of the sensor.

VI. CONCLUSION

Long-range capacitive sensors need accurate measurements
of small capacitance variations, typically below 0.01%. To
achieve this, the front-ends of the sensors should effectively
reject the noise captured by the sensor transducer and intro-
duce low noise or errors (e.g., discretization errors).

We proposed a differential analog front-end that measures
the variations of the sensor capacitance by means of the phase
shifts introduced onto a carrier frequency by the change of
capacitance reactance. The experimental measurements using
the front-end confirmed the mathematical predictions in terms
of sensitivity and noise rejection, and demonstrated very good
stability for the practical purpose of indoor human localization.
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