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Abstract—Due to the severe multipath effect, no satisfactory
device-free methods have ever been found for indoor speed esti-
mation problem, especially in non-line-of-sight (LOS) scenarios,
where the direct path between the source and observer is blocked.
In this paper, we present WiSpeed, a universal low-complexity
indoor speed estimation system leveraging radio signals, such
as commercial WiFi, LTE, 5G, etc., which can work in both
device-free and device-based situations. By exploiting the statis-
tical theory of electromagnetic waves, we establish a link between
the autocorrelation function of the physical layer channel state
information and the speed of a moving object, which lays the
foundation of WiSpeed. WiSpeed differs from the other schemes
requiring strong LOS conditions between the source and observer
in that it embraces the rich-scattering environment typical for
indoors to facilitate highly accurate speed estimation. Moreover,
as a calibration-free system, WiSpeed saves the users’ efforts from
large-scale training and fine-tuning of system parameters. In
addition, WiSpeed could extract the stride length as well as detect
abnormal activities such as falling down, a major threat to seniors
that leads to a large number of fatalities every year. Extensive
experiments show that WiSpeed achieves a mean absolute per-
centage error of 4.85% for device-free human walking speed
estimation and 4.62% for device-based speed estimation, and a
detection rate of 95% without false alarms for fall detection.

Index Terms—Fall detection, passive speed estimation, statis-
tical analysis, WiFi, wireless sensing.

I. INTRODUCTION

S PEOPLE are spending more and more their time
indoors nowadays, understanding their daily indoor activ-
ities will become a necessity for future life. Since the speed of
the human body is one of the key physical parameters that can
characterize the types of human activities, speed estimation of
human motions is a critical module in human activity monitor-
ing systems. Compared with traditional wearable sensor-based
approaches, device-free speed estimation is more promising
due to its better user experience, which can be applied in a
wide variety of applications, such as smart homes [1], health
care [2], fitness tracking [3], and entertainment.
Nevertheless, indoor device-free speed estimation is very
challenging mainly due to the severe multipath propagations
of signals and the blockage between the monitoring devices
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and the objects under monitoring. Conventional approaches
of motion sensing require specialized devices, ranging from
RADAR, SONAR, laser, to camera. Among them, the vision-
based schemes [4] can only perform motion monitoring in
their fields of vision with performance degradation in dim light
conditions. Also, they introduce privacy issues. Meanwhile, the
speed estimation produced by RADAR or SONAR [5] varies
for different moving directions, mainly because of the fact
that the speed estimation is derived from the Doppler shift
which is relevant to the moving direction of an object. Also,
the multipath propagations of indoor spaces further undermine
the efficacy of RADAR and SONAR.

More recently, WiGait [6] and WiDar [7] are proposed to
measure gait velocity and stride length in indoor environ-
ments using radio signals. However, WiGait uses specialized
hardware to send frequency modulated carrier wave probing
signals, and it requires a bandwidth as large as 1.69 GHz
to resolve the multipath components. On the other hand,
WiDar can only work well under a strong line-of-sight
(LOS) condition and a dense deployment of WiFi devices
since its performance relies heavily on the accuracy of ray
tracing/geometry techniques.

In this paper, we present WiSpeed, a robust universal
speed estimator for human motions in a rich-scattering indoor
environment, which can estimate the speed of a moving
object under either the device-free or device-based condition.
WiSpeed is actually a fundamental principle which requires
no specific hardware as it can simply utilize only a single pair
of commercial off-the-shelf WiFi devices. First, we charac-
terize the impact of motions on the autocorrelation function
(ACF) of the received electric field of electromagnetic (EM)
waves using the statistical theory of EM waves. However, the
received electric field is a vector and it cannot be easily mea-
sured. Therefore, we further derive the relation between the
ACF of the power of the received electric field and the speed
of motions, since the electric field power is directly measur-
able on commercial WiFi devices [8]. By analyzing different
components of the ACF, we find that the first local peak of
the ACF differential contains the crucial information of speed
of motions, and we propose a novel peak identification algo-
rithm to extract the speed. Furthermore, the number of steps
and the stride length can be estimated as a byproduct of the
speed estimation. In addition, fall can be detected from the
patterns of the speed estimation.

To assess the performance of WiSpeed, we conduct exten-
sive experiments in two scenarios, namely, human walking
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monitoring and human fall detection. For human walking
monitoring, the accuracy of WiSpeed is evaluated by compar-
ing the estimated walking distances with the ground-truths.
Experimental results show that WiSpeed achieves a mean
absolute percentage error (MAPE) of 4.85% for the case when
the human does not carry the device and an MAPE of 4.62%
for the case when the subject carries the device. In addition,
WiSpeed can extract the stride lengths and estimates the num-
ber of steps from the pattern of the speed estimation under the
device-free setting. In terms of human fall detection, WiSpeed
is able to differentiate falls from other normal activities, such
as sitting down, standing up, picking up items, and walking.
The average detection rate is 95% with no false alarms. To the
best of our knowledge, WiSpeed is the first device-free/device-
based wireless speed estimator for motions that achieves high
estimation accuracy, high detection rate, low deployment cost,
large coverage, low computational complexity, and privacy
preserving at the same time.

Since WiFi infrastructure is readily available for most indoor
spaces, WiSpeed is a low-cost solution that can be deployed
widely. WiSpeed would enable a large number of important
indoor applications.

1) Indoor Fitness Tracking: More and more people become
aware of their physical conditions and are thus interested
in acknowledging their amount of exercise on a daily
basis. WiSpeed can assess a person’s exercise amount
by the estimation of the number of steps through the
patterns of the speed estimation. With the assistance of
WiSpeed, people can obtain their exercise amount and
evaluate their personal fitness conditions without any
wearable sensors attached to their bodies.

2) Indoor Navigation: Although outdoor real-time tracking
has been successfully solved by GPS, indoor tracking
still leaves an open problem up to now. Dead reckoning-
based approach is among the existing popular techniques
for indoor navigation, which is based upon measure-
ments of speed and direction of movement to compute
the position starting from a reference point. However, the
accuracy is mainly limited by the inertial measurement
unit-based moving distance estimation. Since WiSpeed
can also measure the speed of a moving WiFi device,
the accuracy of distance estimation module in dead
reckoning-based systems can be improved dramatically
by incorporating WiSpeed.

3) Fall Detection: Real-time speed monitoring for human
motions is important to the seniors who live alone in
their homes, as the system can detect falls which impose
major threats to their lives.

4) Home Surveillance: WiSpeed can play a vital role in
the home security system since WiSpeed can distinguish
between an intruder and the owner’s pet through their
different patterns of moving speed and inform the owner
as well as the law enforcement immediately.

The rest of this paper is organized as follows. Section II
summarizes the related works about human activity recogni-
tion using WiFi signals. Section III introduces the statistical
theory of EM waves in cavities and its extensions for wire-
less motion sensing. Section IV presents the basic principles
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of WiSpeed and Section V shows the detailed designs of
WiSpeed. Experimental evaluation is shown in Section VI.
Section VII discusses the parameter selections and the com-
putational complexity of WiSpeed and Section VIII concludes
this paper.

II. RELATED WORKS

Existing works on device-free motion sensing tech-
niques using commercial WiFi include gesture recogni-
tion [9]-[13], human activity recognition [14]-[16], motion
tracing [17], [18], passive localization [7], [19], vital sig-
nal estimation [20], indoor event detection [21], and so
on. These approaches are built upon the phenomenon that
human motions inevitably distort the WiFi signal and can be
recorded by WiFi receivers for further analysis. In terms of
the principles, these works can be divided into two categories:
1) learning-based and 2) ray-tracing-based. Details of the two
categories are elaborated below.

A. Learning-Based

These schemes consist of two phases, namely, an offline
phase and an online phase. During the offline phase, fea-
tures associated with different human activities are extracted
from the WiFi signals and stored in a database; in the online
phase, the same set of features are extracted from the instan-
taneous WiFi signals and compared with the stored features
so as to classify the human activities. The features can be
obtained either from CSI or the received signal strength indica-
tor (RSSI), a readily available, but low granularity information
encapsulating the received power of WiFi signals. For exam-
ple, E-eyes [14] utilizes histograms of the amplitudes of CSI to
recognize daily activities, such as washing dishes and brushing
teeth. CARM [15] exploits features from the spectral com-
ponents of CSI dynamics to differentiate human activities.
WiGest [9] exploits the features of RSSI variations for gesture
recognition.

A major drawback of the learning-based approach lies in
that these works utilize the speed of motion to identify dif-
ferent activities, but they only obtain features related to speed
instead of directly measuring the speed. One example is the
Doppler shift, as it is determined by not only the speed of
motion but also the reflection angle from the object as well.
These features are thus susceptible to the external factors, such
as the changes in the environment, the heterogeneity in human
subjects, the changes of device locations, etc., which might
violate their underlying assumption of the reproducibility of
the features in the offline and online phases.

B. Ray-Tracing-Based

Based on the adopted techniques, they can be classi-
fied into multipath-avoidance and multipath-attenuation. The
multipath-avoidance schemes track the multipath components
only reflected by a human body and avoid the other multipath
components. Either a high temporal resolution [22] or a “vir-
tual” phased antenna array is used [18], such that the multipath
components relevant to motions can be discerned in the time
domain or in the spatial domain from those irrelevant to
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motions. The drawback of these approaches is the requirement
of dedicated hardware, such as USRP, WARP [23], etc., to
achieve a fine-grained temporal and spatial resolution, which
is unavailable on WiFi devices.!

In the multipath-attenuation schemes, the impact of
multipath components is attenuated by placing the WiFi
devices in the close vicinity of the monitored subjects, so
that the majority of the multipath components are affected by
the subject [7], [10], [17]. The drawback is the requirement
of a very strong LOS working condition, which limits their
deployment in practice.

WiSpeed differs from the state-of-the-arts in literature in the
following ways.

1) WiSpeed embraces multipath propagations indoors and
can survive and thrive under severe non-LOS (NLOS)
conditions, instead of getting rid of the multipath
effect [7], [10], [18], [22].

2) WiSpeed exploits the physical features of EM waves
associated with the speed of motion and estimates the
speed of motion without detouring. As the physical fea-
tures hold for different indoor environments and human
subjects, WiSpeed can perform well disregarding the
changes of environment and subjects and it is free from
any kind of training or calibration.

3) WiSpeed enjoys its advantage in a lower computational
complexity in comparison with other approaches since
costly operations, such as principal component analy-
sis, discrete wavelet transform, and short-time Fourier
transform [7], [11], [15] are not required.

4) WiSpeed is a low-cost solution since it only
deploys a single pair of commercial WiFi devices,
while [6], [7], [12], [17], and [22] need either special-
ized hardware or multiple pairs of WiFi devices.

III. STATISTICAL THEORY OF EM WAVES
FOR WIRELESS MOTION SENSING

In this section, we first decompose the received electric field
at the receiver (Rx) into different components and then, the sta-
tistical behavior of each component is analyzed under certain
statistical assumptions.

A. Decomposition of the Received Electric Field

To provide an insight into the impact of motions on the EM
waves, we consider a rich-scattering environment as illustrated
in Fig. 1(a), which is typical for indoor spaces. The scatterers
are assumed to be diffusive and can reflect the impinging EM
waves toward all directions. A transmitter (Tx) and a Rx are
deployed in the environment, both equipped with omnidirec-
tional antennas. The Tx emits a continuous EM wave via its
antennas, which is received by the Rx. In an indoor environ-
ment or a reverberating chamber, the EM waves are usually
approximated as plane waves, which can be fully characterized

10n commercial main-stream 802.11ac WiFi devices, the maximum band-
width is 160 MHz, much smaller than the 1.69 GHz bandwidth in WiTrack.
Meanwhile, commercial WiFi devices with multiple antennas cannot work as
a (virtual) phased antenna array out-of-box before carefully tuning the phase
differences among the RF front-ends.
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Fig. 1. Illustration of wave propagation with many scatterers. (a) Propagation

of radio signals in rich scattering environment. (b) Understanding E;(t, f),
i € Q4(t) using channel reciprocity.

by their electric fields. Let ERX(I, f) denote the electric field
received by the receiver at time ¢, where f is the frequency of
the transmitted EM wave. In order to analyze the behavior of
the received electric field, we decompose ERX(I, f) into a sum
of electric fields contributed by different scatterers based on
the superposition principle of electric fields

Est.f)= )Y EwH+ Y E@p 0]

i€Q(1) JE€La(n

where Q,(f) and Q4(¢) denote the set of static scatterers and
dynamic (moving) scatterers, respectively, and Ei(1, f) denotes
the part of the received electric field scattered by the ith scat-
terer. The intuition behind the decomposition is that each
scatterer can be treated as a ‘“virtual antenna” diffusing the
received EM waves in all directions and then these EM waves
add up together at the receive antenna after bouncing off the
walls, ceilings, windows, etc., of the building. When the trans-
mit antenna is static, it can be considered to be a “special”
static scatterer, i.e., Tx € Q4(¢); when it is moving, it can be
classified in the set of dynamic scatterers, i.e., Tx € 4(¢). The
power of ETX(I, f) dominates that of electric fields scattered
by scatterers.

Within a sufficiently short period, it is reasonable to assume
that both the sets 2,(f), 24(¢) and the electric fields Ei(t, H,
i € Q(7) change slowly in time. Then, we have the following
approximation:

Ers(t,) = Es(f) + Y Ei(t./) 2)

JEQ

where E(f) ~ D ica,) Ei(1,1).

B. Statistical Behaviors of the Received Electric Field

As is known from the channel reciprocity, EM waves
traveling in both directions will undergo the same physi-
cal perturbations (i.e., reflection, refraction, diffraction, etc.).
Therefore, if the receiver were transmitting EM waves, all
the scatterers would receive the same electric fields as they
contribute to ERX(t, f), as shown in Fig. 1(b). Therefore, in
order to understand the properties of Erx (t,f), we only need
to analyze its individual components Ei(t, f), which is equal
to the received electric field by the ith scatterer as if the Rx
were transmitting. Then, Ei(t, f) can be interpreted as an inte-
gral of plane waves over all direction angles, as shown in
Fig. 2. For each incoming plane wave with direction angle
® = («, B), where @ and B denote the elevation and azimuth



2166

Fig. 2. Plane wave component F(®) of the electric field with vector
wavenumber k.

angles, respectively, let k denote its vector wavenumber and let
F (®) stand for its angular spectrum which characterizes the
electric field of the wave. The vector wavenumber k is given
by —k(xsin(a) cos(B) + ¥ sin(«) sin(B) + z cos(«)), where the
corresponding free-space wavenumber is k = (2rf/c) and c is
the speed of light. The angular spectrum F (®) can be written
as F“(@) =F, (@)&—i—Fﬂ (@),3, where F(®), Fg(0O) are com-
plex numbers and ﬁ, B are unit vectors that are orthogonal to
each other and to k. If the speed of the ith scatterer is v;, then
E,-(t, f) can be represented as

2 T
Et.f) = /0 /0 I?(@)exp(—j%-a,-t) sin(@)dadf  (3)

where z-axis is aligned with the moving direction of scatterer
i, as illustrated in Fig. 2, and time dependence exp(—j2rft)
is suppressed since it does not affect any results that will
be derived later. The angular spectrum F (®) could be either
deterministic or random. The electric field in (3) satisfies
Maxwell’s equations because each plane-wave component
satisfies Maxwell’s equations [24].

Radio propagation in a building interior is in general very
difficult to be analyzed because that the EM waves can be
absorbed and scattered by walls, doors, windows, moving
objects, etc. However, buildings and rooms can be viewed as
reverberation cavities in that they exhibit internal multipath
propagations. Hence, we refer to a statistical modeling instead
of a deterministic one and apply the statistical theory of EM
fields developed for reverberation cavities to analyze the sta-
tistical properties of Ei(t, f). We assume that Ei(t, f) is a
superposition of a large number of plane waves with uniformly
distributed arrival directions, polarizations, and phases, which
can well capture the properties of the wave functions of rever-
beration cavities [24]. Therefore, we take F (®) to be a random
variable and the corresponding statistical assumptions on F(®)
are summarized as follows.

Assumption 1: For VO, F(®) and Fg(®) are both circu-
larly symmetric Gaussian random variables [25] with the same
variance, and they are statistically independent.

Assumption 2: For each dynamic scatterer, the angular
spectrum components arriving from different directions are
uncorrelated.
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Assumption 3: For any two dynamic scatterers i1, i € g4,
Eil (t1,f) and E,-z (t2,f) are uncorrelated, for Vtq, 1.

Assumption 1 is due to the fact that the angular spectrum is a
result of many rays or bounces with random phases and thus it
can be assumed that each orthogonal component of F(©) tends
to be Gaussian under the central limit theorem. Assumption 2
is because that the angular spectrum components correspond-
ing to different directions have taken very different multiple
scattering paths and they can thus be assumed to be uncorre-
lated with each other. Assumption 3 results from the fact that
the channel responses of two locations separated by at least
half wavelength are statistically uncorrelated [26], [27], and
the electric fields contributed by different scatterers can thus
be assumed to be uncorrelated.

Under these three assumptions, Ei(t, f), Vi € Q4 can be
approximated as a stationary process in time. Define the
temporal ACF of an electric field Z?(t, f) as

pp(e.f) = DL ECD) )
JUEO. P EEH)

where 7 is the time lag, () stands for the ensemble average
over all reahzatlons (X Y ) denotes the inner product of X
and Y, i.e., (X Y ) & (X Y*) and * is the operator of complex
conjugate and - is dot product, |E (t,f)|? denotes the square of
the absolute value of the electric field. Since E(t, f) is assumed
to be a stationary process, the denominator of (4) degenerates
to Ez(f) which stands for the power of the electric field, i.e.,
E2(f) = (|E(t,f)|?), V1, and the ACF is merely a normalized
counterpart of the auto-covariance function.

For the ith scatterer with moving velocity V;, (Ei(O, -
E*(t,f)) can be derived as [24]

(E0.£) - Ef (x.1)
= / f (F(©1) - F(©2)) exp(jk-Ti7 ) 4O, O,
4 J4n

E;(f) .
= - exp(jkv;T cos(ap))d®,
4 Jax
sin(kv;T)
=E(N— )
ViT

where we define [, = 0 " [o" and d® £ sin(e) da dB, and
Ez(f) is the power of E (t,f). With Assumption 3, the auto-
covariance function of ERx(t f) can be written as

((Erx (0, 1) — Es(P) - (Ej(z.) — EX (D))
sin(kv;T)
=Y E(H—— prw (6)

i€Qy

and the corresponding ACF can thus be derived as

sin(kv; ‘L')
—Z,egd 5 ZQ i O

From (7), the ACF of ERx is actually a combination of the ACF
of each moving scatterer weighted by their radiation power,
and the moving direction of each dynamic scatterer does not
play a role in the ACF. The importance of (7) lies in the fact
that the speed information of the dynamic scatterers is actually
embedded in the ACF of the received electric field.

Py, (T-f) =
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Fig. 3. (a) Q-Q plot and (b) sample ACF of a typical CSI power response.

IV. THEORETICAL FOUNDATION OF WISPEED

In Section III, we have derived the ACF of the received elec-
tric field at the Rx, which depends on the speed of the dynamic
scatterers. If all or most of the dynamic scatterers move at the
same speed v, then the right-hand side of (7) would degenerate
10 PR, (t,f) = [sin(kvt) /kvt], and it becomes very simple to
estimate the common speed from the ACF. However, it is not
easy to directly measure the electric field at the Rx and ana-
lyze its ACF. Instead, the power of the electric field can be
viewed equivalent to the power of the channel response that
can be measured by commercial WiFi devices. In this section,
we will discuss the principle of WiSpeed that utilizes the ACF
of the CSI power response for speed estimation.

Without loss of generality, we use the channel response of
OFDM-based WiFi systems as an example. Let X(¢,f) and
Y(z, f) be the transmitted and received signals over a subcarrier
with frequency f at time ¢. Then, the least-square estimator of
the CSI for the subcarrier with frequency f measured at time
tis H(t,f) = [Y(t,f)/X(t f)] [28]. In practice, the obtained
estimation of the CSI suffers from the synchronization errors,
which mainly consists of channel frequency offset, sampling
frequency offset, and symbol timing offset [26]. Although the
WiFi receivers perform timing and frequency synchronization,
the residual of these errors cannot be neglected. However, the
impact of synchronization errors on the amplitude of CSI is
insignificant and thus WiSpeed only exploits the amplitude
information of the measured CSI.

We define the power response G(t,f) as the square of the
magnitude of CSI, which takes the form

G(t.f) 2 [HEHP = |Ers(t.0)| + (2, f) ®)

where ||I§"||2 denotes the total power of E, and e(¢,f) is
assumed to be an additive noise due to the imperfect mea-
surement of CSI.

The noise (¢, f) can be assumed to follow a normal dis-
tribution. To prove this, we collect a set of 1-h CSI data in
a static indoor environment with the channel sampling rate
Fy = 30Hz. The Q-Q plot of the normalized G(¢,f) and
standard normal distribution for a given subcarrier is shown
in Fig. 3(a), which shows that the distribution of the noise
is very close to a normal distribution. To verify the white-
ness of the noise, we also study the ACF of G(z,f) that can
be defined as pg(7,f) = [(v6(7,/))/(rG(0,/))] [29], where
v (7, f) denotes the auto-covariance function, i.e., yg(7,f) £
cov(G(t, f), G(t — 1,f)). In practice, sample auto-covariance
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function pg(z, f) is used instead. If £(z, f) is white noise, the
sample ACF pg(t, f), for VT # 0, can be approximated by a
normal random variable with zero mean and standard devia-
tion o,z p) = (1/+/T). Fig. 3(b) shows the sample ACF of
G(t,f) when 2000 samples on the first subcarrier are used.
As we can see from the figure, all the taps of the sample
ACF are within the interval of :EZUPAG(,J), and thus, it can be
assumed that (7, f) is an additive white Gaussian noise, i.e.,
e(t.f) ~ N0, ().

In the previous analysis in Section III, we assume that the
Tx transmits continuous EM waves, but in practice the trans-
mission time is limited. For example, in IEEE 802.11n WiFi
systems operated in 5 GHz frequency band with 40 MHz band-
width channels, a standard WiFi symbol is 4 us, composed of
a 3.2 us useful symbol duration and a 0.8 us guard interval.
According to [30], for most office buildings, the delay spread
is within the range of 40 to 70 ns, which is much smaller than
the duration of a standard WiFi symbol. Therefore, we can
assume continuous waves are transmitted in WiFi systems.

Based on the above assumptions and (2), (8) can be
approximated as

2
Gy~ |EN+ Y Et.)| +e.f)
ieQy
2

=| Y |Euhi+ Y Eut.pi]| +e@t.f)

ue{x,y,z} i€Qy

2

= Y |EuD)+ Y Eut.f)| +e@.f)

ueix,y,z} i€Qy
= > | IEwOP +2Re{ EL(D D Einlt. /)

ueix,y,z} i€y

2
+ | Eu.h)| | +e.h) )

i€Qyq

where X, y, and Z are unit vectors orthogonal to each other as
shown in Fig. 2, Re{-} denotes the operation of taking the real
part of a complex number, and Ej, denotes the component
of Ei in the wu-axis direction, for Yu € {x,y, z}. Then, the
auto-covariance function of G(¢, f) can be derived as

VG(T’f) = COV(G(Ivf)v G(t - T’f))

~ D

21Eq (N> ) cov(Ew(t, f), Eiult — T, 1)

ue{x,y,z} ieQy
+ Z cov(Eiu(t,f), Eqyu(t — 7.,1))
l’l,}l’ze‘ﬂd
1=
X COV(Eizu(t,f), Eiyu(t — r,f))
+ 6(r)02(f) (10)
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Fig. 4. (a) Theoretical spatial ACF for different orthogonal components of

EM waves. (b) Differential of spatial ACFs.

where Assumptions 1-3 and (3) are applied to simplify the
expression and the detailed derivations can be found in the
Appendix.

According to the relation between the auto-covariance and
autocorrelation, yg(t, f) can be rewritten in the forms of ACFs
of each scatterer as

v6(t.f)
2|Eg(f)|2E2 E} (NEL ()
~ Z Z Wﬁmm(f,ﬂ_}_ Z %
uefx.y.z} \ i€Qq i1,€Qq
1=
% pg;, (T )P, (T.0) | +8(x)o*(F) (11)

where the right-hand side is obtained by using the relation
EL(N) = [EFM/3), Yu € {x,y.2}, Vi € Qu [24]. The
corresponding ACF pg(t,f) of G(t,f) is thus obtained by

pc(.f) = [(ve(r./)/(vc(0,/)], where ys(r,0) can be
obtained by plugging pg. (0,f) = 1 into (11). When the mov-

wu
ing directions of all the dynamic scatterers are approximately
the same, then we can choose z-axis aligned with the com-
mon moving direction. Then, the closed forms of pg, (7, f),
Yu € {x,y,z}, are derived under Assumptions 1 and 2 [24],

i.e., for Vi € Qq

PE,(T. ) = pE, (T, f)

_ E[sin(k\/if) 1 <Sin(kvﬂ) —cos(kvif)>]
20 kvt (kviT)? \ ki

(12)

pE.(T.f) = (13)

3 sin(kv;T)
kvit

(kvl-r)z — cos(kv,'t)].

The theoretical spatial ACFs are shown in Fig. 4(a) where
d £ v;T. As we can see from Fig. 4(a), the magnitudes of all
the ACFs decay with oscillations as the distance d increases.

For a WiFi system with a bandwidth of 40 MHz and a car-
rier frequency of 5.805 GHz, the difference in the wavenumber
k of each subcarrier can be neglected, e.g., kmax = 122.00 and
kmin = 121.16. Then, we can assume p(t,f) =~ p(t), Vf.
Thus, we can improve the sample ACF by averaging across
all subcarriers, i.e., pg(r) £ (1/F) Y peF bo(T.f), where F
denotes the set of all the available subcarriers and F is the
total number of subcarriers. When all the dynamic scatter-
ers have the same speed, i.e., v; = v for Vi € Qg , which is
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the case for monitoring the motion for a single human sub-
ject, by defining the substitutions £, £ (2/F) Y rc 7 |Eu(F)I%,

E; £ (1/3F)Ycq, Y rer EF(f), hc(r) can be further
approximated as (for T # 0)
po@~C Y (B3R, ) + B, ()

ue{x,y,z}

(14)

where C is a scaling factor and the variance of each subcarrier
is assumed to be close to each other.

From (14), we observe that pg(t) is a weighted combination
of pg, (t) and p,%m(r), Yu € {x,y, z}. The left-hand side of (14)
can be estimated from CSI and the speed is embedded in each
term on the right-hand side. If we can separate one term from
the others on the right-hand side of (14), then the speed can
be estimated.

Taking the differential of all the theoretical spatial ACFs
as shown in Fig. 4(b), where we use the notation Ap(7) to
denote [(dp(7))/dr], we find that although the ACFs of differ-
ent components of the received EM waves are superimposed,
the first local peak of A,oé_u (1), Yu € {x, y}, happens to be the
first local peak of Apg(t) as well. Therefore, the component
,o%l_u(r) can be recognized from pg(t), and the speed infor-
mation can thus be obtained by localizing the first local peak
of Apg(t), which is the most important feature that WiSpeed
extracts from the noisy CSI measurements.

To verify (14), we build a prototype of WiSpeed with com-
mercial WiFi devices. The configurations of the prototype are
summarized as follows: both WiFi devices operate on WLAN
channel 161 with a center frequency of f. = 5.805 GHz, and
the bandwidth is 40 MHz; the Tx is equipped with a commer-
cial WiFi chip and two omnidirectional antennas, while the
Rx is equipped with three omnidirectional antennas and uses
Intel Ultimate N WiFi Link 5300 with modified firmware and
driver [8]. The Tx sends sounding frames with a channel sam-
pling rate Fy of 1500 Hz, and CSI is obtained at the Rx. The
transmission power is configured as 20 dBm.

All experiments in this paper are conducted in a typical
indoor office environment as shown in Fig. 5. In each experi-
ment, the LOS path between the Tx and the Rx is blocked by
at least one wall, resulting in a severe NLOS condition. More
specifically, we investigate two cases.

1) The Tx Is in Motion and the Rx Remains Static: The Tx

is attached to a cart and the Rx is placed at Location Rx
#1 as shown in Fig. 5. The cart is pushed forward at an
almost constant speed along Route #1 marked in Fig. 5
from t =3.7s to t = 14.35s.

2) Both the Tx and the Rx Remain Static and a Person

Passes by: The Tx and Rx are placed at Location Tx #1
and Rx #1, respectively. A person walks along Route #1
at a speed similar to case 1) fromt =4.9stotr = 16.2s.

Since the theoretical approximations are only valid under
the short duration assumption, we set the maximum time lag
7 as 0.2 s. In both cases, we compute the sample ACF pg(7)
every 0.05s.

Fig. 6 demonstrates the sample ACFs for the two cases. In
particular, Fig. 6(a) visualizes the sample ACF corresponding
to a snapshot of Fig. 6(e) for different subcarriers given a fixed
time ¢ with the time lag t € [0, 0.2 s], and Fig. 6(c) shows
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Fig. 5. Experimental settings in a typical office environment with different
Tx/Rx locations and walking routes.

the average ACF pg(t), which is much less noisy compared
with individual pg(z,f). In this case, the Tx can be regarded
as a moving scatterer with a dominant radiation power com-
pared with the other scatterers, giving rise to the dominance
of Eﬁp}%m(r), u € {x,y, z} over the other components in (14).
Additionally, 'OI%;Z(T) decays much faster than p%ix(t) and
,oéiv(r), and péix (r) = péiv(r). Thus, a similar pattern between
ﬁG'(r) and p%ix(r) (,oéiv(r)) can be observed with a com-
mon and dominant corﬂponent ([sin2 (kvt)]/ (kvt)?), where v
is the speed of the cart and the person. The experimental result
illustrated in Fig. 6(c) matches well with the theoretical anal-
ysis in the sense that only the component ,o%l_x(r) dominates
the obtained ACF estimation and the impacts of the other
components can be neglected.

Similarly, for case 2), Fig. 6(b) shows the sample ACF
pc(t, [f) for different subcarriers and Fig. 6(d) shows the aver-
age sample ACF pg(t), which is a snapshot of Fig. 6(f) given
a fixed time ¢ with the time lag T = [0, 0.2 s]. Clearly, the
pattern of the component ,oém(r), u € {x,y}, in the sam-
ple ACF is much less pronounced than case 1) shown in
Fig. 6(c) and (e). This can be justified by the fact that the
radiation power Efi is much smaller than that in case 1),
as the set of dynamic scatterers only consists of different
parts of a human body in mobility. Consequently, the shape
of pg(t) resembles more closely to pg, (t), Yu € {x,y,z}
with a dominant component [(sin(kvt))/(kvt)]. Note that the
component [(sin(kvt))/(kvt)] oscillates two times slower than
the component ([sin® (kv7)] /(kvt)?) does. From Fig. 6(d), we
can observe that the obtained ACF is a result of a weighted
sum of these two components. We also observe that the slow-
varying trend of the ACF follows the shape of the component
[(sin(kvt))/(kvT)] and the component ([sinz(kvr)]/(kvr)z) is
only embedded in the trend, the weight of [(sin(kvt))/(kvt)]
should be larger than that of ([sinz(kvt)] / (kvt)?). Note that
the embedded component ([sinz(kvr)] / (kvt)?) has a similar
pattern compared with case 1) since the moving speeds in the
two experiments are similar to each other.

V. KEY COMPONENTS OF WISPEED

Based on the theoretical results derived in Section IV, we
propose WiSpeed, which integrates three modules: 1) moving
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Fig. 6. ACEFs for the two scenarios. (a) ACF measured by different subcarriers
for a moving Tx. (b) ACF measured by different subcarriers for a walking
human. (c¢) Snapshot of ACF for a moving Tx. (d) Snapshot of ACF for
a walking human. (¢) ACF matrix for a moving Tx. (f) ACF matrix for a
walking human.

speed estimator; 2) acceleration estimator; and 3) gait cycle
estimator. The moving speed estimator is the core module of
WiSpeed, while the other two extract useful features from the
moving speed estimator to detect falling down and to estimate
the gait cycle of a walking person.

A. Moving Speed Estimator

WiSpeed estimates the moving speed of the subject by
calculating the sample ACF Apg(r) from CSI measure-
ments, localizing the first local peak of Apg(7), and mapping
the peak location to the speed estimation. Since in gen-
eral, the sample ACF Apg(t) is noisy as can be seen in
Fig. 6(e) and (f), we develop a novel robust local peak identi-
fication algorithm based on the idea of local regression [31] to
reliably detect the location of the first local peak of Apg().

For notational convenience, write the discrete signal for
local peak detection as y[n], and our goal is to identify the
local peaks in y[n]. First of all, we apply a moving win-
dow with length 2L 4+ 1 to y[n], where L is chosen to be
comparable with the width of the desired local peaks. Then,
for each window with its center located at n, we verify
if there exists any potential local peak within the window
by performing a linear regression and a quadratic regres-
sion to the data inside the window, separately. Let SSE
denote the sum of squared errors for the quadratic regres-
sion and SSE, denote that for the linear regression. If there
is no local peak within the given window, the ratio «[n] £
([(SSE, — SSE)/(3 — 2)]/[SSE/(2L 4+ 1 — 3)]) can be inter-
preted as a measure of the likelihood of the presence of a
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Fig. 7. Illustration of the peak identification algorithm. (a) Original signal

and its estimated local peaks. (b) Corrupted signal and its estimated local
peaks.

peak within the window, and has a central F-distribution with
1 and 2(L — 1) degrees of freedom, under certain assump-
tions [32]. We choose a potential window with the center
point n only when «[n] is larger than a preset threshold 7,
which is determined by the desired probability of finding a
false peak, and «[n] should also be larger than its neighbor-
hoods «[n — L],...,a[n + L]. When L is small enough and
there exists only one local peak within the window, the loca-
tion of the local peak can be directly obtained from the fitted
quadratic curve.

We use a numerical example in the following to verify the
effectiveness of the proposed local peak identification algo-
rithm. Let y(¢#) = cos2rfit+0.27) +cosufrt+0.37) +n(t),
where we set fi = 1Hz, f» = 2.5Hz, and n(r) ~ N(0,02)
is additive white Gaussian noise with zero mean and variance
o2. The signal y(¢) is sampled at a rate of 100 Hz from time
t = 0s to t = 1s. When the noise is absent, the true locations
of the two local peaks are 1 &~ 0.331s and #» ~ 0.760s and
the estimates of our proposed local peak identification algo-
rithm are #; ~ 0.327 s and 7, ~ 0.763 s, as shown in Fig. 7(a).
When the noise is present and o is set to 0.2, the estimates are
1 ~ 0.336s and 7, ~ 0.762 s, as shown in Fig. 7(b). As we can
see from the results, the estimated locations of the local peaks
are very close to those of the actual peaks even when the sig-
nal is corrupted with the noise, which shows the effectiveness
of the proposed local peak identification algorithm.

Then, the speed of the moving object can be estimated as
v = (d1/7), where d is the distance between the first local
peak of A,oéix (d) and the origin, and 7 is the location of the
first local peak of Apg(t). The distance d; can be obtained
by solving the equation

3?2,
WIOE,-X(dvf) =0
where pg, (d, f) denotes the theoretical spatial ACF as shown
in Fig. 4(a). As (15) does not have a closed-form solution, we
evaluate the second smallest root of (15) numerically which
leads to about 0.54A. A median filter is then applied to the
speed estimates to remove the outliers. The proposed speed
estimator is summarized in Algorithm 1.

15)

B. Acceleration Estimator

Acceleration can be calculated from Vv obtained in
Section V-A. One intuitive method of acceleration estimation
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Algorithm 1 Proposed Speed Estimator

Input: 7 consecutive CSI measurements before time 1
HGs.f),s=t—T2 . 1— L tandfeF;
Output: Speed estimation at f: f)(t)Y.
1: Calculate the CSI power response: G(s, f) < |H(s, )|?;
2: Calculate the ACF of each subcarrier f: pg(z,f) <

X 1, (G —1.) = G)(GGs.) = G,

where G(f) is the sample mean;

3. Aggregate ACF across all the subcarriers: pg(t) <
F Lrer Pa(T.f);

4: Clalculate the differential ACF: Apg(t) < pg(t)—pc(T—
)

5: gxpply the proposed peak identification algorithm to esti-
mate the location of the first local peak of Apg(t):

A

75
6: Speed estimation at time #: V(f) < @.

is to take the difference of two adjacent speed estimates and
then divide the difference of the speeds by the difference of
their measurement time. However, this scheme is not robust as
it is likely to magnify the estimation noise. Instead, we lever-
age the fact that the acceleration values can be approximated as
a piecewise linear function as long as there are enough speed
estimates within a short duration. ¢; trend filter produces trend
estimates that are smooth in the sense of being piecewise lin-
ear [33] and is well suited to our purpose. Thus, we adopt an
£1 trend filter to extract the piecewise linear trend embedded
in the speed estimation and then, estimate the accelerations by
taking differential of the smoothed speed estimation.

Mathematically, let d[n] denote V(nAT), where AT is
the interval between two estimates, and let v[n] denote the
smoothed one. Then, v[n] is obtained by solving the following
unconstrained optimization problem:

N N—1
min 3 (5] = §1n1)” + 4 3 [0 — 11 = 250 + 7+ 1]
YL n=2

(16)

where A > 0 is the regularization parameter used to con-
trol the tradeoff between smoothness of v[n] and the size
of the residual |v[n] — V[n]|, and N denotes the size of the
speed estimates that need to be smoothed. Then, we obtain
the acceleration estimation as a[n] = [(V[n] — V[n — 1])/AT].
As shown in [33], the complexity of the ¢; filter grows lin-
early with the length of the data N and can be calculated in
real-time on most platforms.

C. Gait Cycle Estimator

When the estimated speed is within a certain range, e.g.,
from 1 m/s to 2m/s, and the acceleration estimates are small,
then WiSpeed starts to estimate the corresponding gait cycle.
In fact, the process for walking a single step can be decom-
posed into three stages: 1) lifting one leg off the ground;
2) using the lifted leg to contact with the ground and push-
ing the body forward; and 3) keeping still for a short period
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Fig. 8. Experimental results for human walking monitoring under setting #1 and route #1. (a) Apg (7). (b) ApG (7). (¢) Apg(t). (d) Walking speed estimation.

(e) Stride length estimation.

of time before the next step. The same procedure is repeated
until the destination is reached.

In terms of speed, one cycle of walking consists of an
acceleration stage followed by a deceleration stage. WiSpeed
leverages the periodic pattern of speed changes for gait cycle
estimation. More specifically, WiSpeed extracts the local peaks
in the speed estimates corresponding to the moments with
the largest speeds. To achieve peak localization, we use
the persistence-based scheme presented in [34] to formulate
multiple pairs of local maximum and local minimum, and
the locations of the local maximum are considered as the
peak locations. The time interval between every two adjacent
peaks is computed as a gait cycle. Meanwhile, the moving dis-
tance between every two adjacent peaks is calculated as the
estimation of the stride length.

VI. EXPERIMENTAL RESULTS

In this section, we first introduce the indoor environment
and system setups of the experiments. Then, the performance
of WiSpeed is evaluated in two applications: 1) human walking
monitoring and 2) human fall detection.

A. Environment

We conduct extensive experiments in a typical office envi-
ronment, with floorplan shown in Fig. 5. The indoor space is
occupied by desks, computers, shelves, chairs, and household
appliances. The same WiFi devices as introduced in Section IV
are used during the experiments.

TABLE I
EXPERIMENTAL SETTINGS FOR DEVICE-FREE
HUMAN WALKING MONITORING

. Config. Tx loc. | Rx loc. | Route index
Setting
Setting #1 Tx #1 Rx #1 Route #1/#2
Setting #2 Tx #1 Rx #2 Route #1/#2
Setting #3 Tx #2 Rx #1 Route #1/#2
Setting #4 Tx #3 Rx #2 Route #3/#4
Setting #5 Tx #4 Rx #2 Route #3/#4
Setting #6 Tx #3 Rx #3 Route #3/#4

B. Experimental Settings

Two sets of experiments are performed. In the first set
of experiments, we study the performance of WiSpeed in
estimating the human walking speed. For device-free scenar-
ios, it shows that the number of steps and stride length can also
be estimated besides the walking speed. Estimation accuracy
is used as the metric which compares the estimated walk-
ing distances with the ground-truth distances, since measuring
walking distance is much easier and more accurate than mea-
suring the speed directly. Different routes and locations of the
devices are tested and the details of experiment setup are sum-
marized in Tables I and II. In the second set of experiments, we
investigate the performance of WiSpeed as a human activity
monitoring scheme. Two participants are asked to perform dif-
ferent activities, including standing up, sitting down, picking
up things from the ground, walking, and falling down.

C. Human Walking Monitoring

Fig. 8 visualizes one of the experimental results under
Setting #1 of Route #1, i.e., both the Tx and Rx are static and
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TABLE 1T
EXPERIMENTAL SETTINGS FOR DEVICE-BASED
SPEED MONITORING

Setti Config. Tx loc. | Rxloc. | Route index
etting
Setting #7 moving | Rx #1 Route #1/#2
Setting #8 moving | Rx #4 Route #1/#2
Setting #9 moving | Rx #1 Route #3/#4
Setting #10 moving | Rx #4 Route #3/#4
2 O Raw speed estimation 2 -
=g =1 -
L L
a =3
5] v
0 0
5 10 15
Time (s) Time (s)
() (b)
Fig. 9. Speed estimation for a moving Tx. (a) Tx moves at a higher speed.

(b) Tx moves at a lower speed.

one experimenter walks along the specified route. Fig. 8(a)—(c)
shows three snapshots of estimated ACFs at different time
instances marked in Fig. 8(d). From Fig. 8, we can conclude
that although the ACFs are very different, the locations of the
first local peak of Apg(t) are highly consistent as long as the
ACFs are calculated under similar walking speeds.

Fig. 8(d) shows the results of walking speed estimation
for the experiment, and we can see a very clear pattern of
walking due to the acceleration and deceleration. The corre-
sponding stride length estimation is shown in Fig. 8(e). The
estimated walking distance is 8.46m and it is within 5.75%
of the ground-truth distance of 8 m. On the other hand, the
average stride length is 0.7 m and very close to the average
walking stride length of the participants.

Fig. 9 shows two typical speed estimation results both under
Setting #7 of Route #1, where the Tx is attached to a cart and
one experimenter pushes the cart along the specified route.
The cart moves at different speeds for these two realizations,
and Fig. 9(a) and (b) shows the corresponding speed estimates,
respectively. As we can see from the estimated speed patterns,
there are no periodic patterns like the device-free walking
speed estimates as in Fig. 8(d). This is because when the Tx is
moving, the energy of the EM waves reflected by the human
body is dominated by that radiated by the transmit antennas
and WiSpeed can only estimate the speed of moving antennas.
The estimated moving distance for the case that Tx moves at
a higher speed is 8.26 m and the other one is 8.16 m, where
the ground-truth distance is 8 m. Note that the speed estima-
tors, proposed in [35] and [36], can also obtain the similar
results under the same condition, however, they cannot work
for device-free scenarios.

Fig. 10 summarizes the accuracy of the 200 experiments of
human walking speed estimation. More specifically, Fig. 10(a)
shows the error distribution for Setting #1-#6, and Fig. 10(b)
demonstrates the corresponding error distribution for Route
#1—#4; Fig. 10(c) shows the error distribution for Setting
#7—#10, and Fig. 10(d) demonstrates the corresponding error
distribution for Route #1—#4. The bottom and top error bars
stand for the 5% percentiles and 95% percentiles of the
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estimates, respectively, and the middle of point is the sample
mean of the estimates. The ground-truths for Routes #1-#4 are
shown in Fig. 5. From the results, we find that: 1) WiSpeed
performs consistently for different Tx/Rx locations, routes,
subjects, and walking speeds, indicating the robustness of
WiSpeed under various scenarios and 2) WiSpeed tends to
overestimate the moving distances under device-free settings.
This is because we use the route distances as baselines and
ignore the displacement of the subjects in the direction of grav-
ity. Since WiSpeed measures the absolute moving distance of
the subject in the coverage area, the motion in the gravity
direction would introduce a bias into the distance estimation.

In summary, WiSpeed achieves an MAPE of 4.85% for
device-free human walking speed estimation and 4.62% for
device-based speed estimation, which outperforms the existing
approaches, even with only a single pair of WiFi devices and
in severe NLOS conditions. Note that WiDar [7] can achieve
a median speed error of 13%, however, they require multiple
pairs of WiFi devices and strong LOS operating condition, i.e.,
the object being tracked should be within the fields of vision
of both the transmitters and receivers.

D. Human Fall Detection

In this section, we show that WiSpeed can differentiate
falling down from other normal daily activities. We collect
a total of five sets of data: 1) falling to the ground; 2) stand-
ing up from a chair; 3) sitting down on a chair; 4) bowing and
picking up items from the ground; and 5) walking inside the
room. Each experiment lasts for 8s. We collect 20 datasets of
the falling down activity from two subjects, and ten datasets
for each of the other four activities from the same two subjects.
The experiments are conducted in Room #5, and the WiFi Tx
and Rx are placed at Location Tx #1 and Rx #2 as shown
in Fig. 5. Fig. 11 shows a snapshot of speed and acceleration
estimation results for different activities and subjects.

Realizing that the duration of a real-world falling down can
be as short as 0.5s and the human body would experience
a sudden acceleration and then a deceleration [37], we pro-
pose two metrics for falling down detection: 1) the maximum
change in acceleration within 0.5 s, denoted as Aa, and 2) the
maximum speed during the period of the maximum change of
acceleration, written as vpax. Fig. 12 shows the distribution of
(Aa, vmax) of all activities from the two subjects. Obviously,
by setting two thresholds: Aa > 1.6 m/s? and vpax > 1.2 m/s,
WiSpeed could differentiate falls from the other four activities
except one outlier, leading to a detection rate of 95% and zero
false alarm, while [14] requires machine learning techniques.
This is because WiSpeed extracts the most important physical
features for activity classification, namely, the speed and the
change of acceleration, while [14] infers these two physical
values indirectly.

VII. DISCUSSION

In this section, we discuss the system parameter selections
for different applications and their impact on the computational
complexity of WiSpeed, and the behavior of WiSpeed when
multiple objects are present.
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A. Tracking Fast Moving Object

In order to track fast speed-varying object, we adopt the fol-
lowing equation with a reduced number of samples to calculate
the sample auto-covariance function:

T

ve(t.f) = Al/l >

t=T—-M+1

(G(t—1./) = G(N)(Gt.f) — G()

7)

where T is the length of the window, M is the number
of samples for averaging, and G(f) is the sample average.
Equation (17) shows that to estimate a moving subject with
speed v, WiSpeed requires a time window with a duration
To = (0.541/v) + (M/Fs) seconds. Essentially, WiSpeed
captures the average speed of motion in a period of time
rather than the instantaneous moving speed. For instance, with
v = 1.3m/s, Fy = 1500Hz, f, = 5.805GHz, and M = 100,
Ty is around 0.12s. In case that the speed changes signifi-
cantly within a duration of Ty, the performance of WiSpeed
would degrade. To track the speed of a fast-varying mov-
ing subject, a smaller Ty is desirable, which can be achieved
by increasing the channel sampling rate F or increasing the
carrier frequency to reduce the wavelength A.

B. Computational Complexity

The main computational complexity of WiSpeed comes
from the estimation of the overall ACF pg(t), giving rise to
a total of FMTyF multiplications, where F is the number of
available subcarriers. For motions with slow-varying speeds
such as walking and standing up, a lower channel sampling
rate suffices which could reduce the complexity. For exam-
ple, in our experiments of human walking speed estimation
and human fall detection, Fy; = 1500Hz, f, = 5.805GHz,
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Fig. 13.  Two subjects walking in the environment.

F = 180, and M = 100, the total number of multiplications
for WiSpeed to produce one output is around 3 million. This
leads to a computational time of 80.4ms on a desktop with
Intel Core i7-7500U processor and 16 GB memory, which is
short enough for real-time applications.

C. Impact of Multiple Moving Objects

WiSpeed is designed to estimate the speed of a single mov-
ing object in the environment. If there exist multiple moving
objects within the coverage of WiSpeed, WiSpeed would cap-
ture the highest speed among the objects. This is because
WiSpeed uses the first local peak of the obtained ACF dif-
ferential to estimate the speed and the component of ACF
contributed by the object with the highest moving speed has
the closest peak to the origin.

An experiment is conducted to illustrate the conjecture.
Under Setting #4 as described in Section VI-B, two subjects
first walk along Route #3, and then, they turn around at the
same time and repeat the process along Route #4. For each
Route, Subject #1 walks with a lower speed and starts to
walk earlier than Subject #2, and Subject #2 walks with a
higher speed and stops earlier than Subject #1. Fig. 13 shows
that WiSpeed first captures the walking speed of Subject #1
while Subject #2 keeps static, and then, it captures the speed
of Subject #2 when the speed of Subject #2 exceeds that of
Subject #1.

One potential solution for detecting the speeds of multiple
moving objects is to deploy multiple transmission pairs of
WiSpeed. The coverage of each pair can be tuned by varying
the distance between the transmitter and receiver. The envi-
ronment can thus be divided into multiple small regions and
it is reasonable to assume that there is only a single person
within each small region.
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VIII. CONCLUSION

In this paper, we propose WiSpeed, a universal indoor speed
estimation system for human motions leveraging commer-
cial WiFi, which can estimate the speed of a moving object
under either device-free or device-based condition. WiSpeed
is built upon the statistical theory of EM waves which quan-
tifies the impact of human motions on EM waves for indoor
environments. We conduct extensive experiments in a typi-
cal indoor environment which demonstrates that WiSpeed can
achieve an MAPE of 4.85% for device-free human walking
speed monitoring and an MAPE of 4.62% for device-based
speed estimation. Meanwhile, it achieves an average detection
rate of 95% with no false alarms for human fall detec-
tion. Due to its large coverage, robustness, low cost, and
low computational complexity, WiSpeed is a very promis-
ing candidate for indoor passive human activity monitoring
systems.

APPENDIX
DERIVATION OF (10)

First, we can rewrite G(z, f) as

Gt.H= Y. Gult.f)+etf

ueix,y,z}

where Gy (1,f) = |Eu()I* + 2Re(EL (1) Xicq, Eu(t./)} +
|Zl€Qd Em(t,f)|2. Then, the covariance of G(z,f) can be
written as

v6 (T, f) = cov(G(t, f), G(t — 7, ))
Y cov(Gult, ), Gult — 7. )

ue{x,y,z}

+ cov(e(t,f), et — t,f))
D cov(Gult, ), Gult — T, ) + 8(1)o* ()

ue{x,y,z}

(18)

19)

which is due to Assumptions 2 and 3 and the assumptions
of the noise term. Thus, in the following, we only need to
focus on the term yg, (7, f) = cov(Gy(t,f), Gu(t — 1,f)), that
is, for Yu € {x,y, z}, we have (20), shown at the bottom of
this page. We begin with the term (A;, A3). For notational
convenience, define Ej, (f,f) = ai(f) + jbi(t) and Eg(f) =
u+ jv, for Vi € Qq, Yu € {x,y, z}, and a;, b;, u, and v are all

76,(5.1) = (Gult.) = (Gult. ), Gult =

<2Re E>k (f) ZEm(t f) <| ZEW([ f)|

i€y i€Qq

©.f) = (Gult = 7.0)

<| > Eu(t.f)|

i€Qy

)

A

2Re{EL(N) Y Eult—1./)}

lEQd

(‘ ZEm(t_Tf)|

A

(20)

<| > Eu(t—1.0)

yeeer))

lEQd

Az

Ay
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real. Then, we have

(1)
- 4<u S at) +v Y b)Y aitt - 1)
i€Qy i€Qy ieQy
+v Z bi(t — r)>
i€Qy
=42 Y (a0, aitt = )+ 42 Y (b, bite = 1)
i€Qg 1€Qyq

=42 +%) Y (@i, air = ) @

ieQy

where we apply the assumption that the real and imaginary
parts of the electric field have the same statistical behaviors.
At the same time, we have

cov(Eip(t, ), Eiy(t — T, f))
= <Eiu(l,f)a Ey(t — T,f)>

= (a0, @it = 0} + (bito), by = )
= 2<a,~(t), ai(t — r)>.
Thus, we have

(A1, As) = 20EaDP Y cov(Eut. ). Eale = 7.0). (23)

i€Qy

(22)

Next, we derive the term (Aj, A4), as shown in (24) at the
bottom of this page. According to the integral representation
of the electric field in (3), we have
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T.f)?

and thus, the covariance between Ej,(z, f) and |Ej, (t —
can be expressed as

oV (Eiu(t,./), |Ein(t = T.)I)
= (Eatt./) = (Eut. ), 1Eatt = . PP = (Bt = ©.0)P)

= (Eatt. ). 1Bt = 2. pP)

= //A <Fm(®1), Fiu(®21)F;‘u(®22)>exp(—j%(@l) if)
X eXP(—J(z(®21) — l_é(®22)) . T’i(l‘ —1))dO®; dOy dOy
N L (Fu(©1), IFu(©DI) exp(—jk(©1) - Fir) d©)

= An ((Re{Fiu((“h)}’Re[Fi”(®1)12>

+j<Im{F,-u(®1)], Im[Fiu(®1)}2>> exp(—jk(®)-Ti1)dO,
=0 (26)

since (X3) = 0 for any Gaussian random variable with zero
mean. At the same time, we have

(Eut.. 1Eute = 7. 2) = (). ae = )

+ j(bi(t), P2t — r)> @7)

and thus, we have (a;(t), alz(t — 1)) = 0. Plugging this result
in (24), we can obtain

(A1, As) =0,

Similarly, we can also derive that (A3, A3) = 0. At last, we
derive the term (A, A4), as shown in (29) at the bottom of
this page. Since for any two Gaussian random variables, X

(28)

|Eiut, f )|2 and Y, with zero mean, the expectations can be evaluated by
= // Fiu(©1)F;,(©2) exp(—](k(®1) — k(@z)) vif)d®1d®,  using of the following relationship [38]:
(25) (X2¥?) = (x?)(r?) + 2(xY)’ (30)
(4 A) =2l Y a0 +v Y b, (Y a—0) +( X b —0) - <| > Eulr— r,f>|2>>
ieQy i€eQy i€Qy ieQy ieQy
_ 2<u S at) +v Y bi), ( 3 aiti - r)>2 n ( 3 bt - z))2>
i€Qy i€Qq i€Qq i€Qq
=21 Y (@i, a2 =) +2v Y (bi), b} - ) (24)
i€Qy i€Qy
<A2, A4> - cov<( 3 a,-(t)>2 +(X b,-(t)>2, ( Z ailt — r)) (X bie-o) )
i€Qy i€Qy €2 i€Qy
- cov(( 3 a,-(t))z, ( > aii - r))z) + cov(( 3 b,-(t))z, ( > bt - r))2>
i€y ieQy i€Qy i€Qy
=2 ) COV(an(t)aiz(t), aj (t — T)ap(t — T))
i1,i0€Ry
=2 Z cov(af(t), a2t — r)) +2 Z cov(a” (Nap(Haj (t — T)ap(t — r)) (29)

i€Qq

i1,i2€Ry
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then, we have, Vi € Qg4

cov(a%(t), alz(t — r))
- <a,.2(r) — @2 0)), Pt — 1) — (a2t — r)>>
= (@}, @}t = ) = (@} O){ai (t — 7))
= 2a;(0), ai(t — 7))

= %cov(Eiu(t,f), Eu(t —1.)". 31)
For i1, i € Q4 and i1 # i, we have
cov(aii (Nap(t), ai (t — Dap(t — 1))
= (ail(t)aiz(l), aj) (t — t)ap(t — T)>
= {anan =0, azan - )
= {an@. ant = O))an, ant - )
= SOV (B, ). Bt — 7. )
x coV(Eipu(t, ), Eipu(t — T,1)).- (32)
Therefore, (A», A4) can be derived as
(Ao, As) = 3 cov(Enult. ). Eqult = 7.0)
R
% coV(Eipu(t, ), Eu(t — T,1)). 33)

Finally, we can obtain the result shown in (10).

[1]

[2]

[3]

[4]

[6]

[7]

[8]

[9]

[10]

REFERENCES

M. Khan, B. N. Silva, and K. Han, “Internet of Things based energy
aware smart home control system,” IEEE Access, vol. 4, pp. 7556-7566,
2016.

S. Pinto, J. Cabral, and T. Gomes, “We-care: An IoT-based health care
system for elderly people,” in Proc. IEEE Int. Conf. Ind. Technol. (ICIT),
Toronto, ON, Canada, Mar. 2017, pp. 1378-1383.

S. E. Schaefer, C. C. Ching, H. Breen, and J. B. German, “Wearing,
thinking, and moving: Testing the feasibility of fitness tracking with
urban youth,” Amer. J. Health Educ., vol. 47, no. 1, pp. 8-16, 2016.
L. Wang, G. Zhao, L. Cheng, and M. Pietikdinen, Machine Learning for
Vision-Based Motion Analysis: Theory and Techniques. London, U.K.:
Springer, 2010.

S. Z. Gurbuz, C. Clemente, A. Balleri, and J. J. Soraghan, “Micro-
Doppler-based in-home aided and unaided walking recognition with
multiple radar and sonar systems,” /IET Radar Sonar Navigat., vol. 11,
no. 1, pp. 107-115, Apr. 2017.

C.-Y. Hsu et al., “Extracting gait velocity and stride length
from surrounding radio signals,” in Proc. CHI Conf. Human
Factors Comput. Syst., 2017, pp. 2116-2126. [Online]. Available:
http://doi.acm.org/10.1145/3025453.3025937

K. Qian, C. Wu, Z. Yang, Y. Liu, and K. Jamieson, “Widar: Decimeter-
level passive tracking via velocity monitoring with commodity Wi-Fi,”
in Proc. 18th ACM Int. Symp. Mobile Ad Hoc Netw. Comput., 2017,
p. 6.

D. Halperin, W. Hu, A. Sheth, and D. Wetherall, “Tool release: Gathering
802.11n traces with channel state information,” SIGCOMM Comput.
Commun. Rev., vol. 41, no. 1, p. 53, Jan. 2011. [Online]. Available:
http://doi.acm.org/10.1145/1925861.1925870

H. Abdelnasser, M. Youssef, and K. A. Harras, “WiGest: A ubiqui-
tous WiFi-based gesture recognition system,” in Proc. IEEE INFOCOM,
Apr. 2015, pp. 1472-1480.

K. Qian et al., “Inferring motion direction using commodity
Wi-Fi for interactive exergames,” in Proc. CHI Conf. Human
Factors Comput. Syst., 2017, pp. 1961-1972. [Online]. Available:
http://doi.acm.org/10.1145/3025453.3025678

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]
[25]

[26]

[27]

[28]

[29]
[30]
[31]
(32]
[33]

[34]

[35]

[36]

IEEE INTERNET OF THINGS JOURNAL, VOL. 5, NO. 3, JUNE 2018

K. Ali, A. X. Liu, W. Wang, and M. Shahzad, “Keystroke recog-
nition using WiFi signals,” in Proc. 21st Annu. Int. Conf. Mobile
Comput. Netw., Paris, France, 2015, pp. 90-102. [Online]. Available:
http://doi.acm.org/10.1145/2789168.2790109

Q. Pu, S. Gupta, S. Gollakota, and S. Patel, “Whole-home gesture recog-
nition using wireless signals,” in Proc. 19th Annu. Int. Conf. Mobile
Comput. Netw., Miami, FL, USA, 2013, pp. 27-38.

G. Wang, Y. Zou, Z. Zhou, K. Wu, and L. M. Ni, “We can hear you with
Wi-Fi!” IEEE Trans. Mobile Comput., vol. 15, no. 11, pp. 2907-2920,
Nov. 2016.

Y. Wang et al., “E-eyes: Device-free location-oriented activity identi-
fication using fine-grained WiFi signatures,” in Proc. 20th Annu. Int.
Conf. Mobile Comput. Netw., Maui, Hawaii, USA, 2014, pp. 617-628.
W. Wang, A. X. Liu, M. Shahzad, K. Ling, and S. Lu,
“Understanding and modeling of WiFi signal based human activ-
ity recognition,” in Proc. 2Ist Annu. Int. Conf. Mobile Comput.
Netw., Paris, France, 2015, pp.65-76. [Online]. Available:
http://doi.acm.org/10.1145/2789168.2790093

Y. Wang, K. Wu, and L. M. Ni, “WiFall: Device-free fall detection
by wireless networks,” IEEE Trans. Mobile Comput., vol. 16, no. 2,
pp. 581-594, Feb. 2017.

L. Sun, S. Sen, D. Koutsonikolas, and K.-H. Kim, “WiDraw: Enabling
hands-free drawing in the air on commodity WiFi devices,” in Proc. 21st
Annu. Int. Conf. Mobile Comput. Netw., 2015, pp. 77-89. [Online].
Available: http://doi.acm.org/10.1145/2789168.2790129

F. Adib and D. Katabi, “See through walls with WiFi!” SIGCOMM
Comput. Commun. Rev., vol. 43, no. 4, pp. 75-86, Oct. 2013. [Online].
Available: http://doi.acm.org/10.1145/2534169.2486039

M. Seifeldin, A. Saeed, A. E. Kosba, A. El-Keyi, and M. Youssef,
“Nuzzer: A large-scale device-free passive localization system for wire-
less environments,” [EEE Trans. Mobile Comput., vol. 12, no. 7,
pp. 1321-1334, Jul. 2013.

C. Chen et al., “TR-BREATH: Time-reversal breathing rate estimation
and detection,” IEEE Trans. Biomed. Eng., vol. 65, no. 3, pp. 489-501,
Mar. 2018.

Q. Xu, Y. Chen, B. Wang, and K. J. R. Liu, “TRIEDS: Wireless events
detection through the wall,” IEEE Internet Things J., vol. 4, no. 3,
pp. 723-735, Jun. 2017.

F. Adib, Z. Kabelac, D. Katabi, and R. C. Miller, “3D tracking via
body radio reflections,” in Proc. 11th USENIX Symp. Netw. Syst. Design
Implement., 2014, pp. 317-329.

P. Murphy, A. Sabharwal, and B. Aazhang, “Design of warp: A flexi-
ble wireless open-access research platform,” in Proc. EUSIPCO, 2006,
pp. 53-54.

D. A. Hill, Electromagnetic Fields in Cavities: Deterministic and
Statistical Theories, vol. 35. Hoboken, NJ, USA: Wiley, 2009.

D. Tse and P. Viswanath, Fundamentals of Wireless Communication.
Cambridge, U.K.: Cambridge Univ. Press, 2005.

C. Chen et al., “Achieving centimeter-accuracy indoor localization on
WiFi platforms: A multi-antenna approach,” IEEE Internet Things J.,
vol. 4, no. 1, pp. 122-134, Feb. 2017.

Z.-H. Wu, Y. Han, Y. Chen, and K. J. R. Liu, “A time-reversal paradigm
for indoor positioning system,” IEEE Trans. Veh. Technol., vol. 64, no. 4,
pp. 1331-1339, Apr. 2015.

T.-D. Chiueh, P.-Y. Tsai, and 1.-W. Lai, Baseband Receiver Design for
Wireless MIMO-OFDM Communications. Hoboken, NJ, USA: Wiley,
2012.

R. H. Shumway and D. S. Stoffer, Time Series Analysis and Its
Applications With R Examples. New York, NY, USA: Springer, 2006.
R. Van Nee, Delay Spread Requirements for Wireless Networks in The
2.4 GHz and 5 GHz Bands, 1IEEE Standard IEEE P 802.11-97/125, 1997.
W. S. Cleveland, “Robust locally weighted regression and smoothing
scatterplots,” J. Amer. Stat. Assoc., vol. 74, no. 368, pp. 829-836, 1979.
H. Scheffé, The Analysis of Variance, vol. 72. New York, NY, USA:
Wiley, 1999.

S.-J. Kim, K. Koh, S. Boyd, and D. Gorinevsky, “/1 trend filtering,”
SIAM Rev., vol. 51, no. 2, pp. 339-360, 2009.

Y. Kozlov and T. Weinkauf. (2015). PersistencelD: Extracting and
Filtering Minima and Maxima of 1D Functions. [Online]. Available:
http://people.mpi-inf.mpg.de/weinkauf/notes/persistence 1d.html

F. Zhang, C. Chen, B. Wang, H.-Q. Lai, and K. J. R. Liu, “A time-
reversal spatial hardening effect for indoor speed estimation,” in Proc.
IEEE ICASSP, New Orleans, LA, USA, Mar. 2017, pp. 5955-5959.

F. Zhang, C. Chen, B. Wang, and K. J. R. Liu, “WiBall:
A time-reversal focusing ball method for indoor tracking,”
arXiv  preprint  arXiv:1712.06562, 2017, [Online]. Available:

https://arxiv.org/abs/1712.06562



ZHANG et al.: WiSpeed: STATISTICAL EM APPROACH FOR DEVICE-FREE INDOOR SPEED ESTIMATION

[37] F. Bagala et al., “Evaluation of accelerometer-based fall detection
algorithms on real-world falls,” PLoS ONE, vol. 7, no. 5, 2012,
Art. no. e37062.

[38] A. Papoulis and S. U. Pillai, Probability, Random Variables, and
Stochastic Processes. Boston, MA, USA: McGraw-Hill, 2002.

Feng Zhang (S’12) received the B.S. and
M.S. degrees from the Department of Electronic
Engineering and Information Science, University of
Science and Technology of China, Hefei, China, in
2011 and 2014, respectively. He is currently pursu-
ing the Ph.D. degree at the Department of Electrical
and Computer Engineering, University of Maryland
at College Park, College Park, MD, USA.

His current research interests include wireless
sensing, statistical signal processing, and wireless
indoor localization.

Mr. Zhang was a recipient of the Distinguished TA Award from the
University of Maryland at College Park and the State Scholarship from the
University of Science and Technology of China.

Chen Chen (S’15) received the B.S. and M.S.
degrees from the Department of Microelectronics,
Fudan University, Shanghai, China, in 2010 and
2013, respectively, and the Ph.D. degree from the
Department of Electrical and Computer Engineering,
University of Maryland at College Park, College
Park, MD, USA, in 2017.

His current research interests include biomedical
signal processing, indoor localization, and wireless
communications.

Dr. Chen was a recipient of multiple honors and
awards, including the Chinese Government Award for Outstanding Students
Abroad in 2017, the Best Student Paper Award of IEEE ICASSP 2016, the
Litton Industries Fellowship from the University of Maryland at College
Park in 2015, the Distinguished Graduate Student Teaching Award from the
University of Maryland at College Park in 2014, and the Excellent Graduate
Student of Shanghai in 2013.

2177

Beibei Wang (SM’15) received the B.S. degree
(Highest Hons.) in electrical engineering from the
University of Science and Technology of China,
Hefei, China, in 2004, and the Ph.D. degree in elec-
trical engineering from the University of Maryland
at College Park, College Park, MD, USA, in 2009.

She was with the University of Maryland at
College Park, as a Research Associate from 2009 to
2010, and Qualcomm Research and Development,
from 2010 to 2014. Since 2015, she has been with
Origin Wireless Inc., Greenbelt, MD, USA, where
she is currently a Chief Scientist. She co-authored Cognitive Radio Networking
and Security: A Game-Theoretic View (Cambridge Univ. Press, 2010). Her
current research interests include wireless communications and signal pro-
cessing.

Dr. Wang was a recipient of the Graduate School Fellowship, the Future
Faculty Fellowship, and the Dean’s Doctoral Research Award from the
University of Maryland at College Park, and the Overview Paper Award from
the IEEE Signal Processing Society in 2015.

K. J. Ray Liu (F’03) was named as a Distinguished
Scholar-Teacher of the University of Maryland at
College Park, College Park, MD, USA, in 2007,
where he is the Christine Kim Eminent Professor
of Information Technology. He leads the Signals and
Information Group, conducting research encompass-
ing broad areas of information and communications
technology with a recent focus on wireless Al

Dr. Liu was a recipient of the 2016 IEEE Leon
K. Kirchmayer Award on Graduate Teaching and
Mentoring, the IEEE Signal Processing Society
2014 Society Award, the IEEE Signal Processing Society 2009 Technical
Achievement Award, over a dozen Best Paper Awards, the Teaching and
Research Recognitions from the University of Maryland at College Park,
including University-Level Invention of the Year Award, and College-Level
Poole and Kent Senior Faculty Teaching Award, the Outstanding Faculty
Research Award, and the Outstanding Faculty Service Award, all from the
A. James Clark School of Engineering, the Highly Cited Researcher Award
of the Web of Science, and the 2017 CEATEC Grand Prix Award for his inven-
tion of the time-reversal machine by Origin Wireless Inc. He is an IEEE Vice
President, Technical Activities-Elect. He was the President of the IEEE Signal
Processing Society, where he has served as the Vice President-Publications
and Board of Governor, and a member of the IEEE Board of Director as
the Division IX Director. He has also served as the Editor-in-Chief of /EEE
Signal Processing Magazine. He is a Fellow of the AAAS.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZapfChancery-MediumItalic
    /ZapfDingBats
    /ZapfDingbatsITCbyBT-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


