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Abstract—Recognition of the context of humans plays an
important role in pervasive applications such as intrusion de-
tection, human density estimation for heating, ventilation and
air-conditioning in smart buildings, as well as safety guarantee
for workers during human-robot interaction. Radio vision is able
to provide these sensing capabilities with low privacy intrusion. A
common challenge though, for current radio sensing solutions is
to distinguish simultaneous movement from multiple subjects.
We present an approach that exploits antenna installations,
for instance, found in upcoming 5G technology, to detect and
extract activities from spatially scattered human targets in an
ad-hoc manner in arbitrary environments and without prior
training of the multi-subject detection. We perform receiver-
side beamforming and beam-sweeping over different azimuth
angles to detect human presence in those regions separately.
We characterize the resultant fluctuations in the spatial streams
due to human influence using a case study and make the traces
publicly available. We demonstrate the potential of this approach
through two applications: 1) By feeding the similarities of the
resulting spatial streams into a clustering algorithm, we count
the humans in a given area without prior training. (up to 6 people
in a 22.4 m2 area with an accuracy that significantly exceeds the
related work). 2) We demonstrate that simultaneously conducted
activities and gestures can be extracted from the spatial streams
through blind source separation.

Index Terms—Radio sensing, Training-free crowd counting,
Multi-subject recognition, Beamsteering

I. INTRODUCTION

Our research explores passive radio sensing to analyse
human presence, crowd size and to track and eventually
recognize motion and interaction. Such human context can be
unearthed continuously and without requiring human subjects
to carry any devices. In contrast to vision sensors, privacy is
ensured through unobtrusive RF-sensing that can be integrated
with existing indoor WiFi/cellular installations simply through
software updates. We leverage ambient (or stray) radio signal
streams like those found in cellular 4G/5G and WiFi.

A common challenge in traditional, narrowband radio sens-
ing with limited antennas is to distinguish simultaneous move-
ment from multiple subjects [1]. Essentially, perturbations in
the signal strength are typically analyzed at a receiver and
interpreted as activities, gestures or other relevant motions [2],
[3]. Perturbations caused by reflections and scattering off tar-
gets result in amplitude fluctuations, frequency or phase shift
due to movement. In the case of multiple subjects, reflected
signals are superimposed (constructively or destructively) and
it is not a trivial task to distinguish individual movements
apart [4].

As a solution, we present a sensing scheme that exploits
the limited antennas to detect and extract activities from
multiple persons simultaneously. This is achieved by steering
the receiving antenna array’s directivity over the azimuth angle
of the area of interest (receiver beamsteering) and collecting
spatial streams representative of different regions. This is
illustrated in Fig. 1. The spatial streams can have different
levels of correlations (not fully orthogonal as in the figure)
depending on the antenna array size, sweeping resolution
and the distance of human subjects to each other. Therefore,
in this work we first collect data traces from experiments
where multiple persons simultaneously perform activities. We
analyze these data traces and identify the correlations and
anomalies in the spatial streams and explain the reasoning
for such behaviour using models. Next, we transfer this
knowledge for multiple human recognition. We demonstrate
the potential of our approach specially with a low antenna
count and narrowband signals to infer human context using
two applications: 1) training-free counting of human subjects,
and 2) blind extraction of activities of an individual when
multiple people perform different activities simultaneously.
People counting and simultaneous inference of their activ-
ities are important problems in many pervasive application
domains. In surveillance systems, automatic people counting
is a pre-condition to further processing [5], for instance,
to estimate capacity at large public events [6] and to plan
procedures during emergency situations [7]. In order to ensure
workspace safety and production efficiency during human-
robot cooperation in manufacturing environments, continuous
and accurate perception of worker activities is required [8].

The contributions of this paper are threefold. (i) As the
main contribution, we report from a case study analyzing
the impact on the spatial streams from multiple subjects
conducting simultaneous and distinct activities and gestures.
We collect these traces from a prototype, using USRP software
defined radios consisting of a transmit antenna and a phase
synchronised four-antenna OFDM receiver (4x52 carriers) and
run experiments in a 22:4 m2 semi-anechoic chamber. We
make available the labelled RF data together with phase con-
figurations to steer the reception between �90◦ to +90◦ az-
imuth angles [9]. (ii) A training-free people counting algorithm
that counts people when they simultaneously conduct distinct
activities. Empirical results from over 100 experiments with
up to 6 human subjects show that 0�4 persons can be detected
within one person error in �100% of the time, 5 persons 43%
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Fig. 1: Concept of multiple people counting through beam-
steering. Steering matrix �� applied to channel �� amplifies
the signals scattered from the person at position A, �� on ��

amplifies the signals from person B and �� on �� amplifies
the signals from person C.

and 6 persons 50% of the time without any training efforts. In
comparison to a state-of-the-art crowd counting approach [3],
we demonstrate significant human count estimation improve-
ment. (iii) As the final contribution, we apply a blind source
separation method on the spatial streams to extract 20 out of
21 human gestures from one target person when up to three
persons simultaneously perform distinct activities.

II. RELATED WORK

Human sensing modalities. Most prominent device free
sensors used for people monitoring exploit the properties of
reflectivity with time-of-flight (ToF) cameras, emissivity with
thermal images or acoustic. They are, however, constrained by
ranges, occlusions, environmental (smoke/fire) conditions, and
privacy concerns [10], [11]. Non-image based solutions usu-
ally demand that people carry a device, yet, they limit human
subjects’ mobility, visibility, and communication practice [12].
Device-free solutions, which do not require people to wear any
devices, are therefore more promising in Pervasive computing
domains.
Device-free radio sensing. Device-free localization, track-
ing and activity recognition using radio signals has shown
advantages over camera or wearable device-based solutions
due to low intrusion of privacy and convenience [13], [14].
Research has demonstrated the use of various radio signal
measurements for human sensing including time delay [2],
phase [15], Doppler [16], and signal strength [17]. Those
have been used for purposes like vital sign monitoring [18],
activity and gesture recognition [19], [20], localization [21],
gait identification [22] and fall detection [23].

Even though beamforming and beamsteering has been previ-
ously used for device-based localization, it is not prominently
used in device-free radio sensing. Wihear [24] used beam-
forming to focus a beam on a person’s mouth to mitigate
multipath effects from the environment for lip reading and
speech recognition using SDRs and a WiFi physical layer.
mtrack [25] leverages electronically steerable antennas to track
small objects like pens using �� GHz millimeter wave radios.
Our previous work explored the extraction of the direction
of arrival (DoA) of a human target through a beamscanning

method [26]. In contrast to these works, we use receiver-end
beamsteering to sense full body motions, count people and
extract their activities.

People counting. The feasibility of people counting from RF-
signals has been demonstrated in previous work [27], [28],
[29], [3]. One straightforward approach for people counting
is the utilization of dispersion in the received signal strength
(RSS) [17], [30] or CSI [27], which is loosely correlated to the
number of people present in a space. It is well known that RSS
variation in commercial transceivers as a signal descriptor is
not stable to count people due to low granularity and multipath
effects. In order to distinguish spatially separated people, [17]
uses transeivers that are spatially distributed. Other approaches
for crowd counting have explored multiple antennas in both
transmitter and receiver to achieve spatial diversity [28],
information theory based methods like transfer learning to
minimize the environment impact on people counting fea-
tures [3], as well as exploitation of additional frequency-
domain features such as the shape of the Doppler spectrum
which is correlated to the number of people moving in the
monitored environment [29]. We are different to these works
both in the approach, beamsteering using limited antennas at
the receiver, and application, count and extracting activities
of spatially distributed humans and has the advantage of not
requiring prior training.

III. SPATIAL FILTERING USING OFDM BEACONS

Here, we implement a delay and sum beamformer using
OFDM beacons. The beamformer consists of a Uniformly
spaced Linear antenna Array (ULA) as shown in Fig. 2a. The
narrowband signal received at time instant � by the ULA is
modeled as

���� � ���� � ���� � ���� (1)
where ����, ���� and ���� are C�×1 vectors representing the
line of sight (LoS) signal, signal scattered off a person and
noise respectively. Unlike in device-based localization where
���� is the desired signal, ���� is the desired signal in our case
and it can be amplified by finding the correct steering vector.
A signal arriving from direction � � � at arrival angle �� ,
induces a phase shift of ��� � ������� in antenna element �
relative to the element � � � where � is the wavelength. A
phase shifter connected to the array element � changes the
phase of the input signal by ��. By setting the phase shift

��
� � �� � �

�
� ������� (2)

and summing the shifted signals, the received power corre-
sponding to the angle �� can be maximized. This way the beam
can be steered to the desired direction � and �� � ��1

� � � � �
�
� �

forms the steering vector for that direction. Since radio waves
arrive at the receiver over multiple paths due to reflection and
scattering from human subjects in the environment, and these
signals are superimposed in the line of sight signal, the steering
vector that maximizes the signal amplitudes corresponding to
the human is unknown. Therefore we generate steering vectors
for azimuth angles ��� � �� � �� using Eq. 2 so that signals



arriving from direction � are amplified by the �th steering
vector.

In what follows, we explain how this is achieved using the
OFDM symbols. In OFDM, a channel is divided into multiple
subcarriers and data is modulated in each subcarrier. In our
testbed (detailed in Sec. VII-A), a 12.48 MHz channel is di-
vided into 52 sub-carriers each with a spacing of 240 kHz.The
transmitter sends a beacon with a known sequence ���� each
subframe. IQ samples ����� are received by antenna element
�. ����� can be represented as ����� � ����� � ����
where ����� � ����������, ���� � ��������� is the
transmitted beacon and ����� is the wireless propagation
channel. A signal arriving from direction � introduces a phase
rotation of �

� �
2���m

j

� due to the time delay ��� to arrive at
antenna element � where � is the speed of light. We estimate
��
� � �

� by computing the cross-correlation 
���,

��� � ���−1������ �����∗� (3)

and ��
� maximizes the correlation between transmitted and

received beacons:
��
� � �����

�m

�
���� (4)

This approach is possible because a truncated version of fre-
quency domain Zadoff-Chu sequence used in LTE is adopted
here as ���� [26]. The sequence was truncated because it
was longer than the number of available subcarriers. Finally,
steering vector �� for direction 	 � � is directly applied on �
at time instant �

����� � ��� � ��� (5)
to obtain spatial stream �� for a total duration of
� with �� � ������� ������ � � � ���� ��

� where �� �
�
� �1

� �� 
�
�2
� �� � � � 
�

��
� ��� .

IV. CHARACTERIZATION OF SPATIAL STREAMS FROM A
PRACTICAL EXPERIMENT

In this section, we collect data traces from a practical
experiment wherein up to five persons perform distinct in-
place activities at five different locations. We apply spatial
filtering according to Sec. III and analyse the behaviour of
the resulting spatial streams in the directions of the human
occupants.

A. Experiments

We conducted a case study (Fig. 2) in a semi-anechoic
chamber of size � m � 
�� m. A signal continuously emitted
by a single antenna transmitter was captured by a receiver
with a ULA of 4 phase-synchronized elements. The antenna
elements have a spacing of �

2 where � is the wavelength at
a carrier frequency of 	��� GHz.We performed five measure-
ment campaigns having one person at B, two persons at D &
E, three persons at B, C, & D, four persons at B, C, D & E
and 5 persons at A, B, C, D, & E performing distinct in-place
activities simultaneously while IQ samples were collected.

The steering vectors for directions A, B, C, D & E were
derived from 5 other measurement campaigns by placing a
single antenna transmitter at positions A, B, C, D and E
in a human-free environment and recording the IQ samples.
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Fig. 2: (a) The phased array system that maximizes signals
arriving from direction �� by steering the beam. (b) Experi-
ment Environment. # of RX antennas: �, # of TX antennas: �,
antenna heights from ground: RX ���� m, TX ���
 m, room
size: 
�� m � � m � ����� m. A, B, C, D and E are human
locations

Then, we computed the azimuth angles for those five positions
by minimizing the mean square error between the measured
steering vectors and the modeled steering vectors for azimuth
angles ��� � �� � �� using Eq 2 [26]. The azimuth angles
that yielded were �	�◦, ��	◦, ��◦, 
◦, ��◦. Learning the
azimuth angles and the corresponding steering vectors helps to
understand directions of the considered positions and generate
steering vectors for the nearby azimuth angles.

B. Characterization of the spatial streams.

We divide the analysis of the spatial streams into four
categories based on the number of human subjects: single
person, two persons, three persons and four and five persons.
Fig. 3 summarizes these cases. In all figures, the amplitudes
are centered to have zero mean and eliminate the LoS effect.

1) A single person: Fig. 3a shows the fluctuations in the
spatial streams when there is a person in the direction of B.
Comparing all the streams, the spatial stream in the direction
of the person, stream B in Fig. 3a, is clearly excited and
has the highest fluctuation, i.e., stream B has the highest
variance among all streams. However, the adjacent streams
also experience correlated fluctuations to the spatial streams
that a human occupies, e.g. streams A and C in Fig. 3a. The
adjacent streams, A and C, despite having similar patterns
to the human occupied stream, have distortions like local
scaling and noise. Other streams, D & E show fluctuations at
similar time instants yet with a higher attenuation: in Fig. 3a
spatial streams D and E show correlated fluctuations with high
attenuation, however, the majority of the streams is dominated
by Gaussian noise.

We further verify this behavior by constructing the array
response of the ULA by placing a unit source at direction
B. The array response can be constructed by multiplying
the steering vector of direction B by the steering vectors of
azimuth angles ��� � �� � ��. Fig. 4 shows the array
responses of directions A, B, C, D & E and the response
of B is specially highlighted in red. Given that A, B and C
have azimuth angles of �	�◦, ��	◦ and ��◦, the amplitude
of B has about 
�� influence on C and ��� influence on
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Fi g. 3: ( a)  O n e h u m a n s u bj e ct at  B, ( b)  T w o h u m a n s u bj e cts at  D  &  E, ( c) t hr e e h u m a n s u bj e cts at  B,  C  &  D, ( d) f o ur h u m a n
s u bj e cts at  B,  C,  D  &  E, ( e) 5 h u m a ns s u bj e cts at  A,  B,  C,  D  &  E.

- 9 0 - 8 0 - 7 0 - 6 0 - 5 0 - 4 0 - 3 0 - 2 0 - 1 0 0 1 0 2 0 3 0 4 0 5 0 6 0 7 0 8 0 9 0

A n gl e ( D e g.)

0

0. 2 5

0. 5

0. 7 5

1

N
or

m. 
 a

m
p.

A

B

C

D

E

Fi g. 4:  T h e arr a y r es p o ns es f or dir e cti o ns  A,  B,  C,  D  &  E
i nt erf eri n g e a c h ot h er.

A.  W h er e as t h e i n fl u e n c e o n  D a n d  E ar e b el o w 2 5 % w hi c h
e x pl ai ns t h e hi g h a m o u nt of n ois e i n  D a n d  E.

2) T w o p ers o ns: Fi g. 3 b c orr es p o n ds t o t h e s p ati al str e a ms
w h e n ‘t w o’ h u m a ns r esi d e i n dir e cti o ns ‘ D’ a n d ‘ E’ ( w e d e n ot e
t his as 2 D E).  We n oti c e t h at i n c ert ai n s u bs e q u e n c es, si mil arit y
b et w e e n  D a n d  E c a n b e o bs er v e d, es p e ci all y b et w e e n 0 a n d
7 .5 s.  H o w e v er, t h e a dj a c e nt p att er n  C,  w h er e a h u m a n d o es
n ot e xist is als o si mil ar.  We q u a ntif y t h es e si mil ariti es usi n g
c o nstr ai nt d eri v ati v e d y n a mi c ti m e  w ar pi n g ( c D D T W) dist a n c e
d i, j w h er e i, j ∈ { A, B, C, D, E } s u c h t h at 0 ≤ d i, j < 1
( Ta bl e I, cf a n d a l o w er v al u e f or d i, j i n di c at es a hi g h
si mil arit y. S e c.  V- B 2).  A c c or di n gl y, f or 2 D E, d C, D = 0 .3 8
is l ess t h a n d D, E = 0 .5 .  T his b e h a vi o ur c a n b e e x pl ai n e d as
f oll o ws.  As str e a m  C c orr es p o n ds t o a h u m a n u n o c c u pi e d li n k,
a dj a c e nt t o h u m a n o c c u pi e d str e a m  D,  C is o nl y i nt erf er e d b y
D.  H o w e v er, as b ot h  D  &  E ar e o c c u pi e d b y h u m a ns, t h e y ar e
m ut u all y i nt erf er e d fr o m e a c h ot h er, c a usi n g a l o w er si mil arit y
( a n d a hi g h er dist a n c e f or d D, E ).  A g ai n, t h e s p ati al str e a ms
b e y o n d str e a m  C  wit n ess hi g h att e n u ati o n si mil ar t o t h e si n gl e
h u m a n c as es i n Fi g 3 a.

3) T hr e e p ers o ns: Fi g. 3 c c orr es p o n ds t o t h e c as e  w h er e
t hr e e h u m a ns r esi d e i n t h e dir e cti o ns of t h e s p ati al str e a ms  B,
C a n d  D ( d e n ot e d 3 B C D).  A g ai n, t h e str e a ms  B,  C a n d  D s h o w
si mil arit y i nt er mitt e ntl y i n s u bs e q u e n c es.  Es p e ci all y, str e a ms
C a n d  D s h o w t h e hi g h est si mil arit y  w hi c h is c o n fir m e d b y
d C, D = 0 .2 7 f or 3 B C D i n  Ta bl e I.

Str e a m  B i n di c at es l o w fl u ct u ati o ns u nli k e  C or  D. I n-
t er esti n gl y, str e a m  A i n di c at es a n ois e d o mi n at e d str e a m
s h o wi n g littl e t o n o i n fl u e n c e fr o m  B.  T his is als o i n di c at e d
b y d A, B = 0 .5 8 .  T his b e h a vi o ur i n di c at es t h at t h e p ers o n at

1 B 2 D E 3 B C D 4 A B C D 5 A B C D E
A- B 0. 5 8 - 0. 5 8 0. 3 8 0. 4 3
B- C 0. 2 8 - 0. 4 8 0. 4 7 0. 5
C- D - 0. 3 8 0. 2 7 0. 3 3 0. 3
D- E - 0. 5 0. 5 5 0. 4 7 0. 5

T A B L E I: Si mil arit y b et w e e n h u m a n o c c u pi e d str e a m a n d
t h e a dj a c e nt str e a m q u a nti fi e d usi n g c D D T W f or e x p eri m e nts
h a vi n g a si n gl e h u m a n (l eft t a bl e) a n d  m ulti pl e h u m a ns (ri g ht
t a bl e). 1 A, 1 B et c. i n t h e t a bl es d e n ot e t h e n u m b er of h u m a ns
i n t h e e x p eri m e nt a n d t h eir p ositi o ns.

B is n ot i n v ol v e d i n l ar g e b o d y  m o v e m e nts.  Gi v e n t h at t h e
m aj or p att er n i n  C,  D a n d  E ar e n ot l e a k e d t o  B,  w e c a n
c o nj e ct ur e t h at t h e  m ost i n fl u e nti al h u m a n  m oti o n is at  D.
T his b e h a vi or c a n b e attri b ut e d t o t h e t y p e of a cti vit y t h at t h e
p ers o n p erf or ms i n r es p e cti v e str e a ms.  As a n e x a m pl e, if a
p ers o n is i n v ol v e d i n f ull b o d y  m oti o n at str e a m  D, t h e b o d y
c a n disr u pt t h e  m ulti p at h h e a vil y c a usi n g s p ati al str e a ms  C
a n d  E t o h a v e hi g h i nt erf er e n c e fr o m  D.

4)  F o ur a n d fi v e p ers o ns: Fi g. 3 d ill ustr at es t h e c as e  w h er e
4 h u m a ns r esi d e i n s p ati al str e a ms  B,  C,  D a n d  E a n d Fi g. 3 e
ill ustr at es t h e c as e f or 5 h u m a ns i n str e a ms  A,  B,  C,  D a n d
E.  T h e tr e n ds a m o n g t h e str e a ms  w h er e h u m a ns ar e pr es e nt
ar e c o nsist e nt t o  w h at  w as o bs er v e d i n t h e t hr e e h u m a n
s u bj e cts c as e  w h er e t h er e is si mil arit y i n a dj a c e nt str e a ms
wit h l o c al dissi mil ariti es. I n t h e si n gl e h u m a n s u bj e ct c as e,
d i, j = [ 0 .1 3 , 0 .6 4] a m o n g a dj a c e nt str e a ms,  w h er e as h er e,
d i, j = [ 0 .3 , 0 .5] a m o n g  A B,  B C,  C D a n d  D E.  T his i n di c at es
t h at t h e a dj a c e nt str e a ms d o n ot h a v e dr asti c diff er e n c es  w h e n
4 or 5 h u m a ns o c c u p y t h e str e a ms.  H o w e v er, t h e fr e q u e n c y of
dissi mil ariti es i n s u bs e q u e n c es (l o c al dissi mil ariti es) b et w e e n
a dj a c e nt str e a ms t e n d t o i n cr e as e as  m or e h u m a ns o c c u p y t h e
a dj a c e nt str e a ms c o m p ar e d t o t h e c as es  wit h t w o or t hr e e h u-
m a ns.  T his c a n b e e x p e ct e d as n e ar b y str e a ms t e n d t o i nt erf er e
m or e  wit h e a c h ot h er.  W h e n  m or e h u m a ns o c c u p y a dj a c e nt
str e a ms,  m or e i nt erf er e n c e a m o n g t h e m c a n b e e x p e ct e d.

S u m m ari zi n g,  m ai n o bs er v ati o ns of t his s e cti o n ar e:

1) S p ati al str e a ms f all i nt o t hr e e c at e g ori es: a) str e a ms h a vi n g
dir e ct i n fl u e n c e fr o m a p ers o n, b) u n o c c u pi e d str e a ms



adjacent to a human occupied stream showing correlated
fluctuations, and c) streams that are unoccupied and dom-
inated by noise.

2) Presence of a person has most influence on the stream in
that person’s direction followed by both adjacent streams.

3) If two adjacent streams are occupied by two persons, both
streams can show correlated fluctuations with intermittent
discontinuities (occlusions).

4) Distortions between two streams can occur irrespective
of whether those streams are occupied by persons or not
a) amplitude offset, b) local scaling: subsequences have
different amplifications, c) complexity: subsequences have
Gaussian noise, and d) patterns are similar but inverted.

We now use these observations to develop an algorithm to
count the number of people in spatial streams.

V. HUMAN SUBJECT COUNTING

Estimation of a single person can be achieved by using a
beamscanning technique where the direction of arrival (DoA)
of that person forms a Gaussian distribution over time [26].
However, when there are more than one person, this method
fails as the DoA distributions often look like a mixture of
Gaussians due to the superposition of the responses of two
or more people. Therefore, along with the above method,
here we propose an algorithm to estimate more than one
person based on the observations in section IV. As shown
in Fig. 5 the solution is divided into three processes: i) Divide
the IQ samples from the receiver using spatial filtering. The
spatial filtering executes the functionality as mentioned in
Sec. III where it applies the steering vectors of � directions
on the IQ samples of the receiver to obtain � spatial streams.
ii) Detection of the absence of a person in a spatial stream
and discarding those streams, and iii) human count estimation
using the remaining streams.

A. Detecting vacant spatial streams

According to Sec. IV, the detection of fluctuation in a spatial
stream is not a necessary indication of the presence of a
human as interference from nearby spatial streams can also
cause fluctuations. Therefore, we filter the human-free spatial
streams by comparing the distribution of those to a Gasussian
distribution to increase confidence that no human exists in a
given stream ��. We model the distribution of human free data
traces as a Gaussian distribution based on the assumption that
streams having no influence of the human are dominated by
Gaussian noise.

To detect that no human exists in stream ��, we first
center the stream to have zero mean to remove any amplitude

Spatial
filtering

I/Q
samples

N spatial 
streams

L spatial 
streams

C
Estimate
human
count

Detect
human

absence

Fig. 5: Modularized architecture for human counting.

offsets due to LoS and apply Kullback-Leibler divergence
����� between the probability mass function (PMF) • ��� of
random variable � from amplitudes of a Gaussian distribution
modeling the human-free data traces and the PMF •���� of
stream ��.

������•��• � � �
�
�

•����log
�
• ���

•����

�
(6)

When ����� � �• such that �• is the maximum
Kullback-Leibler divergence corresponding to the Gaussian
distributed traces, we consider stream 	 to be free of a person.
Accordingly, the • � � streams that indicate a human
presence are exploited for human count estimation.

B. Human Count Estimation

To estimate the human count when more than one person
exist, from the selected • spatial streams, we utilize the
observations made in Sec. IV-B. Here, we work on the premise
that the amount of similarity of two spatial streams is an
indication of the human count. As an example, if two adjacent
streams have a high similarity, this indicates the influence
of one person, and if two streams have motions with low
similarity, this indicates the influence of two or more persons
in the direction of those two streams. First, we capture these
similarities using a distance measure and feed them to a
clustering algorithm so that the number of clusters in the
spatial streams indicate the number of people in those streams.

1) Segmentation to subsequences: We divide each spatial
stream �� into • subsequences and estimate the human count
within each subsequence • � • . As observed in Sec. IV-B, the
sequences can have dissimilarities within certain time intervals
due to occlusions. Segmentation helps to capture these effects
in a high granularity in time. Additionally, the computation
time in subsequent steps, e.g. during similarity measurement
of the subsequences, can also be reduced.

2) Measuring similarity of the spatial streams: As the
distance measure selection is domain dependant [31], we first
study the types of distortions that exist in our time series data.
We treat the spatial streams as different time series.

The types of distortions that are unique to any two streams
in our data as mentioned in Sec.IV are i) amplitude offset,
ii) local scaling, iii) occlusion, iv) complexity and v) inverted
similar patterns. From these distortions, invariance to ampli-
tude offset is achieved by z-normalization, and complexity
invariance is achieved by noise filtering. Occlusions in our case
are a desired effect, therefore, we select a distance measure
that is sensitive to occlusions in the data. Additionally, the
distance measure should be invariant to local scaling. The
most commonly used distance measure in the literature that
achieves local scaling invariance is dynamic time warping
(DTW) which allows a local non-linear alignment between the
sequences [32]. However, this may yield unnatural alignments
where a single point on one subsequence is mapped onto
a large subsection of another subsequence. Therefore, we
apply constrained derivative dynamic time warping (cDDTW)
[33]. To achieve invariance to pattern inversion, we apply
cDDTW two times for each pair of subsequences, once for



t h e ori gi n al s u bs e q u e n c e a n d a n ot h er ti m e f or t h e i n v ert e d
s u bs e q u e n c e.  T h e n,  w e o bt ai n t h e  mi ni m u m dist a n c e fr o m
t h os e t w o i nst a n c es.

I n c D D T W, t h e  D T W al g orit h m is a p pli e d t o  mi ni mi z e
t h e  w ar pi n g dist a n c e b et w e e n t h e first d eri v ati v e of t h e ti m e
s e q u e n c es.  T his  w a y, it is e asi er t o c a pt ur e t h e s h a p e- b as e d
si mil arit y b y  miti g ati n g dist orti o ns i n t h e a m plit u d e.  O n t h e
ot h er h a n d, b y c o nstr ai ni n g t h e  w ar pi n g p at h t o visit a s u bs et
of t h e c ells, a n a c c ur at e dist a n c e b et w e e n t h e s e q u e n c es c a n b e
f o u n d as t o o  m u c h fl e xi bilit y c a n r es ult i n p o or dis cri mi n ati o n
b et w e e n t h e s e q u e n c es [ 3 4].

c D D T W is s e nsiti v e t o n ois e i n t h e s p ati al str e a ms as t h e
first d eri v ati v e of e a c h ti m e s e q u e n c e is r e q uir e d, f urt h er m or e,
t h e d eri v ati v e o p er ati o n i ntr o d u c es a d diti o n al n ois e.  T h er ef or e,
w e a p pl y a 4 t h or d er  B utt er w ort h l o w p ass filt er  wit h c ut- off
fr e q u e n c y at 3 0 H z t o is ol at e t h e eff e cts of h u m a n  m oti o n b ot h
b ef or e a n d aft er a p pl yi n g t h e d eri v ati v e o p er ati o n.  We a p pl y
c D D T W a m o n g all p airs of L s p ati al str e a ms a n d o bt ai n a n
L × L dist a n c e  m atri x D

D =
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w h er e d p
i, j i s t h e c D D T W dist a n c e b et w e e n s p ati al str e a ms i

a n d j at s u bs e q u e n c e p .

3)  Cl ust eri n g a n d h u m a n c o u nt esti m ati o n: We cl ust er
s p ati al str e a ms i nt o gr o u ps c o n diti o n e d o n t h eir si mil arit y
t o e a c h ot h er. Hi er ar c hi c al a g gl o m er ati v e cl ust eri n g ( H A C)
is c h os e n as t h e cl ust eri n g al g orit h m b e c a us e of its i n h er e nt
c a p a bilit y of fi n di n g n at ur al cl ust ers  wit hi n d at a [ 3 5].  H er e  w e
f e e d t h e dist a n c e  m atri x D dir e ctl y t o t h e cl ust eri n g al g orit h m
a n d c o nstr u ct a cl ust er tr e e.  T h e n  w e e xtr a ct t h e  m e di a n
li n k a g e [ 3 6] b et w e e n e a c h cl ust er i n t h e hi er ar c h y.  M e di a n
li n k a g e  m e as ur es t h e  E u cli d e a n dist a n c e b et w e e n  w ei g ht e d
c e ntr oi ds of t w o cl ust ers.  We fi n d n at ur al cl ust ers  wit hi n t h e
s p ati al str e a ms si mil ar t o a n a p pr o a c h o n fi n di n g t h e k n e e of
a n err or c ur v e [ 3 7].  M or e s p e ci fi c all y, t h e  m e di a n li n k a g e  wit h
m a xi m u m s e p ar ati o n b et w e e n a n y t w o cl ust ers is s el e ct e d as
t h e c ut off p oi nt t o s el e ct t h e n u m b er of n at ur al cl ust ers C p f or
s u bs e q u e n c e p .  As a n e x a m pl e, Fi g. 6 a ill ustr at es a hi er ar c hi c al
tr e e str u ct ur e of fi v e s p ati al str e a ms  A,  B,  C,  D  &  E  w hil e
t hr e e h u m a ns ar e pr es e nt i n t h e dir e cti o ns of str e a ms  B,  C  &
D.  H A C c orr e ctl y i d e nti fi es t h e si mil ariti es of  A,  B a n d  D,  E
a n d gr o u ps  A  &  B i nt o cl ust er 1,  D  &  E i nt o cl ust er 2 a n d
C i nt o cl ust er 3.  As t h e dist a n c e b et w e e n li n ks 2 a n d 3 is
t h e hi g h est dist a n c e a m o n g all t h e li n ks i n Fi g 6 b, t h e c ut- off
h ei g ht li es b et w e e n li n ks 2 a n d 3  w hi c h r es ults i n 3 cl ust ers.

VI.  E X T R A C T I O N  O F I N D I V I D U A L A C T I V I T I E S

I n t his s e cti o n  w e i m pl e m e nt a n al g orit h m t o e xtr a ct t h e
a cti vit y p att er ns  w h e n  m ulti pl e p e o pl e ar e pr es e nt i n a n ar e a.
We us e  L s p ati al str e a ms c o m p ut e d f or t h e a zi m ut h a n gl es
− 9 0 ≤ θ i ≤ 9 0 wit h 1 d e gr e e r es ol uti o n.  As alr e a d y dis c uss e d
i n S e c.I V, t h es e str e a ms ar e n ot c o m pl et el y ort h o g o n al t o
e a c h ot h er a n d a cti vit y p att er ns of e a c h i n di vi d u al ar e  mi x e d
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Fi g. 6: Fi n di n g n at ur al cl ust ers fr o m a hi er ar c hi c al cl ust er
tr e e usi n g t h e  m a xi m u m  m e di a n li n k a g e a m o n g cl ust ers. ( a)
Hi er ar c hi c al cl ust er tr e e of 5 s p ati al str e a ms, ( b)  m e di a n
li n k a g e a m o n g t h e cl ust ers.
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Fi g. 7:  H u m a n c o u nt esti m ati o n pr o c ess  wit hi n a s u bs e q u e n c e.

i n diff er e nt pr o p orti o ns d e p e n di n g o n t h e p ositi o ns of t h e
p ers o ns.  T h er ef or e,  w e us e a bli n d s o ur c e s e p ar ati o n a p pr o a c h
t o e xtr a ct t h es e a cti viti es.

I n t h e lit er at ur e, diff er e nt t y p es of bli n d s o ur c e s e p ar ati o n
al g orit h ms e xist  wit h i n d e p e n d e nt c o m p o n e nt a n al ysis (I C A)
b ei n g  m ost p o p ul ar [ 3 8].  T h es e al g orit h ms tr y t o e x pl oit
c ert ai n st atisti c al pr o p erti es or t e m p or al str u ct ur es of t h e l at e nt
s o ur c es.  H er e,  w e c a n n ot ass u m e t h at t h e l at e nt s o ur c es, i. e, t h e
si g n al p ert ur b ati o ns c a us e d b y h u m a n a cti viti es, h a v e a c ert ai n
t e m p or al str u ct ur e d u e t o t h e c o m pl e xit y of h u m a n b e h a vi o ur.
T h er ef or e,  w e us e a v ari a nt of I C A, t h e j oi nt a p pr o xi m at e di-
a g o n aliz ati o n of ei g e n- m atri c es (J A D E) al g orit h m [ 3 9]  w hi c h
ass u m es t h at t h e l at e nt s o ur c es ar e n o n- G a ussi a n.  We o bs er v e d
i n S e c I V h o w t h e s p ati al str e a ms i m p a ct e d b y a p ers o n l ost
t h e n ois y  G a ussi a n str u ct ur e,  w hi c h  m oti v at e d t h e us e of t his
a p pr o a c h. I n J A D E, t h e s p ati al str e a ms ar e tr a nsf or m e d t o t h e
l at e nt s o ur c e si g n als b y e x pl oiti n g f o urt h or d er  m o m e nts of
t h e s p ati al str e a ms  w hi c h is a  m e as ur e of  G a ussi a nit y a n d
i n d e p e n d e n c e of t h e s o ur c es.

O n e iss u e  wit h J A D E is t h at t h e n u m b er of  mi xt ur es s h o ul d
b e e q u al t o t h e n u m b er of s o ur c es, i. e,  w e s h o ul d h a v e a n
esti m at e of t h e p e o pl e c o u nt, a n d t h e di m e nsi o ns of t h e s p ati al
str e a ms s h o ul d b e r e d u c e d fr o m L t o t h e p e o pl e c o u nt.  As a
s ol uti o n,  w e us e pri n ci p al c o m p o n e nt a n al ysis ( P C A) [ 4 0] t o
r e d u c e t h e di m e nsi o ns of t h e s p ati al str e a ms a n d  w hit e n t h e
d at a b ef or e a p pl yi n g J A D E.

VII. I M P L E M E N T A T I O N

A. Test b e d  D es cri pti o n

T h e  m e as ur e m e nts  w er e o bt ai n e d usi n g o ur s oft w ar e-
d e fi n e d r a di o pl atf or m [ 4 1].  T h e s yst e m us e d i n t h es e  m e as ur e-
m e nts h as t w o p arts: a r e c ei v er a n d a tr a ns mitt er.  T h e tr a ns mit-
t er is c o m pris e d of a h ost c o m p ut er r u n ni n g  U b u nt u 1 6. 0 4 a n d
a  U ni v ers al S oft w ar e  R a di o P eri p h er al ( U S R P)  X 3 0 0 s eri es



TABLE II: Main parameters of the testbed.

Center
frequency BW Useful

subcarriers Samples/s Antennas

3:42 GHz 15:36 MHz 52 5408 1� 4
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Fig. 8: (a) Experiment Environment (semi-anechoic chamber)
of the second campaign. (b) Measurement setup for steering
vector calculation for 12 directions e.g. steering vector of the
direction of location 4 is estimated by placing the TX at 4 and
getting IQ samples when no human is present. (c) 5 people
performing in-place activities in the experiment environment.

with UBX-160 and SBX RF-daughterboards as the radio front-
ends. The receiver was comprised of three USRPs, of which
two served to collect the signal from the other high-level node
(= transmitter). The third device is the reference USRP. It
operates by synchronizing over the air with the primary two
USRPs and then transmitting a reference signal to calibrate
the starting offset between them. A four element ULA with
�
2 inter-element spacing was connected to the data collection
USRPs. Dipoles were used as array elements.

Phase coherence between the two receive USRPs was
accomplished using a clock distribution system. It provides
both a pulse-per-second signal and a 10 MHz reference signal
to discipline the local oscillators of the USRPs. A reference
transmitter was however also necessary due to the effects
reported in [41]: inter-device random phase offset at start-
up and component variable in each RF chain. Additionally,
the presence of the reference transmitter helps ensure that
phase coherence, and therefore beamforming performance, is
maintained throughtout the measurements.

Table II summarises the main parameters used in our
testbed. The air-interface configuration utilised was an OFDM
frame structure at a carrier frequency of 3.42 GHz. The total
bandwidth of the system was 15.36 MHz with 52 useful
subcarriers yielding a useful bandwidth of 12.48 MHz. Each
USRP stream IQ samples at a rate of 16.66 megasamples per
second. The time domain subdivides into subframes of 3082
samples in length, yielding approximately 5408 subframes per
second. This rate is essentially the sampling rate of the IQ
samples used as input to the spatial filtering module.

B. Experiment Setup

We performed experiments in two measurement campaigns.

CAMPAIGN-I. We used the experiment setup in Fig. 2 detailed
in Sec. IV-A. Even though the experiment area is an anechoic

chamber, ground reflections are still possible as the ground
was not insulated with radio wave absorbents. Therefore, it is
essentially a semi-anechoic chamber. Table III shows the num-
ber of persons that participated in each experiment and their
position (A,B,C,D or E) in the room. The maximum number of
participants in any given experiment in this campaign did not
exceed 5. The distance between any two participants in this
campaign belongs in the interval [0:5 m; 2 m]. We collected
measurements for 26 types of experiments, each lasting for
7:5 s and each experiment was repeated again to collect a
total of 52 measurements. Experiments with indices 1-22 were
in-place random activities while in experiments 23-26, the
participants were walking in the experiment area.

CAMPAIGN-II. For this 2nd campaign, we used the experi-
ment setup in Fig. 8a with following settings. Number of RX
antennas: 4, the number of TX antennas: 1, antenna heights
from ground: RX 0:89 m, TX 0:85 m, room size: 5:6 m
� 4 m � 2:184 m. Locations marked 1 � 12 are to be

occupied by humans. We increased the number of positions
in the room which humans can potentially occupy to 12.
The steering vectors for the directions were also computed
as described in Sec III. Table III illustrates the number of
persons that participated in each experiment in this campaign
and their position (this time 1�12) in the room. The distance
between any two participants in this campaign belongs in the
interval [0:8 m; 4 m]. Here, we collected measurements for 36
types of experiments each lasting for 7:5 s. Experiments with
indices 1-24 and 33-36 were repeated again and experiments
having the indices 25-32 were only performed once. Therefore
the total number of experiments were 64 in this campaign.
Experiments with indices 1-22 were in-place activities where
the participants remained in a 0:8 m � 0:8 m square they
were assigned to as shown in Fig. 8a. In experiments 23-24,
the participants were circling the experiment area, walking
through all the positions marked in the figure. The maximum
amount of participants for any given experiment was 6. The
types of in-place activities that were performed by the partic-
ipants include squatting, walking inside the assigned square,
standing, jumping, crawling and hand gestures.

Parameter Selection. As our test-bed provides samples at
5408 samples/s, we downsample them to 360 samples/s. The
main motivation for selecting this sampling rate is to reduce
the computational time in the cDDTW algorithm. Therefore,
each experiment lasting for 7:5 s produces 2700 samples
at 360 Hz. As mentioned in Sec. V-B1, these samples are
divided into P = 13 subsequences having a length of
ls = 267 samples and each subsequence has an overlap
of lo = 67 samples with the neighbouring subsequence.
ls and lo are empirically identified to minimize the human
count error by varying ls = f200; 267; 334g samples and
l0 = f67; 134; 201g samples. The human count error is
measured by finding the absolute difference between estimated
human count ( ~Hc) and the ground truth human count Hc.



T A B L E III:  E x p eri m e nt p ar a m et ers of t h e t w o  m e as ur e m e nt c a m p ai g ns.  E x p eri m e nt i n d e x, t h e p ositi o n of e a c h p ers o n i n t h e
e n vir o n m e nt a n d t h e n u m b er of p arti ci p a nts i n e a c h e x p eri m e nt ar e ill ustr at e d h er e.
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T A B L E I V: P e o pl e c o u nti n g c o nf usi o n  m atri c es.  A ct u al vs
Esti m at e d c o u nt (l eft) a n d  A ct u al ( %) vs  Esti m at e d ( %) (ri g ht)

VIII.  P E R F O R M A N C E E V A L U A T I O N

A.  Pe o pl e  C o u nti n g  C o nf usi o n  M atri x

We e v al u at e t h e p erf or m a n c e of t h e pr o p os e d tr ai ni n g-fr e e
h u m a n c o u nti n g al g orit h m usi n g t w o d at a s ets  C A M P A I G N -I
a n d  C A M P A I G N -II b y c o m p ari n g t h e a ct u al h u m a n c o u nt H c

a g ai nst esti m at e d ˜H c .  Ta bl e I V s h o ws t h e c o nf usi o n  m atri x f or
b ot h c a m p ai g ns  w h er e t h e  m a xi m u m n u m b er of p arti ci p a nts
w as 6 , a n d t h e t ot al n u m b er of  m e as ur e m e nts  w as 1 1 6 .  W h e n
t h e a ct u al h u m a n c o u nt, H c , is b et w e e n 0 − 4 , t h e al g orit h m
esti m at es it  w ell u p t o o n e p ers o n err or  w h er e 0- 1: 1 0 0 %,
2: 9 9 %, 3: 1 0 0 % a n d 4: 8 4 %.  W h e n H c e x c e e ds  m or e t h a n
4 h u m a ns, t h e al g orit h m u n d er esti m at es t h e c o u nt  wit hi n
1 − 3 h u m a ns  wit h a c c ur a ci es of 5: 4 3 % a n d 6: 5 0 %  wit hi n
o n e p ers o n err or.  A c c ur a c y d e gr a d ati o n  w h e n t h e n u m b er
of h u m a ns i n cr e as e c a n b e e x pl ai n e d as f oll o ws. F or t h e
e x p eri m e nts, o nl y a 4 a nt e n n a  U L A is us e d at t h e r e c ei v er a n d
t h e  mi ni m u m dist a n c e b et w e e n t w o n e ar b y h u m a n s u bj e cts
is o nl y 0 .8 m i n a 2 2 .4 m 2 r o o m. I n t h e c urr e nt s et u p, t h e
a dj a c e nt s p ati al str e a ms e x p eri e n c e  m ut u al i nt erf er e n c e. It is
w ell k n o w n t h at, as t h e n u m b er of a nt e n n a el e m e nts i n cr e as e
i n t h e li n e ar arr a y, t h e b e a m wi dt h c a n f urt h er b e r e d u c e d
s o t h at t h e i nt erf er e n c e o n a dj a c e nt s p ati al str e a ms c a n b e
f urt h er att e n u at e d.  We als o n ot e t h at  w h e n H c = 0 , i n b ot h
c a m p ai g ns, t h e h u m a n c o u nt is esti m at e d c orr e ctl y i n 1 0 0 %
of t h e c as es.  T his is d u e t o t h e f a ct t h at t h e h u m a n v a c a n c y
d et e cti o n al g orit h m i n S e c  V- A disti n g uis h es h u m a n o c c u pi e d
str e a ms fr o m t h e u n o c c u pi e d a c c ur at el y.

B.  A c c ur a c y vs t h e  N u m b er of  A nt e n n as

T h e us e of  m ulti pl e a nt e n n as e n a bl es b e a m st e eri n g i n
diff er e nt dir e cti o ns.  D uri n g t h e e x p eri m e nts  w e us e d u p t o 4
a nt e n n as t o st e er t h e b e a ms.  H er e  w e a n al ys e t h e i n fl u e n c e of
t h e n u m b er of a nt e n n as o n t h e p erf or m a n c e of p e o pl e c o u nti n g
b y r e d u ci n g t h e n u m b er of a nt e n n as f or t h e s a m e d at a s et e. g.
b e a mst e eri n g b y usi n g 3, 2 or 1  U L As.  As b e a mst e eri n g is
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Fi g. 1 0:  C o m p aris o n of t h e c u m ul ati v e err or of Fr e e C o u nt vs
o ur  w or k.

d o n e of fli n e, t h e eff e ct of  U L A si z e c a n b e e v al u at e d f or t h e
s a m e d at a s et.

Fi g. 9 a ill ustr at es t h e c u m ul ati v e h u m a n c o u nt esti m ati o n
err or of b ot h  C A M P A I G N -I a n d  C A M P A I G N -II a g ai nst t h e
i n cr e asi n g or d er of a ct u al h u m a n c o u nt H c .  As e x p e ct e d,
4 a nt e n n as pr o vi d e t h e l o w est c u m ul ati v e err or o v er all e x-
p eri m e nts.  C o m p ar ati v el y, 3 a nt e n n as pr o vi d e a l o w er err or
c o m p ar e d t o 2 a n d 1 a nt e n n as.  T h e diff er e n c e b et w e e n t h e
c u m ul ati v e err or of 1  & 2 a nt e n n as c o m p ar e d t o 3  & 4
a nt e n n as b e gi n t o  wi d e n fr o m H c ≥ 3 .  W h er e as, t h e diff er e n c e
b et w e e n t h e c u m ul ati v e err ors of 3 a n d 4 a nt e n n as  wi d e n fr o m
H c ≥ 5 .  T his pr o vi d es a n esti m at e o n  w h e n t h e s yst e m st arts
t o br e a k i n t er ms of esti m ati n g t h e h u m a n c o u nt  w h e n diff er e nt
n u m b er of a nt e n n as ar e us e d.

C.  A c c ur a c y vs  Dis p ersi o n i n t h e  D at a

We a n al ys e h o w t h e a m o u nt of dis p ersi o n i n t h e  m e as ur e-
m e nts aff e cts t h e h u m a n c o u nt a c c ur a c y. Fi g. 9 b ill ustr at es t h e
r el ati o ns hi p of a bs ol ut e err or |H c − ˜H c | a n d dis p ersi o n f or all
e x p eri m e nts i n  C A M P A I G N -II.  We us e st a n d ar d d e vi ati o n as
t h e  m e as ur e of dis p ersi o n a n d a p pl y t h e st a n d ar d d e vi ati o n o n
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Fi g. 1 1:  R e c o v eri n g a cti vit y p att er ns of a p ers o n t hr o u g h bli n d s o ur c e s e p ar ati o n, ( a)  mi x e d p att er ns, ( b) r e c o v er e d p att er ns
w h e n ˜H c = H c a n d ( c) p att er n r e c o v er y at ˜H c = 1 , 2 , 3 , or 4 w h e n H c = 2 (t o p), H c = 2 ( mi d dl e) a n d H c = 3 ( b ott o m).

R (θ m ) ( w e d o n ot a p pl y s p ati al filt eri n g h er e).  As e x p e ct e d,
t h e st a n d ar d d e vi ati o n is l o w est  w h e n H c = 0 .  E v e n t h o u g h
m a x (|H c − ˜H c |) = 3 o c c urs  w h e n H c = 4 , 5 or 6 , t h e st a n d ar d
d e vi ati o n is < 0 .1 i n 4 o ut of 5 o c c asi o ns.  T h e  m a xi m u m
st a n d ar d d e vi ati o n o c c urs at H c = 2 w hi c h hi g hli g hts t h e
f a ct t h at o ur al g orit h m p erf or ms irr es p e cti v e of t h e a m o u nt of
dis p ersi o n i n t h e d at a.

D.  C o m p aris o n  wit h t h e St at e of t h e  Art

We c o m p ar e t h e p erf or m a n c e of o ur h u m a n c o u nt esti m ati o n
wit h a n esti m ati o n of h u m a n c o u nt vi a t h e t h e st atisti c al
f e at ur es utili z e d b y Fr e e C o u nt [ 3], a st at e of t h e art cr o w d
c o u nti n g al g orit h m f or  C A M P A I G N -II.  T h e f e at ur es  w e e x-
tr a ct e d fr o m t h e c orr el ati o n a m plit u d es (|R (θ m ) |) at  E q. 3
( w e d o n ot a p pl y s p ati al filt eri n g h er e) ar e  m e a n,  mi n,  m a x,
st a n d ar d d e vi ati o n,  m e di a n, e ntr o p y, 1 st , 2 n d , 3 r d a n d 4 t h or d er
m o m e nts.  T h e f e at ur es ar e e xtr a ct e d fr o m 6 4 e x p eri m e nts i n
C A M P A I G N -II.  As e a c h e x p eri m e nt ( e x c e pt t h e e x p eri m e nts
i n d e x e d 2 5- 3 2 ) is r e p e at e d o n c e,  w e us e t h e ori gi n al s et as
t h e tr ai ni n g s et a n d t h e r e p e at e d s et as t h e t esti n g s et i n a
m ulti cl ass cl assi fi c ati o n i m pl e m e nt ati o n.

Fi g. 1 0 c o m p ar es t h e p erf or m a n c e of o ur  w or k a g ai nst
Fr e e C o u nt.  We pl ot t h e c u m ul ati v e a bs ol ut e err or ( y a xis)
a g ai nst t h e h u m a n c o u nt ( H c ) ( x a xis) i n 3 2 e x p eri m e nts.
As d e pi ct e d,  w h e n H c = 0 , b ot h a p pr o a c h es esti m at e t h e
h u m a n c o u nt a c c ur at el y.  H o w e v er, as H c i n cr e as es fr o m 1
t o 3  w e b e gi n t o s e e t h e g a p b et w e e n t h e c ur v es  wi d e ni n g.
W h e n H c > 4 , t h e g a p f urt h er  wi d e ns r es ulti n g i n a  m a xi m u m
c u m ul ati v e err or diff er e n c e of 1 2.  T his i n di c at es t h e r o b ust n ess
of o ur al g orit h m as t h e h u m a n c o u nt i n cr e as es c o m p ar e d t o
Fr e e C o u nt.  We als o n ot e t h at Fr e e C o u nt us es a s u p er vis e d
l e ar ni n g a p pr o a c h  w h er e as  w e us e n o n-s u p er vis e d l e ar ni n g
f or h u m a n c o u nt esti m ati o n  w hi c h c a n b e c o nsi d er e d as a
c o m p etiti v e a d v a nt a g e of o ur a p pr o a c h.

E.  D e vi c e-fr e e  A cti vit y  E xtr a cti o n

I n t his s e cti o n,  w e e v al u at e t h e p erf or m a n c e of o ur a p pr o a c h
t o e xtr a ct a cti viti es.  We us e t hr e e p ositi o n c o n fi g ur ati o ns i n
C a m p ai g n II  wit h i n cr e asi n g dif fi c ult y. I n  E x p.  A, t w o p ers o ns
ar e pr es e nt at l o c ati o ns 2 a n d 1 0.  T h e p ers o n at p ositi o n
2, p erf or ms a p us h- p ull h a n d g est ur e  wit h 7 r e p etiti o ns a n d
t h e p ers o n at 1 0 p erf or ms s q u atti n g. I n  E x p.  B, t w o p ers o ns
ar e pl a c e d at 2 a n d 5.  T h e p ers o n at 2 p erf or ms g est ur es
wit h 7 r e p etiti o ns a n d t h e p ers o n at 5 cr a wls i n t h e ar e a

c o nti n u o usl y. I n  E x p.  C, t hr e e p ers o ns ar e pr es e nt at l o c ati o ns
2, 3 a n d 4.  T h e p ers o n at 2 p erf or ms j u m pi n g, t h e p ers o n
at 3 p erf or ms s q u atti n g a n d t h e p ers o n at 4 p erf or ms t h e
g est ur e  wit h 7 r e p etiti o ns. Fi g. 1 1 a ill ustr at es t h e a m plit u d e
fl u ct u ati o ns d et e ct e d fr o m a si n gl e a nt e n n a (si n gl e a nt e n n a is
s h o w n f or s p a c e li mit ati o ns) f or t h e t hr e e e x p eri m e nts ( E x p.  A:
t o p,  E x p.  B:  mi d dl e a n d  E x p.  C: b ott o m). Fi g. 1 1 b ill ustr at es
t h e e xtr a ct e d g est ur es fr o m t h e t hr e e e x p eri m e nts hi g hli g ht e d
i n t h e gr e y ar e a.  T h e 7 g est ur es fr o m  E x p.  A ar e cl e arl y
d et e ct e d i n t h e t o p fi g ur e  wit h all 7 of t h e m h a vi n g t h e s a m e
p att er n. Fr o m  E x p.  B, 6 o ut of t h e 7 g est ur es c a n b e e xtr a ct e d
as s h o w n i n t h e  mi d dl e pl ot. Fr o m  E x p.  C, a g ai n t h e 7 p att er ns
c a n b e o bs er v e d. Fr o m t h e t hr e e e x p eri m e nt s et u ps,  E x p.  A
g est ur es ar e t h e  m ost c o nsist e nt,  w hil e  E x p.  B g est ur e p att er ns
h a v e t h e  m ost i n c o nsist e n ci es.  E x p.  C g est ur es c a n als o b e
i d e nti fi e d b ut n ot as cl e arl y as i n  E x p.  A.  H er e  w e c o nj e ct ur e
t h at,  E x p.  B g est ur es h a v e b e e n dif fi c ult t o e xtr a ct b e c a us e
t h e ot h er p ers o n is p erf or mi n g c o nti n u o us a cti viti es. If t h e
c orr es p o n di n g r a w a m plit u d es ar e a n al y z e d fr o m Fi g. 1 1 a,  w e
c a n o bs er v e t h at t h os e ar e  m ostl y hi g h fr e q u e n c y  m oti o n ( e. g.
1 .8 7 5 s - 3 .7 5 s a n d 9 .3 7 5 s - 1 1 .2 5 s s h o w r a pi d fl u ct u ati o ns )
c o m p ar e d t o t h e ot h er t w o e x p eri m e nts. Fi n all y, Fi g 1 1 c s h o ws
t h e eff e ct o n t h e e xtr a ct e d p att er ns  w h e n t h e ˜H c h as a n err or.
H er e t h e p att er ns ar e e xtr a ct e d b y v ar yi n g t h e esti m at e d c o u nt
u p t o ˜H c = [ 1 , 3] i n t o p a n d  mi d dl e fi g ur es  w hil e it is v ari e d
till ˜H c = [ 1 , 4] i n t h e b ott o m fi g ur e.  H o w e v er, t h e r es ults
d o n ot s h o w si g ni fi c a nt d e vi ati o n fr o m t h e c orr e ct p att er n at
H c = ˜H c w h e n ˜H c i s v ari e d.

I X.  D I S C U S S I O N

T h e pr o p os e d h u m a n c o u nti n g a n d a cti vit y r e c o g niti o n
s ol uti o n r eli es o n t h e b e a mst e eri n g c a p a biliti es of t h e r e c ei v er
w hi c h r eli es o n a c c ur at e st e eri n g v e ct or c al c ul ati o n.  E v e n
t h o u g h, n e w  wir el ess st a n d ar ds s u c h as I E E E 8 0 2. 1 1 a c, a x a n d
5 G s u p p ort s u c h c a p a biliti es, c urr e ntl y t h er e is n o c o m m o dit y
h ar d w ar e t h at c a n b e utili z e d f or o ur p ur p os e, t h us,  w e us e
U S R P h ar d w ar e.  Wit h t h e c urr e nt e x p a nsi o n of r es e ar c h o n
d e vi c e-fr e e h u m a n s e nsi n g,  w e e x p e ct c hi ps et  m a n uf a ct ur ers
t o e x p os e s u c h c a p a biliti es i n a  wi d e r a n g e of pr o d u cts.

T h e e x p eri m e nts  w er e c o n d u ct e d  wit h pr ot ot y p e r a di o
e q ui p m e nt i n a c o ntr oll e d l a b e n vir o n m e nt.  U p t o 6 p e o pl e
w er e diff er e ntl y p ositi o n e d i n t h e s a m e r o o m ( b ut i n pr e d e fi n e d
s p ots f or  w hi c h a nt e n n as h a v e b e e n c ali br at e d).  W h e n t his
is r e ali z e d i n r e al e n vir o n m e nts, t h e  m ai n f a ct ors d e gr a di n g



the accuracy would be the multipath effects and coverage
problems. We also note that the accuracy of our crowd count-
ing technique degraded when the number of human subjects
exceeded four. As the receiver ULA size has a correlation with
people counting accuracy, we will, in further investigations,
study settings with 8 and 16 antennas in order to increase the
directional resolution and the count of people. If two persons
happen to be in a straight line, e.g. in direct line of sight of TX
and RX, in the current configuration, the system detects them
as a single person. We note that this type of situations can
be mitigated by using spatially separated multiple receivers.
Another limitation is that the human count is estimated based
on the motion of people. If a person is completely static, this
could imply that the respective stream is vacant. This can be
solved by using respiration detection techniques.

X. CONCLUSION

We have reported on a device-free multiple human subject
recognition approach exploiting limited antenna, narrowband
reception devices using beamsteering capabilities. Leveraging
observations from practical experiments, we develop methods
to count people and extract individual activities in an ad-hoc
manner. The people counting approach has been compared
to a state-of the art algorithm on the same dataset and
clearly outperforms the prior approach. This, in particular, is
because our approach is less susceptible to interference due to
movements from spatially distributed multiple subjects in the
environment. Finally, we could demonstrate that the extraction
of activity patterns is possible through blind source separation.
The data we recorded in our study is openly available to ease
comparison of future algorithms with our approach.
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