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Abstract— We investigate the problem of large-scale crowd
size classification with a Wi-Fi-based passive radar for
crowds of up to 100 people, with classes corresponding
to intervals of numbers of people. A Convolutional Neural
Network (CNN) operating on radar range-Doppler maps
(RDMs) is used as a classification algorithm. We propose a
crowd simulator based on the method of moments (MoM) in
electromagnetics able to generate representative RDMs for
large crowds. We show that these MoM simulation data can
be used to design the classification algorithms and tune
their hyperparameters. We also investigate the limitations
of the MoM simulation data in training the classification al-
gorithms for subsequent application on experimental data.
Crowd size classification is performed with high accuracy
on real-life experimental measurements of a crowd with
up to 100 people, obtained by channel estimation with
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802.11ax-compliant High-Efficiency Long Training Fields transmitted by a Wi-Fi-based passive radar setup featuring two

Universal Software Radio Peripherals X310.
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[. INTRODUCTION
A. Radio frequency-based crowd monitoring

Crowd monitoring is critical for public space and events su-
pervision, to avoid overcrowding leading to deadly accidents.
A central point in crowd monitoring is the ability to count in
real-time the number of people in the crowd. This allows the
security staff to know when the number of people is reaching
critical thresholds and to react accordingly.

Various crowd monitoring methods have been developed,
usually split into vision and non-vision-based methods [1].
Among non-vision-based methods, our research group has
developed a MAC address fingerprinting based on Wi-Fi
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probe requests sniffing [2]. On the other hand, due to the
quasi-ubiquitous availability of wireless signals of opportunity,
Radio Frequency-based crowd monitoring is the subject of
increasing interest. Metrics of the wireless channel correspond-
ing to the scene to monitor can be exploited to derive features
that are fed to a counting or size classification algorithm.
Long-Term Evolution (LTE) Reference Signal Received Power
(RSRP) values can be collected, and their high-order statistical
moments can be exploited as counting features, for example in
a k-nearest neighbour classifier with up to 5 people [3]. The
Received Signal Strength (RSS) from a Wi-Fi access point
can be used in a Renewal Process framework to derive the
corresponding number of people in the scene with up to 20
people [4].

With the ongoing work of the 802.11 Task Group for
WLAN sensing [5], a radar approach is also envisioned for
people counting and crowd size classification. Wi-Fi signals of
opportunity can be processed in various ways to obtain range
and Doppler information, from which counting features can
be extracted and fed to a classifier performing the counting
or size classification task. In [6], the Doppler spectrogram
is derived from Cross-Ambiguity Function processing, and
derived features are given as input to a Support Vector
Machine (SVM). Range-Doppler maps (RDMs) can also be
the starting point for counting or crowd size classification. In
[7], RDMs and Doppler spectrograms are given as input to
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convolutional neural networks (CNNs) for counting, but with
a limited number of 4 people. In [8], features are computed via
a Principal Component Analysis (PCA) followed by a Discrete
Wavelet Transform on the Channel State Information matrix
over multiple transmitter (TX) and receiver (RX) antenna
pairs, and fed to a Long Short-Term Memory network followed
by a CNN. However, the number of people is also limited
to 5. Additionally, these works are based on old 802.11
standards with a limited bandwidth of 20 MHz and 40 MHz.
These bandwidths yield a poor sampling time, hindering the
propagation delay estimation from the signal echoes bouncing
off people, hence preventing the range information from being
used for counting.

In summary, most of the previously mentioned works dealt
with less than 10 people. To the best of the authors’ knowl-
edge, the largest crowd handled with Wi-Fi-based passive radar
approaches is the 20-people crowd from [4] with the limited
802.11g Wi-Fi standard.

B. Need for a crowd simulator

Furthermore, the algorithms and their parameters in the
previously mentioned works are tested and adjusted using
experimental data only. This requires considerable time and
effort to install the measurement setup and to collect enough
data points to be able to consistently test various algorithms
and hyperparameter sets. Moreover, it is difficult to gather
large numbers of people in consistent and reproducible exper-
imental scenarios. Finally, proper positioning of the transmitter
and receiver is also required, and investigating this problem is
much easier by simulation. Consequently, a crowd simulator
for Wi-Fi-based passive radars would be useful to reduce the
effort put into measurements.

The authors of [9] developed a multistatic radar simulation
environment with uniformly distributed targets to generate
channel impulse responses on which counting algorithms can
be trained. Nonetheless, it resorts to a geometry-based single-
bounce channel model with simple path loss, hence consider-
ing point targets and neglecting electromagnetic interactions
between targets. The modelling could thus be improved to
integrate the scattering of an incident electromagnetic field on
real bodies, to avoid point targets and to consider interactions
between targets. The human body can be modelled by an
infinite lossy dielectric cylinder [10] to derive a channel model
using the two-dimensional Method of Moments (MoM). The
Radar Cross Section (RCS) is also computed with various
methods on complex shapes in [11]. However, the model has to
be scaled to a crowd of people. There is little available research
on scattering by multiple arbitrary dielectric bodies: it mostly
uses analytical frameworks and focuses on propagation among
trees. They can be modelled as finite dielectric cylinders, with
randomly placed cylindrical branches and disk-shaped leaves
[12], and the scattered electric field can be derived analytically
by means of Foldy-Lax’s multiple scattering theory [13], [14].
Scattering between trees is also investigated using the infinite
cylinder approximation (ICA) [15].

Combining those various approaches, our previous work
aimed at extending the knowledge about multiple human bod-
ies interactions by using the MoM [16] with bodies modelled
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Fig. 1. Proposed crowd classes. People are represented by blue disks.

as dielectric cylindrical shells whose thickness is equal to the
electromagnetic skin depth derived from the complex relative
permittivity of the human body. Based on this work, our
next step [17] was to propose a crowd simulation framework
based on the two-dimensional MoM applicable to Wi-Fi-based
sensing purposes and to use it to generate channel impulse
responses and Doppler profiles. Those MoM profiles were used
to train an SVM classifier, which was then applied to real-life
experimental measurements with up to 40 people, divided into
classes based on the number of people.

C. Crowd scenario and classes

From the above discussion, let us now define the crowd
scenario to investigate in the rest of this paper. We consider
mass events such as concerts or outdoor gatherings, where
people join the gathering progressively.

When dealing with large-scale crowd monitoring in an
event, precise counting and localisation of each person in the
crowd is not required for the people monitoring the event.
Instead, a few categories corresponding to intervals of numbers
of people should be considered. Indeed, in a mass event,
danger occurs when the number of people over a given area
crosses a certain threshold. Therefore, the basic version of
a crowd monitoring scheme would be a binary classification
between a small crowd and a large crowd. It is interesting to
refine this information by adding an intermediate class, ending
up with a 3-class view: low, medium, and high attendance.
This is the classification design chosen here. Moreover, it was
noted that the crowd spatial configuration, i.e. the pattern of
people’s position in the crowd, evolves during the event and
that it could be linked to each class. The three classes are
defined as follows:

e Class 1 - Low attendance: the first class represents a
situation where only a few people are passing by at the
beginning of the event. Spatially, the people are mainly
spread around the event area.

e Class 2 - Medium attendance: the second class repre-
sents an intermediate state where the number of people
has increased. Spatially, people discuss with each other
in small groups, i.e. they form spatial clusters.

o Class 3 - High attendance: the third and last class
represents the state where the event attendance is in-
creasing quickly and reaches a high number of people.
Spatially, the event reaches its final structure, with people
all gathered in a central zone to attend a show, i.e. in one
large cluster.

An illustration of the classes is presented schematically in
Fig. 1. This class division framework allows one to have clear
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information about what is happening in the crowd, and can be
generalised to different crowd scales, i.e. different maximal
numbers of people and different area sizes.

D. Contributions

Based on the state-of-the-art and the scenario presented
above, our main contribution in this paper is to demonstrate
experimentally that a Wi-Fi-based passive radar using pream-
bles from the recent 802.11ax standard is able to perform large
crowd size classification considering gatherings of up to 100
people. Our passive radar leverages the increased bandwidth
from the recent 802.11ax standard for a finer range resolution
and reaches more than 85% classification accuracy using a
reference classifier (here a CNN). It is meant to be a proof of
concept of the capabilities of 802.11ax-based passive radars
for crowd monitoring. Achieving this goal also relies on the
following supporting contributions to obtain simulated and
experimental data:

o We are the first to propose a MoM-based crowd simu-
lator allowing the generation of RDMs for large-scale
crowds. This is much more computationally intensive
than generating decoupled range and Doppler profiles like
in [17], and is achieved through a thorough computational
optimisation compared to [17]. This simulator is suited
to generate synthetic data for Wi-Fi-based passive radar
crowd size classification. We show that the classification
algorithm hyperparameters can be tuned using MoM
simulation data.

« We tackle the challenging task of collecting a set of
1140 measurements, i.e. 1140 RDMs, at a real event
with up to 100 people, using a Wi-Fi-based passive radar
setup featuring two Universal Software Radio Periph-
erals X310 and transmitting 802.11ax-compliant High-
Efficiency Long Training Fields. These measurements are
used to train, validate, and test the crowd size classifier.
We also analyse the limits of simulation-only training for
subsequent application on experimental data, yet showing
the relevance of this approach in a simplified case.

E. Paper structure

The rest of this article is structured as follows: In Section II,
the system model and radar processing framework to obtain
RDMs are described. In Section III, our Wi-Fi-based passive
radar experimental setup is presented, along with a description
of the outdoor gathering that was analysed to collect real-
life measurements of a crowd. In Section IV, the Method
of Moments is developed for the simulation counterpart of
the crowd scenario. In Section V, we detail the algorithm
performing the crowd size classification task based on the
simulated and measured data. The algorithm hyperparameters
tuning procedure is also explained, along with the algorithm
training approaches. Finally, Section VI presents the hyper-
parameters tuning results and the classification results on
simulation data and real-life crowd measurements. Section VII
concludes this article. Throughout this paper, bold notations
refer to vectors or matrices (e.g. X), and bold notations with a

tilde refer to tensors (e.g. 3(/). The " symbol refers to estimated
quantities (e.g. ), and the ' symbol indicates measurements-
related quantities (e.g. ).

Il. RADAR PROCESSING
A. Signal model

To monitor the crowd, we consider a continuous
stream of 802.11ax-compliant High Efficiency-Long Training
Fields (HE-LTF) Orthogonal Frequency-Division Multiplexing
(OFDM) symbols, transmitted from TX [18]. Considering a
signal bandwidth B, the () OFDM subcarriers are indexed
with ¢ = —Q/2,...,Q/2 — 1 corresponding to a frequency
fq=fc+¢B/Q with f, the carrier frequency. In the time
domain, each HE-LTF contains ) + L., samples, where L.,
is the Cyclic Prefix length. Each HE-LTF is sampled with
a sampling time Ty = 1/B, also denoted as fast time, and
indexed with ¢ = 0, ..., @—1. The time between the reception
of two HE-LTFs is T = (Q + Lgp)Ts, also known as the
slow time. It is indexed with an index Kk = 0,...,N — 1,
corresponding to slow time instants ¢, = k7.

The OFDM signals are received at RX after scattering on
people. The echoes from scattering are embedded in a Channel
Transfer Function (CTF) in the frequency domain, at each slow
time instant ¢;. With one antenna at TX and at RX, it can be
expressed with a matrix H whose elements are H[q, k] !.

B. Range-Doppler Map

At RX, the CTF at each slow time instant can be estimated
through an element-wise division of the received signal and the
known transmitted signal (HE-LTF) in the frequency domain.
This is a so-called frequency domain least-squares channel
estimation [19] yielding an estimate H of H. The Channel
Impulse Responses (CIRs) at all slow time instants ¢, also
called range profiles, can be obtained through an Inverse Fast
Fourier Transform (IFFT) along the first dimension of H. This
yields a matrix h with elements fz[i, k], called the range-slow
time map. Each column of h is one CIR at a slow time instant
ti. This IFFT is often referred to as range IFFT. The fast time
index ¢ discretises the scattered echoes propagation delays at
instants 7, or equivalently at ranges c¢iT/2, where c is the
speed of light in vacuum.

Computing the Fast Fourier Transform (FFT) on the second
dimension of h yields the usual range-Doppler map (RDM)
D with elements D[i,n], where n = —N/2,...,N/2 — 1
is the Doppler frequency bin index. This operation is often
referred to as Doppler FFT. The processing to obtain D from
the estimated CTF matrix H can be summarised as

N-1 Q/2-1
Dlisn] = =% > 30 Al e 8e %, )
k 0 ¢=—Q/2

'For example, a basic approach could be to consider a geometry-based
single bounce model, which writes Hg, k] = 3, _, are 927 famres2m frtx
with the speed of light in vacuum c [19], [20]. The index r corresponds to
each echo, with a complex amplitude a.,, a propagation range d, yielding a
propagation delay 7 = 2d,./c, and a Doppler frequency shift f,. The index
r = 0 refers to the direct path between TX and RX.

© 2024 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in the IEEE Sensors Journal. This is the author's version which has not been fully edited
andcontent may change prior to final publication. Citation information: DOI 10.1109/JSEN.2024.3453070

IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2024

The RDM D is the starting point for the crowd classification
detailed later. This radar processing can be applied to any
estimated CTF matrix, whether it is obtained from measure-
ments or simulations. Note that no static clutter removal is
applied, as it would also remove static people in the scene.
Robustness to the environment is achieved by training the
classifier on a sufficiently representative set of measurement
data, for instance, obtained by rotating the directive TX/RX
antennas, as explained in Section III. Let us now see how
the measurements are performed to obtain a set of real-life
measured RDMs. Afterwards, in Section IV, the Method of
Moments will be developed to obtain a set of simulated RDMs.

I1l. EXPERIMENTAL DATASET

Our measurement setup consists of two Universal Software
Radio Peripherals (USRPs) X310, connected to 2.4-2.5 GHz
directional panel antennas L-com REQ9P via Sucoflex 126E
cables with SMA connectors. The directional antennas have
a gain of 8 dBi and a horizontal beamwidth of 75°. They
are used to cancel the direct incident field between TX and
RX. The first and second USRPs are each connected to a
different antenna, acting as TX and RX respectively. The
USRPs are connected via 10 Gigabit Ethernet cables to one
single computer equipped with two 10Gtek X520-10G-2S-X8
10-Gigabit Ethernet cards and one 12-core AMD Ryzen 9
3900X CPU clocked at 3.8 GHz. TX and RX are placed in a
quasi-monostatic configuration to ease the setup manipulation
from one single controlling computer. The clocks of TX and
RX are shared to avoid non-idealities such as carrier frequency
offset since it is not the focus of this work. Measurements were
performed at the carrier frequency f. = 2.45 GHz. Although
not standard compliant, a bandwidth B = 100 MHz was
chosen as a middle ground between the different high band-
width values of the 802.11ax standard to leverage the improved
bandwidth that it allows. The dwell time of each measurement
was 0.417 s. All signal parameters are summarised later in
Table II.

An outdoor gathering corresponding to the scenario de-
scription from Section I-C was analysed. During this event,
measurements were collected with our Wi-Fi-based passive
radar experimental setup, and processed to obtain RDMs.
People joined the gathering progressively, allowing one to
take measurements with numbers of people P between 1 and
Priae = 100 people. The number of classes is denoted N,
with N, = 3 as per the scenario definition in Section I-C.
Each class has a class label y = n., n. = 1,..., N.. The
ground truth for the number of people was obtained by manual
counting with pictures.

The interval of number of people P in each class was
defined by visual analysis during the event. It is given in
Table 1. In other words, in the rest of this paper, each RDM
obtained from a measurement or a simulation with a given
number of people P has a label y, assigned based on the
value of P, following Table I. Pictures of the scene belonging
to each class in this event are shown in Fig. 2. Additionally,
it was noticed that people’s movements become slower as the
crowd gets larger.

TABLE |
CLASSES SUMMARY
Class name Label | Nb. of people
Low attendance y=1 P € [1,10]
Medium attendance | y =2 | P € [11,30]
High attendance y=3 | Pe€[31,100]

Pictures of the measurement scene with the different classes.
Class 1 - Low attendance (top left), Class 2 - Medium attendance (top
right), Class 3 - High attendance (bottom).

Fig. 2.

During the measurement session, the bulk of the crowd
was moving around the whole area. Hence, the directive
antennas of TX and RX were rotated several times to point
at it. This presents the advantage of collecting a diverse
dataset, preventing it from being tied to one specific scene
and one static environment. In total, 1140 measurements were
collected, i.e. 1140 CTF matrices were estimated, at different
time instants during the event, covering the 3 classes described
above. Hence, applying the radar processing described in
Section II-B yielt/ied a set of 1140 measurement RDMs. They
are denoted as D , each with a label 3 following Table I. The /
superscript indicates that they are derived from measurements.

Examples of measured RDMs for each class are given in
Fig. 3. The RDMs are normalised by their maximal value in
these examples. These examples illustrate the fact that the level
of congestion of the RDM, i.e. the number of amplitude echoes
in the RDM, is not proportional to the level of attendance,
which can seem counter-intuitive. This is because when fewer
people are present, they are more free to move and there is
less masking between them. Hence, it gives rise to higher-
speed echoes, to the presence of echoes from people’s limbs,
and echoes at further range as in the top right plot with 15
people. When the number of people is high, there is more
masking, hence there are fewer echoes at high distances.
These examples prefigure the difficulty of the crowd size
classification task with passive radars and contribute to the
way we choose the inputs to the classification algorithm, as
discussed in Section V.
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Fig. 3. Example of RDMs from experimental measurements from different classes: class 1 with 5 people (left), class 2 with 15 people (middle),
and class 3 with 100 people (right). Clutter removal was applied for visualisation purposes in this example.

IV. METHOD OF MOMENTS FOR SIMULATED RDMSs

The simulation counterpart of the crowd scenario is the
generation of a large set of RDMs from the MoM. This Section
details how to simulate the CTF matrices introduced in Section
II-A in the crowd scenario.

A. MoM motivation

We choose to use the MoM over more common ray tracing
(RT) techniques for the following reason: RT is only valid in
the far field [21] [22], and in the crowd situations considered
here, the bodies are not in the far field from each other. Hence
diffraction coefficients computed with the approximations of
ray tracing would not be valid since the basis hypothesis
of RT is violated. To handle this complex scenario, a full-
wave technique such as the MoM is required to avoid invalid
approximations.

The main drawback of the MoM compared to RT is its com-
putation time, due to the resolution of the large linear system
resulting from the discretisation of Maxwell’s equations into
a large interaction matrix. To tackle this problem, the MoM is
accelerated by exploiting the block structure of its interaction
matrix, as explained in IV-D.

B. Human Body Model

As already introduced in our previous articles [16], [17], the
human body is modelled as a mixture of bones, muscles, fat,
organs, blood, skin and humors, yielding a relative permeabil-
ity €, = 33.37 and a conductivity o = 1.24 S/m at 2.45 GHz.
Geometrically, the body is modelled as a dielectric cylindrical
shell whose height is infinite following the aforementioned
infinite cylinder approximation [15], [23]. The shell thickness
is equal to A + 20 with ¢ the electromagnetic skin depth and
A the MoM discretisation step [16], [17].

C. From electric field to RDM

We consider a given number P of bodies, i.e. people, in
the observation scene, each moving at their respective speed.
The set of all the discretised cells at positions (x,y) in
space belonging to all bodies is denoted B. The antenna of
the TX device transmitting signals of opportunity emits a
vertically polarised frequency-dependent electric field. At any
point (z,y) in space, the incident electric field is expressed as

by () = — e o, @

Vdrx/do

where f is the frequency, drx = \/(z — 21x)? + (¥ — yrx)?
is the distance between a point (x,y) and the coordinates
(z1x,yrx) of the TX, FEy is a reference field at a reference
distance dy, and c is the speed of light in vacuum.

In reaction to this incident field, the bodies
emit a scattered field EF »(f). The total field is
Eqgp(f) = (x y)(f) + B¢, y)(f). The vectors of incident
and total fields in the discretised cells in B, i.e. inside the P
bodies, are denoted E* and E, respectively. From Maxwell’s
equations and the MoM framework, we have [16], [17], [24]

CE = E¢, 3)

where the matrix C models the interactions between all bodies
illuminated by the incident field from TX [16], [24]. Eq. (3)
is solved for E. From E, Maxwell’s equations are used again
to obtain the scattered field E¢, ) (f) outside the bodies, i.e.
at the points (z,y) ¢ B. A "CTF can be computed from
the frequency-dependent scattered field E 7 o9) (f) evaluated by
running the MoM at the ¢ OFDM subcarrler frequencies f,.
Assuming that the incident field is perfectly cancelled at RX
and considering the position of the bodies at the slow time
instant ¢;, we compute the CTF matrix H from the scattered
field at RX Egy ,, as [16], [17]

EEXJ;C (fq)
Ey '

The field ERy ;, accounts for the electromagnetic interactions
between all bodies at instant ¢;, hence so does H. Additive
White Gaussian Noise (AWGN) is also added to H for a
chosen value of Signal-to-Noise Ratio (SNR), yielding the
simulated version of the estimated CTF, H. Then, the steps
described in Section II-B can be applied to H to obtain the
RDM D.

As mentioned before, the RDM D is the starting point for
the crowd classification presented in Section V. The RDM
generation process can be repeated K times for a given number
of people P, with K different realisations of the body positions
in the crowd, as described below in Section IV-E.

Hlq, k] = 4

D. Computational efficiency

The main drawback of the MoM w.r.t. RT is its compu-
tation time. Indeed, in (3), there is one equation per body
discretisation cell, yielding a large linear system to solve.
It is accelerated by exploiting the block structure of C. A
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Fig. 4. Examples of RDMs from our MoM-based crowd simulator from different classes: class 1 with 5 people (left), class 2 with 15 people (middle),
and class 3 with 100 people (right). Clutter removal was applied for visualisation purposes in this example.

generalised minimal residual (GMRES) iterative solver is used
[25], where the matrix-vector product is implemented block
by block by compressing non-diagonal blocks with Adaptive
Cross Approximation (ACA) [26] and exploiting the symmetry
of C. A block-Jacobi preconditioner is used to fasten the
convergence of GMRES [27]. It is computed from the LU
factorisation of the diagonal blocks of C'.

Moreover, for one given crowd position realisation, (3) has
to be solved for each frequency f, at each slow time instant
k. We implement this in a distributed way on a multi-CPU
computing cluster, exploiting the fact that the resolutions of (3)
are decoupled. Each CPU handles all the NV slow time instants
for a given frequency f,, for a given subset of 10 crowd
position realisations. This spreads the MoM computation on
hundreds of CPUs to efficiently generate RDMs for many
crowd position realisations.

E. MoM simulation

With the MoM RDM computation process in mind, the
generation of a large amount of simulated RDMs can now
be described. The position configuration of the people is gen-
erated differently per class, leveraging the spatial configuration
of the crowd defined in Section I-C. The values of the signal
parameters are given in Table II. The RDM generation works
as follows. For each P =1, ..., P,,4., the following steps are
repeated K times:

« Initialisation of the positions of the people in the crowd,
i.e. the centres of the cylindrical shells modelling them.
Those positions are generated depending on the crowd
class:

— Class 1: positions are generated according to a ran-
dom Binomial Point Process (Binomial PP) in the
whole surveillance area [28]. That process models
the dispersed spatial configuration of the crowd.

— Class 2: positions are generated according to a
random Matérn cluster PP [28]. This is a classical
and intuitive technique to model random clusters. It
is a random PP where cluster centres are defined
according to the classical Poisson PP, and where
for each cluster centre, a random number of points
(people) following a Poisson distribution are defined
in a disk around the centre. This models the clustered
behaviour of the crowd in this class.

— Class 3: positions are generated according to random
Binomial PP in a disk at the centre of the surveillance

TABLE Il
SIGNAL & MOM COMPONENTS
Symbol Name Value
Prax Maximum number of bodies (people) 100
P Number of bodies (people) 1,..., Pmaz
fe Carrier frequency 2.45 GHz
B Bandwidth 100 MHz
Q Number of discrete frequencies 32
Number of fast time instants 32
N Number of slow time instants 128
Number of Doppler frequency bins 128
Ts Fast (sampling) time 1 pus
T Slow time 33 ms
K Number of crowd realisations per P 324
Ey MoM reference electric field 1 V/m
do MoM reference distance 1m
B Set of body points
E? Incident electric field
E® Scattered electric field
E Total electric field
C Interaction matrix
H Channel transfer function matrix
H Estimated channel transfer function matrix
h Range-slow time map
D Range-Doppler map (RDM)
f Frequency
% Fast time index
q Discrete frequency index
k Slow time index
n Doppler bin index

area. This models the fact that people are all gathered
together in one single group.

Initialisation of the speeds of the people in the crowd. The
speeds along the x-axis and the y-axis follow a Gaussian
mixture distribution with two components having a mean
of —0.15 m/s and 0.15 m/s respectively, and both having
a standard deviation of 0.60 m/s, 0.53 m/s, 0.42 m/s
for classes 1, 2 and 3 respectively. The two components
model the positive or negative speeds. The mean and
standard deviation values are empirically set to model
the fact that people mainly move slowly while in a
group and that their movements become slower as the
crowd gets larger, as observed visually and on measured
RDMs. Infinite speed values are avoided by removing
speed values that create collisions between people during
their movement.

Initialisation of all discretised body cells around those
positions, i.e. initialisation of the set of (z,y) € B.

o Computation of the RDM D with the MoM as described
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in Section IV-C. For each P there are K realisations,
hence K RDMs.

o Generating the class label y based on the number the
number of people in the simulated scene, as defined in
Table 1.

Examples of RDMs generated by our MoM-based crowd
simulator are given in Fig. 4, for the different classes in a low
SNR case. They follow identical patterns as the examples of
measurement RDMs from Fig. 3, although they contain fewer
echoes since the MoM does not model body limbs nor ground
reflections, and is two-dimensional.

V. CLASSIFICATION
A. RDM sets & parameters summary

After the measurement session and the simulation data
generation, two sets of raw RDMs are thus available. The first
is the set of simulated RDMs ﬁm, with m = 1,..., M the
simulation RDM index and M the total number of simulated
RDMs, here M = P,,,. K. For each simulated RDM there
is an associated class label Y- The second is the set of
RDMs measured in real life, ﬁm,, with the measured RDM
index m’ = 1,...,M’ and M’ the number of measurements
performed. As said in Section III, 1140 measurements were
performed, hence M’ = 1140. For each measurement RDM
there is an associated class label y;n,. Below, we explain the
algorithm for the crowd size classification, and how these raw
RDMs are converted as input datasets for this algorithm.

As mentioned above, a summary of the signal parame-
ters value and MoM elements is provided in Table II. It
is worth noting that the value of ) is equal to 1024 for
the measurements, but equal to 32 for the MoM to keep a
realistic computation time while still covering a sufficiently
long distance to contain all targets in the scene. Hence, the
first dimension of the measurement-based RDM is cut to the
32 first samples to ensure that the MoM and measurement-
based RDMs have the same dimension.

B. Convolutional Neural Network

The approach for the classification is the following. With the
802.11ac and 11ax Wi-Fi standards, higher bandwidth values
are reachable, yielding a finer range resolution, e.g. 1.5 m
with B = 100 MHz (cf. Section III). However, in a large
crowd, people are spaced by a distance that is still lower than
this range resolution. The same principle holds for the speed
dimension. Moreover, some people might be partially or totally
masked by others [16]. Hence, we cannot simply only rely on
intuitive features like counting amplitude peaks in the RDM
after a thresholding.

In our previous work [17], [29], we considered the use of an
SVM, but it suffered from two limitations: it operated on hand-
designed features, hence possibly non-exhaustive, and the fea-
tures originated from range and Doppler profiles, hence from
one-dimensional profiles only. In the present work, we resort
to a CNN [29]-[31] operating on the RDMs to address these
two problems, i.e. to build a set of more exhaustive synthetic
features and to exploit a two-dimensional target separation.

A classical CNN architecture is implemented here [29]-[31],
with a filter concatenation [30], [32]: each convolution block
contains two sets of filters. The first set contains large filters
to capture large-scale generic features from the RDM. The
second set contains small filters to extract details and fine
features from the RDM. The RDM is convolved with both sets
of filters, and both resulting feature maps are concatenated
along the third dimension, i.e. the channel/depth dimension.
This is followed by a ReLU non-linear activation [30] and
max pooling. For the rest of this article, a convolutional block
indicates the group of layers containing the pair of filter sets
(large and small), depth concatenation, ReLU and pooling.

To handle the complex values of the RDM, its real and
imaginary parts are treated as separate channels [30], i.e. the
RDM is formatted as a 3D tensor D where the first frontal
slab is the real part of D and the second frontal slab is the
imaginary part of D:

D[i,n,1] = Re (D[i,n}), D[i,n,2] = Im (D[i,n]). )

The size of D is thus Qx N x2. The tensor D can be formed
similarly frorr} the measurement RDM D'. The frontal slabs
of /ﬁ and D, i.e. the real and imaginary parts of D and
D, undergo an instance normalisation separately [31]. They
are standardised so that their values have a mean of 0 and a
standard deviation of 1. Each formatted RDM D,,, or D, is
one data point to be given as input to the CNN, with a class
label y,,, or y,, respectively.

The output of the CNN, denoted as class output, is the
probability of the RDM belonging to one of the N, classes,
computed by a softmax regression function [29]. The classifi-
cation output, i.e. the estimated class label g, is attributed to the
highest probability class. All quantities and parameters related
to classification are summarised in Table III, and discussed
further in the hyperparameters tuning phase in Section V-D.

C. Training approaches

CNN training approaches using different combinations of
the MoM and measurement datasets are listed in Fig. 5. The
loss function to minimise during all training approaches is
the cross-entropy loss [29]. Approach 1 is used to verify if
the classification algorithm and its tuned hyperparameters (cf.
Section V-D) is functioning when trained, validated, and tested
on simulations data only, i.e. in a simpler case than in real life.
Approach 2 aims to analyse the performance and limits of the
algorithm when trained on simulation only, and validated and
tested on experimental data. A first analysis of this approach
was carried out in our previous work [17] with a medium-
scale crowd of 40 people. This is a very challenging task that
will present limits in accuracy. Hence, Approach 3 aims to
assess if the system is functional in a more classical training
approach, i.e. how the algorithm performs with experimental
data for training, validation, and testing.

For Approach 1, the training, validation and testing datasets
are split as 70%, 20% and 10% of the total MoM dataset. For
Approach 2, the training dataset consists of 90% of the total
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Fig. 5. Hyperparameter tuning data & Training, validation, and testing approaches.

TABLE Il
CLASSIFICATION & CNN NOTATIONS

Name

D Formatted RDM as CNN input

Yy Data point class label

m Data point index

M Number of data points
Measurement corresponding element
Nb. of convolutional blocks in CNN
by Nb. of fully connected layers in CNN
Ny Nb. of filters in one set of filters in CNN

Symbol

Nrco Nb. of neurons in one FC layer in CNN
a Large filter kernel size
b Small filter kernel size

MoM dataset 2. The validation and testing datasets each consist
of 50% of the total measurements dataset. For Approach 3, the
training, validation and testing datasets are split as 70%, 20%
and 10% of the total measurement dataset.

The performance of each approach is evaluated through
the confusion matrix computed on the testing set. It is a
square matrix where diagonal elements contain the percentage
of correct classifications per class, while each off-diagonal
element contains the percentage of incorrect classifications
between the true class corresponding to the element row
index and the wrong class corresponding to the element
column index [33]. Hence, one wants to obtain the highest
possible diagonal values and the lowest possible off-diagonal
values. Multiple realisations of the training, validation, and
testing datasets are drawn: for each realisation, data points are
randomly assigned to each set. The average and best confusion
matrix are computed on the testing set in all realisations and
are used as performance metrics.

D. Hyperparameter tuning procedure

Before evaluating the three training approaches, the CNN
has hyperparameters to tune, i.e. structural parameters of the
algorithms. This step is critical, as these parameters affect

>The remaining 10% are left out to enable diversity among the different
realisations of the datasets shuffle described below.

drastically the classification capabilities of the algorithms. The
hyperparameters are:

e In the feature extraction part, i.e. the convolutional

blocks:

— The number of convolutional blocks N, .

— The number of filters Ny per convolution filter set.

— The kernel sizes a and b of the large and small
convolution filters respectively.

o In the classification part, i.e. the fully connected layers:

— The number of fully connected layers Ny, .
— The number of neurons Ng¢ in each layer.

This set of CNN  hyperparameters is  noted
A ={Ny,,N¢,a,b,Ny,, Npc}. The convolution —stride
and the pooling stride are set at the classical values of
[1 1] and 2 respectively [30], they were not tuned to avoid
enlarging unnecessarily the hyperparameters search space.
Due to the computational complexity of training CNNs with
multiple parameter sets, and the absence of a deterministic
cost function, a Bayesian Optimisation (BO) strategy is chosen
here [34]-[36]. It tackles an optimisation problem of the form
A = argmin, f(A) where f(A) is the classification error rate
(CER) computed on the validation data for a CNN with a
hyperparameter set A. This error rate is the percentage of
misclassifications of the CNN, i.e. the sum of the off-diagonal
elements of the confusion matrix divided by the number of
classes N.. The optimisation problem is tackled iteratively.
Each iteration tests one hyperparameter set and consists of
two parts: firstly, the CNN is trained with the hyperparameter
set under test by minimising the cross-entropy loss on the
training data. Secondly, the BO objective function, i.e. the
classification error rate f(A), is evaluated on the validation
data with the trained CNN [34]. BO performs a given number
of starting iterations. Then, based on the obtained objective
function values, it models the objective function as a Gaussian
process, and tries to pick the hyperparameter sets for the next
iterations in the good direction to reach a local minimum.
This direction is chosen based on an acquisition function that
is less costly to evaluate than the objective function [34]. To
reduce the dependency on the initial random combinations of

© 2024 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in the IEEE Sensors Journal. This is the author's version which has not been fully edited andcontent

may change prior to final publication. Citation information: DOI 10.1109/JSEN.2024.3453070
L. STORRER et al.: LARGE-SCALE CROWD SIZE CLASSIFICATION WITH A WI-FI-BASED PASSIVE RADAR 9

hyperparameter values used by the algorithm for its estimation,
and to explore multiple local minima, BO is run multiple
times. The set A corresponding to the lowest classification
error rate among the different runs is selected as the final set
to use.

This hyperparameter tuning procedure is performed using
only MoM simulation data, as summarised in the top part of
Fig. 5, to highlight a very helpful use of simulations in that
type of classification problem. Indeed, hyperparameter tuning
is a long and difficult procedure, hence being able to perform
it with simulation data only prior to a measurement session is
critical to save time and resources. In other words, for all three
training approaches, the CNN hyperparameters are the ones
derived from the BO procedure on MoM simulation data only.
This will show that hyperparameters tuned with simulation
data can be used for crowd size classification on experimental
measurement data.

The BO results for the CNN hyperparameter tuning are
discussed in Section VI-A. The obtained hyperparameter set is
thus saved and subsequently used for all training approaches.
Before discussing the results, a block diagram summarising
the system is provided in Fig. 5. The algorithms described in
this section are implemented using Matlab and its Statistics &
Machine Learning and Deep Learning toolboxes.

VI. CLASSIFICATION RESULTS
A. Hyperparameter tuning results

The range of values considered by the BO for the CNN
tuning is given in the first line of Table IV. It was chosen to
set a low maximal possible number of convolutional blocks
and FC layers to keep the number of parameters to train at
reasonable values w.r.t. the limited number of training data
points, to avoid overfitting [30]. The result of the best BO run
for the CNN hyperparameter tuning is displayed in blue in the
top plot of Fig. 6. The best hyperparameter set is highlighted
in red and given in the second line of Table IV. A comparison
with a run of BO applied on measurement data is displayed
in the bottom plot of Fig. 6 in light grey.

From the BO blue curve (MoM data) in Fig. 6, it is noticed
that using only N, = 1 convolutional layer (cf. first point
of the curve) is not enough to obtain a decent accuracy.
This means that several convolutional layers are necessary to
extract meaningful features for the crowd size classification
from the RDMs. The BO reaches low error values for either
Ny, = 3 convolutional layers with N,, = 2 FC layers or
Np, = 2 convolutional layers with only N, = 1 FC layer. In
both cases, the number of neurons Np¢ has to be kept high,
close to the allowed maximum Npgc,, .. = 200, to model the
separation between classes with enough accuracy. The best
large filter size a is the largest possible, i.e. a = 7. The small
filter size b evolves during the BO but is finally set as the
smallest possible, i.e. b = 2. These values of a and b mean
that it is better for the classification to have a wider diversity
of features through significantly different filter sizes.

As a comparison, the hyperparameter set obtained from
a BO run applied on measurements (light grey curve) is
{2,58,7,4,1,193}. Tt is very close to that obtained with the

[1,17,7,3,3,54]

| [Ny, Ny, a,b, Ny, Nic] |

O
w e ;o
T T T T

CER f on MoM data
[=]
o

2,93,7,3,1,200]

[3,100,7,5,2,187] . . !

0 5 10 15 20 25 30
BO iterations

|[Nbl,Nf,a,b,Nb2,NF(;] |

3,18,5,3,3,199]

0.2}
[2,43,4,3,1,200]

0.15

CER f on measurement data

2,58,7,4,1,193]
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BO iterations

Fig. 6.  Top plot, blue line: CNN hyperparameter tuning on MoM
data with BO, classification error rate for the best run. The set of
hyperparameters corresponding to the minimum of the classification
error function is highlighted in red. Bottom plot, grey line: comparison run
of the BO applied on measurement data. The set of hyperparameters
used in the following Sections VI-B, VI-C, and VI-D is that from the MoM,
i.e.inred.

TABLE IV
CNN HYPERPARAMETER TUNING RESULTS
Nb1 Nf a b Nb2 NFC
Value range | [1,3] | [10,100] | [3,7] | [2,6] | [1,3] | [50,200]
BOs result 2 99 7 2 1 177

MoM data, the main difference being the larger size of the
small filter (b = 4) compared to that obtained with the MoM
data (b = 2). This proximity of the MoM-based hyperparam-
eters tuning with what would be obtained with measurements
shows the relevance of tuning the hyperparameters with MoM
data.

B. Training Approach 1: training, validation, and testing
on MoM

With the tuned CNN, Approach 1 can be considered, i.e.
training, validating and testing the CNN on MoM data. The
averaged (left) and best (right) confusion matrices on the
testing set on 25 realisations of the dataset shuffling are
displayed in Fig. 7. The classification accuracy is above 95%
for each class. There is no misclassification between extreme
classes, which is critical since that kind of misclassification
corresponds to a high error in the number of people. This
successful Approach 1 illustrates that the proposed method
and its tuned hyperparameters set are consistent and that it
can yield high performance on ideal data from simulations.
It opens the way for Approach 2 with real-life experimental
measurement data.
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Fig. 7. Approach 1 (training, validation, and testing on MoM data) -
Averaged (left) and best (right) confusion matrices for CNN-based crowd
size classification.

C. Training Approach 2: training and validation on MoM,
testing on measurements

1 525% 1.8% 1| 48.0% 6.7%
C2|  401% 6.5% Q2| 33.0% 17.0%
= =1
= =
3 60% 23.3% 3 60.7%
1 3 1 3
Predicted Class Predicted Class
Fig. 8. Approach 2 (training on MoM data, validation and testing on

measurement data) - Averaged (left) and best (right) confusion matrices
for CNN-based crowd size classification. A modified colour scheme is
used to emphasise the fact that these confusion matrices are computed
on experimental measurement data.

The confusion matrices are displayed in Fig. 8 for Ap-
proach 2, i.e. when the training is performed on MoM simula-
tion data and the validation and testing on measurement data.
The accuracy obtained for Approach 2 is limited. Namely, the
CNN manages on average (left plot) to discriminate between
2 classes, although with limited accuracies. The majority of
points in class 3 are however not correctly classified. In the
best case (right plot), the three classes are discriminated,
but with limited accuracies. However, the misclassifications
between extreme classes 1 and 3 are limited, which is positive.

These low-accuracy results are expected due to the limita-
tions of the MoM simulation data: body limbs and ground
reflections are not modelled, and the simulation is two-
dimensional. Hence, the feature space of features extracted
from the MoM RDMs only matches partially the feature
space from experimental measurements. Thus, by training the
algorithms on MoM data only, they are trained to extract
features that are not always relevant and to classify based
on them. This partial feature match yields poor accuracy on
average but allows intermediate accuracies in some training
realisations. In our previous work [17] with a medium-scale
crowd of 40 people and a simple SVM, this approach yielded
acceptable performances (72.15% accuracy on average) for
N, = 2 but a limited accuracy (52.62%) for N. = 3. This
previous work showed that in a simplified 2-classes case,
MoM-based training can yield acceptable results.

Let us follow the same philosophy here, and see how
Approach 2 performs on the 100-people crowd in a simplified
case. Coming back to the scenario, we consider a case where

1 79.9% 20.1% 1 90.2% 9.8%

True Class
True Class

2 27.2% 72.8% 2 11.9% 88.1%

1 2 1 2
Predicted Class Predicted Class

Fig. 9. Approach 2 (training on MoM data, validation and testing on
measurement data) in a simplified 2-class case with class n. = 1
corresponding to P € [1,30] and class n. = 2 corresponding to
P € [31,100] - Averaged (left) and best (right) confusion matrices for
CNN-based crowd size classification.

the people monitoring the event would need to know when
the attendance level crosses a given threshold and transitions
from low/medium to high, which could lead to a dangerous
situation. This translates into a binary classification with class
n. = 1 corresponding to P € [1,30] and class n, = 2
corresponding to P € [31,100]. The obtained averaged and
best confusion matrices are given on the left and right of Fig. 9.
The accuracy is much higher in this simplified case than in
the 3-class case: both classes exhibit close accuracies, and
the average and best mean accuracy are 76.40% and 89.17%
respectively. With Approach 2, we thus see that MoM data
contains the required features to classify the crowd size with
simulation-only training in a simplified binary classification
case.

D. Training Approach 3: training, validation, and testing
on measurements

For Approach 3, the confusion matrices (computed on real-
life experimental data, cf. Fig. 5), are displayed in Fig. 10.
The CNN exhibits an accuracy of 85.7% on all 3 classes
for the averaged confusion matrix. The accuracy of class 2,
i.e. the intermediate class, is slightly lower than that of the
other classes: the CNN yields 80.1% accuracy on average for
this class, and misclassifications are spread between classes
1 and 3. This is expected since the feature space of class
2 is close to the one of class 1 and class 3 simultaneously,
as previously highlighted in our past work with P4, =
40 people [17]. Moreover, class 2 corresponds to the point
where there starts to be more people in the scene, meaning
that the different people’s contributions to the RDM become
more difficult to resolve with the limited radar resolution.
With this increased number of people, the electromagnetic
masking effects are also more important. Those 3 effects
are responsible for class 2 to be sometimes confused with
its neighbouring classes. The accuracy of class 1 reaches a
higher value, 84.2% on average, and the CNN achieves a
very high accuracy for class 3, 92.5% on average. There
is around 1% misclassification between those classes, hence
there is almost no case with high size classification error. In
the best case, i.e. in the confusion matrix on the right of
Fig. 10, class 3 can achieve a 100% accuracy. Class 3 has
the highest accuracy, as in the averaged case. Class 2 remains
the one yielding the lowest accuracy, but still achieves 87%.
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The mean accuracy on all 3 classes is 93.15% for the best
case. These high accuracy values demonstrate the feasibility
of our crowd size classification classification scheme on real-
life experimental data, with algorithm hyperparameters tuned
on MoM simulation data only.

E. Comparison with hyperparameter set obtained from
measurements

As a comparison, all Approaches are also run with the hy-
perparameter set obtained with the BO run on the measurement
data, i.e. from the bottom plot of Fig. 6. In Fig. 11, we show
the global accuracy over all classes, i.e. the sum of the diagonal
elements of the confusion matrix divided by the number of
classes, for the classification task with hyperparameters from
the MoM-based BO run (from Fig. 7, 8, 9, and 10) and with
new tests using hyperparameters from the measurement-based
BO run. It can be noticed that for all Approaches, the accuracy
difference between the results obtained with these different
hyperparameter sets is negligible. In other words, this shows
the relevance of performing the hyperparameter tuning only
with MoM data without requiring measurement data.

F. Classification results discussion

Regarding the different approaches, in Approach 1 we have
seen that training and testing the proposed classification algo-
rithms on simulation-only data yielded a very high accuracy,
verifying the feasibility of both methods. In Approach 2, we
have seen in [17] that transferring models trained on MoM
simulations only to experimental measurements is functional
for average-scale crowd scenarios. For large-scale crowds, in
this paper, the classification accuracy was low due to the
limitations of the simulation data compared to reality. The
CNN could still perform moderately in some cases but with
limited accuracy. However, with a simplified binary classifi-
cation scheme for the large-scale crowd, Approach 2 yielded
a much higher accuracy, showing that MoM data still contain
the required features to classify the crowd size in a simplified
case. Finally, Approach 3, with the large-scale crowd and the
three classes, showed that the proposed classification scheme
was functional with experimental measurement data, reaching
more than 85% accuracy on average. Hence, in a real-life
deployment:

o For a binary classification: MoM data can be used for
the hyperparameter tuning and for the training before
even deploying the measurement setup and classifying
the measured crowd size.

o For a 3-classes classification scenario: MoM data are
useful for the hyperparameter tuning before deploying
the measurement setup, and the training is left to the
measurement data collected after the deployment.

To elaborate further on the results of Approach 3, we
can compare the performances obtained in this work with
the results of the other works mentioned in Section I. This
comparison is summarised in Table V. For each work, the
considered number of people, the number of classes, the
main algorithm, and the mean accuracy over all classes are

1 84.2% 14.7% 1.1% 1 88.9% 11.1%
E Z
Yol 124% 80.1% 7.5% Oyl 439 g
ot s L : 22 3% 7.0% 8.7%
S =
& =
3 11% 6.4% 92.5% 3 100.0%
1 2 3 1 2 3

Predicted Class Predicted Class

Fig. 10. Approach 3 (training, validation, and testing on measurement
data) - Averaged (left) and best (right) confusion matrices for CNN-
based crowd size classification. A modified colour scheme is used to
emphasise the fact that these confusion matrices are computed on
experimental measurement data.
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Fig. 11. Global classification accuracy comparison between the hyper-

parameter set from the measurement-based and MoM-based BO.

TABLE V
ACCURACY COMPARISON FOR APPROACH 3

Work #people | #classes | Algorithm | Accuracy

Event classification in [6] 1 5 SVM 98%

Detection part in [7] 4 2 CNN 96%

Counting in [7] 4 5 CNN 93%
Counting in [8] 5 5 LSTM-CNN | 86%-90%

Counting in [4] 20 / Renewal Proc. 94%

Our SVM [17] extended 100 3 SVM 70%
Present work (approach 3)| 100 3 CNN 86%-93%

given in the Table. For the counting in [4], there are no
classes since it features an exact counting algorithm and
not a classification algorithm. In the second last line of the
Table, we also propose a comparison with the SVM from our
previous work [17] which relied on hand-designed features
from range and Doppler profiles, that we extended and re-
tuned to the present crowd scenario. The last line of the Table
corresponds to the present work following Approach 3, with
the average (85.7%) and best (93.15%) accuracies. It can be
noticed that the classification accuracy reached by other works
is around 10% above our average accuracy, and close to our
best accuracy. As can be seen in the second column of the
Table, and as already mentioned in Section I, the number of
people considered here is much larger than in the other works.
That is, we managed to perform crowd size classification with
accuracies comparable to other works but with a larger crowd
size.

By comparing the two last lines of Table V, we also note
that the CNN proposed here performs much better than the
SVM from our previous work [17] that used hand-designed
features computed on range and Doppler profiles. This is
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because the hand-designed features for the SVM cannot be
guaranteed to be exhaustive for the considered classification
problem since the classification part is decoupled from the
feature computation part. The CNN builds its own synthetic
features that are optimised to minimise the classification error
so it does not suffer from this problem. The difference in
performance is also caused by the use of one-dimensional
profiles with the SVM, not leveraging the separation of the
targets in two dimensions and the spatial structure of the RDM.

VIlI. CONCLUSIONS

In conclusion, we showed that a Wi-Fi-based passive radar
using preambles from the recent 802.11ax standard is able
to perform crowd counting with experimental measurements
of a large crowd containing up to 100 people during a real-
life event. We proposed the first crowd simulator based on
MoM to generate RDMs for large crowds. We tackled the
counting as a classification problem with the RDMs as inputs,
and demonstrated that we could tune the hyperparameters of
a reference classifier, a CNN here, with MoM simulation data
only, and even train the classifier on these data in a simplified
case. We collected experimental measurements with a Wi-Fi-
based passive radar setup based on USRPs, and obtained high
classification accuracies on these measurements.

Future work might investigate a finer or more flexible class
subdivision. The CNN output would be expanded to more
classes, and the CNN architecture would be re-tuned to address
this new classification problem. A regression model could also
be implemented to try to reach an actual count. A refinement
of the classification or counting could also be performed over
time with multiple successive measurements.
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