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Sommario

La conoscenza del contesto e della situazione in cui operare ¢ un fattore cruciale per
abilitare nuovi casi d'uso nelle reti wireless di prossima generazione (xG), inclusi quelli
riguardanti sicurezza pubblica, veicoli autonomi, e ambienti intelligenti. Tracciamento
e classificazione di obiettivi multipli (e.g., umani, robot, e veicoli) attraverso tecnologie
basate su wireless sensing sono essenziali per estrarre conoscenza non solo da dispositivi
connessi alla rete, ma anche da cio che non sta comunicando informazioni. Infatti, 'ente
3GPP sta considerando, nel processo di standardizzazione di reti xG, casi d’uso che
coinvolgono sia quegli obiettivi che non possono essere connessi alla rete (i.e., device-
free), che quelli che non hanno interesse nel farsi rilevare (i.e., non-collaborative).
Raggiungere elevata affidabilita e accuratezza nel tracciamento e nella classificazione
(e.g., identificazione e riconoscimento di attivita) di obiettivi non connessi attraverso
tecnologie di wireless sensing richiede lo sviluppo di nuovi approcci probabilistici e
basati su intelligenza artificiale. Questa tesi mira a sviluppare nuove metodologie
accurate e affidabili per estrarre congiuntamente informazioni sia di posizione che di
classificazione da obiettivi non connessi, anche se inseriti in ambienti wireless complessi.
In particolare, e stato proposto un approccio per stimare posizione e classe in modo
integrato sfruttando approcci bayesiani e reti neurali per la classificazione di variazioni
Doppler. Tale approccio e stato esteso con l'introduzione di un nuovo paradigma che
prende il nome di joint tracking and classification (JTC). Introducendo la variabile di
classificazione all’interno della ricorsione bayesiana, tipicamente utilizzata per il solo
tracciamento, e possibile stimare congiuntamente posizione e classe di diversi obiettivi.
Ulteriormente, viene proposta una derivazione per la stima congiunta attraverso JTC
che abilita una forma chiusa di calcolo, la quale risulta necessaria per lo sviluppo di
sistemi in grado di operare in tempo reale. Infine, stata sviluppata un’architettura
basata su microservizi, che consente di considerare fonti dati eterogenee e di distribuire
il carico computazionale tra diversi servizi, sia locali che remoti. In tale architettura
sono stati introdotti anche algoritmi di localizzazione e classificazione basati su immag-
ini acquisite da telecamere, al fine di sfruttare sorgenti di dati eterogenee. L’accuratezza
dei metodi proposti € stata quantificata attraverso sperimentazione in ambienti wireless
complessi, tra cui quelli industriali. I risultati sperimentali dimostrano che gli approcci
proposti garantiscono un errore di localizzazione di pochi centimetri e di superare il

90% di accuratezza nella classificazione operando con latenze inferiori a 100 ms.
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Abstract

Situation awareness is crucial for enabling innovative use cases in next generation (xG)
wireless networks, including public safety, autonomy, smart environments. Tracking
and classification of humans, vehicles, and robots via wireless sensing guarantees in-
formation superiority by considering both connected and unconnected targets. Indeed,
the 3GPP is considering use cases regarding unconnected (i.e., non-collaborative or
device-free) targets — namely those either without interest in being identified or that
are not possible nor convenient to connect to the network — in the standardization
process of xG networks. In particular, innovative use cases for xG networks demand
availability of several context information, which can be obtained by performing, simul-
taneously, tracking and classification (e.g., targets identification, activity recognition,
and behavioral analysis) of non-collaborative targets via multimodal sensing. The goal
of this thesis is to develop novel approaches for multimodal tracking and classification
of non-collaborative targets.

The first contribution of this thesis is the development of an approach for accurate
wireless sensing from samples of reflected radar signals. In particular, target positional
information are employed to extract Doppler features of reflected signals used for rec-
ognizing target identity and activity. Since localization is essential for classification,
both target identification and activity recognition also benefit positional inference.
Then, an approach to estimate jointly position and class of multiple targets has been
developed. Furthermore, a closed-form posterior distribution is derived to enable an
amenable computation of the aforementioned estimate. Finally, localization and clas-
sification based on camera frames has been introduced to enhance sensing reliability
and accuracy. The developed approaches have been exploited in a microservice-based
architecture, which allows considering multiple and heterogeneous data sources and
distribute the computation over different services either local or remote. The accuracy
of the proposed approaches has been quantified via experimentation and field-trials in
different indoor and outdoor environments considering a variety of people and mobile
robots. An entire sensing system employing off-the-shelf radar and camera devices
has been developed for operating in real-time (i.e., latency in the order of 100 ms)
with high-accuracy (i.e., tracking precision in the order of decimeters and classification

accuracy above 90 %) across different scenarios and environmental conditions.
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Chapter 1

Introduction

Sensing of things will be essential in next generation (xG) wireless networks for enabling
innovative use cases including public safety [1-5], smart environment [6-10], and factory
of the future [11-15]. The evolution toward beyond 5G (B5G) and 6G systems is
driving a new paradigm that considers the integration of sensing and communication
functionalities for a new generation of networks with the capability to perceive and
interpret the environment [16-24]. The 3rd Generation Partnership Project (3GPP) is
considering the integrated sensing and communication (ISAC) paradigm since release
19, proposing use cases and defining service-level requirements in terms of sensing

accuracy, availability, and latency [25-35].

Situation awareness for xG wireless networks requires location awareness and con-
text information, including activities and identity of people, objects, and vehicles (i.e.,
targets) in a monitored environment (see Fig. 1.1). Information superiority is guaran-
teed by considering both connected and unconnected targets simultaneously [36-47].
If connected targets can provide information regarding their position or identity, un-
connected targets require the development of novel sensing approaches. In particular,
unconnected targets are those which either can not be equipped with a dedicated de-
vice for communicating (i.e., device-free targets), or do not have any interest in being

revealed (i.e., non-collaborative targets).

Multitarget tracking and classification (e.g., target identification and activity recog-
nition) via wireless sensing is conventionally performed with approaches providing re-
liability and accuracy only under controlled conditions. For example, technologies
based on cameras and microphones can operate only in line-of-sight (LOS) conditions.
In addition, they pose privacy issues due to the need of recording images and sounds.
Approaches exploiting reflected radiofrequency (RF) signals are promising for ubiqui-
tous sensing of things, while respecting privacy constrains. However, wireless signals
are affected by multipath propagation and clutter conditions, especially in complex

wireless environments, such as indoor and industrial areas [48-51]. This calls for the

1
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Figure 1.1: Wireless sensing for situation awareness in xG wireless networks.

development of resilient approaches to fulfill the stringent 3GPP requirements in terms
of accuracy, availability, and latency.

Tracking and classification are independent tasks that can benefit each other. Lo-
calization over time of device-free targets is typically performed in a recursive manner,
referred to as multitarget tracking (MTT) filtering [52-55]. Bayesian approaches are
typically employed to perform MTT filtering due to an unknown number of targets
which freely appear, disappear and move. At any time instant, MTT filtering consists
of a positional prediction phase, based on a motion model, and an update positional
phase based on the collected measurements [56-65]. The combinatorial problem to asso-
ciate measurements to targets, referred to as data association, is challenging especially
in complex wireless environments characterized by misdetections and false alarms due
to the presence of obstacles and scatters [66-68|. Statistical processing and optimiza-
tion techniques are needed to achieve a reliable data association [69-75]. Classification
of device-free targets based on features of reflected RF signals calls for new methods
relying on artificial intelligence (AI) due to the stochastic nature of the wireless chan-
nel [76-79]. In particular, neural networks (NNs) serves as powerful tool for signal
features classification thanks to their capability of achieving high accuracy in mapping
features to classes without requiring a mathematical problem description [80-85]. An
accurate data association is also needed for considering reliable classification metrics.
Wrong measurement-to-target associations lead to consider a coarse sequence of signal
features (i.e., an unrepresentative classification metric) which produces uncertain clas-
sification. Thus, data association is a key task in MTT filtering, that defines positional
measurements and signal features for tracking and classification, respectively.

Recently, several approaches to integrate classification of multiple targets and MTT
have been proposed [86-95]. These approaches leverage positional information of a
tracked target to collect specific signal features from the received waveforms. In par-
ticular, localization allows to determine which signal features employ as classification
metric for a considered tracked target. Furthermore, location awareness provides infor-
mation superiority to perform target classification by constraining the decision space,

e.g., in a specific spatial position only a subset of classes is allowed. However, as
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Figure 1.2: Situation awareness allows information superiority in complex wireless
environments.

localization aids classification, target identification and activity recognition benefit
tracking. Indeed, classification analytics enable the employment of personalized mo-
tion predictions for each tracked target based on specific kinematic models according
to the target class and context information, including how targets interact each others.
Data association is conventionally performed comparing statistical distances between
target positional states and positional measurements. The availability of classification

scores provides information superiority to complete data association.

A novel paradigm for tracking and classification is referred to as joint tracking and
classification (JTC) and aims to estimate jointly position and class of device-free tar-
gets. Bayesian recursion is employed in JTC with the goal to estimate the classification
analytics and positional information simultaneously, given a set of measurements. The
prediction phase of the recursion considers also a classification model describing the
class transition between subsequent measurements. Data association in JTC paradigm
relies on both positional information and signal features. The posterior step aims to
determine class and position of multiple targets by maximizing a joint distribution.
The fundamental questions related to JTC are: (i) how to design an estimator which
jointly estimate positions and classes of multiple targets; (ii) under which conditions
is a closed-form estimate admitted; and (iii) which advantages can JTC provide by
performing jointly tracking and classification? The answers to these questions allow
the design and the development of JTC-based frameworks leading to more accurate
and robust tracking and classification even in complex wireless environments. Fig. 1.2
shows a factory of the future in which several people, objects, and vehicles perform
different activities and require different services enabled by simultaneous localization

and classification.
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A promising technology to perform wireless sensing of things based on reflected RF
signals are radars operating at millimeter waves (mmWaves) [96-107]. In particular, or-
thogonal frequency division multiplexing (OFDM)-based radar and automotive radar
exploiting frequency modulated continuous wave (FMCW) signals have emerged as
two leading paradigms for high-resolution sensing. These technologies guarantee high
resolution in both range and Doppler domains thanks to the large bandwidth avail-
able at mmWaves frequencies [108-115]. Moreover, short wavelengths enable compact
antenna arrays which can be realized in multiple-input—multiple-output (MIMO) con-
figurations increasing the angular resolution for target detection. Then, on one hand
radar technologies allow sensing of device-free targets by processing reflected waveforms
to reveal the target presence and obtain single-value estimates (SVEs) for positional
inference, such as time-of-flight (TOF) and angle-of-arrival (AOA) [116-118]. On the
other hand, features of a reflected waveform (e.g., micro-Doppler (uD) shifts) charac-
terize context information (e.g., target movements) and can be used as input for target
classification [119-130]. A set of SVEs produces a positional measurement, while signal
features are employed to obtain a classification metric.

Information superiority for tracking and classification can be achieved through mul-
timodal sensing. Multimodal sensing approaches integrate heterogeneous sensing tech-
nologies, each offering distinct levels of reliability, spatial resolution, and accuracy.
By combining complementary modalities, these systems enhance the robustness and
completeness of environmental perception. In particular, data diversity allows to ob-
serve the monitored environment from multiple perspectives, allowing dynamic se-
lection and fusion of the most informative modalities to optimize sensing performance
under varying conditions [131-134]. However, the use of heterogeneous sensors, charac-
terized by differing resolutions and data representations, necessitates the development
of microservice-based architecture for effective data fusion and information extraction.

This thesis aims to introduce novel approaches for multitarget tracking and clas-
sification of unconnected targets through wireless and multimodal sensing, with the
goal of enhancing situation awareness in xG networks. The reminder of this thesis is
organized as follows. Chapter 2 provides the theoretical background on multitarget
tracking, radar signal processing, and camera-based localization. Chapter 3 presents
the proposed framework for integrated tracking and classification based on automotive
radar. Chapter 4 introduces the JTC approach, enabling the simultaneous estima-
tion of position and class. Chapter 5 extends the developed methods to multimodal
sensing, combining radar and camera data within a microservice-based architecture for
distributed and scalable processing. Chapter 6 reports the experimental validation and
field-trials of the proposed approahces, demonstrating the effectiveness and robustness
in realistic scenarios. Finally, conclusions summarize the main contributions of this

dissertation.



The research activity described in this thesis has been conducted within national
and international projects at the wireless communication and localization networks
(WCLN) laboratory at the Department of Engineering, University of Ferrara. The
results presented in this thesis have been published in premier journals and in proceed-
ings of international conferences as indicated in the authors publication list at the end
of the document. Part of the research activities have been conducted within the ONR
Global projects nCOA (non-Collaborative Object Analytics), the NextGenerationEU
Italian NRRP RESTART Program project TAP-IN (Technologies, Algorithms, and
Protocols for use cases of Industrial Networks), and the Programma di supporto alle

tecnologie emergenti 5G project CTE (Casa delle Tecnologie Emergenti).

Notation

The notation of this thesis is described in the following. Random variables are displayed
in sans serif, upright fonts; their realizations in serif, italic fonts. Vectors and matrices
are denoted by bold lowercase and uppercase letters, respectively. For example, a
random variable and its realization are denoted by x and x; a random vector and its
realization are denoted by x and x; a random matrix and its realization are denoted
by X and X, respectively. Sets and random sets are denoted by upright sans serif
and calligraphic font, respectively. For example, a random set and its realization are
denoted by X and X, respectively. The m-by-n matrix of ones is denoted by 1,,xn.
The function fx(x) and, for brevity when possible, f(x) denote the probability density
function (PDF) of a continuous random variable (RV) x; fyy(x|y) and, for brevity when
possible, f(x|y) denote the PDF of x conditional on y = y. The function ¢(z; p, X)
denotes the probability distribution function (PDF) of a Gaussian random vector x
with mean p and covariance matrix 3. Integrals are over the entire space of the

integration variable.
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Chapter 2

Preliminaries

This chapter provides the theoretical and methodological foundations that underpin
the approaches developed in the following chapters. First, the principles of MTT
filtering and data association are introduced, which serve as the basis for estimating the
trajectories of multiple targets in complex wireless environments. Then, radar sensing
technologies based on OFDM and FMCW signals are discussed. Automotive radars,
i.,e., FMCW MIMO radars operating at mmWaves frequencies, are presented in detail
highlighting their signal processing pipeline for range-Doppler-angle (RDA) estimation,
clutter mitigation, and target detection. Finally, camera-based sensing is proposed as
a complementary approach for localization and classification. This chapter establishes
the background for the integrated and joint tracking and classification frameworks
introduced in the rest of the dissertation. It also paves the way for the development of
multimodal sensing frameworks based on the use of heterogeneous technologies, which
is promising to enhance situational awareness and environmental perception in xG

wireless networks.

2.1 Tracking of multiple targets

At the discrete time instant tj, consider Nj tracked targets. The i-th target, for
i€{l1,2,..., Ny}, is characterized by its positional state x,(f) € R and its class
c,(f) € C;, where C; is the set containing all the possible classes which can be assigned
to a tracked target. Specifically, the positional state xg) is a random column vector
of dimension n,, which includes target position and mobility parameters, such as in-
stant velocity and acceleration. The class c,(f) is the target class, e.g., the target type

and/or the activity performed. Since multiple targets are tracked and classified simul-

T

taneously, consider the multitarget positional state x;, = [x,(gl)T, x,(f)T, e ,XECN’“)T and
T

the multitarget class ¢, = c,(fl)7 c,(f), cee c,(ka)] containing all the estimated positional
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states and classes, respectively.

At the discrete time instant k, consider My measurements (i.e., detections of sen-
sor networks) obtained by processing samples of reflected waveforms. The j-th mea-
surement, for j € {1,2,..., My}, is a random vector of dimension m, defined as
z,(gj) € R™=. It contains positional information and other signal features of a detec-
tion originated from either a target or clutter. Positional information allow track-
ing, while signal features determine the class c,(f) € C, with ¢ € {1,2,..., N} and
C = C; UC;, where C; is the set of classes that is not of interest to track. For ex-
ample, in a certain scenario, it may be of interest to track children and not adults.

Therefore, it results C; = {child} and C; = {adult, clutter}. The multi-measurement

T
vector zj, = [z,(:)T, zf)T, e ,z,(cM’“)T] contains all the revealed detections at the cur-

rent time instant. In particular, the multi-measurement vector z; consists of M,
target-related observations (i.e., subset of measurements due to targets of interest)
and M, false-alarm measurements (i.e., subset of measurements due to clutter), such
that My, = M,y + M. Thus, at the current time k, we can define z, = [0}, (E]T,

T .

where o, = OS)T,og)T,...,oéMo”“)T] , with o,(j) € R™ and j € {1,2,..., My}, is
T .

the vector of observations and , = C,(CI)T, {,(f)T, e (,EMC”C)T} , with (,(j) € R™ and

J € {1,2,..., M}, is the vector of false alarms. For the regards of this work con-
sider that: (i) an observation can be generated by at most one target and a target can
generate at most one observation,' i.e., M, < Ny; and (ii) all the measurements are
independent of each other. Tab. 2.1 summarizes the variables introduced so far.

In the remaining of this section, we address MTT filtering and, therefore, only the

positional states are considered.

2.1.1 Bayesian filtering

Location awareness of multiple targets simultaneously can be achieved by leveraging
MTT filtering. To perform MTT filtering consists in (i) completing data association,
namely the problem to associate measurements collected from sensing devices (e.g.,
radar sensor networks) to the tracked targets and (ii) estimating the new positional
state of each target given data association. In particular, at each time instant, a target
positional state can be estimated as follows. First, the prediction phase evaluates the
positional prediction density relying on a kinematic model that describes the target
motion. Then, the update phase evaluates the posterior density by considering both
the positional prediction density and the positional measurement associated to the

target.

! According to the availability of high-resolution sensors, several detectors output a set of obser-
vations for each target, which can be reduced to a single estimate by performing clustering and
considering the cluster centroids.
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Table 2.1: Variable definition.

Notation Definition at any time instant k

Ny Number of targets
M, Number of measurements
Mok Number of target-related observations
M Number of false-alarms measurements
ng) Positional state of the i-th target
Xp Multitarget positional state
z,(cj ) Positional measurement j-th
z, Multitarget measurement
o,(f ) Positional target-related observation j-th
o Vector of target-related observations
,(cj ) False-alarm measurement j-th
g, Vector of false alarm measurements
GS) Data association for the i-th target
0, Multitarget data association vector
O Set of all the valid data association vectors
c,(f) Class for the i-th target
C Set of possible classes
Ci Multitarget class vector
P Set of all the valid class vectors

Consider the multitarget positional state x;, which evolves as a first-order Markov
process. In particular, the positional Markov transition density f(axg|xx—_1) describes

the probability that x;_; evolves to x; according to the transition equation given by

xp = Y(Tp—1,Vk) (2.1)

where ~(-,-) is a nonlinear transformation and vy is the transition noise. By the

Chapman-Kolmogorov equation the prediction density can be defined as

f(xr|z10-1) = /f($k|$k—1)f(93k—1|Z1;k—1) dxzy_q (2.2)

where f(xr_1|z1.6—1) is the posterior density at the previous time instant and 2., =

[2f,23,..., 25 |7 is the measurement history from the first time instant to k — 1.
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The positional measurement likelihood f(zy|xy) defines the probability to have the
multi-measurement vector z; given the multitarget positional state x; according to the
observation equation given by

2z, = h(xy, wy) (2.3)

where h(-,-) is a nonlinear transformation and wy, is the observation noise. The mul-

titarget positional density, i.e., Bayes posterior density, can be defined as

f(zlzr) f(®r]21:0-1)

Tr|z1.1) = 2.4
f(@ilzi) f(zr|z1-1) (24)

where f(zr|2z1.5-1) is the normalization term given by
farlzren) = [ Flanon f(erlzia) da. (2.5)

A closed-form solution for the MTT filtering is given by the Kalman filter (KF) if
linear and Gaussian models are considered. ? Specifically, Gaussian transition equation

and Gaussian observation equation are, respectively, given by

Y(x—1, Vi) = 90(3%; I'ix) ., ‘/;c) (2.6a)

h(zy, wy) = @(zk;Hk-’Bk,Wk)- (2.7a)

The transition matrix Iy, defines the linear transform from x;_; to @, while the obser-
vation matrix Hj, provides a linear relation between states and observations. Transition
noise v, and observation noise wy, are considered independent zero-mean Gaussian vec-
tors, with covariance matrix V;, and W, respectively. Considering Gaussian posterior
density at the first time instant, all the subsequent densities are Gaussian and a closed-
form solution for the Bayes recursion is given by the KF. Then, the Gaussian prediction

density can be written as

f(xi|z10-1) = @(wk;ik,ﬁk) (2.8)
where

Ty = I, o)y

i - (2.9)
P, =V, .+ 1P, I,

2For nonlinear non-Gaussian system models, computationally feasible approximate algorithms in-
clude variants of the KF, such as the extended KF and the unscented KF. Both the extended KF
and the unscented KF are based on the Kalman equations but perform different approximations of
the system models.
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and I! is the transpose of I';. The Gaussian Bayes posterior density can be written

as
f(xr|z16) = go(a:k; Ty, Isk> (2.10)
where
K,= P, H'S;! (2.11a)
= W, + H P, H} (2.11b)
= @ + Ky (zk _H, mk) (2.11¢)
b= I - K,H,] P, (2.11d)

Specifically, K. is referred to as Kalman gain and 3, innovation covariance matrix,

while 2,;1 denotes the inverse of 3.

2.1.2 Data association

In MTT, distinguishing which target generates which measurement is a challenging
task especially in harsh propagation environments due to the high probability of mis-
detections and false-alarms. Let e,(j) denote the data association variable representing
the association between the i-th target and the j-th measurement, at the time instant

k, as follows

' i if target 7 is associated to a measurement j
gl = 7 T E J (2.12)
0 if target ¢ is associated to no measurement.

In the presence of multiple targets, the multitarget data association vector 0, =
[0,&1), 6,&2), . G,EN’“)} ' denotes the measurement-to-target associations for all the tracked
targets. In particular, the multitarget data association vector is such that 0, € Oy,
where ©y, is the set of all the valid measurement-to-target association vectors. A valid
asociation requires that (i) each target is either associated to a measurement or misde-

tected and (ii) any pair of detected targets is not associated to the same measurement.

The multitarget data association vector 6, determines the false alarms vector
T
C= [C,(CI)T, C,(f)T, ey ,E;MC”“)T] , which is typically described as an inhomogeneous Pois-

son point process (IPPP) parameterized by the clutter PDF defined as

f(Cr) = A"“‘icw (2.13)

k
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where A\ (Cx) is the clutter intensity function of the considered environment and

M = / M(C) e (2.14)

is the expected number of clutter detections, i.e., the normalization term. Tab. 2.1

summarizes the variables introduced so far.

A measurement is an observation, or a misdetection, generated by the i-th target

with probability

. @y @
Py (a:,@)f(z,(f’“ )|ac,(;)) if o, = [z,(f" )]

| (2.15)
1— Pd (mg)) if o, =9

where Py(+) is the detection probability and f (z,(f’“ )|:13,(j)) is the probability to observe

(i) .
z:’“ ) given the positional state 33,(;).

Consider the Bayes posterior density from (2.4). Employing the law of the total

probability and by assuming independent targets, it can be written

f(@rlzix) o< f(zi|r) f(zp|z15-1) (2.16a)
= > flz O x| 2141) (2.16b)
0,€0;,
= Hf( 60, 20 20). (2.16¢)
0,.€0; 1=1

For a given data association vector 8y, (i.e., a data association hypothesis), 9,(:) and

@)
zk ¥ can be seen as parameters of a function g(-) defined as

. ) ) . (2)
o090 = 1 (=", 0 215 .
The normalized version of g(-), denoted as g(-), is given by

@)
i1 0))

(2.18)

CARGY 9(") g(

1
g(mk ’zlk

where

(i) . . (%) . .
w(=00) = [o(a? #4007 anf. (2.19)
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Combining (2.16¢) and (2.18) results

f (w5l 21) ox ZHf( 00 225 (2:200)

0,€0; i=1
=2 Hw(m o)
0,€0; =1
611) (i)
X Hg(mk ,zl,C ,Qk ) (2.20Db)
= Z w 21 k,ok
0,.€6;
N . (4) .
« TLa(=0: 25, 0) (2:200)
i=1

where w(z.4,0y) is referred to as data association weight and it can be maximized
in order to identify the most likely data association vector ;. The Bayes posterior

density is given by

f(xr|z1k) = Z W( 21k, Or)

0,€60,
N, ‘
X Hg(w,(c), Z4 ’“)0(2 ) (2.21)
i=1
where (2., 6y) is such that
%, 0
(21 B1) = 1 O8] (222)

ngegk w<z1:k7 ek)

and w(z.x, Oy) is referred to as data association density.

Introducing a cost matrix L and an assignment matrix A data association can be
formulated as an optimization problem. In a general optimization problem, the cost
matrix element {(*7) of L represents the cost to associate the row element i with the

column element j, while the assignment matrix element (") € A is such that

- 1 if column j is assigned to row ¢
a) = (2.23)
0 otherwise.

Thus, the total cost of multiple assignments can be obtained as

c= Z Z a™109) = tr(ATL). (2.24)
4 J
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The optimal assignment problem consists in finding the solution A* given L such that

minimizes tr(ATL) under the following conditions

a9 € {0,1}, Vi, j (2.25a)

Y al =1,vi (2.25b)
J

D al) =1,vj. (2.25¢)

i

Both A and L are defined as an Ny X (M + Nj) matrix, in which each row represents
a target and each column either a measurement or a misdetection. Specifically, A and

L are composed as follows:

o foric {1,2,...,Ny} and j € {1,2,..., M}, the assignment variable a(*7) states

the association between the j-th measurement and the i-th target with cost [(9);

e for i € {1,2,..., N} and j= M}, + i’ with i = ¢/, the assignment variable a9

states whether the i-th target is misdetected according to the cost {): and

o foric {1,2,...,N;} and j= M, + ¢ with i # 4', the assignment variable a7 is

forced to zero according to () = oo.

The optimization problem aims to find the most likely data association vector 6},
namely the one providing the maximum data association weight w*(zy.x, 0%). A dif-
ferent formulation of the problem aims to minimize the logarithm of the inverse of

w(z1.x, Ox), as follows

0; = arg max w(21.k, Ok) (2.26a)
SR
= arg max log<Hw(z1:k' .0, )) (2.26Db)
. i=1 |
= arg min —log (w (sz%)’ 9,@)) : (2.26¢)
0,€0y, i1

Hence, the cost matrix elements can be defined as
- O
16 = _og <w (Z§?;§:k), 91(;))) (2.27a)
O : (i) ,
- —1og( / 1(=%0, 60, 2012057) dw;&“) (2.27h)
where i € {1,2,... Ny}, j € {1,2,..., My, My + i}, and 6 € {0,1,2,..., M}

A closed form solution to compute data association costs is defined under the fol-

lowing conditions:
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constant detection probability, i.e., Py (:c,(;)) =Py, Vie{l,2,...,Ny};

uniform distributed clutter in the considered environment, i.e., Ax(Cx) = Ak, VC;

Gaussian prediction density with independent targets, i.e.,

f(xp]z10-1) HSO(Q% 7wk aP(Z) and (2.28)

Gaussian measurement likelihood with independent targets, i.e.,

The closed-form solution for computing the data association cost is given by

Py 1
(1,J) — _ -
l log(A’) + 5 log(det(2w2k>>

) -\ Ty-1(,0) (i)
if measurement j is assigned to target i, or by
19 = —log (1 — Py) (2.31)

if target ¢ is misdetected [54].
Finally, different algorithms, such as, global nearest neighbor (GNN) and joint prob-
abilistic data association (JPDA), can be employed to complete tracking of multiple

targets.

2.2 Wireless sensing based on radar technologies

Radar sensing is emerging as a key enabler for the evolution of xG wireless networks,
where communication, localization, and environmental perception are expected to op-
erate in a unified framework. In 5G systems, particularly those operating at mmWaves
frequencies, the high bandwidth and spatial resolution of multi-antenna transceivers
can be leveraged not only for data transmission but also for high-precision sensing
of the propagation environment. This convergence has led to the concept of ISAC,
where radar-like capabilities are embedded directly into the communication infrastruc-
ture. In this context, the same transmitted waveforms, antenna arrays, and spectral

resources used for data exchange can be reused to estimate range, velocity, and angular
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information of surrounding objects, allowing network nodes to act as distributed radar

SENnsors.

2.2.1 Different types of radar technologies

In 6G networks, radar functionality is expected to play an even more central role, pro-
viding real-time situational awareness and context information to support autonomous
systems, intelligent transportation, smart manufacturing, and human-machine interac-
tion. By exploiting massive MIMO architectures, ultra-wideband (UWB) waveforms,
and sub-THz carrier frequencies, 6G radar sensing can achieve centimeter-level local-
ization accuracy and micro-Doppler resolution for motion characterization. The fusion
of radar-derived information with communication metrics (e.g., channel state informa-
tion, beam patterns, or signal power maps) enables a new level of network intelligence,
where the wireless system dynamically adapts its operation based on environmental
perception. Furthermore, the ability to perform joint sensing and communication re-
duces hardware redundancy, spectral congestion, and power consumption, facilitating
energy-efficient and spectrum-cooperative network design. Consequently, radar sens-
ing is envisioned as a foundational technology for 5G-Advanced and 6G systems, trans-
forming wireless networks from connectivity providers into cognitive, perception-driven
infrastructures capable of understanding and interacting with their environment.

Modern radar systems exploit diverse waveform designs to achieve accurate estima-
tion of target range, velocity, and angular position. The choice of waveform directly
impacts resolution in both range and Doppler domains, as well as interference robust-
ness and the feasibility of integration with communication systems. Among the most
prominent solutions, OFDM-based radar and automotive radar exploiting FMCW sig-
nals have emerged as two leading paradigms for high-resolution sensing, each charac-
terized by distinct processing architectures and implementation trade-offs.

A distinctive advantage of OFDM radar is its compatibility with communication
waveforms used in broadband wireless systems such as [IEEE 802.11, LTE, and 5G NR.
This compatibility allows the same signal to serve both sensing and communication
functions, forming the foundation for ISAC systems. Radars based on OFDM signals
leverage the transmission of multicarrier waveforms composed of a large number of
orthogonal subcarriers. Each subcarrier can be independently modulated in amplitude
and phase, allowing the encoding of both sensing and communication information. The
orthogonality of subcarriers ensures that, in the absence of synchronization errors, there
is no mutual interference among them, which simplifies the spectral design and enables
efficient use of bandwidth. In addition, OFDM signals provide robustness to multipath
propagation and frequency-selective fading. In radar operation, the environment is

illuminated with the OFDM signal, and the reflections from objects are processed to



2.2. Wireless sensing based on radar technologies 17

estimate range, velocity, and angle information. Range estimation in OFDM radar is
achieved through analysis of the phase or frequency response of individual subcarri-
ers, exploiting the inherent frequency diversity of the multicarrier structure. Doppler
estimation can be performed by observing phase changes across consecutive OFDM
symbols. Estimation of range and Doppler information generate a range-Doppler (RD)
maps, which is promising for high-resolution target detection. However, OFDM radar
also introduces certain challenges, including the need for precise synchronization be-
tween transmitter and receiver, high peak-to-average power ratio leading to non-linear
distortion in power amplifiers, and increased computational complexity due to multi-
dimensional Fourier-based processing.

Automotive radars based on FMCW signals employ a different modulation strat-
egy, transmitting a continuous wave whose instantaneous frequency varies linearly with
time, commonly referred to as a chirp. This linear frequency modulation allows the
extraction of range and Doppler information from the frequency shifts between trans-
mitted and received signals, after processing them using a mixer and a low-pass filter.
In particular, the frequency slope of a chirp determines the range resolution, while
the repetition of chirps in a single measurement enables Doppler estimation through
phase variation across successive frames. Compared to pulsed or multicarrier sys-
tems, FMCW radar provides continuous illumination of the scene, high signal-to-noise
ratio (SNR), and efficient use of available bandwidth, making it highly suitable for
short and medium range sensing in real-time applications. In MIMO configurations,
FMCW radar can synthesize a virtual antenna array, significantly increasing angular
resolution without requiring a large physical aperture. The combination of frequency
modulation and spatial diversity enables three-dimensional localization of targets in
range, Doppler, and angle domains. Furthermore, FMCW processing architectures
are well established and can be implemented efficiently on digital signal processors
or field-programmable gate arrays (FPGAs), ensuring real-time operation. Compared
to OFDM radar, FMCW systems exhibit lower implementation complexity, higher ro-
bustness to hardware imperfections, and reduced sensitivity to phase noise. This thesis
considers an off-the-shelf automotive radar for experimentation and field trials. Signal
processing techniques for automotive radar employing FMCW signals is described in

the following.

2.2.2 Signal processing for automotive radars

A single measurement collected via a FMCW radar consists of multiple frequency
modulated signals, referred to as chirp signals. Consider an FMCW MIMO radar
transmitting linear chirps, i.e., sinusoidal signals with frequencies increasing linearly

from f,, to fu = fm + B over time, where B is the signal bandwidth. The frequency
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of linear chirp signals increases in a time 7¢, referred to as chirp duration, thus with
a slope S = B/T.. A measurement via FMCW MIMO radar consists of N. > 1 chirp
signals, each transmitted every T, seconds. The chirp signal echoes after multipath
propagation and target reflections can be collected at the receiver and then processed
to obtain dynamics of the reflecting targets. The n-th received chirp at each antenna

can be written as
s (1) = A cos (27rfm(tn —tq) + 7S (t, — td)2> (2.32)

where Ag ) is the n-th signal amplitude, ¢,, = t—nT,, and t4 is a time delay representing
the TOF. Specifically, the time delay is tq = 2(r + vt)/c, where r and v are the range
and velocity of the scatterer that reflected the signal and c is the propagation speed of

electromagnetic waves.

At the receiver of the FMCW radar, the transmitted and received waveforms are
multiplied using a mixer and their product is then filtered using a low-pass filter (LPF).
The resulting signal is referred to as intermediate frequency (IF) signal and represents
the difference of instantaneous frequency between the transmitted and received wave-

forms. The IF signal obtained by the transmission of the n-th chirp is given by

(n)
(1) = ATR cos (2n(fyt + foT2)) (2.33)

where f, = 2Br/cl, and fp = 2f, v/c. Each IF signal can be sampled with period
T, in Ng samples, while the entire IF signal sequence with period 7. in N, samples,
i.e., one for each transmitted chirp. The sampling processes with periods Ty and T,
are referred to as fast sampling (FS) and slow sampling (SS), respectively. In MIMO
radars, multiple antennas receive the same reflected signal with a time delay that de-
pends on the AOA of the waveform. Therefore, samples of the IF signal sequence
obtained via F'S and SS can be arranged in a 3-D tensor, referred to as radar data cube,
in which FS and SS represent the FS and SS dimensions, respectively, while the third
dimension is due to multiple antennas. By processing the radar data cube via discrete
Fourier transform (DFT) we obtain the RDA map, which consists of energy bins for
each frequency shift considered over 'S, SS, and angular dimension. Let ff, f, and
fa denote the frequency shifts over FS, SS, and angular dimension, respectively. The
range is determined as 7 = ¢T, f;/(2B), velocity as © = ¢ fo/(2fwm), and AOA 6 such
that sin(@) =c f. /(270 fu), where 6 is the shift between antennas. The marginalization
of the RDA map with respect to the angular dimension provides a range-velocity rep-
resentation of the environment, referred to as RD map. The RD map is promising to
distinguish between energy bins (i.e., frequency shifts) generated by the target presence

from those produced by clutter and multipath propagation.
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The reflected chirp signals contain context information, including the time-domain
representation of micro-Doppler shifts generated by the target movements. A time-
domain sequence encapsulating the micro-Doppler signal features generated by the
target activity is promising to perform target classification. In fact, movements and
activities generate specific sequence of micro-Doppler shifts, which are referred to as
Doppler signatures. The time-domain representation of a Doppler signature contains
information regarding the target dynamics preserving time correlation. Conventional
methods for classification of tracked targets are based on either the motion velocity or
the radar cross section (RCS). However, such methods do not consider the situation
in which a vehicle can move slower than a pedestrian and that the RCS of a target
varies due to its orientation. Compared to conventional classification features, such
as RCS and target velocity, the time-domain analysis of Doppler signatures allows
to characterize even the micro-movements performed by a specific target and their
correlations over time. In particular, frequency-based metrics can provide information
about the target identity and the activity performed since even the smallest movements
produce Doppler shifts in the reflected signal.

Consider a measurement collected using a FMCW MIMO radar and arranged as a
data cube. By applying the DFT to FS and angular dimensions, we obtain a sequence
of N, samples for each positional coordinate of the monitored area. Such a sequence
of N, samples is the time domain representation of the Doppler shifts and contains
information regarding movements at a specific spatial position. The employment of
FMCW radars operating at mmWaves is promising to collect high resolution Doppler
shifts. Consider N, chirps transmitted in a time frame AT, then the velocity resolution
of an FMCW radar is defined as

Ac
Vres = — 2.34
2 AT, (2:34)
where \. = 1/f. and f. is the chirp signal frequency. The high resolution available at
the Doppler domain enables identification of multiple targets by performing classifica-
tion of their type of moving, as well as to recognize activities employing the sequence

of movements.

2.3 Wireless sensing based on camera technologies

The employment of NN-based approaches is promising to detect multiple targets from
camera frames. In particular, convolutional neural networks (CNNs) allow to reveal,
classify, and localize inside the image targets of interest, including humans, vehicles,
and robots. Then, the homography transformation allows mapping the image space into

real-world coordinates enabling location awareness. Unlike radar-based approaches,
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which require clutter mitigation and Doppler processing for classification, camera-based

approaches directly exploit visual information to obtain reliable sensing analytics.

At the discrete time instant k, we acquire a video frame from the camera. A
CNN detector, namely You only look once (YOLO), is employed for processing the
frame in order to detect multiple targets simultaneously. The YOLO model divides
the input image into a grid of cells and, for each cell, predicts the presence of bounding

boxes, confidence scores, and class probabilities. The inference step produces a set of

detections
5= o} " (2.35)
7=1
where M}, is the number of detections at time k and each bounding box is defined as
(4) ©) ) () () T
bk] = [unjnn,k» vnzin,kv un]lax,k’ Unjlax,k] (2.36)

with u = [ l(ﬂfn - “Er]lix k}T and v = [ l(ﬁl)n - vr(g;& k}T denoting the horizontal and ver-
tical pixel coordinates, respectively. Each detection b,(cj ) is also associated with a class
label c,(f ) e Cy, where C; is the set of semantic categories of interest (e.g., human, ve-
hicle, robot) and a confidence score p(J) 0, 1], quantifying the likelihood that the
bounding box corresponds to a real target of class c . Therefore, the output of YOLO

at each instant k, is the the detection vector z Wthh is given by
20 = [bY, 0, p7" (2.37)

with j = 1,2,..., M. The confidence threshold py, is applied to filter out unreliable
detections. Only detections satisfying p,(j ) > punr are retained for subsequent localiza-

tion.

While bounding boxes characterize the extent of the target in the image plane,
they must be reduced to a single representative point to enable geometric mapping
into the world coordinate system. Consider the bottomcenter point of each bounding
box as the representative point, since it approximates the contact point of the tar-

get with the ground plane. Then, the estimated coordinate in the pixel domain is
~(7) _ [ @) ,,0) (J)}

Dy, uy’ v 2 where the position information are given by
1
Ug) D) ( 1('311)1’1 k + ugix,k) (2388’)
v,(f)— vgixyk, (2.38Db)
and the normalization term is z,ij )= 1.
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2.3.1 Data transformation via homography

To transform the representative point from pixel coordinates into real-world coordi-
nates, we employ a homography mapping. A homography matrix H € R3*3 is a
projective transformation that relates two planes, i.e., the image plane and the ground
plane of the monitored area. Given the representative point p(j in homogeneous pixel

0 _ [ G @ T

coordinates, the corresponding world coordinate p;’ U ThagW- } is obtained as

p) =HpY. (2.39)
Since p,ij ) is expressed in homogeneous coordinates, the real-world positions x,(cj ) and
y,(cj ) are given by
o_ L0 9.4
2y
G_ L1 0
Yy = ()v (2.40b)
%k

where z,ij) is the normalization term. By combining the detection step with the
homography-based localization, each detection j at time k is characterized by the
tuple

(J) _ p’(cj), c,(f), Pl(c])] (2.41)

()

where p;”’ € R? is the world position, c(

is the semantic class, and pk is the associated
confidence.

This representation enables simultaneous localization and classification of multiple
targets in real time. The output of the camera-based system can then be directly
employed in higher-level modules, e.g., trajectory prediction or multi-sensor fusion

with radar.

Remark — The camera-based approach presents complementary characteristics with
respect to radar-based sensing. On the one hand, YOLO provides fine-grained se-
mantic classification that is difficult to extract from radar reflections. On the other
hand, camera-based localization is sensitive to illumination changes, occlusions, and
calibration errors. Therefore, the integration of both sensing modalities enhances the

robustness and reliability of multitarget perception.

2.3.2 Calibration of the homography matrix

The computation of the homography matrix H requires an offline calibration step

that establishes the geometric relationship between the camera image plane and the
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ground plane of the monitored area. The quality of the homography estimation depends
critically on the spatial distribution of calibration points. Such points should cover the
region of interest uniformly and avoid collinear configurations to reduce numerical
instability. Let {(z¢,y,)}0" denote a set of reference points with known real-world
coordinates expressed in a local ground plane reference system, and let {(u@,vg)}évjl

denote the corresponding pixel coordinates observed in the camera image.

The mapping from the camera image to the real-word coordinate is given by the

projective relation

Uy Ty
N |ve| = H |y, (2.42)
1 1

where ¢ € {1,2,...,Ng}, Ay € R is a non-zero scale factor and H € R3*3 is the

homography matrix.

From the (2.42) we obtain two independent linear constraints per correspondence
((we,ye), (ug,v¢)), with € € {1,2..., Ny}. Therefore, a minimum of Ny > 4 non-
collinear point correspondences is required to uniquely estimate H up to a scale fac-
tor. In practice, more correspondences are collected to improve robustness, and the
estimation is solved as a least-squares problem. By following the direct linear transfor-
mation (DLT) method each correspondence ((x¢, y¢), (u¢,v¢)) contributes to the linear
system

0 0 0 —x¢ -y —1 wexe veye g 0 (2.43)
xe Yy 1 0 0 0 —wxy —ugye —uyg
where h is the flattened version of H, i.e., h = [h11, hi2, has, hot, hao, hag, hat, hag, Ras).
Stacking all 2Ny equations leads to a homogeneous system Ah = 0, with A € R? the
vectorized homography. The solution is obtained as the right singular vector of A

corresponding to the smallest singular value.

Since the DLT algorithm is sensitive to scale differences in the data, normalization
of both world and image coordinates is performed before solving (2.43). This consists
of translating and scaling the coordinates such that they are centered at the origin
and have an average distance of v/2 from the origin. After solving for H in normalized

coordinates, the transformation is denormalized to obtain the final homography matrix.

Finally, refinement of H can be performed by minimizing the geometric reprojection

error through nonlinear optimization:

2

Ny u Ty
H=min) || -7 |H |y (2.44)
H /=1 Ve 1
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where the function 7(-) denotes the projection from homogeneous to Cartesian coor-
dinates. This refinement step ensures improved accuracy in the presence of noise or

measurement uncertainties.

Chapter remark

Reliable multitarget tracking relies on Bayesian filtering and accurate data association.
Probabilistic frameworks based on recursive estimation of target position allow precise
localization even in complex wireless environment affected by multipath and clutter con-
ditions. Understanding radar and camera sensing principles reveals how heterogeneous
data sources complement each other: radar provides robust positional information, while
camera data enhances semantic understanding. These foundations are crucial for devel-

oping novel approaches for wireless sensing.




24

Chapter 2. Preliminaries




Chapter 3

Integrated tracking and

classification of multiple targets

Context awareness via wireless sensing is guaranteed by the estimation of positional
information and classification analytics (e.g., target identity and activity). However,
tracking and classification of people, objects, and vehicles in complex wireless envi-
ronments require the development of novel approaches for fulfilling the 3GPP require-
ments. This chapter introduces a framework for integrated tracking and classification
of multiple targets using an FMCW MIMO radar operating at mmWaves. The pro-
posed framework aims to design a complete processing chain for detecting, tracking,
and classifying multiple non-collaborative targets in complex wireless environments.
In the following, the employed signal processing techniques, including clutter mitiga-
tion, target detection, and the estimation of kinematic parameters from RDA maps,
are described. Multitarget tracking filtering based on Bayesian recursion and data as-
sociation, as well as classification methods employing CNNs for target identification
and activity recognition are reported. The proposed framework for tracking and clas-
sification allows the deployment of accurate and reliable wireless sensing in complex
wireless environments, such as industrial areas. Fig. 3.1 shows an illustration of the
ITC framework.

3.1 System model

At each discrete time instant k, consider a random number Nj of targets, which can
appear, disappear, and move freely. The k-th target is described by its positional state
x,(j) € R, with ¢ € {1,2,..., Ny} for a realization Ny of Ni. The target positional
state x,(j) consists of parameters such as position, velocity, and acceleration. The target
class is denoted by cg) € Cy, where C; is the set of all possible identity classes. Posi-

tional states and classes of tracked targets are denoted by the multitarget positional

25
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Wireless Sensing Target Detection Multitarget Mult}targ‘et
Tracking Classification

Figure 3.1: Hlustration of the ITC framework.

state xp =[xV xPT L xMTT and multitarget class ¢, = [cl”, ¢, ..., ]

respectively.

Consider M; measurements obtained from sensors at the current time k. Each
measurement zfcj) € R™=, with j € {1,2,..., My} for a realization M}, of M, contains
positional information to be employed as input for the MTT filtering. The measurement
vector z, = [z,(cl)T, z,(CQ)T, e ,z,(gM’“)T} T contains all the detected measurements, including
false alarms. In this work, we consider that: (i) all the measurements are independent
of each other; (ii) a measurement is generated by at most one target; and (iii) a
target can generate at most one measurement. In the remaining of this chapter, it has
been described the signal processing techniques, including clutter mitigation and target
detection methods, for collecting a set of measurements when employing a FMCW
MIMO radar. Fig. 3.2 shows the block block diagram of the presented framework for

integrated tracking and classification of multiple targets.

3.2 Detection technologies

In cluttered environments, target detection is challenging due to RD maps corrupted by
signal distortion and noise. The proposed technique for clutter mitigation consists of
an offline and an online phase. In the offline phase, the environmental clutter intensity
distribution is estimated by the collection of measurements with no target in the area of
interest. For each point with coordinate p in the RD or RDA map, a specific threshold
is determined based on the clutter distribution previously estimated.! In the online
phase, RD map elements are compared with the designed thresholds. If the magnitude
of the RD map element under test is below the corresponding threshold, its value is
forced to zero, otherwise is kept.

The threshold for a point at the coordinate p is defined by considering as Gaussian
distributed its noise power n,, i.e., np, ~ go(np;ﬁp,aﬁ). The distribution parameters
can be estimated during the offline learning by the collection of multiple noisy mea-

surements without any target in the monitored area. The threshold &, for a point at

'For notational convenience, we denote p € R? a RD map coordinate and a p € R? RDA map
coordinate.
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the coordinate p is given by
§p = Np + apop (3.1)

where «, € R™ tunes the false alarm and misdetection probabilities. A higher o,
reduces the false alarm probability, while increases the number of misdetections, and
vice-versa.

The high range and velocity resolutions of mmWave FMCW radars and the noise
introduced by multipath propagation generate a representation of each detected tar-
get as an extended object, i.e., characterized by a set of range-velocity coordinates
corresponding to an over threshold magnitudes. The DBSCAN algorithm allows to
group such coordinates in clusters by leveraging their density in the RD map [135].
A weighted mean of the cluster elements provides a single-value estimate, referred to
as centroid, which consists of a range-velocity coordinate. In particular, by denoting
as (2; the j-th cluster of coordinates, with j € {1,2,..., M} and M representing the
number of clusters obtained by computing the DBSCAN algorithm, the centroid p; is
given by

Zpeﬁj Pp p

B = (3.2)
’ Zpeﬁj Pp

where p denotes a range-velocity coordinate and P, is the magnitude of the corre-
sponding energy bin in the RD map. The centroid p; is the estimated range-velocity
coordinate for representing the cluster j. At a range-velocity coordinate p;, the re-
flection AOA is obtained by considering the angle with highest magnitude in the RDA
map.

The knowledge of the target positional states at the previous time instant is ex-
ploited to further reduce the number of misdetections and false alarms. From the RDA
map, a sub-tensor for each previously estimated positional state can be extracted and,
then, processed via the DBSCAN algorithm to enlarge the set of detections. The My
measurements are composed by the union of centroids collected evaluating both the
RD map and the RDA map sub-tensors. Therefore, the set of measurements consist of

range-velocity-AOA coordinates, which can be used as input of the MTT filtering.

3.3 Tracking technologies

Tracking of multiple device-free targets requires data association, which is the combi-
natorial problem of determining (i) which target generates a given measurement, (ii) if

the measurement is due to false alarm, and (iii)if a target is misdetected. Let 6,(;)
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Figure 3.3: Heatmap of a RD map collected with 3 targets in the environment. Repre-
sentation before and after filtering using the proposed approach for clutter mitigation.

be the data association variable denoting the assignment of the measurement 7, with
Jj €{1,2,..., My}, to the target i, with i € {1,2,..., Ni}, at the time instant k, as
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follows

() j if target 7 is associated to a measurement j
0, = (3.3)
0 if target 7 is associated to no measurement.

In the presence of multiple targets, we define the multitarget data association vector
0. = [0,&1),9,&2)7 . ,Gl(CN’“)]T providing the measurement-to-target associations for all
the tracked targets. In particular, the multitarget data association vector is such
that 0, € ©y, where ©,, is the set containing all possible vectors of valid multitarget
data associations. A valid multitarget data association requires that (i) each target
is either associated to a measurement or misdetected and (ii) any pair of detected
targets is not associated to the same measurement. To compute data association and
MTT filtering analytically, we exploit the KF solution considering linear and Gaussian

system models. 2

Data association can be seen as an optimization problem, where a data association

probability P, (9,?)), for linear and Gaussian modeling, is given by

Pa(2) o (s a5 6P £ 0

R7) = 0 (0
1- Py (mk ) 09 =0

(3.4)

where Py(-) is the detection probability and Hj is the linear measurement model,
while aN:,(;) and X, are the positional prediction and the innovation covariance of the

KF, respectively. The data association costs
lij = _Pa(elii) = j) (3.5)

can be arranged in a matrix L, where rows represent targets and columns represent both
measurements and misdetections. By processing L using the Murty’s algorithm [137],
we define ©, C O representing the set of the ()-best data association hypotheses

obtained evaluating the data association costs.

The JPDA algorithm leverages a soft-decision approach for data association by
accounting for the uncertainty in matching measurements with tracked targets [138].
In particular, JPDA assigns an association score B,i” ) to each possible measurement-to-

target association, based on how the measurement aligns with the predicted positional

2For nonlinear non-Gaussian system models, computationally feasible approximate algorithms in-
clude variants of the KF such as the extended KF and the unscented KF [136]. Both the extended
KF and the unscented KF are based on the Kalman equations but perform different approximations
of the system models.
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state of the target. The association score can be calculated as
B = > p(6f) (3.6)
0k€{0k€ék,9’gi):j}

where j € {0,1,...,M;}. Based on the association score, the distribution of the

multitarget positional state for independent targets is given by

Ny M,
F@rlzin) =TT 807 (2127) (3.7)
i=1 j=0

where f (wg) |z,(gj )) can be calculated employing the KF for linear and Gaussian models.

Appearing and disappearing targets require the initialization and the deletion of
new and existing tracks, respectively. Track initialization is performed from a sequence
of measurements collected over time as follows. At the first time instant, all the mea-
surements are considered as potential tracks, i.e., each generates a track hypothesis.
At the next time instants consider the greediest data association hypothesis. The
measurements that are not assigned to any existing track are either associated to a
track hypothesis or considered as new potential tracks. Finally, if a track hypothesis
achieves a length of K measurements is validated as real track and processed via the
JPDA algorithm. Given that the positional states are represented using a Gaussian
density, the covariance matrix serves as a crucial indicator of the plausibility of the
track hypothesis. In particular, until the trace of the covariance matrix is below a
deleter threshold, the hypothesis is valid. By adjusting the deleter threshold, the same
approach can be employed to delete existing tracks processed via the JPDA algorithm.
The choice of the threshold value is a key aspect for achieving accuracy in track removal
tasks. Typically, the best threshold is estimated empirically through several trials and
exploiting the knowledge of the operative conditions, including the environment, the

sensing device, and the types of targets in the monitored area.

3.4 Classification technologies

The analytical characterization of complex wireless environments is challenging due to
the stochastic nature of the channel, especially in the presence of multiple targets and
clutter. Specifically, the presence of obstacles and scatter objects make difficult the
mathematical characterization of a mapping function which inputs the Doppler signa-
ture and outputs the activity performed or the target identity. Machine learning and,
in particular, deep learning, is promising for the classification of Doppler signatures ex-

tracted from reflected signals. Approaches based on NNs allow to determine the most
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significative signal features to perform an accurate classification without requiring a
mathematical formulation of the waveform propagation. During the offline phase of
the proposed approach (i.e., training phase) by the processing of training data, a NN
infers a function which, given a Doppler signature as input, outputs the probability
of belonging to each class among all the considered. To achieve reliable classification
performance in several environmental conditions, an important aspect to consider is
the training generalization. Indeed, it is important that a trained classification model
is capable of operating in scenarios not explored during the training phase, e.g., dif-
ferent people in different spatial positions of the environment. The issue of forecasting
capability limited to the training data is referred to as overfitting. By employing CNNs
and exploiting data augmentation and bagging techniques, high classification accuracy
can be achieved even in environments not explored during training. Next, we describe

the developed methods for target identification and activity recognition.

3.4.1 Target identification

Identification requires the extraction of specific signal features for each target tracked.
In particular, MTT filtering provides range-angle coordinates, which can be exploited to
determine specific classification analytics for each target from reflected chirp signals.
Consider a collected radar data cube, by applying the DFT to the FS and angular
dimensions, we obtain range-angle coordinates, each characterized by the N, samples
of the SS dimension. Such samples provide a time-domain representation of the micro-
Doppler shifts generated by movements at a specific range-angle coordinate. Fig. 3.4
shows the time—-domain representation of the micro-Doppler signatures generated by a

human target and an industrial vehicle.

We consider a classification problem for target identification taking as input a se-
quence of W N, time-domain samples collected by exploiting target positions estimated
via MTT. In particular, the parameter W € N defines the duration of the observation
window in which the classification analytics are collected. The entire sequence of W N,
samples is organized as a linear array to preserve the correlations over time. Increasing
W enables performing a more accurate characterization of the target motion. There-
fore, by collecting multiple Doppler shift signals over a time frame, we obtain a Doppler
signature for each target containing the micro-movement characterization that can be
processed employing a NN for a classification task. In particular, 1D-CNNs are an ef-
fective tool for the classification of time series. Compared to conventional approaches
based on recurrent NNs, CNNs guarantee higher accuracy thanks to the capability to

determine temporal correlations spread over a longer time period.
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Figure 3.4: Representation of Doppler signatures used as input for classification gen-
erated by human target and industrial vehicle, respectively.

3.4.2 Activity recognition

Activity recognition is performed considering the location awareness provided by a
localization algorithm. As mentioned above, a sequence of Doppler signals can be
collected over time from the RDA map relying on the target positional state to obtain
the Doppler signature of a completed activity. The classification of activities requires
knowledge about the time correlation among the obtained Doppler shifts at different
frequency-variation scales. The CWT applied to a time domain signal produces a
time-frequency image which allows to extract local frequency spectrum and temporal
information simultaneously in compliance with the Heisenberg uncertainty theorem.
Specifically, the time-frequency resolution of the transformation can be adapted to
capture small variations in time when high frequency are considered and vice-versa.
Then, the output of the CWT is a time-frequency image containing the sequence of
frequency variations over time extracted using a suitable time-frequency resolution.
The CWT is defined as

Ne

Wa(u,s) =Y @[t] (1) dt (3.8)

t=0
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(a) (b)

() (d)
Figure 3.5: Time-frequency images obtained by processing Doppler signatures via
CWT. The x-axis represents time domain, y-axis the frequency domain, and the color
range (from blue to yellow) the normalized magnitude of the CWT. In particular,

time-frequency images consider: (a) human presence, (b) human falling, (¢) no human,
and (d) arm movement.

where 1, 4(t) = ﬁw (t_T“) and ¢ € L?(R) is referred to as the mother wavelet. In par-
ticular, v and s represent the time translation and the scale parameter of the employed
mother wavelet. Changing the scale s allow to analyze different signal frequencies.
By using the CWT, we extract the temporal correlation characteristics of the Doppler
signature to be employed as input for the NN. Fig. 3.5 shows time-frequency im-
ages obtained by processing via CW'T the Doppler signatures originated from different

activities.

Chapter remark

Integrated tracking and classification demonstrate that positional and classification tasks
are mutually beneficial. Radar-based signal processing, data association, and neural-
based classification form a promising framework for reliable context awareness. Exploit-
ing Bayesian recursion for tracking and NNs for Doppler features classification provides

accurate motion and identity estimation. Derivation of closed-form solution for the

Bayesian recursion allows real-time device-free sensing in complex wireless environments.

(. J




Chapter 4

Joint tracking and classification of

multiple targets

Information superiority in complex wireless environment is guaranteed by the intro-
duction of the JTC paradigm. Sensing of things baed on JTC approaches enable the
simultaneous estimation of position and class of multiple unconnected targets. Unlike
the integrated framework, JTC approaches rely on a joint probabilistic formulation
where tracking and classification are performed within a unified Bayesian recursion.
The chapter presents the derivation of the JTC filtering equations, discusses the con-
ditions under which a closed-form solution can be obtained, and details the joint data
association that exploit both positional and classification information. An implemen-
tation of the JTC framework using an automotive radar operating at mmWaves is
proposed to demonstrate the advantages of joint estimation in terms of accuracy and

reliability. Fig. 4.1 shows an llustration of the JTC framework.

4.1 Joint tracking and classification filtering

In several scenarios multiple kinds of targets performing different types of activities
need to be tracked and classified at the same time. For this purpose, it can be con-
sidered the multitarget class ¢, = [cél),c,gQ), e ,CI(CN’“)}T € Py, where cl(f) € Ci, with
i€{1,2,..., Ny}, is the class of the i-th target and Py is the set of all the valid clas-
sification vectors. Specifically, a valid classification vector requires that each tracked
target is associated to one, and only one, class from C;. Therefore, the set P contains
all the permutation with repetition of Ny elements from the class set C;. See Tab. 2.1
for the variable definition summary.

To perform tracking and classification simultaneously, consider a measurement
z,(fj ) € R™= with j € {1,2,..., My}, which represents both positional information

and the classification features of a detection. In particular, we define a measurement

35
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Figure 4.1: Hlustration of the JTC framework.

z,(cj ) as a vector of dimension m., containing the target mobility parameters (e.g., po-
sition and velocity) and signal features which can be employed as classification metric
(e.g., uD shifts).

In the remaining of this section, we, first, propose the JTC filtering and a closed-
form solution for an amenable implementation. Then, we introduce the JTC data
association to perform measurement-to-target assignments considering the information

superiority given by the classification.

4.1.1 Bayesian filtering

Simultaneous location awareness and classification require a joint estimator for x; and
c, given the measurements z;.,. Integrating the multitarget class ¢, into the MTT
filtering leads to JTC filtering. In JTC filtering, prior and posterior densities estimate
jointly target position and class of multiple targets. In particular, the JTC posterior

density results?
f(zxlzy, ck) f(zr, crlz1:6-1)
f(zr]z11)

f(@, exlzix) = (4.1)

where

f(@r, exlz1a-1) = (4.2)

!Note that all the assumptions made in Section 2.1 are still valid.
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> /f(wkyClmwk—lyck—l'zl:k—l)dfck—l

Ck—1€Pk—1

is the JTC prediction density and

flalzue) = 3 [ faloa)

ckE€Py

xf(ack,ck|z1;k,1)dwk . (43)

is the normalization term. The JTC measurement likelihood f(zy|xk, i) defines the
probability that the positional measurement vector z; is generated from the multitarget

positional state x;, classified as ¢;. Thus, the JTC observation equation is
Zr = h(mk, Ci., 'wk) (44)

where h(-,-,-) is a nonlinear transformation and wy, is the observation noise.

Consider the multitarget positional state x; and the multitarget class ¢, as a joint
state, which evolves as a first-order Markov process. In particular, the JTC Markov
transition density f(x, ck|Tr_1,cr_1) describes the probability that x,_; and ¢y

evolve to x; and ¢, respectively, according to the transition equation given by

Xk, ¢, = Y(Tk—1, Cr_1, Vi) (4.5)

where ~(-,-,-) is a nonlinear transformation and vy is the transition noise. By the

Chapman-Kolmogorov equation the JTC prediction density can be defined as

[, cr|z10-1) = Z /f(wk,ck|wkhck1) f(®r—1, cr_1|z1-1) dxf—1  (4.6)

Ck—1€Pk—1

where f(xg_1,cr_1|21.k-1) is the joint posterior at the previous time instant.

To provide a closed-form solution for the JTC recursion let consider (i) indepen-
dency between the classifier and the position estimator? and (ii) linear and Gaussian
models to exploit the KF solution described for the MTT recursion. In particular, the

JTC Markov transition density for independent estimators results

@k, ce|Tr—1, 1) = f(@Tr|Tr-1, k1) f(Cr|Tr_1, Cr—1) (4.7)

and represents the joint class and positional state transition over time as a product of

independent transitions. Hence, the positional state x;_1, given the class c;_1, evolves

2Note that classification still depends on the target position, and vice-versa, due to the observation
generated by the target.
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to xy in accordance with a positional transition model. The multitarget class ¢_1,
given the class x;_1, evolves to ¢, in accordance with a class transition model. We
introduce the constant class transition model, i.e., a liner model to predict the mul-
titarget class ¢; given cx_;. Specifically, the constant class transition model assumes
that the multitarget class is not varying over two subsequent time instants, at any time

k. Therefore, the class transition density is given by

f(ckkkal? qu) = f(ck‘ckfl) (4-8)
such that

1 if Ci — Cp_—1
fleklex—1) = (4.9)
0 otherwise.

and the JTC prediction can be written as

[, cr|z16-1) = f(er|cr-1)

X Z flar|er—1, k1) f(®r-1, Ck1]|Z1:6-1) df—1.  (4.10)

Cr—1€PK—1
The Gaussian JTC positional transition density can be defined as
f(@p|zr1, ce1) = SO(CBk; LV, Vp,k) (4.11)

where Fk(c’“‘l) is the linear motion model which best characterizes the target kinematics
according to the target classification and V j is the positional noise covariance. Con-

sidering a Gaussian JTC posterior density at previous time instant, the JTC prediction

results
[y, crlz1r-1) = SO(CBk; Tk, 13k> (4.12)
where
Cr = Cp—1 (4.13a)
&y = 0% &y (4.13b)
P=Vi,+ TP, (Fk(ék))T. (4.13¢)

Leveraging the conditional probability properties, the joint posterior density, de-
fined in (4.1), can be defined as

(Ck|21:k, wk)f(zk|wk)f<wk|z1:k—1)
f(zklzl:k—l)

f(@r, elzik) = !

(4.14a)
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_ [edzin) f (24 |@y) f (@e|21-1) (4.14b)
f(zk|z1-1)

Then, the normalization term is given by

Ty, Ccplz
f(zk|z10-1) Z I/ I;kliklk f(zk|xr)
cLEPy
X f(x]|z1:0-1) dog, - (4.15)

where f(z|xy) is the positional measurement likelihood and f(@y|21.,—1) the positional
prediction. Since it has been assuming independency between the classifier and the
position estimator, the (4.14b) results

f(ck|zlzk)f(zk‘wk)f(wk|zlzk71)

[y, celzix) = TR (4.16a)
_ f(ex|z1)
>, flerlzi)
f(zxlzr) f (x| 21:6-1) (4.16D)

[ f(zeler) f(@r|210-1) day

Considering linear and Gaussian models, from (2.4) the JTC posterior can be written

as
flex|zik) A B 7 D
[, cilz1k) = 90(3% Ty, Pk) = f(cklzix) @(wk, Tk, Pk) (4.17a)
>_p, f(cklz1k)
where
_ B (e -1
LN o~ . T
S = Wi+ B B (H[™) (4.18D)
oy = &, + K, (zk — H® a:k) (4.18¢)
b, =[I- K,H,)P.. (4.18d)

Specifically, &, and P, are given by the Chapman-Kolmogorov prediction, while H ,Eé’“)
is the linear measurement model based on the target classication. The multitarget
class ¢ is estimated by using a generic classifier, which maps signal features in target

classes. For independent targets the joint Bayes posterior density can be written as

9(Z 7 %
f (@, cilzin) = Hf( P ) (f’?/(f),m;(g),Pk(v (4.19a)
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o)

0)
") is the normalized classification probability given zl?kﬁ -

where the weight f (c,(f) ]zig,;k )
i.e., the history of measurement-to-target assignments for the i-th target. The mean
:i:gf) and covariance 13,51) characterize the target positional state and can be obtained
leveraging the KF solution.

In the JTC posterior, the positional density is weighted by the classification scores,
which are obtained evaluating signal features associated to each target by data associ-
ation. In the JTC filtering, data association must consider both positional and class
information to figure out the most likely measurement-to-target assignments providing

the best estimate of x; and ¢y, i.e., the multitarget joint state.

4.1.2 Data association

Joint data association is required in JTC filtering to estimate the multitarget joint state
by considering positional and class information. In particular, the posterior density in
the JTC filtering leverages the data association results to update the target position
and class given the collected measurements. The unnormalized joint posterior density

can be written as

[z, cilzie) o f(erlzin) f(zrl2r) f (28] 21:0-1) (4.20a)
— Z f(a:k, Ci, 2y, 0k|zlzk—1) (420b)
0,€0y
= Z f(cr|zr, z14, Or)
0,6,
X f(xk, 2k, Ok| Z21:6—1) (4.20c)

and given the independency between ¢, and @ results

fl@r, exlzie) o< Y fler|zia, Ok) f @k, 25, Okl 214 1) - (4.21)

0,€0,

For independent targets

) (3) . (2)
xf (2l 2000010 ) (122)

G

‘ ()
and given a data association hypothesis 0, then, 9,8) and Z1:1§:k)

, can be seen as pa-

rameters of a function g(-) defined as

. . (i) . . (3) . . (i) . (%)
ool 2 00) = £ (00 £ (2 AN 00120 ). ws)
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The normalized version of g(-), denoted as g(-), is given by

7 7 ( ( ) 7
o)1 o)

() ({0, @000 _Y (
w (zl i 6,(;))

where

N O .

w(500) = 3 ool =0 daf (425
c,(:)ECc
i)

is referred to as joint data association weight given the measurements zio i) and the

assignment 9,(3) for the i-th target. Thus, from (4.24), the joint posterior can be written
as

Ng )
6\ i
f(wlmck’zl:k) X Z Hw(ziklk)79](€)>

0,€0; i=1
)
xg(w,(;), . zie,ﬁ % ) (4.26a)
= w(ziu, 0)
0,€60;
x Hg<$k ’Ck ,z1 k e H(Z ) (4.26b)

and employing the normalized data association weight w(z.x, 0%), which is defined in

(2.22) and referred to as joint data association density, then

f(xr, celz1k) = Z W( 21k, Or)

0,€0;

X Hg(wk e 7Z1k Q(Z ) (4.27a)

The most likely data association vector can be found out solving the optimiza-
tion problem described in Section 2.1.2 for the conventional MTT. In particular, the

optimization problem aims to find 8;, such that

0; = arg nax w(z1.x, Ok) (4.28a)
k k
- ©52) )
— 3 _ 1:k ?
= arg min 2 log <w (zlik .0, >> (4.28Db)

Therefore, the cost matrix elements (/) € L can be specialized for the JTC data
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Figure 4.2: Graphical representation of equation (4.33). The probability of data asso-

ciation between the i-th target and the j-th measurement (i. e., (9,(:) = j) is given by
the summation over the classes in which a tracked target can be classified.

association problem as

1G3) — —log< (ziklk) 9’(:)) (4.29a)
O CLEER)
cg)EC
(i) .
1og</f mk , ,(f ) 0(1| :1’1)) dacgj)) (4.29b)
= 109 4 () (4.29¢)
where
(4,9) (4) : _ ) (4)
Ly —log f a:k ,zk 9 | dz;, (4.30)
and
9|5 (80 ) wa
Mec,
Specifically, l&f’j ) is the data association cost conventionally employed in MTT,

which can be evaluated using the closed-form solution provided in (2.30) and (2.31).

On the other hand, lg’j ) is an additional data association cost, which is provided by
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the classification scores. In particular, let define

. (2) .
£l 215 0) (4.32)

where c,(f) € Ci, as a probability mass function (PMF). Therefore,

. (2) .
S (01202, 69) (43

CS) eCy

is the marginalization, given a data association hypothesis, of the (4.32) with respect
to the classification variables c,(;) € (i, i.e., the classes which can be assigned to a
tracked target. Fig. 4.2 gives a graphical representation of the (4.33) considering data
association hypotheses and classification scores.

In equation (4.29b), it has been defined an enhanced data association cost, referred
to as JTC data association cost, which considers both the statistical distance between
two positional states and a classification score based on the performed classification. In
particular, the classification score lg’j ) defines how likely a data association hypothesis
is by considering only the performed classification. Then, lg’j ) can either confirm or
change the result obtained employing the conventional measurement-to-target associ-
ation approaches beneficing both soft and hard-decision based data association.

The algorithms developed for conventional MTT can be completely integrated in
the JTC approach as positional state estimators. In JTC filtering, classification allows
(i) the choice of a specific motion model for each target to evaluate the prediction
density, (ii) weights the JTC posterior density, and (iii) contributes in data association.
In particular, the JTC data association guarantees information superiority to associate

measurements to targets enabling association costs tuned by the classification scores.

4.2 Joint tracking and classification via single
MIMO radar at mmWaves

This section aims to propose an entire framework to perform JTC in complex wireless
environments employing a single FMCW MIMO radar operating at mmWaves. In
particular, FMCW radars allow to infer range and velocity of multiple targets, relying
on a sequence of reflected chirps, i.e., signals with a varying frequency over time. In
addition, MIMO technologies guarantee the availability of multiple antennas, which
enable to estimate the AOA of a reflected waveform and, then, to perform localization

using a single device.

Fig. 4.3 outlines the proposed framework to perform JTC via a single FMCW
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Figure 4.3: Block diagram of the proposed JTC framework to perform tracking and classification via single FMCW MIMO radar
operating at mmWaves. In particular, liliac blocks represent the signal processing phase, orange blocks the clutter mitigation and
detection phase, and green blocks the tracking and classification phase.
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MIMO radar. First, signal processing and clutter mitigation techniques need to be
applied to the raw samples of reflected waveforms. Then, detection is required to
reveal the presence of targets from the processed samples. Finally, for each detected
target a positional measurement and a classification metric can be obtained. The JTC
filtering processes the collected measurements to jointly infer the multitarget state x;

and the multitarget class ¢, at any time instant .

4.2.1 Detection technologies

In complex wireless environment the employment of clutter mitigation techniques is
needed to achieve high accuracy localization and classification. In particular, an effec-
tive approach to remove static clutter originated from static scatters is to remove the
background noise from the reflected waveform. It requires an offline phase in which the
static clutter distribution can be inferred collecting a large amount of measurements
without any target in the environment.

Consider the range-angle (RA) map which discretizes the monitored space in a
finite set of points. By collecting a large amount of measurements, it can be inferred
the clutter distribution for each considered spatial location. The same approach can
be employed for estimating the noise distribution of the elements in the RD and RDA
maps.

For each point with coordinate p in the RD, or RDA, map a specific threshold
can be defined based on its own estimated noise power distribution.® In particular,
the noise power n,, of a point at the coordinate p, can be approximated as Gaussian

distributed and given by
np ~ gp(np; Np, 05) . (4.34)

Each point in RD and RDA map is considered as originated from either a target or
clutter, if its value is over the estimated threshold or not, respectively. The threshold
&p for a point at the coordinate p can be defined based on the learning (i.e., clutter

distribution inference), performed during the offline phase, as follows
&p = Tip + a0, (4.35)

where o € R*. The parameter o tunes the false alarm and miss-detection probability.
In fact, an higher « increases the number of miss-detection, but reduces the false alarm
probability and vice-versa.

The target detection consist in processing the RD map to reveal moving elements

3For notational convenience, we denote p € R? a RD map coordinate and p € R3 a RDA map
coordinate.
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in the environment. Then, given the range-velocity coordinate of a detection, the
corresponding AOA is obtained leveraging the RDA map. In particular, from the
RDA map, given a range-velocity coordinate, it can be obtained a list of angles, each
characterized by a frequency shift. The estimated AOA is the one providing the largest
frequency deviation.

The target presence produces a set of over-threshold points in the RD map due to
the high radar resolution and the multipath propagation. Multiple targets generate
multiple clouds of range-velocity coordinates. Clustering techniques allow to group the
over-threshold range-velocity coordinates in clusters. Each cluster can be reduced to a
SVE evaluating its own centroid. The DBSCAN algorithm allows to group detections
depending on their density in the RD map. It expands a cluster until new elements
within a certain radius are found. By denoting as (2; the j-th detected cluster, with
j € {1,2,..., M} where M is the number of clusters, the corresponding estimated

centroid p; is given by

ZPE .Qj p Pp

ZPE.QJ‘ Pp

where p is the range-velocity coordinate and P, is the associated received power, i.e.,
the frequency shift in the RD map at p.

A further improvement in the detection consists in reducing the miss-detection
probability exploiting the knowledge of the positional state of each target at the pre-
vious time instant. Specifically, around each positional prediction, a gating region is
defined for extracting a sub-tensor from the RDA map to process using DBSCAN. By
the union of centroids coming from both RD map and each RDA sub-tensor, a set of
M, detections is obtained. For each detection, range, velocity, and AOA define a posi-
tional measurement. Given a range and an angle, the Doppler shifts generated by the
target movements are extracted from the SS dimension of the RDA map and exploited
as a classification metric. Therefore, M) positional measurements and classification
analytics are obtained and compose the measurement vector z;, which is used as input
to the JTC filtering.

4.2.2 Tracking and classification technologies

The closed-form solution proposed in Section 4.1.1 allows to approximate the JTC
filtering and develop computational efficient algorithms to track and classify multiple
targets, simultaneously. The JTC implementation, first, requires to find the most likely
data association hypotheses considering both positional and class information. Then,
independent estimators perform tracking and classification of the tracked targets.

At the current discrete time instant k, consider M) measurements and N}, targets.
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On one hand, each measurement is characterized by positional information and a clas-
sification features. On the other hand, tracked targets are described by the estimated
positional state and the history of its associated classification features until the previous

time instant k — 1.

The equation (4.29¢) gives the JTC cost of associating a measurement j to a target
i, with j € {0,1,..., M}} and i € {1,2,..., N;}, and is expressed as the sum of two
contributions, i.e., l(Ti’j) and 18’”. The term l&f’j) is the statistical distance between
a positional state and a positional measurement. It is the conventional metric used
for data association in MTT and, under certain assumptions, allows a closed-form
solution as expressed in (2.30) and (2.31). The term lg’j ) is the classification score and
is computed as described in the following.

The collected classification features z,(gj ), with j € {0,1,..., My} can be associ-
ated to each target to generate (Mj + 1) x N, association hypotheses. In particular,

each tracked target is described by its positional state and its sequence of classifi-

PIQ) (i) )
cation features zizklfl‘l). An association hypothesis éﬁli’“ , with 2 € {1,..., Ny} and
9,(;) € {0,1,2,..., My}, is a sequence of positional states and classification features. To

evaluate an association hypothesis Zf,;”“) consists in finding the probability that z,(f ) is

generated by i-th target.

By employing a classifier, the probability to belong to each class ¢ € C can be defined
for an association hypothesis éﬁi) . It generates |C| classification scores, which sum to
1. The classification of all the association hypotheses generates the probabilistic cube
depicted in fig. 4.2. The normalized version of the probabilistic cube is the PMF of
associating a measurement 0,(:) = j to the target ¢ and that c,(f), with [ € {1,2,...,|C|},

(i)
is the class of the classification metric sequence 25:9,;:’“), i.e., the probabilistic cube is

. . O _69) ) W0 )
the graphical representation of f(c;’, z,.f *, 6, ). Therefore, Zc,(j)ect f(ck RNl )
provides the probabilistic score of associating the measurement 9,(:) = j to the i-th

target by marginalizing with respect to the classes that can be assigned to a target.

To complete the data association cost matrix L, both l(ci’j) and Z(Ti’j) need to be
computed for all the association hypotheses. The processing of L through an M-
best assignment algorithm (e.g., the Murty’s algorithm) provides the M-best data
association hypotheses [137].

The JTC data association can be fully employed in conventional MTT tracking
algorithms, such as GNN and JPDA, providing information superiority guaranteed
by the classification. The mathematical frameworks developed to complete the MTT

filtering can be used in JTC filtering as positional estimator.
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Chapter remark

Joint tracking and classification extends Bayesian filtering by simultaneously estimating
position and class of multiple device-free targets. Introducing classification variables
into the recursive model benefits both kinematic prediction thanks to the employment
personalized model for each target and position inference thanks to information supe-
riority for data association. The closed-form derivation of prediction, posterior, and
data association enables real-time computation. Joint inference improves reliability and

accuracy for achieving situation awareness even in complex wireless environments.




Chapter 5

Microservice-based architecture for

multimodal sensing

Multimodal wireless sensing of non-collaborative targets represents a key enabler for
achieving situation awareness in next-generation (xG) wireless networks. By leverag-
ing data diversity, heterogeneous sensing technologies, such as automotive radars and
camera systems, provide information superiority and enhance environmental percep-
tion. However, the integration of sensors characterized by different resolutions, sam-
pling rates, and data representations requires the development of flexible and scalable
frameworks for information fusion and analytic extraction.

This chapter introduces a microservice-based architecture that enables distributed
and scalable processing of multimodal sensing data. Specifically, this chapter presents
(i) a microservice-based design that integrates sensing of connected and unconnected
targets within an asynchronous message-oriented framework, ensuring modularity, scal-
ability, and interoperability across multiple services; and (ii) a methodology for mul-
timodal detection, localization, and classification of multiple unconnected targets by

exploiting radar and camera data through distributed inference.

5.1 Microservice-based architecture

Consider an xG network composed of N}, base stations (BSs) and N, user equipments
(UEs). The BSs support the deployment of multiple transmission-reception points
(TRPs) to improve reliability and coverage. To enhance localization capabilities, we
consider that each UE is equipped with an UWB radio and that N, UWB anchors
with known positions are deployed in the environment. Furthermore, we consider
that the operation environment is monitored via wireless sensing. More specifically,
we consider an automotive radar and a camera-based system to detect, track, and

identify unconnected targets . The goal is to develop a descriptive network digital twin
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Figure 5.1: Block diagram of the proposed microservice-based architeture.
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(NDT) allowing to monitor the network and its operation environment by harnessing
situational information of both connected devices and unconnected targets.

Fig. 5.1 shows the proposed microservice-based architecture for exposing situation
awareness in NDT. In this architecture, network services are seamlessly connected
through a message broker. Each network service has a specific functionality, publishing
and/or consuming data at different stages of the processing pipeline. The role of the
message broker is to route data from publishers to consumers. Since the message broker
is based on a network protocol, it allows services to be deployed on different servers
in a distributed fashion, e.g., by considering edge cloud components. Specifically, we
consider advanced message queuing (AMQ) protocol for the messaging middleware
(i.e., RabbitMQ) and data parsed in JavaScript object notation (JSON) format.

The proposed architecture spans a processing pipeline to provide localization and
sensing capabilities. Such a pipeline includes: (i) data interfaces to collect measure-
ments; (ii) data aggregation modules to parse information from multiple sources; and
(iii) localization and sensing modules implementing inference algorithms. The data is
routed through exchanges and queues that allow published data to be consumed and
used at the corresponding stage. Note that the data can also be consumed by external

network services connected to the exchange points at the different stages.

5.1.1 Architecture components

The components of the microservice-based architecture are described in the following.

G data interface: This microservice collects and publishes data of the xG network.
Specifically, we consider metrics from the xG radio access network (RAN), including
reference signal received power (RSRP), block error rate (BLER), and modulation and
coding scheme (MCS) for each connected UE. Furthermore, we also consider that
this data interface provides time-of-arrival (TOA) measurements obtained from uplink
sounding reference signal (SRS) for localization.

UWB data interface: This microservice collects and publishes data of the UWB
network. We consider both time-based and angle-based measurements obtained from
each UWB anchor for each UE.

Network data aggregation: This microservice consumes the data from the xG and
UWB data interfaces, and aggregates it to publish a single packet containing all the
measurements.

Localization service: This microservice performs inference for xG localization. We
consider data fusion with UWB for enhanced localization accuracy. This microservice
consumes the aggregated network data to obtain the xG and UWB measurements. For
the inference, we consider soft information (SI)-based localization [17], a probabilis-

tic approach that enables seamless fusion of heterogeneous measurements and whose
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1

2 "ID_0": {

3 "type": wn

4 "source": "5G+UWB",
5 "timestamp": "09:00:00",
6 "position": {

7 "x": 0,

8 "y": O,

9 "z": 0,

10 "prij": "RHZU",

11 "timestamp": "09:00:00",
12 "origin": {

13 "x": O,

14 "y": O,

15 "z": O,

16 "orj": "RHZU"

17 }

18 }

19 "measures": [

20 {

21 "metric": "",

22 "unit " . nn ,

23 "value": O,

24 "timestamp": ""
25 },

26 i

27 "additional_data": {}
28 },

29 "ID_1": {}

30 |}

Figure 5.2: Data model template in JSON format to share data across the developed
microservice-based architecture.

benefits have been demonstrated for 5G and beyond networks [139-143]. This service
publishes a packet aggregating the location information, i.e., position estimates p; for
ie{l,2,...,N,}, with the network measurements.

Sensing service: This microservice performs wireless sensing to obtain information
of unconnected targets present in the environment. We consider detection, tracking,
and identification of multiple targets employing an automotive radar and a camera-
based system. In this service, the radar and camera measurements are directly em-
ployed without publishing them to the message broker. This service publishes the
sensing data for Ny detected targets at a given time instant. In particular, the data
contains the estimated positional information &; and class ¢; € C fori € {1,2,..., Ng}.
The positional information @; contains the coordinates and velocities of the target i.
The class of the target identifies its type (e.g., human or robot) from a predefined set
C containing all the possible target classes.

Service data aggregation: This microservice consumes the data from the localization
and sensing services, and aggregates them to publish a single packet containing all the
measurements and situational information of N, UEs and N4 unconnected targets.

Digital twin service: This microservice consumes the aggregated service data for

building the NDT. We consider a digital twin of the environment to visualize the
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network behavior as a descriptive NDT. This service can be extended to include
further NDT functionalities such as simulation.

The proposed architecture is flexible and scalable to expand its functionalities, in-
cluding multimodal sensing and other NDT services. The design based on a message
broker allows to implement a distributed architecture harnessing edge cloud servers to
allocate compute-intensive tasks such as inference algorithms. The proposed architec-
ture also allows to disaggregate hardware components that provide measurements from

the software components that process the measured data.

5.1.2 Architecture data model

This section introduces a data model to provide situational information of generic as-
sets. The proposed microservice-based architecture requires a data model for describing
generic assets and to exchange their information among the different network services.
We focus on establishing a data model that allows to deliver and seamlessly parse
data for situation awareness across the processing pipeline of the microservice-based
architecture.

Fig. 5.2 depicts the data model template in JSON format. We consider that assets
are represented by objects listed as ID_7 where ¢ denotes the index. Each object rep-
resents a generic asset, either a connected device or unconnected target, and includes
situational information and generic measurements. The types of values for the object

keys in the data model are:
e type: string describing the type of asset.
e source: string providing the data source.
e timestamp: string providing the timestamp of the data in format “HH:MM:SS”.

e position: object describing the position information. Such an object includes
the coordinates of the asset position, the projection convention [e.g., right-handed

Z up (RHZU)]|, the timestamp, and the local map origin.
e measures: array of objects describing generic measurements related to the asset.

e additional data: object with arbitrary format for specifying additional data

related to the asset.

The object representing the position information allows to specify the projection
convention and the origin of the local coordinate system. The types of values for the

keys in this object are:

e x, y, and z: float numbers representing the coordinates.
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Figure 5.3: Data model template in JSON format to share data across the developed
microservice-based architecture.

e prj: string with the projection convention, e.g., RHZU.

e timestamp: string providing the timestamp of the position information.

e origin: object with keys x, y, z, and prj formatted as those in the main body

providing the coordinates of the local origin.

This data model allows to aggregate arbitrary measurements related to the asset.

We define the following keys and values for the measurements:

e metric: string with the name of the measurement.
e unit: string providing the unit of measure, e.g., m.
e value: float number for the measurement value.

e timestamp: string providing the timestamp.

Fig. 5.3 depicts an example of the data model in unified modeling language (UML)
format. Note that the data model allows to provide different timestamps in its com-
ponents to support asynchronous data. This graphical representation highlights the
flexibility of the proposed model to support reporting generic measurements and addi-

tional data in arbitrary objects.
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Figure 5.4: Block diagram of the proposed microservice-based architeture for multi-
modal sensing.

5.2 Multimodal wireless sensing

This section presents the implementation of the multimodal sensing block illustrated
in Fig. 5.1. The developed microservice-based architecture for multimodal wireless
sensing enables distributed and scalable processing of heterogeneous data collected by
the automotive radar and camera devices. Fig. 5.4 shows the block diagram of the
proposed architecture, where radars and cameras act as data sources, while multiple
microservices are responsible for extracting, processing, and publishing sensing infor-
mation. Each sensor operates independently and provides its measurements to the
corresponding service that perform detection, tracking, and classification.

In the proposed architecture, the data sources (i.e., radar and camera) publish col-
lected data to a RabbitMQ exchange, referred to as the Data Exchange, using dedicated
routing keys. Each service then subscribes to the Data Exchange and consumes only the
data of interest by specifying the corresponding routing key. RabbitMQ allows multiple
services to simultaneously consume the same published data, thus supporting parallel
processing and modular scalability. Processed sensing analytics are then published on
the Analytics Fxchange, which populates the Sensing Data Queue shown in Fig. 5.1,
while also providing real-time data for the developed graphical user interface (GUI).

The multimodal sensing services proposed in the developed architecture are radar
data, camera data, data fusion, and joint processing and their implementation is de-

scribed in the following.

e Radar data service implements the integrated tracking and classification of

multiple targets using only radar data, as detailed in Section 3.

e Camera data service implements tracking and classification of multiple targets
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Figure 5.5: Multimodal sensing GUI in the proposed microservice-based architecture.

based on camera data, following the framework described in Section 2.3.

e Data fusion service implements integrated tracking and classification of multi-
ple targets by combining measurements from both radar and camera. Therefore,
Zp = Zrk U 2ok, where 2z, and 2z, are measurements obtained by radar and

camera, respectively

e Joint processing service implements the JTC approach to perform tracking
and classification of multiple targets jointly relying on both radar and camera

measurements, as described in Section 4.

A dedicated GUI has been developed to visualize the sensing information gener-
ated by the different services. Specifically, the GUI includes: (i)a 2D map of the
monitored environment displaying target trajectories in real time; (ii)a dynamic ta-
ble summarizing the extracted sensing analytics (e.g., target class and position); and
(iii) a synchronized visualization of RD maps either before or after clutter mitigation
and camera frames after YOLO processing. The user can select which service to vi-
sualize through the interface controls and can switch between displaying the RD map
either before or after clutter mitigation. Fig. 5.5 shows the developed GUI for multi-
modal wireless sensing operating in real-time. Target trajectories and related analytics
are displayed on the 2D environmental map and the corresponding data table, while
the RD map after clutter mitigation and the camera frames after YOLO detection are

shown simultaneously to provide complete situational awareness.



5.2. Multimodal wireless sensing o7

Figure 5.6: Digital twin interface consuming sensing analytics through the microservice-
based architecture in an indoor office environment.
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Figure 5.7: Digital twin dashboard consuming sensing analytics through the
microservice-based architecture in an industrial environment.

The microservice-based architecture has been deployed considering different indoor
environments, including office and industrial areas, as well as different visualization
tools. Fig. 5.6 shows a digital twin interface that consumes sensing analytics through
the microservice-based architecture in an indoor office environment. Fig. 5.7 shows
a digital twin dashboard that consumes sensing analytics through the microservice-
based architecture in an industrial environment. The developed microservice-based
architecture allows the deployment of different visualization services exploiting only
the sensing analytics of interest. Note that visualization and processing tools can
operate simultaneously and distributedly providing efficient resource utilization and

processing scalability.
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Chapter remark

A microservice-based architecture supports scalable and distributed multimodal sens-
ing. Integrating radar and camera data within containerized services allows modularity,
interoperability, and efficient computation. The multimodal approach improves accu-
racy and resilience to environmental variations, while the microservice paradigm ensures

flexibility for deployment across heterogeneous hardware and network infrastructures.




Chapter 6

Field-trials and experimentation

This chapter reports the experimental validation and field trials conducted to assess the
performance of the proposed tracking and classification frameworks. Experimentations
are carried out using off-the-shelf FMCW radar and camera devices in both indoor and
outdoor environments, considering different targets such as humans and mobile robots.
The chapter details the system setup, experimental methodology, and performance
evaluation in terms of tracking and classification accuracy. The obtained results confirm
the effectiveness, scalability, and robustness of the proposed approaches under realistic

operating conditions, demonstrating their suitability for xG wireless networks.

6.1 Demonstration of integrated tracking and

classification

The proposed framework to perform tracking and identification of multiple targets is
validated via experimentation using a mmWave MIMO radar in the pilot line of the

BI-REX, an Italian competence center for Industry 4.0.

6.1.1 System setting

The considered experimentation area is 8.3 x 6.5 m? and presents many scatterers, such
as industrial machines, tables, and other assets. Fig. 6.1 shows the scenario during the
experimentation. The sensor employed to perform both tracking and identification is
an off-the-shelf FMCW MIMO radar with 2 transmitting and 16 receiving antennas
forming a linear array. The transmitted signals are linear chirps operating in the
frequency range 76 — 77 GHz with a duration T, = 120 us. Each radar measurement
consists in transmitting 128 chirp signals and collecting echoes generated by reflections

at all the receiving antennas. Each reflected signal is composed by 512 samples. The
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Industrial
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Figure 6.1: Experimentation area in the pilot line of the BI-REX with a human walking
and an industrial vehicle moving in the monitored area.

entire chirp sequence is collected every 0.1s by multiple antennas and compose the
radar data cube.

The collected radar data cubes are processed via DF'T to obtain RD and RDA maps.
All the elements in the RD and RDA maps are compared with a specific threshold to
detect the target presence. The thresholds are defined during the offline phase, in which
1000 measurements are collected with no target in the environment. The processing of
such measurements produces RD and RDA maps, that are exploited to estimate the
Gaussian distribution parameters that best approximate the noise distribution at each
range-Doppler and range-Doppler-angle coordinate. Then, for a point at the coordinate
p in the RD and RDA maps, the threshold £, is designed according to equation (4.35)
by using the estimated mean 7, and standard deviation o,, together with a scaling
parameter o, = 10. The over threshold elements of the RD map are clustered by
employing the DBSCAN algorithm, with a neighborhood searching radius ¢ = 0.05
and considering clusters with a minimum of 2 elements. Centroids are obtained by

equation (3.2) and compose the set of positional measurements.

6.1.2 Tracking algorithm

Target positional states and positional measurements are 4-dimensional vectors (i.e.,
n, = m, = 4), each one characterized by a 2D position and a 2D velocity. Track
initialization requires that a track hypothesis achieves a length of K = 3 measure-
ments, while both track hypotheses and confirmed tracks are deleted for values of the
corresponding covariance matrix trace above &g = 2.5. Data association is performed
considering a gating region § = 0.5m around the predicted positional state of each

target. In particular, the target positional state prediction is performed considering the
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Figure 6.2: ECDF of the tracking error evaluated using the GOSPA metric.

constant velocity model, which assumes no velocity variations in the interval between
two measurements. The linear measurement model employed is the identity matrix,
i.e., H k= I4.

The tracking accuracy is quantified using the generalized optimal subpattern as-
signment (GOSPA) metric of order p = 1, cut off ¢ = &, and normalization term
a = 2 [144]. In particular, localization error is evaluated computing the Euclidean
distance and each misdetection introduces a penalty of 0.25m in the GOSPA metric.
When a misdetection occurs the range-angle coordinate employed for collecting clas-
sification analytics is given by the predicted positional state. The target position is
estimated every 0.1s, while the target class every 2s aiming to determine if the target

is a human or an industrial vehicle.

Fig 6.2 shows the empirical cumulative distribution function (ECDF) of the tracking
error based on the GOSPA metric, which accounts both localization accuracy and
misdetections. The proposed framework has been validated monitoring an area with
moving humans and industrial vehicles by collecting 1200 measurements to cover a
time frame of 120s. The 99% of the measurements considers the presence of at least
of 1 target, while the 85% of exactly 3 targets. At the 95th percentile, the presented
approach for detection and tracking provides a localization error of 0.83 m, while, at
the 75th percentile, the error is reduced to 0.68 m. The average number of false-alarms
per radar measurement is 1.23. In particular, for 98% of the measurements at most 3

false-alarms are collected.
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Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - weclin.unife.it
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Figure 6.3: Representation of real-time multitarget classification in the developed GUI
for integrated tracking and classification.

6.1.3 Identification algorithm

Classification is performed employing a CNN, which inputs W = 20 sequences of
N, = 128 samples collected relying on the estimated target positions and organized as
a linear array for preserving the time correlations. Fig. 6.3 shows real-time multitarget
classification in the developed GUI for integrated tracking and classification. The
CNN architecture employed for processing the 1D time series consist of 6 layers: (i) 1D
convolutional input layer with 128 filters and kernel size of 2; (ii) max pooling layer
with pool size of 2; (iii) 1D convolutional layer with 32 filters and kernel size of 2;
(iv) max pooling layer with pool size of 2; (v) a fully connected layer with 16 units; and
(vi) the output layer. The activation function in the CNN inner layers is the rectified
linear unit function, while the output layer employs the sigmoid function. Training is
performed employing the categorical cross—entropy as empirical loss function and the
Adam optimizer with a learning rate of 1073.

The training set consists of 1800 time series collected in the same experimentation
environment, but with a different deployment of the industrial machines. The 1800
instances equally represent humans and industrial vehicles and are divided in 70% of
training and 30% of validation. We apply data augmentation on the training set by
performing a cyclic permutation of each training instance.

Identification has been performed for 137 time-domain Doppler signatures. The

achieved identification accuracy during the testing phase is 92%. Wrong classification
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Figure 6.4: Experimentation environment for activity recognition.

occurs according to misdetections and significative localization errors. In fact, the
averaged localization error of sequences leading to a wrong classification is 30% greater

than that of sequences producing a correct classification.

6.1.4 Activity recognition

The experimentation for activity recognition considers a binary classification problem
in which we are interested in distinguishing between an arm movement and a fall. For

the experimentation performed, we employ the Mexican hat mother wavelet given by

o(t) = \/3_3\/% (1 - ﬁ) e (6.1)

with 1024 scales s in (0, 4]. We trained a CNN on the time-frequency images obtained
using the CWT. The deep NN architecture proposed is composed by convolutional
layers, dropout and max pooling layers, and a fully connected layer. The empirical loss
for training the model is the binary cross-entropy loss. We use Adam as optimization
algorithm. In particular, we evaluate the training performance for different divisions of
the training data due to the small dataset collected. We collected 100 measurements
for each activity and we divide in 34% for training, 16% for validation, and 50% for
testing. The dataset was divided randomly ensuring a balanced number of classes in
each subset. To divide the data, ten seeds was chosen in order to make repeatable the
dataset division and the final accuracy for a single seed was averaged over three trained
models.

Fig. 6.4 shows the experimentation environment and Table 6.5 shows the accu-

racy obtained for each data division and corresponding trained models. We observe
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Figure 6.5: Confusion matrix for the activity recognition accuracy. The considered
activities are human presence (HP), human falling (HF), no human (NH), and arm
movement (AM).

that similar performance is obtained regardless of the dataset division and stochastic
optimization during training. The accuracy obtained in activity recognition is 97%
averaging over all the learning experiments. The developed approach performs high-

accuracy classification even with the small training set.

6.2 Experimentation of joint tracking and classifi-

cation

The JTC approach has been tested via two experimentation in an indoor environment
at the Engineering Department, University of Ferrara. The first experimentation is
performed in a scenario crowded by multiple people, while the second considers both a
robot and humans. In particular, in the first experiment, classification aims to recognize
whether a single collected measurement z,(cj ), with j € {0,1,..., M}, is an observation
or a clutter measurement. In the second one, classification aims, first, to distinguish
an observation from a clutter measurement and, then, whether a tracked target is a
human or a robot.

The reminder of this section describes the experimental setup and shows the exper-

imental results obtained.

6.2.1 System setting

The experimental room is a 7.5 x 6.5m? area with height of 2.8 m and characterized by

furnitures, walls, windows, and other scatters. The device employed to perform both
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Table 6.1: Parameters employed for the experimentations.

Parameter definition at any time & Notation Value
DFT points for the FS dimension Ny 512
DFT points for the SS dimension N, 128
DFT points for the angular dimension N, 64
Motion model covariance matrix Vi 2510721454
Observation model covariance matrix W, 0.5107 21454
Detection probability Py 0.98
Survival probability Py 0.98
Clutter Intensity i 1073
Deleter threshold ta 0.3
Door size Gq 2.0m
Gating size in the initiator Gj 0.5m

tracking and classification is an off-the-shelf FMCW MIMO radar with 2 transmitting
and 16 receiving antennas organized as a linear array. The transmitted signals are
linear chirps with 1 GHz of bandwidth, in the frequency range from f; = 76 GHz to
f1 = 77 GHz, with a duration T, = 120 us. A radar measurement is characterized by
the transmission of 128 chirp signals and is repeated 3 times per second. For each

collected radar measurement the 128 chirps are processed via DFT to create the RD
and RDA maps.

The employed clutter mitigation technique has been introduced in Section 4.2.1 and

is implemented considering an « such that

np + o ag > iﬂ?ﬁ Np (6.2)
for each coordinate p in the RD, or RDA, map. The set A contains all measurements
collected during the offline phase and used to estimate the parameters n, and 05 of
the distribution defined in (4.34). Then, given «, by the equation (4.35), we can de-
fine a threshold &, for each coordinate p of the RD, or RDA, map. By clustering via
DBSCAN the over-threshold elements of the RD and RDA maps, we obtain a set of
centroids representing the positional measurements. Specifically, the employed DB-
SCAN neighborhood searching radius is € = 0.05 and the minimum neighbors of points
for creating a cluster is Npgscan = 2. We define both positional measurements and
positional states as 4-dimensional vectors (i.e., m, = n, = 4), each one characterized

by a bi-dimensional position and a bi-dimensional velocity.
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Multi-target tracking is performed considering linear and Gaussian models. In par-
ticular, the positional prediction employs the constant velocity motion model, which
assumes that the target velocity is constant between two subsequent measurements.
To experiment the JTC approach considering both hard and soft-decision based data
association, we implemented the JPDA and the GNN algorithms. On one hand, the
GNN algorithm update the target position using only the greediest measurement pro-
vided by completing data association. On the other hand, the JPDA algorithm assigns
a data association weight to each measurement and, then, consider all the weighted
contributions to update the target position. For both the approaches, data association
is performed considering only the measurements inside a gating region with dimension
G =1m.

The track initialization relies on the GNN algorithm. At the first time instant, all
the measurements are supposed potential tracks, i.e., each generates a track hypothesis.
At the next time instants, the measurements that are not assigned to any existing track
are either associated to a track hypothesis or considered as new potential tracks. If a
track hypothesis achieves a length of K = 4 measurements is validated as real track.
Both tracking and initialization exploit a track deleter, which evaluates the trace of
the covariance matrix that characterizes a target positional state. Until the trace
of the covariance matrix is below the defined threshold, the track is kept. Since an
environment is, typically, composed of entrance and exit points, we define entrance and
exit spatial regions, referred to as doors. The proposed initiator and deleter evaluates
only tracks and measurements inside a door.

Classification is performed using a CNN for processing 1D time series. In particular,
applying the DFT to the FS and angular dimensions of a collected radar data cube,
we obtain range-angle coordinates characterized by a sequence of 128 samples, i.e.,
one sample for each received chirp. Such a sequence of 128 samples is the time domain
representation of the Doppler shifts generated by the target movements and is the clas-
sification metric that we employ. Thus, each measurement z,(cj ), with j € {0,1,..., My}
is obtained as follows. Firstly, we detect positional measurements processing RD and
RDA maps, then, we extract the classification metric that correspond to the range-
angle coordinate of the position identified.!

Consider the i-th tracked target, which is characterized by its estimated positional

o : : . 6" .
states and its history of classification metrics Zi;klff '". The j-th measurement can be

()
associated to the considered target to generate an association hypothesis iif),jz’“), where
0,(;) = j. Targets classification is performed considering only the last W measurements.

In particular, the parameter W defines the size of the time window and is chose accord-

'Note that z,(j =9 is the measurement provided by the prediction density. The classification metric
is extracted relying on the range-angle coordinate given by the predicted positional state.
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Figure 6.6: ECDF of the localization errors evaluated using the GOSPA metric and
obtained tracking 5 humans in a complex wireless environment. Comparison between
conventional MTT and the JTC approach, leveraging JPDA and GNN algorithms.
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Figure 6.7: ECDF of the localization errors evaluated using the GOSPA metric and
obtained tracking a robot and multiple humans in a complex wireless environment.
Comparison between conventional MTT and the JTC approach varying the overlap
percentage of the classification metric employed and leveraging JPDA and GNN algo-

rithms.
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ing to the type of classification to perform. Therefore, the association hypothesis can
be reduced to 2,@%)%, with W € {0,1,...,k—2}. The identification performance vary-
ing W and the consequent effects for the JTC approach are discussed in Section 6.2.2.
Table 6.1 summarizes further parameters used in the two experimentations performed.

In both the experimentations, classification is performed employing the same CNN.
The implemented CNN is composed of a (i) 1D convolutional input layer with 128 filters
and kernel size of 2; (ii) max pooling layer with pool size of 2; (iii) 1D convolutional
layer with 64 filters and kernel size of 2; (iv) max pooling layer with pool size of 2;
(v)a fully connected layer with 16 units; and (vi) an output layer. The inner layers
employ the rectified linear unit (ReLU) as activation function, while the output layer
the softmax function. Training is performed employing the categorical crossentropy as
empirical loss function and Adam optimizer with a learning rate of 1073,

Data for training have been collected in a different indoor environment from the
one proposed for the experimentation, using the same robot, but different people. In
particular, the training area is a 4 x 5m? space with several metallic surfaces and other
scatters, e.g., chairs and cabinets. We collected 17328 clutter measurements, 11577
humans observations, and 5800 robot observations, which we equally divided in 70 %
of training and 30 % of validation. To reduce the overfitting issues, we implement early
stopping by employing, during the testing, the trained model, which has achieved the

best accuracy over the validation data.

6.2.2 Experimental results

The accuracy improvements in tracking, provided by the JTC approach, are quantified
via the GOSPA metric comparing the estimated positions with a camera-based ground-
truth [144]. In particular, the GOSPA metric allows to quantify the localization errors
for a detected target and to penalize miss-detection and false alarms. In the proposed
experimentation we set the GOSPA parameters as follows. The order of the metric
equal to 2, the maximum allowable localization error equal to the gating region size G,
and any miss-detection, or false alarm, costs is G?/2m.

In order to make tracking and classification even more challenging to experiment
the JTC approach independently from the proposed clutter mitigation and detection
techniques, we increase the number of measurements at any time step. We intro-
duce number of detections, uniform distributed inside a gating region, which allows
to achieve P measurements per target. This results in challenging data association
characterized by at least P — 1 clutter measurements for each target at any time step.
In fact, when targets are closer to each other, their gating regions overlap, leading to
an even increased number of clutter measurements.

Fig. 6.6 shows the ECDF of the localization error obtained tracking 5 humans in
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Figure 6.8: Accuracy in human and robot identification, exploiting training data col-
lected in a different complex wireless environment for the one proposed for the experi-
mentation.

a complex wireless environment. We collected measurements for 60s and, defined a
P, we repeated 10 times the performance evaluation varying randomly the position of
the introduced detections. Classification aims to distinguish whether a single collected
measurement z,(cj ), with j € {0,1,..., M}, is an observation or a clutter measurement.
Then, the probability of a measurement-to-target association, given by the JTC data
association, is independent of the previous associations, i.e., W = 0 and, therefore,
2,20,;(“3“ , with ¢ € {1,..., Ny}. The trained model employed for completing classification
achieved 94.5% of accuracy on the validation data. The JTC approach outperforms
conventional MTT by reducing the localization errors thanks to an enhanced data
association. Both GNN and JPDA algorithms demonstrate improved tracking accuracy

by exploiting the JTC association scores for completing hard and soft-decision data
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association, respectively.

Fig. 6.7 shows the ECDF of the localization error obtained tracking a robot and
multiple humans in a complex wireless environment. We collected measurements for
90s and, defined a P, we repeated 10 times the performance evaluation varying ran-
domly the position of the introduced detections. Classification evaluates an association
hypothesis 2,&‘9_%}){/)” where W € {0, 1,2}. The JTC approach outperforms the conven-
tional M'TT for all the considered value of W. The choice of W defines the number of
measurements considered to complete classification and impact on the tracking accu-
racy gain obtained employing the JTC approach.

Consider the NN proposed as classifier, the parameters W determines the weight
that the measurement collected at the current time instant has in the evaluation of
the classification score. Since the classification metric is a sequence of measurements,
if W = 0, the collected measurement z,ij) represents the 100 % of the classification
metric, while with W = 1 the 50 %, and with W = 2 the 33 %. Increasing W allows
to extend the number of measurements that compose a classification metric and then
the observation time. A larger observation time allows to achieve a more reliable
classifier. However, as W increases, the contribution given by the measurement z,(cj ) to
the classification score decreases.

The proposed classification task aims to distinguish among human, robot and clut-
ter. The trained models employed achieved, on validation data, an accuracy of 86.5 %,
91.2% and 92.9% for W = 0,1, 2, respectively. The experimental results show that
increasing the observation time the classifier results more accurate, while the JTC
tracking accuracy tends to the conventional MTT. Greater W, increases the overlap
between time-subsequent sequence of classification features reducing the impact of the
new measurements on the JTC data association score.

Fig. 6.8 shows the classification performance to distinguish between human and
robot. On the same training data employed for performing JTC data association, we
trained a model achieving 94.7 % of accuracy on validation data, by considering W =
4. Then, given the positional states estimated over time using either JTC or MTT,
we extract the classification features to process using the trained model. The JTC
approach allows to consider classification since the inference of the target positional
state and outperforms classification of signal features extracted using positional states

estimated based on conventional MTT.
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6.3 Field-trials and technology readiness

The proposed approaches for multitarget tracking and classification have been validated
via experimentation in multiple environments considering different types of robots.
The rest of this section describes videos of experimentations performed as outcome of
national and international projects. The proposed demonstration achieved a technology
readiness level (TRL) of 5, since it has been performed field trials in real operation

environments.

6.3.1 Tracking of people in an indoor environment

Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - wcln.unife.it
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Figure 6.9: The video showing tracking of people in an indoor environment is available
at https://wcln.unife.it/multitarget-tracking-indoor-environment.

This video presents wireless sensing for tracking multiple targets in an indoor en-
vironment at the Department of Engineering, University of Ferrara. The video GUI
is organized as follows. On the left, the 2D map of the environment is designed to
show the target trajectories. On the right, from top to bottom, the GUI contains the
camera-based ground-truth, a table summarizing target positional information, and
the real-time RD map.

The experimentation has been performed employing an off-the-shelf automotive
MIMO radar operating at 76 GHz. Processing latency requires 100 ms. Tracking is
performed using JPDA algorithm. The research activity has been conducted within
the ONR Global projects nCOA (non-Collaborative Object Analytics).
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6.3.2 Tracking of people in an outdoor environment

Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - wcln.unife.it
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Figure 6.10: The video showing tracking of people in an outdoor environment is avail-
able at https://wcln.unife.it/multitarget-tracking-outdoor-environment.

This video presents wireless sensing for tracking multiple targets in an outdoor
environment at the Department of Engineering, University of Ferrara.

The video GUI is organized as follows. On the left, the 2D map of the environ-
ment is designed to show the target trajectories.On the right, from top to bottom, the
GUI contains the camera-based ground-truth, a table summarizing target positional
information, and the real-time RD map.

The experimentation has been performed employing an off-the-shelf automotive
MIMO radar operating at 76 GHz. Processing latency requires 100 ms. Tracking is
performed using JPDA algorithm. The research activity has been conducted within
the Programma di supporto alle tecnologie emergenti 5G project CTE (Casa delle

Tecnologie Emergenti).
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6.3.3 Multitarget tracking and classification in an indoor en-

vironment

Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - wcln.unife.it
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Figure 6.11: The video showing multitarget tracking and classifica-
tion in an indoor environment is available at https://wcln.unife.it/
multitarget-tracking-classification-indoor—-environment.

This video presents wireless sensing for tracking and classification of multiple targets
in an indoor environment at the Department of Engineering, University of Ferrara.
The video GUI is organized as follows. On the left, the 2D map of the environment is
designed to show the target trajectories. In particular, target color defines the target
type, i.e., red for humans and green for robots. On the right, from top to bottom, the
GUI contains the camera-based ground-truth, a table summarizing target positional
information and class, and the real-time RD map.

The experimentation has been performed employing an off-the-shelf automotive
MIMO radar operating at 76 GHz. Processing latency requires 100 ms. Tracking is
performed using JPDA algorithm and classification is based on NN for processing uD
features generated by target movements. The research activity has been conducted
within the ONR Global projects nCOA (non-Collaborative Object Analytics).
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6.3.4 Multitarget tracking and classification in an industrial

pilot line

Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - wcln.unife.it
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Figure 6.12: The video showing multitarget tracking and classifica-
tion in an industrial pilot line is available at https://wcln.unife.it/
multitarget-tracking-classification-pilot-1line.

This video presents wireless sensing for tracking and classification of multiple targets
in an industrial environment at Birex, the competence center for big data and Industry
4.0. The video GUI is organized as follows. On the left, the 2D map of the environment
is designed to show the target trajectories. In particular, target color defines the target
type, i.e., red for humans and green for robots. On the right, from top to bottom, the
GUI contains the camera-based ground-truth, a table summarizing target positional
information and class, and the real-time RD map.

The experimentation has been performed employing an off-the-shelf automotive
MIMO radar operating at 76 GHz. Processing latency requires 100 ms. Tracking is
performed using JPDA algorithm and classification is based on NN for processing pD
features generated by target movements. The research activity has been conducted
within the ONR Global projects nCOA (non-Collaborative Object Analytics) and the
NextGenerationEU Italian NRRP RESTART Program project TAP-IN (Technologies,

Algorithms, and Protocols for use cases ofIndustrial Networks)
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6.3.5 Multitarget tracking and classification in an industrial

environment

Wireless Communication and Localization Networks (WCLN) Laboratory, University of Ferrara - wcln.unife.it
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Figure 6.13: The video showing multitarget tracking and classification
in an industrial environment is available at https://wcln.unife.it/
multitarget-tracking-classification-industrial-environment.

This video presents wireless sensing for tracking and classification of multiple targets
in an indoor environment at the Department of Engineering, University of Ferrara.
The video GUI is organized as follows. On the left, the 2D map of the environment is
designed to show the target trajectories. In particular, target color defines the target
type, i.e., red for humans and green for robots. On the right, from top to bottom, the
GUI contains the camera-based ground-truth, a table summarizing target positional
information and class, and the real-time RD map.

The experimentation has been performed employing an off-the-shelf automotive
MIMO radar operating at 76 GHz. Processing latency requires 100 ms. Tracking is
performed using JPDA algorithm and classification is based on NN for processing uD
features generated by target movements. The research activity has been conducted
within the NextGenerationEU Italian NRRP RESTART Program project TAP-IN

(Technologies, Algorithms, and Protocols for use cases ofIndustrial Networks)


https://wcln.unife.it/multitarget-tracking-classification-industrial-environment

6.3. Field-trials and technology readiness

7

Chapter remark

The experimental results demonstrate that integrated tracking and classification provides
accurate sensing performance in both indoor and industrial environments, achieving
sub-meter localization precision and classification accuracy exceeding 90%. The JTC
approach further enhances these results by jointly estimating position and class within a
unified Bayesian framework. The JTC method outperforms the ITC framework in terms

of accuracy and reliability, especially in complex wireless environments.
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Chapter 7
Conclusion

This thesis addresses multimodal sensing of unconnected targets in complex wireless
environments to enable situational awareness in xG wireless networks. As confirmed
by 3GPP, tracking and classification of multiple targets is essential to achieve context
awareness in ISAC systems. This thesis introduces novel approaches for multimodal
tracking and classification of unconnected targets based on probabilistic frameworks
and Al-based tools. In addition, the development of a microservice-based architec-
ture guarantees distributed and scalable processing for information fusion and analytic
extraction. The contributions of this dissertation are summarized in the following.

Chapter 3 proposes a radar-based framework for integrated tracking and classifica-
tion of multiple targets. The framework combines clutter mitigation, target detection,
multitarget tracking and NN-based classification of Doppler signatures. Experimental
results using an FMCW MIMO radar operating at millimeter-wave frequencies validate
the proposed approach and demonstrate high localization accuracy and reliable class
inference, even in complex wireless environments.

Chapter 4 introduces an approach for JTC of multiple targets. The proposed ap-
proach jointly estimates target positions and classes with a derived closed-form solution
to ensure computational tractability for real-time applications. Experimental valida-
tion shows that the joint approach improves accuracy of both tracking and classification
compared to integrated methods.

Chapter 5 designs a microservice-based architecture for multimodal sensing to en-
able distributed processing of heterogeneous data sources, including radar and camera
sensors. The architecture integrates asynchronous communication via RabbitMQ to
support modular and scalable services.

Chapter 6 proposes field-trials and experimentation performed to validate the de-
veloped frameworks in complex wireless environments. The experimental results show
the high-accuracy of the proposed frameworks demonstrating a sub-meter localization

error in 98% of cases and a classification accuracy above 90% for target identification.
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In addition, a latency of 100 ms guarantees real-time operation.

This thesis proposes novel approaches for the deployment of sensing-based services
in xG wireless networks. Simultaneous localization and classification of multiple un-
connected targets enable the development of innovative applications, including those
oriented to the fragile assistance and the smart surveillance. The capability of tracking
and classifying, jointly, humans, vehicles, and objects support the development of use
cases fulfilling the 3GPP requirements in terms of accuracy, availability, and latency.
Multimodal wireless sensing implemented within a microservice-based architecture en-
able the deployment of distributed and scalable services, providing information superi-
ority to achieve situation awareness. The outcomes of this thesis paves the way for the
development of use cases for the xG of wireless networks capable of achieving context

awareness, even in complex wireless environments.
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