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Abstract—Tracking moving targets hidden behind visually Aside from techniques to mitigate clutter, a great deal of
opaque structures as building walls is a crucial issue in many work has been done in the field of Through Wall Radar
surveillance, rescue, and security applications. The electromag- Imaging (TWRI). TWRI algorithms aim at providing to the
netic waves at low microwave frequency range penetrate into . . o
common building materials and thereby enable the radar to end-user an !mage of the surveillance area mor_e easily in-
expose behind the wall scene. However, due to complexity ofterpretable with respect to raw data. Examples include the
the scattering scenario, the radar signal undergoes multipath delay and sum beamforming [5], the time-reversal multiple
propagation phenomena. These typically manifest themselves assignal classification method [6], and methods lying within
environmental clutter which may impair detection and tracking the framework of EM inverse scattering. These include the

of true targets. In this paper, a signal processing strategy is . . . .
proposed to track multiple extended targets in a scene by means of NOn-linear tomographic approach [7], and the linear ireers

a wide-band monostatic through wall radar. The system collects Scattering techniques based on the diffraction tomogrdghy
datasets at regular time steps which are firstly processed by and on the singular value decomposition (SVD) [9], [10]. The
a microwave tomographic technique. Then, a detection/tracking aforementioned techniques have been applied to deteetsarg
stage is implemented in order to track the position and dynamics located behind homogenous slab walls, and their effeatisen
of targets in real-time. An extended target tracking approach is has been experimentally assessed (e’ see [8], [9], [11])
applied to properly exploit at the tracking stage the information . _p ) y g ' L
related to extended nature of targets. The effectiveness ohe More sophisticated imaging schemes have been also devised

proposed signal processing chain is assessed by numerical test§or complex multiscattering environments, such as inhomo-

based on full-wave data pertaining to an indoor scenario. geneous cinderblock walls [12], enclosed rooms [13], and
Index Terms—extended target tracking, microwave tomogra- building corners [14]. Accurate modeling of the EM scatigri
phy, through wall radar. phenomenon is a necessary requirement to obtain images

free from artifacts and distortions. Most notably, multipa
signals can be effectively exploited to improve the imaging
|. INTRODUCTION performance [15], [16].

HROUGH wall radars (TWRs) are valuable diagnostic ' "€ image formation process represents the preliminary
devices in civilian and military areas owing to theiSteP before performing higher level signal processingstask

applicability in homeland security (e.g. counter ternoriand ' N€S€ include automatic target detection [17], [18], which

urban warfare), search and rescue missions in naturafteisad€Presents a fundamental step to follow-on stages such as
crisis scenarios management, etc. [1], [2]. A TWR emits gassification [19], [20] and tracking [21]-{23]. _
wide-band electromagnetic (EM) pulse with frequency conte " thiS paper, we address the problem of tracking multiple
ranging from some hundreds MHz to few GHz. As commofoving targets in TW scenarios. The problem has not received
building materials are penetrable at those frequenciegets the proper attention and only few studies have been reptoted

behind the wall scatter back to the radar part of the incidefite [21]-[23]. Indeed, the identification of moving tagghas

EM energy and are therefore detectable. been mostly atheved via change Qetgcuon sche.mes [24]-{27
A major problem encountered when processing TWR si hange detection provides an indication of moving targgts b

nals is the ringing effect caused by multiple reflectionsdas >UPPressing stationary clutter by applying coherent or-non

the front wall, which represent the stronger clutter sour&é)herem subtraction among data frames. In view of itsivelat

when imaging stationary targets. Some common approache§'f8pl'c'ty and effectiveness in getting situation awasme

mitigate front wall reflections are the background remo@3| [ pra;:tlca:j scenarloi, fchqn(;;e detecnog has_ applt_a'ared toebe th
the spatial filtering [3], and subspace wall projections [4] Preferred approach for indoor target detection. Howeveayta
from surveillance of human activities in a typical househol
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three steps. The data association step tries to filter ouitcajsu L
contacts (false alarms) and links each measurement to the M aaaa
corresponding target. The track management step detesmine x I h
which tracks need to be generated or deleted. The filtergm st
reduces the effects of measurement errors and nonliresariti
providing an estimate of the target state.

The available tracking procedures for TWRs rely on the
time-of-arrival estimation for target detection and immpent
the common Kalman filter (KF) (e.g. see [21]-[23]). KF
assumes that one detection measurement per targhways
available for each frame without any ambiguity in the data
association. This assumption is not realistic since TWRgsuf
from false alarm and target miss detection. Application of
modern multi-target tracking techniques are, therefoeeen-
sary to deal with the data association problem and to provide
operationally acceptable performance.

In recer]t years, many approaches and parad-lgms .hgg%clbbjf:lé?stc(?ef:){atr?;eg/va::ﬁ)nczrtlgd mg:gglznmeoxémzrgigggsgezngy
emerged in target tracking literature [28], [29], incluglin ; ide-band monostatic TW radar.
multiple hypotheses tracking (MHT) [28], the joint proba-
bilistic data association (JPDA) rule [28], [30], sequahti
Monte Carlo methods (SMC) [31]—[33], and the probability Il. TWRI APPROACH
hypothesis density (PHD) filter [29], [34], [35]. We consider the two-dimensional (2D) scenario shown in

An important aspect of moving targets inside enclosdelg. 1. A group of moving targets (circles) is present in the
structures is the spatial extent over contiguous ranges.ceBurveillance regiorD together with static objects (rectangles).
In essence, humans are extended targets imaged as spotsTle walls surroundingD are homogeneous non-magnetic
groups of pixels) that generate a cloud of detections. dielectric slabs characterized by the relative permittivi,,

Extended target tracking (ETT) is a procedure which prand electric conductivitys,,. The scene is illuminated by
vides an estimation of position and dynamics of targets array of antennas covering the lifiewith length L and
but also of their sizes. This additional information can bplaced at a stand-off distande from the visible front-wall
effectively utilized to improve the data association and, iinterface ¢ = 0). Each element in the array emits a wide-
turn, enhance the system performance [36]. ETT has bdsmnd electromagnetic pulse with frequency content in tme ba
introduced in marine radar [37], [38], video surveillan8®], B = [fmin, fmaz] @nd collects the radar echo. As a result,
laser range [40], etc., based on different methodologieb as a multimonostatic/multifrequency configuration is adapte
random matrices filtering [41], probability hypothesis siéyn  The radiating elements are modeled as electric line cigrent
(PHD) [38], [40] and track-before-detect (TbD) [37], [42]. polarized along thej-axis. Letr, = x,& — hZ denote the

In this work, we present a strategy for processing the signglosition of each antenna alorig while ' = 2/'2 + 2'2 is
collected by a wide-band monostatic TWR. The first stadhe position of a generic point ib. An exp(i2w fty) time
involves a pre-processing of raw data and the image formatidependence is assumed and suppressed, bgithg fast-time
process, which is performed by a microwave tomographépanning the windowo, T'].
approach. In the second stage, each image is given as inpulVe assume the array to be a physical aperture where
to an object detector, constituted by a constant false alagach antenna is electronically switched on and off recgrdin
rate (CFAR) detector [43] and by a clustering proceduréhe total field signalE,,; (rs,ts). This operation is repeated
The CFAR is properly exploited to account for the extendgueriodically at timest, = kA, k£ = 1,..., K, with A being
nature of the targets. The detected objects are then peitedhe the time step between two consecutive frames And
according to the JPDA rule. It is worth noting that the JPDAepresenting the total number of frames recorded over the
has lower performance than the MHT and the PHD but hasstow-time interval[0, T;]. From this point on, the index
lower complexity, comparable to the simple Kalman filterisTh is adopted to denote the frame at slow-time= kA.
aspect is crucial to ensure a real-time operation of th&imgc A pre-processing based on a time-gating is applied to the
procedure for the typical frame rates of TWRs. Numericantire dataset to filter out the direct coupling signal anel th
experiments based on full-wave data pertaining to an inddoont wall response. The resulting data are then transfdrme
scenario were performed to test the effectiveness of theakiginto the frequency domain, providing the scattered fielcdskett
processing chain. The tracking stage improves consideralil, (v, f, k), k =1,..., K.
the performance with respect to the stand-alone detector. = The following analysis is focused on perfectly conducting

The paper is organized as follows. Section Il deals witfargets. Letr, be the contour of objegt andr = UleTp is
the radar imaging approach. Section Ill addresses thettartfee union of all contours, with? being the total number of
detection, while Sec. IV is focused on the ETT procedurtargets. The TWRI goal is to retrievefrom the electric field
Numerical results are reported in Sec. V and conclusions dig scattered by the targets in the scene. For the 2D case at
made in Sec. VI. hand, the problem is scalar and the scattered field originate




the electric currentd induced on the unknown target contour§ince the operatof, is compact, the solution to the problem
is expressed by the integral relationship [44]: (4) does not depend continuously on data and regularization
required to retrieve a stable solution. The strategy themptsdl
_ is based on the adjoint operatbf, i.e.
Ei(rs, f, k) = —327rf,u0/G(rs,r’,f)J(rs,r’,f, k) dr
’ (1) y=LE, (5)
where G(rs, 7', f) is the Green’s function relevant to the = . i L
background scenario, and, is the magnetic permeability of WNICh is équivalent to a migration scheme [16]. The regular-
free-space. ized solqtlon defined by eq. (B)is a goqd approximation of
The inverse problem defined by eq. (1) is non-linear becadb§ Solution to eq. (4) provided that the singular valueshef t
of mutual interactions between targets and different pafts operator have a step-like behavior [48]. If this conditiemot

the same target. From a mathematical perspective, thigemplMel: @ poorer resolution is typically achieved in final image
that the unknown current distributios depends not only on However, the adjoint inversion scheme is preferred hereaue
the incident field but also on the unknown its lower computation effort, which is an essential advgata

In view of the computational complexity and convergencd View of the real-time processing constraint.
issues related to non-linear inversion methods [7], a #ipic From this point on, the spatial map(r, k) defined by

strategy is to resort to simplified linearized models of thif® amplitude ofy normalized to its maximum is referred as

scattering phenomenon. Under physical optics approxanatitomographic image.
(PO), holding for targets with smooth contours and large (in
terms of wavelength) radii of curvature, eq. (1) can be rié@mi Il. OBJECT DETECTION
as a linear integral equation [45]: The standard approach to the tracking target problem is
divided in two main partsi) detection andi) tracking [28].
. An overview of the overall signal processing chain is
Es(rs, f,k) = =j2mfuo x depicted in Fig. 2. As can be noticed, the detector receives,
/ G(rs, 7', f)Ei(rs, 7', f)y(r', k)dr (2) as inputs, the TWR images obtained by adjoint inversion. The
D order statistic CFAR (OS-CFAR) detector introduced in [43]
in which E; is the incident field inD and~ is an unknown s considered in the processing chain.
complex value distribution supported over Accounting for  CFAR detectors estimate the clutter/noise power by adgptin
the effect of clutter and noise, eq. (2) can be rewritten as the threshold to maintain a desired probability of falserala
B, = Ly+v 3) Pry. The square amplitude of each pixel in the image (cell
under test) is compared to a threshold depending on the
where L : U — V is a linear projector operator andis a estimated noise power af- 4. The noise power is evaluated
clutter/noise termU and V' are assumed Hilbert spaces oby considering the cells in a reference window. A guard
square integrable functions. window is used to exclude cells immediately adjacent to the
The above equation must be inverted with respect to teell under test since they contain both clutter/noise argeta
unknown-, i.e. a linear inverse problem must be solved. Tenergy.
this end, the kernel of the operatdr (i.e. E; and G) must In OS-CFAR detection, the observations in the reference
be evaluated. With regard to the scenario depicted in Fig. Window are sorted to form a sequence in ascending numerical
the background Green's function is not available in closestder{(), (), ... n.)}, with N. being the number of cells
form and may be computed numerically [46]. This operatioi the reference window. Theg" order statisticl,) is chosen
requires the knowledge of the room layout which could bgs representative of the interference level, and the thtesh
not available and should then be estimated. To overcome thig as a multiple of this value
difficulty, E; andG are calculated by accounting only for wave
propagation through the infinite dielectric slab modelihg t Th = alg). (6)

front wall [9], [47]. Such an approximation is reasonablecsi  For a square-law detector assumindependent identically
multipath echoes associated with reflections inside thenrogjistributed(i.i.d.) Gaussian interference in the in-phase (1) and
have generally lower amplitude than direct scatteringrmestu quadrature-phase (Q) signals (i.e. the interference isrexp-

The front wall geometrical and electrical properties,,(c.,,  tjg] distributed), the constant is related toPy 4 as [43]
andt) are assumed known or accurately estimated [8], [10]. NI (g— Dl(a+ N, — g)!

The linear inverse problem defined by eq. (3) is ill-posed Prs=gq (7

[48]. Since real data are affected by clutter and noise, thay ¢'(Ne — q)! (a+ Ne)!

not belong to the range df and the existence of the solution As suggested in [43], th&5" percentile (i.edo.75n,)) s

is not ensured. Accordingly, a generalized solution isdglty selected to evaluat®&h.

searched for by minimizing a cost functional accounting for The output of the OS-CFAR detector at a given time

the distance in the data space between the measured statt€gn k. is represented by the detections, defined Xy =

field and the one predicted by the scattering model, i.e. {4, , 4, ... Y., 1}, Wherey;, € D is the position of
o ) the ;" detection, andu, is the total number of detections that
¥ = lgf(HEs = L") (4)  may vary overk.




Eror(rs, t7,k) l ellipse parameter estimation is implicitly carried out idgr
the filtering, e.g. see [37], [38], [41], [42]. In this work,

Pre-processing we prefer to strictly separate tracking from the other phase

with the aim of exploiting well-established target traakin
Es(rg, f. k) approaches [28]. The main advantages can be found in the
usually low computations in the multi-target case ensuring
real-time executions. Thus, the multi-target trackingoatfm,
(k) detailed in the next section, is fed I8, for each timek to
get its outcomes.

Time-gating+
Fourier transform

Adjoint inversion Image formation

0S-CFAR
Ve=Yi10 Y2100 s Y i} l Object detection IV. ETT PROCEDURE BASED ON JOINT PROBABILISTIC
Clustering + DATA ASSOCIATION
feature extraction Extended The extended target tracking (ETT) procedure based on
Ze=H81i 0 ok r € } xtende .target . e = S
k=610 2 ) 0 Smy ke tracking the joint probabilistic data association (JPDA) algoritfisn
Tracker exploited in this paper [28], [30]. Firstly, a descriptiori o
both motion and measurement models adopted to track the

objects synthesized by the means of the features extracted
in the previous step is provided. Then, the ETT algorithm
is described in detail. The track management process can be
Fig. 2. Block diagram of the TWR signal processing chain. Tae data divided into track initiation, track update, and track e

Etot (7s,ty, k) are time-gated and transformed into frequency domain. Thgon. The track update is performed based on both the data

frequency domain scattered field ddfa (rs, f, k) are processed by adjoint - : : :
inversion to get the tomographic image. The object detectaseth on OS- association, which determines how detections (clutted an

CFAR, clustering, feature extraction provides the set of susementsZ; target-originated measurements) are associated to thgngxi
required for the tracking. The tracker output is the statbm&e{milk} "* tracks, and the track filtering step, which includes theetrg
=1 motion model used to predict and update the target state of

. Ji
) N . .
and the covariance mam{Pk\k}j:l’ where J;, is the number of active the tracks.

j Y , : I j Y
{xk|k}j_1 = {Xp ik Xiel ks Zk oo Zie o Liel e Wik P }j=1' [Pk\k}j_l

tracks at timek.

A. Target motion and measurement models

Starting from the set of detectiop,, a clustering is carried . . ) . .
out to group the detections that are likely to be generated bXThe. target state vectar;, at timek is defln,ed N Car_te3|an
the same targets. The clustering procedure exploits thepgré: .ordmgtes with the addmor\ of the target’s dimensiond an
connectivity of detections, i.e. the spatial relation okgedttion orientation. Hence, we have:
with its neighbors. A detection is saidk-tonnected” if all
detections belonging to it8-neighborhood (i.e. the adjacent
detections in vertical, horizontal, and diagonal direwsjocan Wherezy, 2z, and iy, Z, are the position and velocity com-
be considered part of the cluster. ponents along ther, » directions, respectivelyl, and wy

As a general and simple model for the target extent, wepresent the length and the width, respectively, is the
exploit the common ellipsoidal representation, e.g. sé@, [30rientation of the target. Note that usually ETT procedures
[41], [49], [50]. In many real-life target tracking scerasj the assume that the target orientation is the same as the motion
targets are neither sufficiently far from the sensors to gege orientation, i.e.¢, = arctan(Z;/ix). However in TWR
only a single measurement, nor are they sufficiently close t@cking, this assumption seems to be not always true and,
the sensors such that their features are clearly articu[&@]. for this reason, target and motion orientations are assumed
This consideration mainly justifies the model hypothesis féndependent.
the targets’ extents. Afterwards, starting from the clisste The motion of targets can be described with the nearly
the parameters that fully characterize the elliptical mi@de constant velocity model [28]. The target dynamic model is
estimated. The estimation is carried out using the normdlizgiven by

. . T
Ty 2 [Tk, Ths 2k 2k, oy Wi, D] (8)

second central moments [51]. After this stage, a new set of zr =F xp_1 + Twy 9)
measurementgy, = {{1.x, 2k, - - - » $my &} IS Obtained where h
my, IS the total number of detected objects at timTen greater where
details, the generic entry; , = {Cf’,?,cjfs,g, fi)} contains I, @F 043
. ’ oo . F= xo (20)
the estimated parameters of the ellipse that fitsithebject. 0354 I3
Hence,ci(’;c) € D is the position of the center of the object, ~
CZ(Z) € R? is the object size constituted by the major and minor r= {1(2) ®r Oiw] ; (11)
3x2 3

ellipse axes, amji(i) is the object orientation with respect to

the z-axis. - 1 T,
It is worthwhile to note that in some ETT approaches the F= [O 1} ; (12)



T = [T2/2, T,]", 1, is the identity matrix with sizel, 0,.. time. Starting from the third scan, a logic 8f detections out
represents the null matrix with rows andc columns,T, is of N scans is used for the subsequent gates. If, at the end (scan
the sampling time® denotes th&ronecker productandw; N + 2), the logic requirement is satisfied, the track becomes
takes into account the target acceleration and the unnmadedeconfirmedor active track otherwise, it is discarded.
dynamics and it is assumed to be Gaussian with zero-mearTrack termination : A confirmed track is terminated if one
and covariance matrix of the following conditions is verified1l) No detection has
. 9 9 9 9 9 been validated in the pa®f* most recent sampling time8

Q = diag(oy, 0y, o ,aw,%) ’ (13) The target's track uncertainty, evaluated from its covw?'&a

where diag-) denotes the diagonal matrix, and, o7, 02, matrix, has grown beyond a given thresholj; The target

w?r

and ai are the variances of the additive acceleration, lengthas reached an unfeasible maximum velocity, .

width, and orientation, respectively. Track update: For each active and preliminary track, the
The target originated measuremejit at framek is given target state is updated applying the JPDA rule [28], [52].
by The target state is updated according to the measurement-
Cr = Hxy +ny (14) to-track association rule of the JPDA, while the targetestat
where prediction follows directly from the motion model.
I, H 04y Data association A validation matrix is set up for all the
H= , (15) . s : g
034 1; confirmed and preliminary targets. This matrix is populated

_ with all the validated measurements falling in the gatesplu
H = [1, 0], andny, is the measurement noise assumed t0 Bge case of no measurement. All the feasible joint assodiati
Gaussian with zero-mean and covariance matrix events are constructed in the following way. Each measure-
(16) ment is originated from one target or it is a false alarm. Each

target generates, at most, one measurement, with detection
whereo? _, 02 _ represent the variances along Cartesian axegobability Pp.

n,r* Yn,z
2

2 2 H H i 7 e .. .
Tnur O @ndoy , are the variances of sizes and orientation, The probabilities of the joint events are evaluated assgmin

A 2 2 2 2 2
R = dlag (Un,a;’ O’TL,Z’ Un,l’ o-n,’w? U7L,¢)

respectively. that: 1) Target-originated measurements are Gaussian dis-
tributed around the predicted location of the correspapdin
B. Multi-target tracking procedure target measuremen®) False alarms are distributed in the

The tracking procedure is based on the JPDA paradigﬁHrveillance reg@on according to a Poisson poir_1t process of
which is a Bayesian approach that associates all the vatidaParameter), which represents the clutter density, assumed
measurements to the tracks by probabilistic weights. THEiTormly distributed in the gating region. The mar%|na$ms
track management is instead based on the poplEiV C|at|9n probab|I|t|es_ of targef with m_egsuremen;t,. Bi ks are
logic [28]. The filtering stage is performed using the KalmafPtained by summing over all the joint events in which the
filter (KF) [28]. We indicate Withmiw (wi|k ) and Pi\k marginal event of interest occurs (see [28], [30] for furthe
(P{C «_1) the updated (predicted) target state and its covarian%%ltJa”S)' L th j .
at tilmek respectively pdate and prediction: The ;™ target state:cklk and its

Assume that, at frame:, a set of J, tracks are ac- covariancePfc‘k are then updated by averaging the updates for

tive/preliminary 7, = {7i(k),Tz(k),..., Ty (k)}, where all the validated measurements with the association pibbab
T, (k) identifies thej™ track. A validation gate regiog, for ities [28]
all j = {1,2,...,Ji}, is constructed. Given that the target- wi\k = wi|k71 + Kjvi, (18)

originated measurements are Gaussian distributed around a
predigteq measuremelzljr;‘k_1 = H“’i\kq of targetj, the
gate is given by [28]

) . T . .
6= {¢: (¢ clmr) 8D (¢ ) <) @D

J
whereS? = HP/, HT is the innovation covarian (& AT AT AT
st < el 0 s v e o (55 (7)) ()
=1

Pl =P - iﬁj Kisi (ki)' (19)
k|k k|k—1 ik kS k k
=1

while the thresholdy determines the gating probabilit#s, k
which is the probability that a measurement originated by
target; is correctly validated. ) i
The track management is divided into the following stepgvhere v, = > 37,4/, is the combined innovation,
Track initiation : A measurement is associated to the track; , = ¢7, — 7, is the innovation for thei" validated
T;(k) if it falls in its gate region. Every unassociated measure- i ; A .
rﬁénz is caIIednitiatgr and ?Aelds aentative track Following mgasurement[(ﬂ - Pf@\k—lHT (S@ s the Kalman gain,
the detection of an initiator, a gate is set up. If a detedadis 777, is the number of validated measurements, gndis the
in the gate, this track becomegpeeliminary track otherwise, i" validated measurement. '
it is dropped. For each preliminary track, the JPDA can be The predicted statez{wrl . and its covariancePiH‘k are
initialized and used to set up a gate for the next samplimiptained by the standard KF prediction step.



V. NUMERICAL TESTS

In this Section, numerical tests based on synthetic data 0
are reported to validate the proposed TWR signal processing 05
chain in Fig. 2. The TWR signals are generated for the indoor
scenario depicted in Fig. 3 by using a finite-difference time
domain forward solver. The room walls are made of concrete
with relative permittivitye,, = 4 and conductivitys,, = 0.01
S/m. The external walls have thicknégss 0.3 m and the inner
dimensions of the room aré, = L, = 4 m. Two internal
walls with lengthl m and thickness 0.15m are present in the
room at a distance of 2m from the front wall. Moreover, a
static dielectric object (siz&.2mx1m) resembling a piece of
furniture and having relative permittivity equal €ois placed -05 0 05 1 15 2 25 3 35 4 45
nearby the right perimetral wall. The scene is probed by an il
array with lengthL = 3 m which is placed at a distance ofig. 3. single-target TW scenario. The dashed line dephesrue trajectory.
h = 0.5 m from the front wall. Each antenna radiates a Ricker
wavelet with central frequency of.5 GHz and collects the

z[m]

TABLE |
radar echo over the fast-time windd®; 40.0] ns. The spacing PARAMETER SETTINGS FOR THEJPDA TRACKER
between radiating elements is uniform and fixed to 0.1m. —
. . . Parameter Value Specification
In order to perform the imaging task, the regiéhcorre- T, 01s Sampling time
sponding to the room is discretized into square pixels with ov 0.9 ms2 Process noise
i - I isti 1 i oz} 0.001 m Process noise
size0.05 m. A pre-processing step consisting of a time gating o 0001 m Procese noleo
pf the radar signal fz_allllng in the fast-tupe Wlndow, 10] ns o /24 rad Process noise
is performed to the filter out both the direct coupling and the On,e 0.02 m Std. dev.r
main front wall echoes. the remaining signals are transéorm Tn,z 0.02 m Std. dev.2
. . . . On,l 0.05 m Std. dev. length
into frequency .doma.un. In_partlcular, the frequen(?y m&try Onnw 0.05 m Std. dev. width
[1.0,2.0] GHz discretized with a step of 0.025 GHz is consid- T 7/3 rad Std. dev. orientation
ered for the inversion. The frequency domain scattered field ]13 D 019 Deé%igonrggggﬁ@”y
data are then corrupted with Additive White Gaussian Noise x 10-5 m—2 Clumf, density
(AWGN) by assuming a signal-to-noise ratio equalltbdB. v 52 Gate threshold
Each dataset is recorded and processed to form a to- Vmaz 5ms! Maximum velocity
L . M/N 5/6 Track initialization logic
mographic image every.1s (i.e. frame ratel0 Hz). Such M*/N* 8/8 Track termination logic

a value is realistic and compatible with current hardware
implementations of TWRs [53]. The slow-time observation

window [0,5] s corresponding to a sequence &if images upper edge of the cylinder. Actually, the correct localimatis

is considered for the application of the ETT procedure.  made possible since the propagation through the front veall h
The OS-CFAR detector has been set by consideringbaen properly compensated [9]. In addition to the true targe

Ppa = 1e-5 and the75™ percentile for the threshold eval-minor intensity spots appears in correspondence of theniaite

uation. In addition, the reference window has been fixed {galls. The weaker response is due to the lower reflectivity

13 x 13 pixels, and a guard window @fx 7 pixels has proved walls with respect to the target.

to be a good choice in view of the TWR resolution and size The clustered detections corresponding to the images in Fig

of practical targets. As regards to the tracker parametieey, 5 are illustrated in Fig. 6. Some important remarks are ireord

are summarized in Tab. I. First, the target is always detected save for the final datase
The first numerical test-bed refers to a single target se@nafsee last panel of Fig. 6). This is attributed to the selected

as shown in Fig. 3. The target is a metallic cylinder with vadi value of Pr4 which allows, on one hand, suppression of

0.15 m resembling a human. Its center moves froh8,0.9) internal walls, but the true target, on the other hand, iseds

m to (1.0,3.9) m according to a uniform circular motion. TheThis occurred as the level of surrounding clutter assumes

velocity along the trajectory is kept constantlit® m/s. comparable response when target is placed behind the left
As an example for reader’s convenience, Fig. 4 displays theerior wall (see last panel of Fig. 5). As will be later show

time domain TWR raw data collected along the array.at 0 this does represent a serious problem since the target can be

after the application of the time gating procedure. The lbladdentified at the tracking stage.

arrows indicate the visible radar signatures. As can be,seenin Fig. 7, the outputs of the ETT procedure (dotted lines)

these are associated with the metallic cylinder, the twdswahre compared to the true target state (solid lines). Inqaeti,

in the center of the room and the back wall. the top panels refer to the target position alongleft) and
Figure 5 shows the tomographic images corresponding 4qright). The middle panels compare the estimated and true

the datasets collected &t = 0,1,2,3,4,5 s, respectively. It velocities of the target along (left) and = (right). The bottom

can be seen that a spot always appears corresponding toptheels are concerned with the estimated length (left) adthwi
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Fig. 8. Estimated vs true track in single-target case. Thereete trajectory
and true object are represented with dashed lines. Thesedlimodeling the
Fig. 4. TWR signal after the time gating procedure for dataset & 0 s.  target are superimposed to the true object. The trackindtsese decimated
Single-target case. The arrows are associated to theevisiblar signatures. by a factor5 to improve readability.

(right) of the ellipses modeling the target shape. It candens
that an excellent agreement between the estimated and true
values is generally reached. However, the estimated positi
along z is characterized by an almost constant offset with
respect to the true position. The physical justification to t
phenomenon resides in the fact that the TWR allows imaging

only the upper edge of the object. On the other hand, the true T °
position is evaluated by considering the center of the targe " o2s
Nevertheless, it is reasonable to assume that this kindfedétof 3
can be tolerated in real TWR applications. 35
It must be also noticed that the estimated sizes of the 4
ellipse (bottom panels) and their orientations (see FigyaBy 45
along the trajectory depending on how the target is seen by oE o 0t T 1T s o s e s s
the radar. Most notably, they always underestimate the true X{m]

target dimensions because Only the upper part of the Ob]%%t 9. Multi-target TW scenario. The dashed lines depibts true tracks.

is imaged. This claim is further elucidated by the resu'ﬁﬁérent colors are used to indicate the targéfs: (black), 7> (blue), T3
illustrated in Fig. 8, where the estimated ellipses are amex (red).

to the true object along the trajectory. As can be seen, #es si
of the ellipse provide useful information but do not accelat
reveal the target extent. This is still preferred compamed 0,1,2,3,4,5 s are reported in Fig. 10. From such figures,
tracking approaches based on Kalman filter which track onlly emerges that the targets are always correctly localized,
a point [21]-[23]. but they are imaged as spots of variable intensity depending

The next test-bed is concerned with the multi-target T\ their downrange (e.g. see imagestat= 0,1,4,5 s).
scenario depicted in Fig. 9. The geometrical and electrichhis is a peculiar feature of adjoint inversion which can
properties of the layout are those considered in the previdee easily explained by considering the SVD expansion [48].
example. Three metallic cylinder®)(, 7%, T3) having different Furthermore, as stated before, the images corresponding to
sizes are simultaneously moving in the rodh.is the target ts = 2,3 s confirm the presence of some spurious targets
of previous example and follows the same trajectd@iy.has among true objects.
radius0.225 m and moves fron{0.8,4.0) m to (2.9,1.9) m Figure 11 displays the outputs of the ETT procedure and
following a linear trajectory with constant speediod m/s. 75 the targets are reasonably tracked. Interestingly, theksra
has radiug).187 m and moves fron{3.7,4.0) m to (0.5,0.8) relevant to7, and 75 require some time (respectively.2s
m along a line with constant speed @ m/s. As depicted in and0.7s) to be initialized. Indeed, in agreement with data in
Fig. 9, the targets become in the same vicinity as they approdig. 10,75 and 75 produce a weak response in the interval
the center of the room which represents a useful scenario[@l]|s because they are partly hidden by the internal walls.
test the performance of the ETT procedure. In this casegtargTherefore they are not visible at the detector output. Once
to-target interactions are expected to produce ghost tsh@c the three tracks are formed, the system is capable to follow
locations where no physical target exists, with a consequetl targets even when they are close each other, and the false
increase in the number of false alarms [54]. alarms related to ghost targets are effectively filtered louhe

The TW images obtained from data recordedtat= time interval[3.6,4.5] s, the targefl} is out of the true track
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Fig. 7. Output of the ETT procedure (markers) in single targete. The solid lines represent the ground truth.

(see top left panel of Fig. 11) because it is not detectabée dooth indexes, due to the introduction of the tracker, is ewid
to the shadowing caused by the biggest taffetNote that, The maximum increase of the ToT (abdii%) is observed
as before, an offset along is present when comparing thefor the track T on themulti-target casedataset. This can be
estimated position to the ground truth. As for the estimatedainly justified by the fact that this target is often shaddwe
velocities, the comparisons follow the same aforementiondy either other targets or internal walls. Thus, the trasker
limitations. The same behavior encountered in the singlaetion in aiding the track maintenance is more evident ia thi
target case holds true for the estimated sizes of the obgstscase. Generally speaking, the average ToT% is abo%b
confirmed by the results shown in Fig. 12. (about 10% greater than the one based on the sole object
Finally, in order to provide a quantitative assessment dktection) with two targets perfectly tracked when the aler
the tracking performance, the following metrics, introddc signal processing chain is adopted, which points out thighyabi
in [52], are adopted: of the tracker to follow targets in several conditions. Regay
« The normalized time-on-target (ToT) is defined as tH&e FAR index, ideal values (i.e. no false alarm is detected)
ratio between the estimated and the real track length. &e obtained for each test case when the tracker is exploited
ideal value isl, which can be reached when the trackewhile, a false alarm rate appreciably different froris present
is able to properly follow the target in the scenario undévhen the sole object detection phase is employed. Thistresul
test; corroborates the ability of the tracker to properly filtert ou
« The false alarm rate (FAR) is defined as the numb#te clutter coming from the detection step. The last anglysi
of false track contacts, normalized with the recordingxploits the tracker accuracy metrics. Good outcomes are al
interval and the area of the surveyed region. Its ide@btained in this case. They are summarized in Tab. Ill. The
value is0 corresponding to the case of no false alarm;errors in position stem from the fact that we are able to track
« The errors committed by the tracker are also evaluateghly the part of targets that scatter in the scene and, threref
The tracker accuracy is thus defined in position ¢®), some biases between the real and the estimated targebpesiti
velocity (i.e.€®)), width (i.e.e")), length (i.e.e), and can be found. For the same reason, the considerable errors in
orientation (i.e.(®)). the size estimation can be justified.

The association procedure between the estimated tracks and

the ground-truth is performed by exploiting a nearest redgh VI. CONCLUSION

logic. A first analysis is performed by comparing the ToT and In this paper, a signal processing approach has been pro-
the FAR with and without the introduction of the JPDA trackeiposed for tracking multiple extended targets by a TWR. It
The outcomes are summarized in Tab. Il. An improvement @onsists of a pre-processing of raw data, model-based image
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TABLE Il
ToT AND FAR FOR BOTHOBJECTDETECTION AND OBJECTDETECTION+ JPDAON THE TWO DATASETS

11

Dataset Id Track

Object Detection

Object Detection + JPDA

ToT% Average ToT% FARs 'm~2] ToT% Average ToT% FARs 'm~2]
single-target case T1 94.12 94.12 3.8-107 1 100.0 100.0 0
T 74.51 100.0
multi-target case To 68.63 77.13 6.5-10"1 72.55 87.58 0
T3 88.24 90.20
TABLE Il
JPDA TRACKER ACCURACY FOR THE TWODATASETS
Dataset IdTrack e® [m €@ [ms 1] €O [m @ m €@ [rad
single-target case T 0.0949 0.1413 0.1004 0.0512 0.0693
Ty 0.1007 0.2307 0.1073 0.0642 0.1114
multi-target case Ta 0.1669 0.1216 0.3317 0.2701 0.1355
T3 0.1460 0.1504 0.2723 0.2373 0.0330
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