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Abstract—Sensor radars (SRs) are important for a variety of
applications requiring passive tracking of moving targets. The
accuracy of passive tracking is severely degraded by wireless
propagation impairments such as multipath, clutter, and non
line-of-sight conditions, especially in indoor environments. These
impairments can be alleviated by exploiting the multiple sensing
and smart processing of radar signals. In this letter, we aim
to illustrate the dependence of sensor topologies, waveform
processing methods, and tracking algorithm parameters on SR
performance. A case study involving both monostatic and multistatic ultra-wideband SRs for indoor environments is presented
by jointly considering the wireless medium, ranging technique,
and tracking algorithm.
Index Terms—Sensor radar, indoor tracking, UWB, TOA
estimation.

I. I NTRODUCTION

T

RACKING of moving targets (objects, persons, and vehicles) enables several applications in military, security,
and safety sectors. While active tracking relies on targets that
emit signals, passive tracking via sensor radars (SRs) relies on
a network of sensors that emit radar signals and receive them
after backscattering from the target [1]–[3]. The inference
of target position, which is based on the joint processing
of received waveforms and prior knowledge, is particularly
challenging in indoor environments, where multipath, clutter,
and non-line-of-sight (NLOS) conditions affect the received
waveforms.
The literature considers SRs to be a low-power and lowcomplexity solution for accurate detection and tracking of
moving targets. Recently, ultra-wideband (UWB) SRs have
gained interest owing to their ability to resolve multipaths and
penetrate obstacles [4]–[6]. It has been shown that UWB SRs
can provide submeter tracking accuracy even in harsh indoor
environments [7]–[9].
The fundamental question related to passive tracking via
SRs under complexity constraints is the following: how to
design the network (e.g., sensor positions and radar configurations) and to allocate the processing (e.g., ranging and
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Fig. 1. An example of SR deployment (red circles) and of a target trajectory
(solid blue line). The blue dots indicate target positions at time indexes k and
j. Continuous green and dashed brown arrows exemplify a transmitter-targetreceiver radar signal for monostatic and multistatic configuration, respectively.

tracking) resources for different tasks? The answers to this
question will provide insights into the efficient design of high
accuracy SRs. The goal of this letter is to illustrate the SR
performance improvement that can be obtained by properly
designing the radar network and allocating the processing
resources. Previous works on SRs separately investigated the
following aspects: sensor positions [10], wireless propagation
[11], ranging techniques [12], and tracking algorithms [13].
Our view is that the joint design of radar network, waveform
processing, and tracking algorithm can significantly improve
the SR performance.
This letter explores SRs by considering network configuration, propagation impairments, as well as ranging and tracking
techniques. We provide a case study in indoor environments
(with obstructions, clutter, and multipath) and quantify the
performance (tracking error and outage) of monostatic and
multistatic UWB SRs for different settings. The case study
provides insights into the joint design of networking and
processing for SRs operating in challenging environments.
II. N ETWORKING AND P ROPAGATION
Consider an SR (see e.g., Fig. 1) composed of Ns sensors,
of which Nt serve as transmitters and Nr serve as receivers.1
The radar configuration is monostatic or multistatic depending
on whether transmitters and receivers are co-located or not.
1 The discrimination among different transmitted UWB signals can be
performed by timehopping (TH) and/or direct-sequence (DS) codes [4].
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The radar configuration determines the index set P of
transmitter-receiver pairs, where each (i, j) ∈ P denotes the
ith transmitter emitting radar signals and the jth receiver
collecting them after backscattering from the target. For a
target position pk ∈ Rd at time k, the signal path-length is
given by dij (pk ), which is the distance from the ith transmitter
to the target to the jth receiver. The range estimate results in
dˆij (pk ) = τ̂ij (pk ) c, where c is the speed of light and τ̂ij (pk )
is the estimated time-of-arrival (TOA) of a backscattered
signal, at the jth receiver, emitted by the ith transmitter
[14]. We denote τmin as the minimum resolvable delay for
the multistatic case and as the blind temporal range for the
monostatic case.2
The accuracy of TOA estimation depends on radar signal
propagation, which is affected by multipath, clutter, and obstructions. Specifically, when the target is at pk , the received
signal-to-noise ratio (SNR) is given by
γij (pk ) = PR,ij (pk ) Tpr /N0

(1)

where PR,ij (pk ) is the received power per pulse, Tpr is the
pulse repetition period (PRP), and N0 is the one-sided power
spectral density (PSD) of the noise. The TOA can be estimated
if the received SNR is above a value γ  , which corresponds
to the minimum required received power per pulse PR .3
For UWB signals propagating in indoor environments,
we determine the received power as in [9] and model the
obstruction-loss accounting for the number and the type
(i.e., electromagnetic characteristics) of obstructions in the
transmitter-to-target-to-receiver path, as in [15]. Note that the
presence of objects and walls obstructing the signal path also
causes an excess delay in the TOA estimates. We quantify
these effects based on experimentations performed in a typical
building [16]. In particular, the walls cause a positive bias
μij (pk )  Δ/c on the TOA estimate, where Δ is the
aggregate thickness of the walls.
III. S IGNAL P ROCESSING
We now describe signal processing to infer target positions.
First, received radar waveforms are processed to determine
transmitter-target-receiver distances based on TOA estimation.
Then, such radar ranging information is used to infer target
positions based on the tracking algorithm.
A. TOA Estimation
We consider TOA estimation based on an energy detector
(ED), which is amenable to efficient low-complexity implementation for UWB ranging [12]. Before energy detection,
received waveforms are processed by a band-pass filter and
clutter mitigation techniques. The signal at the input of the
ED is
Np −1 Lp

vij (t) =

 

(l)

(l)

αij s(t − p Tpr − τij ) + nij (t)

(2)

p=0 l=1
2 The τ
min is determined by the relative delay between the backscattered
signal and the direct signal for multistatic configuration, and by the switching
time between transmitting and receiving modes for monostatic configuration.
3 We consider the target in p as detected if ∃(i, j) ∈ P s.t. P
R,ij (pk ) >
k
PR (i.e., at least one TOA estimation can be performed).

where Np is the number of transmitted pulses, Lp is the num(l)
ber of multipath components (with amplitude αij and delay
(l)
τij for the lth component), s(t) is the filtered pulse shape, and
nij (t) is the filtered noise. The TOA to be estimated is that
(1)
of the first path (i.e., τij (pk ) = τij ).4 Target detection and
TOA estimation are performed by collecting Nbin = Tpr /Td 
5
energy bins, where Td is the dwell time.
Then, the decision
(0) (1)
(Nbin −1) 
is obtained by averaging
vector ij = ij , ij , . . . , ij
(q)
each energy bin over the Np transmitted pulses. Each ij is
then compared with a threshold ξij , and the first crossing event
provides the TOA estimate [12], [17]. The threshold value
strongly influences TOA estimation and needs to be carefully
designed according to the operating conditions.
B. Tracking Algorithm
The tracking algorithm infers the target position pk at each
time index k (i.e., the current state vector) from a set of
TOA estimates (i.e., observations), a mobility model (i.e.,
relation between the current and the prior state vectors), and a
perception model (i.e., relation between the observations and
the current state vector [1]. Following a Bayesian approach,
the position estimate p̂k is determined as the value that maximizes the positional belief b(pk ) = p(pk |τ̂Psel (p1:k )), which
is the posterior distribution of the state vector, conditioned
on a subset of observations τ̂Psel (p1:k ) with Psel ⊆ P, i.e.
p̂k = argmaxpk b(pk ) .6 In particular, the positional belief is
b(pk ) ∝ p (τ̂Psel (p1:k )|pk ) × p (pk |τ̂Psel (p1:k−1 ))

(3)

where the first term p (τ̂Psel (p1:k )|pk ) is the perception model.
The second term p (pk |τ̂Psel (p1:k−1 )) is

given by p(pk |pk−1 ) p (pk−1 |τ̂Psel (p1:k−1 )) dpk−1 where
p(pk |pk−1 ) is the mobility model. The subset of selected
observations Psel is chosen based on a selection criterion
[18]. Specifically, in the case study we select the |Psel | = 3
observations that provided the maximum received power, i.e.,
min{PR,Psel } ≥ max{PR,P\Psel }.
Among the common implementations of Bayesian algorithms, we consider the particle filter (PF) algorithm, which
can outperform extended Kalman filter (EKF) in non-Gaussian
noisy observations [13].7 In particular, the positional belief
at time k is represented by a set of Npar random samples
(n)
(particles) at {pk }, with n = 1, 2, ..., Npar . The mobility and
perception models are used to predict, update, and resample
the positional belief at each k. In particular, a Gaussian
(n) (n)
(n)
2
I),
mobility model is given by pk |pk−1 ∼ N (μk , σm,k
2
where I is the identity matrix and σm,k depends on the target
(n)
mobility.8 The mean μ̂k is determined based on previous
(n)
(n)
position estimates as μ̂k = pk−1 + v̂k TL , where v̂k is the
average speed calculated over Nw previous positions, and TL
is the time between two position estimations. A perception
(1)

consider that τij is in the range [τmin , Ta ], where Ta is the greatest
possible TOA value in the environment and Tpr is chosen such that Tpr > Ta .
5 The notation x denotes the largest integer not greater than x.
6 τ̂
Psel (p1:k )  {τ̂ij (ph ) s.t. (i, j) ∈ Psel , h = 1, 2, ..., k} .
7 Note that, in general, the observations follow a non-Gaussian distribution
due to multipath and clutter residual.
8 N (μ, σ 2 ) denotes the d-dimensional Gaussian distribution with mean μ
and variance σ2 .
4 We
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Fig. 2. TEO for eth = 1m, Td = 2 ns, and varying number of sensors per room ns . The processing configurations A, B, C, D are considered for monostatic
(uniform pattern) and multistatic (dashed pattern) networking.

model for particles with independent observations, is given
by
(n)

p(τ̂Psel (pk )|pk ) =


(i,j)∈Psel

−
1
√
e
2πσp,k



(n) 2
τ̂ij (pk ) c−dij (pk )
2
2σp,k

2
where σp,k
depends on ranging and propagation.

IV. C ASE S TUDY
We first describe the operating environment and then evaluate the performance of monostatic and multistatic SRs.
A. Operating Environment
We consider SRs with UWB impulse radios deployed in the
operating environment shown in Fig. 1 with wall thickness of
15 cm. In the monostatic configuration, each sensor transmits
and receives (Nt = Ns ). In the multistatic configuration, one
sensor per room transmits (Nt = 5); specifically, the sensor
closest to p̂k−1 transmits at time k > 1 (random at k = 1). We
consider the target speed |v| = 1 m/s along 10 trajectories with
TL = 0.5 s. We evaluate the performance for Ns = 5, 10, ..., 25
sensors (i.e., ns = 1, 2, ..., 5 sensors per room, respectively).9
Transmitters emit a sequence of root raised cosine (RRC)
pulses with Tpr = 200 ns and transmitted PSD compliant
with the European lower band. The transmitted PSDs for the
monostatic and multistatic configurations are set to have the
same total transmitted power. We consider PR = −110 dBm
and N0 = −200 dBW/Hz. The channel impulse response
is modeled with Lp = 20 paths spaced by δp = 4 ns,
exponential power delay profile with decay constant  = 20
ns, and Nakagami-2 distributed path amplitudes. The target
radar cross section (RCS) is Swerling type III distributed with
mean 1 m2 (typical for the human body) [14]. The ED-based
TOA estimates τ̂P (pk ) are obtained with Td = 1, 2, 4 ns and
Np = 32, 128. A best-case analysis for ED-based ranging is
provided by considering the threshold ξij that minimizes the
root-mean-square error (RMSE) of TOA estimates for each
received SNR value.
Static clutter is generated using 100 scatterers for each
transmitter-receiver pair, with uniformly distributed TOAs and
a Swerling type V distributed RCS with mean 1 m2 . The
empty-room technique is employed for clutter mitigation [19].
Specifically, a reference waveform is subtracted from the
9 The n sensors are deployed on a circle inscribed in each room, equally
s
spaced from each other, and with initial angle π/6.

received waveform for each transmitter-receiver pair. This
reference waveform is obtained by averaging 100 received
waveforms in the absence of target. The tracking algorithm
2
= 1 for all
is based on PF with Npar = 100 and 1000, σp,k
2
k, and Nw = 2. The value of σm,k is chosen such that the
nth estimated particle at time k is within a circle centered
(n)
at μ̂k of radius |v̂k | TL with probability 0.9. When the
selection of observations is performed, the set τ̂Psel includes
three observations |Psel | = 3 corresponding to the signals
received with the highest power; otherwise it includes all the
available TOA estimates |Psel | = |P|.
B. Performance Evaluation
We now quantify the tracking performance in the indoor environment shown in Fig. 1 by simulating several configurations
of the network and varying the setting of signal processing.10
Specifically, we determine the effects of (i) network topology
by employing monostatic and multistatic SR with ns = 2, 3, 4,
and 5 sensors; (ii) TOA estimation by collecting Npulse = 32
and 128 pulses for energy detection with Td = 1, 2, and 4 ns;
(iii) tracking algorithm by sampling with Npar = 100 and 1000
particles; and (iv) selection of observations by considering all
the available observations or a subset of them. Four processing
settings are considered: (A) Npulse = 32, Npar = 100, and
|Psel | = |P|; (B) Npulse = 32, Npar = 100, and |Psel | = 3;
(C) Npulse = 32, Npar = 1000, and |Psel | = |P|; and (D)
Npulse = 128, Npar = 100, and |Psel | = |P|. Note that cases
B, C, and D differ from A for the values of |Psel |, Npar ,
and Npulse , respectively. Tracking performance is evaluated in
terms of tracking error, i.e., the Euclidean distance between the
estimated and the true position, tracking RMSE, and tracking
error outage (TEO), i.e., the probability that tracking error is
above a given value eth .11
Figure 2 shows the TEO for monostatic and multistatic
configurations with eth = 1 m, Td = 2 ns, and different ns
values. It can be seen that, in each setting, the TEO tends
to decrease as ns increases, with negligible improvement
for ns > 3. Moreover, the multistatic configuration is more
sensitive to the number of sensors per room. For example in
setting A, varying ns from 1 to 5 reduces the TEO from 0.31
to 0.20 with the monostatic SR, whereas it reduces the TEO
from 0.64 to 0.20 with the multistatic SR. In the setting D,
10 The main impairments affecting SR performance are taken into account,
even though additional phenomena might occur in real scenarios.
11 The TEO is evaluated over 10 trajectories each with 100 realizations of
random processes.
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TABLE I
T RACKING RMSE FOR Npulse = 128, Npar = 1000, AND |Psel | = 3
VARYING ns , Td [ns], AND NETWORK CONFIGURATION .
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Fig. 3. TEO as a function of eth for the cases A, B, E, and F, with Ns = 20
(i.e., ns = 4) sensors in monostatic or multistatic configuration.

the TEO reduces from 0.21 to 0.02 for the monostatic SR and
from 0.52 to 0.03 for the multistatic SR. Figure 2 also shows
that multistatic SR experiences a higher TEO than monostatic
SR at low values of ns because the number of line-of-sight
(LOS) conditions is smaller for the former than the latter.
Figure 3 shows the TEO as a function of eth for Td = 2 ns
with Ns = 20. It can be seen that TEO benefits more from
a larger number of pulses collected for ranging than from a
larger number of particles used for tracking. For eth = 0.5 m,
varying the processing from setting A to C or D changes the
TEO from 0.57 to 0.51 or 0.14 with the monostatic SR and
from 0.49 to 0.36 or 0.12 with the multistatic, respectively.
Moreover, especially for monostatic SR, results obtained with
|Psel | = 3 and Npulse = 32 are comparable with those obtained
with |Psel | = 3 and Npulse = 128. Therefore, given Ns and eth ,
the selection allows the collection of a lower number of pulses.
To investigate the effect of dwell time on the RMSE, Table I
lists the tracking RMSE when Npulse = 128, Npar = 1000,
|Psel | = 3, Td = 1, 2, and 4 ns, and with different numbers
of sensors per room. Note that, for a given value of Npulse ,
reducing Td is less effective than increasing the number of ns .
V. C ONCLUSION
We characterized the effects of radar networking and signal
processing on the tracking accuracy of SRs operating in indoor
environments. The results show that submeter accuracy can be
achieved with a proper allocation of resources. In particular,
deploying more than three sensors per room increases the
network cost without contributing significantly to localization
accuracy. We also observed that the monostatic SRs perform
better than the multistatic ones when resources are severely
limited, while the multistatic SRs perform better than the
monostatic ones not when ample resources are available.
Moreover, a smart selection of available observations can improve performance, especially when a large number of sensors
is deployed. The results in this letter provide guidelines for
the joint design of the radar network, waveform processing,
and tracking algorithm for inferring the position of moving
targets in indoor scenarios.
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