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Abstract—Passive localization using the time-of-arrival of a
wideband signal has the potential to achieve high accuracy at
a much smaller cost than active localization solutions, which
makes it promising for a variety of applications. However, a
major challenge in passive localization involves localizing multiple
targets that have the same radar signature, where it is difficult
to distinguish between reflections from different targets. This
difficulty is compounded if there are an unknown number
of targets along with multipath propagation and the possible
(statistically dependent) blocking of the direct paths (going from
the transmitter and reflecting off a target to the receiver). In this
scenario, identifying the direct paths corresponding to each target
(known as data association) is non-trivial. In an earlier work,
some of the authors investigated this problem using a Bayesian
estimation framework, where dependent blocking was modeled
as a prior, and proposed the Bayesian multi-target localization
algorithm as a solution. In this work, we analyze the performance
of this algorithm using experimental data, obtained from a
commercially available localization testbed. In comparison with
the cases where blocking is either completely ignored or assumed
to be mutually independent across paths, our results show that
for a fixed probability of false-alarm, the detection probability is
highest when dependent blocking is taken into account.

Index Terms—Passive localization; Multi-target localization
(MTL); Time-of-arrival (ToA) based localization; Ultrawideband
(UWB) localization; Dependent blocking, Data association

I. INTRODUCTION

The ability to accurately determine the location of (i.e.,
localize) one or more targets is fundamental to a variety of
applications such as navigation, search and rescue operations,
medical imaging, wildlife monitoring, surveillance etc. The
canonical localization problem involves determining the posi-
tion of one or more targets in an environment by analyzing
wireless signals emanating from them at known receiver (RX)
locations. If the targets transmit their own radio-frequency
(RF) signals, it is referred to as active localization. On the
other hand, if the targets only reflect incoming signals from
a transmitter (TX) on to a RX (e.g., radar), it is referred to
as passive localization. Since it does not require electronic
devices to be attached to or carried by the targets, passive lo-
calization is non-intrusive and suitable for applications such as
wildlife tracking, intruder detection, remote health monitoring
etc. Localization techniques can be further classified on the
basis of the signal parameter used for estimating the target
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location(s), such as the time-of-arrival (ToA), angle-of-arrival
(AoA), received signal strength (RSSI) or hybrid schemes
(e.g., joint ToA/AoA based localization). Among the various
techniques, ToA-based localization using a wideband signal
is the most promising in terms of achieving high accuracy
at a reasonable form factor and computational cost [1], since
single antenna nodes are sufficient for ToA-based localization.
In contrast, AoA-based techniques not only require larger
antenna arrays, but also careful calibration among the array
elements for achieving accurate direction estimates, which
may be cost prohibitive. Hence, we focus on passive ToA-
based localization in this work, which involves the following
steps:

(a) Ranging: Each TX-RX pair (TRP) obtains an estimate
of the round-trip distance (also known as range) to the
target(s) using the time-of-arrival (ToA) of the direct path
(DP) signal (i.e., along the TX → Target → RX path).
This constrains each target to lie on an ellipse, with the
TX and RX at the foci and major axis equal to the range.
The finer time resolution of a wideband signal improves
the ranging accuracy.

(b) Multilateration: The position estimates for all the targets
are obtained by determining the points of intersection of
the ellipses corresponding to the range estimates obtained
in (a). For unambiguous localization of a target over
R2(R3), the DP from it to at least three (four) TRPs
needs to be unblocked.

However, the environment may pose a number of challenges,
in the form of:

(a) Dependent blocking: The DPs between targets and TRPs
can be blocked by obstacles in the environment such as
walls, furniture etc., which can be modeled as a stochastic
phenomenon if the obstacle locations are unknown. Due
to the distributed (i.e., non-point) nature of most obsta-
cles, the blocking of two or more links are statistically
dependent, in general (e.g., when multiple TXs/RXs are
blocked to a target by a common obstacle, as shown in
Fig. 1).

(b) Multipath: In addition to blocked DPs, the obstacles may
also give rise to indirect paths (IPs) when signals bounce
off them, while going from TX to target to RX.



Fig. 1: Example of dependent blocking

(c) Clutter: The obstacles may also give rise to background
clutter, where, unlike IPs, the signals reflect only off
obstacles and do not involve a target reflection and thus,
contain no information on the target location(s). More-
over, the clutter components tend to have a much higher
SNR (signal-to-noise ratio) than the DPs and IPs and thus,
need to be eliminated via background subtraction [2].

(d) Identical Radar Signatures: In many applications, there
are multiple targets present that have nearly identical
radar signatures (i.e., reflection/scattering properties) and
hence, cannot be distinguished on that basis alone. In
this case, identifying all the DPs corresponding to a
particular target, known as data association, which is
necessary for multilateration to be successful, is not easy
since all signals “look the same”. The difficulty is further
compounded when the number of targets is unknown.

The feasibility as well as the design challenges involved in
passive localization were analyzed for ultrawideband (UWB)
systems in [3], [4], and for a WiFi-based system in [5]. The
passive localization and tracking of a single target, using
single-antenna TXs and RXs, was investigated in [6], [7],
while passive multi-target localization (MTL) and tracking
was studied in [8], [9], with data association performed by
utilizing the motion of the targets to identify likely trajectories
and thereby, distinguish between the different targets. The
impact of clutter and obstructed line-of-sight (LoS) on the
tracking of passive targets has been studied in [9]–[12]. For
stationary targets, passive MTL was investigated in [13]–[15];
however, a brute-force method was used for data association
in [13], which is feasible for only a small number of targets.
Additionally, neither [13] nor [14] considered the impact of
dependent blocking. To the best our knowledge, [15] (written
by several of the present authors) is the only work to date
that deals with the phenomenon of dependent blocking, in
addition to addressing the other challenges described above.
In particular, MTL was cast as a Bayesian estimation problem,
which led to the formulation of the Bayesian MTL algorithm,
a polynomial-time approximation algorithm for data associ-
ation and localization that is capable of handling dependent
blocking. In this paper, we evaluate the performance of the
Bayesian MTL algorithm using experimental data, obtained
from measurements conducted in an indoor environment.

Our main focus is to determine if dependent blocking
manifests itself in the measured data and verify if the Bayesian
MTL algorithm takes advantage of it to provide better lo-
cation estimates. Our approach involves ‘simulating’ passive
localization with the help of a commercially available active

localization testbed, instead of using a more conventional
distributed MIMO channel sounder. In particular, we used the
Pozyx testbed [16], consisting of anchors (transceivers) and
tags that communicate using UWB signals (see Section III for
more details). The advantages of this approach are as follows:
• A commercial localization testbed simplifies the signal

processing considerably by addressing a number of sys-
tem level issues (e.g., synchronization, ranging protocol
etc.) which, while important, are secondary to the main
goal of analyzing the performance of the Bayesian MTL
algorithm in the presence of dependent blocking.

• In addition, the use of active localization for ranging
circumvents the need to perform background subtraction,
which further simplifies the signal processing.

In essence, our experimental setup enables us to obtain range
estimates, which are the primary inputs to the Bayesian MTL
algorithm (see Section II-B), in a much simpler manner than
using a wideband distributed MIMO channel sounder.

This paper consists of five sections. For completeness,
we provide an overview of the MTL problem formulation
from [15], followed by a brief description of the Bayesian
MTL algorithm in Section II. In Section III, we describe the
manner in which we simulate passive localization using the
Pozyx active localization testbed. The measurement results are
presented in Section IV, and finally, Section V concludes the
paper.

II. MTL IN MULTIPATH ENVIRONMENTS WITH
DEPENDENT BLOCKING

A. Problem Formulation

Consider a network comprising of MTX TXs and MRX

RXs, each equipped with a single omni-directional antenna,
deployed in an unknown environment. An unknown number
of stationary point targets are present and the objective is to
localize all of them1. We assume that the environment has non-
target scatterers too, which can either block some target(s) w.r.t
some TXs/RXs and/or give rise to IPs. The location of these
non-target scatterers is assumed to be unknown; we assume
only the knowledge of TX and RX locations. The number
of TRPs, denoted by I , equals MTXMRX. For simplicity, we
restrict our attention to the 2-D case, where all the TXs, RXs
and targets are assumed to lie in R2. Let the TX and the RX
for the i-th TRP (i ∈ {1, · · · , I}) be located at (ci, di) and
(ai, bi), respectively. We assume that the TXs use orthogonal
signals so that the RXs can distinguish between the TXs.
Multipath components (MPCs) are extracted for each TRP
using a suitable channel estimation algorithm. Each extracted
MPC gives rise to a ToA estimate which, in turn, corresponds
to a range estimate2. If only additive white Gaussian noise
(AWGN) is present at the RX, then each range estimate is
perturbed by zero-mean Gaussian errors having variance σ2.

1It is not necessary for the targets to be situated within the convex hull of
the TXs and RXs.

2Each extracted MPC from a TRP, regardless of whether it is a DP to a
target or not, maps to an ellipse, whose foci coincide with the TX and RX
locations and whose major axis is equal to the corresponding range estimate.



Suppose the i-th TRP has Ni MPCs extracted from its re-
ceived signal. Let rij denote the range estimate corresponding
to the j-th MPC at the i-th TRP (j = 1, · · · , Ni; i = 1, · · · , I)
and let r denote the vector of all rij’s. If rij is a DP to the
t-th target at (xt, yt), then

rij = ri(xt, yt) + nij (1)

where ri(xt, yt) =
√

(xt − ai)2 + (yt − bi)2 +√
(xt − ci)2 + (yt − di)2 is the true range of (xt, yt)

w.r.t the i-th TRP and nij is the AWGN term3. Thus, the
conditional distribution of rij , given (xt, yt), is Gaussian
with mean ri(xt, yt) and variance σ2.

In order to determine if rij is a DP to the t-th target, we
define the decision variable k̃ijt as follows:

k̃ijt =

{
1, if rij is a DP to (xt, yt)

0, else
(2)

The underlying ground truth about whether or not a DP exists
from the i-th TRP to the t-th target is modeled as follows:

kit =

{
1, if (xt, yt) is unblocked w.r.t the i-th TRP
0, else

(3)

If the map of the environment is unknown, then kit can be
interpreted as a Bernoulli random variable over an ensemble of
settings where the scatterers are placed at random. In addition,

k̂it =

Ni∑
j=1

k̃ijt is an estimate of kit, since the existence of a DP

to (xt, yt) from the i-th TRP implies that the corresponding
TX and RX are both unblocked to that point and vice-versa.
Thus, passive MTL can then be cast as a Bayesian estimation
problem, P , in the following manner:

P : minimize
T,k̃,Θtar

 1

σ2

∑
i,j,t

k̃ijt(rij − ri(xt, yt))2


−

∑
i,j,t

k̃ijt

 log
√

2πσ

−∑
t

logP(k̂t) (4)

subject to k̃ijt, k̂it ∈ {0, 1}, ∀i, j, t (5)

k̂it =
∑
j

k̃ijt (6)

where T denotes the number of targets, Θtar = {(xt, yt) :
t = 1, · · · , T} denotes the collection of target locations and
k̃, the vector of all k̃ijt’s. The vector k̂t = [k̂1t · · · k̂It] is
known as the blocking vector corresponding to (xt, yt) and
is a collection of dependent Bernoulli random variables, in
general. The discrete probability mass function (pmf), P(k̂t),
fully captures the statistics of dependent blocking at (xt, yt).

Remark 1: In general, the blocking vectors at two or more
target locations can also be statistically dependent (e.g., if
the targets are closely situated). However, we assume that the
blocking vectors at distinct locations are mutually independent,

3In other words, if rij is a DP to (xt, yt), then (1) indicates that the ellipse
associated with it passes through the vicinity of (xt, yt).

which leads to the relatively simplified formulation in (4),
where the terms corresponding to each target are mutually
decoupled. In order to consider the dependent blocking of TXs
and RXs in its entirety (i.e., not only at each target location,
but also across target locations), the term

∑
t logP(k̂t) in (4)

would have to be replaced by logP(k̂1; · · · ; k̂T ), where the
joint probability would induce coupling across the targets. The
MTL problem under this general setting is a subject of future
work.

Let qt(r) = {rij ∈ r : k̃ijt = 1} denote the set of MPCs
chosen as DPs to the t-th target in P . It is easily seen from (2)
and (6) that each qt(r) gives rise a blocking vector, k̂t, as well.
Given qt(r) and a point (xt, yt), the corresponding term under
square parentheses in (4) (i.e.,

∑
i,j

k̃ijt[(rij−ri(xt, yt))2/σ2−

log(
√

2πσ)]) is small if and only if the ellipses corresponding
to the MPCs in qt(r) pass through the vicinity of (xt, yt).
Similarly, the term − logP(k̂t) in (4) is small if and only if the
probability of observing the blocking vector k̂t at (xt, yt), is
sufficiently large. Thus, − logP(k̂t) acts as a prior in P and is
known as the blocking likelihood. With the exception of Θtar,
the remaining parameters in P take on discrete value and a
brute-force search for the optimum solution has exponential
complexity in T . Therefore, an approximate polynomial-time
algorithm to solve P , known as the Bayesian MTL algorithm,
was proposed in [15], which is briefly described below.

B. Summary of Bayesian MTL algorithm

The basic approach of the Bayesian MTL algorithm is as
follows: we define two thresholds, δ and µ (δ, µ > 0), and for a
given qt(r) and (xt, yt), we conclude that a target is present at
(xt, yt) if

∑
i,j

k̃ijt[(rij−ri(xt, yt))2/σ2−log(
√

2πσ)] ≤ δ and

− logP(k̂t) ≤ µ. The thresholds δ and µ are design parameters
that trade-off the detection and false-alarm probabilities.

In order to obtain the collection of data association match-
ings, {qt(r) : t = 1, · · · , T}, we adopt the following iterative
approach, based on the notion that each point of intersection
of a pair of ellipses is a potential target location: starting with
the first two TRPs, we define a partial blocking vector at
each ellipse intersection point and determine the corresponding
blocking likelihood (e.g., (x, y) and (u, v) in Fig. 2a, along
with the other six intersection points). Suppose the third TRP
has an MPC whose ellipse passes through the vicinity of one of
these points (e.g., (x, y) in Fig. 2b). In this case, the blocking
likelihood of (x, y) is updated to reflect the new observation.
However, the presence of a target at any of the other points, say
(u, v), is not ruled out, since the DP from the third TRP may
be blocked at (u, v); instead, the blocking likelihood at (u, v)
is updated to reflect the probability of a scenario where a target
present at that point has DPs from the first two TRPs, while
the DP from the third TRP is blocked. Similarly, the blocking
likelihood for all the new ellipse intersections, like (p, q), are
also evaluated and stored. This iterative process continues until
all MPCs are exhausted. If at any stage, the blocking likelihood
at a point exceeds µ, it is eliminated as a target location.



(a) Suppose N1 = 2 and N2 = 1, as shown above. Eight
ellipse intersection points, along with their blocking
likelihoods, are recorded as potential target locations at
this stage.

(b) Suppose N3 = 1. The blocking likelihood of the
eight recorded points from Fig. 2a are updated depending
on their proximity to the ‘new’ ellipse. In addition, new
intersections points, such as (p, q), are also recorded,
along with their blocking likelihoods, as potential target
locations.

Fig. 2: Schematic of iterative algorithm to solve P .

Thus, the surviving points at the end are the estimated target
locations4. Since the algorithm evolves by keeping track of
ellipse intersections, which grow quadratically in the number
of ellipses/MPCs, it has quadratic complexity in the number of
extracted MPCs. For a more detailed mathematical treatment
of the MTL problem formulation as well as the Bayesian MTL
algorithm, we refer the reader to [15].

III. MEASUREMENT SETUP

The Pozyx localization test bed [16] consists of proprietary
hardware for anchors and tags, as shown in Fig. 3. The
typical use-case scenario for the test bed is a distributed active
localization application, where each tag obtains an estimate of
its distance (range) to each of the anchors and then estimates
its own position using them. Ranging between a tag and an
anchor takes place using a two-way protocol, where (i) the tag

4The number of surviving points is the estimate of T .

(a) Pozyx Anchor
(MTL target) (b) Pozyx Tag

(MTL anchor)

Fig. 3: Components of the Pozyx test bed.

first transmits a ranging signal (of bandwidth 500 MHz), and
(ii) the anchor, upon receiving the ranging signal, transmits
an acknowledgment (ACK) signal back to the tag. The time
elapsed between the transmission of the ranging signal and
the arrival of the ACK signal is equal to the propagation
delay corresponding to twice the range, from which the range
is estimated. In particular, the range is determined at a tag
using a proprietary algorithm operating on the response of
the propagation channel to the ACK signal. It is important to
note that the signal on which the ranging algorithm acts is
unavailable to us for analysis. Instead, the ranging algorithm
provides at most a single range value for each anchor-tag pair5.
Unlike the scenario with distinct TX and RX nodes discussed
in Section II, each range estimate in this case corresponds to a
circular ambiguity region for the tag location, with the anchor
located at the center and radius equal to the range. Thus,
the Pozyx test bed is ideally suited for the self-localization
of tags in a decentralized manner, independent of other tags
present in the environment. In other words, if Mtag > 1 tags
are present, then multi-tag localization using Pozyx reduces
to Mtag decoupled instances of the single-tag localization
problem. However, for passive MTL, the (joint) localization of
Mtag targets is coupled when the targets have the same radar
signature, since it is not known beforehand which range value
corresponds to which target. Moreover, due to the passive
nature of the targets, ranging needs to be carried out by the
TRPs, as discussed in Section II. Thus, in order to simulate
passive localization using the Pozyx testbed, we swap the
roles of tag and anchor in our setup. Thus, a Pozyx tag is
an MTL anchor and a Pozyx anchor is an MTL target in
our experiments. Henceforth, the terms anchor and target shall
refer to an MTL anchor and an MTL target, respectively.

Thus, each anchor measures its distance to all of the targets
that it can detect using the in-built ranging algorithm. In order
to simulate disjoint TX and RX nodes as described in Section
II, the distance estimates from pairs of anchors are added for

5If LoS exists between the tag and the anchor, the range is an estimate of the
anchor-tag distance. Otherwise, in case of blocked LoS, the range corresponds
to the path length of the first arriving IP that has a large enough SNR to be
detected. However, if none of the MPCs are strong enough to be detected,
then the algorithm returns a ‘Ranging error’ message.



Fig. 4: The measurement environment.

Anchor No. 1 2 3 4
Coordinates (m,m) (0, 0) (0, 3.05) (5.49, 3.05) (5.49, 0)

TABLE I: Anchor locations.

each target, to create an elliptical ambiguity region for the
target locations. Thus, for Ma anchors, Ma(Ma−1)/2 distinct
anchor pairings are possible, which results in Ma(Ma − 1)/2
TRPs, where one of the anchors in each pair acts as a TX and
the other as a RX (see Table II). The choice of TX and RX for
a particular pair of anchors is arbitrary. The range estimates
at each TRP are then arranged in ascending order to simulate
the order in which the reflected MPCs arrive in the case of
passive targets6. The collection of ordered range estimates are
then used as an input to run the Bayesian MTL algorithm. In
the following section, we describe our measurement results,
obtained using this setup.

IV. RESULTS

The measurements were conducted in a seminar room
(Fig. 4), consisting of scatterers in the form of chairs and walls
which can give rise to IPs if the DP is blocked. Four anchors
and two targets were used, each stationary and mounted on a
tripod at a height of 0.9m above the ground. The anchors
were connected to a laptop computer to form a centrally-
controlled network for initiating distance measurements. Each
distance estimate between an anchor-target pair was obtained
by averaging over 50 measurements. The anchor locations are
listed in Table I and also plotted in Fig. 5, along with the target
locations considered. From the 496 feasible measurement
realizations for the targets in Fig. 5 (i.e.,

(
32
2

)
), 100 of them

were considered for our measurements.
For each measurement realization, we created a simple

scenario where LoS from Anchor 2 to each target was blocked
independently with probability 1/3, as per Remark 1, while
the remaining anchors had LoS to both targets at all times.
As a result, the only blocking vectors that have non-zero

6While the Pozyx system provides information on which ranges are
associated with a specific target by means of a device ID, we deliberately
discard this information to faithfully emulate the passive ranging scenario.

TRP No. 1 2 3 4 5 6
TX node A1 A1 A1 A2 A2 A3
RX node A2 A3 A4 A3 A4 A4

TABLE II: TRP labelling scheme, where A1 denotes Anchor
1, and so on.

0 1 2 3 4 5 6
x(m)

-0.5

0

0.5

1

1.5

2

2.5

3

3.5

y(
m
)

Anchors 
Target locations

Fig. 5: Layout of the target and anchor locations.

probabilities (based on (3) and Table II) are 1, the all-one
vector (probability equal to 2/3) and [0 1 1 0 0 1] (probability
equal to 1/3)7. On the other hand, if we ignore the blocking
dependence among the TRPs and assume that each TRP is
blocked independently with probability 1/3, as was done
in [14], then all 26 = 64 binary vectors have a non-zero
probability, given by:

P(k̂t)|ind = (2/3)‖k̂t‖1(1/3)6−‖k̂t‖1 (7)

where ‖ · ‖1 denotes the L1 norm.
To block the LoS component from Anchor 2 to a given tar-

get, we used a large piece of cardboard wrapped in aluminum
foil and placed it close to Anchor 2, as shown in Fig. 4.
This was done to suppress the MPC due to diffraction and
thereby, ensure that the first detected IP had a much larger
path length than the (blocked) DP component8. However, the
size and the location of the blocking obstacle resulted in
both targets being blocked simultaneously. Thus, in order to
model the desired blocking distribution, two sets of distance
measurements were carried out for Anchor 2: one with the
blocking obstacle (i.e., the blocked case) and another without
(the unblocked case), with the corresponding range to the t-th
target (t = 1, 2) denoted by d

(b)
2t and d

(u)
2t , respectively. The

distance measurements corresponding to Anchor 2 were then
obtained by sampling from the pmf given in Table III.

The value of σ was chosen to be 0.15m. A target is consid-
ered to be detected if there is an estimate of its location lying
within a radius of 3σ from its actual coordinates9. Similarly,
a false alarm is declared in case no target is present within a
radius of 3σ from an estimated location. For a given network
realization, let T̂D and T̂F denote the number of detections
and false alarms, respectively. Then, the detection and false

7In general, the blocking pmf varies from point to point, depending on
the obstacle distribution and the layout of the TXs and RXs. The use of
random shape theory [17, Chap. 3] to model the obstacle distribution in
realistic environments and analytically characterize the spatial variation in
the blocking pmf is a subject of future work.

8We had initially used smaller obstacles and noticed that (a) the first
detected IP was the diffracted path around the obstacle, and (b) its range
was sufficiently close to that of the DP component for the Bayesian MTL
algorithm to detect it as a DP.

9This bounds the position error for detected targets to 3σ.



Blocking scenario Probability Anchor 2 measurements
Both targets unblocked 4/9 [d

(u)
21 d

(u)
22 ]

Only target 1 blocked 2/9 [d
(b)
21 d

(u)
22 ]

Only target 2 blocked 2/9 [d
(u)
21 d

(b)
22 ]

Both targets blocked 1/9 [d
(b)
21 d

(b)
22 ]

TABLE III: Generating range estimates for the case when
Anchor 2 is blocked to each target, independently, with
probability 1/3.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
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P D

     ROC curves

Anchor 2 blocked with prob 1/3 
No blocking assumption
Indep. blocking assumption 

Fig. 6: ROC curve obtained by fixing δ = 3 and varying µ.

alarm probabilities, denoted by PD and PF , respectively, are
calculated as follows,

PD = E[T̂D/T ]; PF = E[T̂F /(T̂D + T̂F )] (8)

where E[.] denotes the expectation operator over the ensemble
of measurement realizations.

The region of convergence (ROC) curve, plotting PD versus
PF , is shown in Fig. 6, where, in addition to the true blocking
distribution and the independent blocking assumption given
by (7), the achieved (PF , PD) points corresponding to the
no-blocking assumption (i.e., P(1) = 1 and P(kt) = 0 for all
kt 6= 1) is plotted as well. It is easily seen that the ROC curve
corresponding to the true blocking distribution lies above the
curves corresponding to the incorrect blocking distributions.
Thus, for a fixed PF , the highest value of PD is obtained when
dependent blocking is taken into account, thereby highlighting
its importance in improving the reliability of localization.

V. SUMMARY

In this paper, we analyzed the performance of the Bayesian
MTL algorithm using experimental data that, along with DPs,
contained IPs as well and captured the statistically dependent
blocking of DPs. Our measurements were conducted by sim-
ulating a passive MTL scenario on a commercially available
active localization testbed, which enabled us to obtain range
estimates for the Bayesian MTL algorithm in a simple, yet
effective manner. Our results show that for a fixed false-alarm

rate, the detection probability for the Bayesian MTL algorithm,
which takes into account dependent blocking, is higher than
approaches that ignore dependent blocking. This highlights
the importance of considering dependent blocking in order
to improve localization reliability and thus, motivates further
investigation that captures dependent blocking in its entirety,
as specified in Remark 1.
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