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Abstract: All existing hybrid target localization algorithms using received signal strength (RSS) and
angle of arrival (AOA) measurements in wireless sensor networks, to the best of our knowledge,
assume a single target such that even in the presence of multiple targets, the target localization
problem is translated to multiple single-target localization problems by assuming that multiple
measurements in a node are identified with their originated targets. Herein, we first consider
the problem of multi-target localization when each anchor node contains multiple RSS and AOA
measurement sets of unidentified origin. We propose a computationally efficient method to cluster
RSS/AOA measurement sets that originate from the same target and apply the existing single-target
linear hybrid localization algorithm to estimate multiple target positions. The complexity analysis
of the proposed algorithm is presented, and its performance under various noise environments is
analyzed via simulations.

Keywords: wireless sensor networks (WSNs); multi-target; localization; received signal strength (RSS);
angle of arrival (AOA)

1. Introduction

Wireless sensor networks (WSNs) are spatially spread sensor nodes for monitoring
or detecting physical environments [1-8]. Recently, outstanding developments in linear
estimation algorithms have been realized for the localization of a target using both received
signal strength (RSS) and angle of arrival (AOA) measurements of sensors in WSNSs,
i.e., a feature that was not originally designed for target localization [9,10]. Since target
localization becomes extremely difficult when line-of-sight assumption cannot be applied,
for example, severe multi-path environment [11,12], the existing studies, including this
paper, assume a line-of-sight environment.

Most of these localization algorithms assume that anchor nodes contain a unique
measurement set from a single target. However, in the presence of multiple targets, multiple
measurement sets at each anchor node exist, which complicates the estimation process of
the targets. Most existing studies regarding multi-target detection in WSNs assume that
the targets are sparsely located over networks and, therefore, each anchor node contains a
single set of RSS/AOA measurements from a single target. Various multi-target localization
methods that exploit the network topology [13-24] or apply compressive sensing [25-27]
have been proposed. Some existing studies assume that each anchor node can identify
the origin of the RSS/AOA measurements using, for example, code division multiplexing
access codes [28-36], therefore solving multiple single-target localization problems.

However, when RSS/AOA measurements are not identifiable by their originated
targets, for example, in non-cooperative situations such as military applications, the exist-
ing linear estimation schemes are not directly applicable. A straightforward grid-search
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approach using the maximum-likelihood function can be considered. However, the compu-
tational complexity of this approach is prohibitive to increased numbers of anchor nodes
and targets, particularly for an increased number of grids.

Herein, we propose a computationally efficient scheme for multi-target localization
based on a linear estimation method. First, we identify all possible target candidates
by applying a single-target linear estimation algorithm for all possible combinations of
the measurement sets in minimally selected initial anchor nodes (e.g., 1~3) and identify
tentative target positions by evaluating the simplified maximum-likelihood cost function.
Subsequently, for a tentative target, we determine the RSS/AOA measurement set based
on the minimum approximated likelihood cost in each node. Finally, the final target
positions are estimated based on the clustered RSS/AOA measurements using all available
anchor nodes via a single-target linear estimation method. The proposed approach exhibits
polynomial complexity O(MN N) with respect to the number of targets, M, and the number
of anchor nodes, N. Simulation results confirm the robust performance of the proposed
algorithm, which inherits the performance of the single-target algorithm in the presence of
severe noise. In summary, the main contribution of this work is to present a computationally
efficient localization scheme for multiple targets based on RSS and AOA measurements
that are not identified with their originated targets. The proposed algorithm presents a
novel clustering scheme to identify the measurement sets in each anchor node with the
originated target in a polynomial complexity in terms of the number of targets so that the
resulting multi-target localization algorithm can be handled by the current computational
power regardless of the number of targets.

The remainder of this paper is structured as follows: Section 2 introduces the system
model of a multi-target localization problem in WSNs. Section 3 presents the proposed
algorithm. In Section 4, the complexity of the proposed algorithm is analyzed. Section 5
presents the performance evaluation of the proposed method, which was conducted via
simulation. Finally, Section 6 presents the conclusions of the study.

2. System Model and Problem Setting

Figure 1 illustrates a WSN with multiple targets. Let a; = [a;y, a;y, a;;]T € R3 be the
known position of the i-th sensor (anchor) node fori =1, -+, N and X, = [Xnx, Xmy, me}T
be the unknown position of the m-th sensor (target) form =1, .-, M. We assume that all
anchor nodes have array antenna or directional antenna to measure AOA (azimuth and
elevation angle) [37] via the line-of-sight (LoS) path from the target [13-24]. In the presence
of multiple targets, we assume that each anchor node receives signals from the targets,
and the RSS, azimuth angle, and elevation angle are measured from these signals. Let us
denote the RSS, azimuth angle, and elevation angle from the m-th received signal as P,
$im, and &;,,, respectively. It is noteworthy that in general, the m-th received signal is not
necessarily associated with the m-th target.

x

Figure 1. The relationship among an anchor and multi-target in a 3-D space.



Sensors 2021, 21, 4455

30f15

The RSS can be viewed as a function of the target and anchor node positions using
a path-loss model. In the absence of noise, the RSS (P;,,,) at a distance d;;,, = ||xy — a;]| is
modeled as [38]

Py, = PT(dO>710§8, 1
dim
where Pr is the transmit power of the target, which is assumed to be the same for all
targets; and -y denotes the path-loss exponent; L is the power loss at a reference distance
dp. Defining Py := Pr — Lo and setting dy = 1 as the unit length, the following noisy model
in the decibel (dB) scale is obtained:

Py = Py — 107108y dim + Wi, )

where w;,, is a zero-mean Gaussian noise with variance 02, , i.e., w;,, ~ N(0, szlJin, ).

Wim?’
The azimuth and elevation angle are expressed as functions of the target and anchor
node positions. In the presence of noise, we have

A 1 Xmy — 4
¢iy = tan ! <y y> + Ujpy

Xmx — Qix
o : ©)
N -1 mz — Wiz
T ;i
m COos <||xm _ ai” ) + m

fori=1,---,Nandm =1,---, M, where u;,, and v;,, are zero-mean Gaussian noise with
variance, i.e., i ~ N (0,05, ) and vy, ~ N(0,07, ), respectively.

We assume that each anchor node contains exactly M measurements sets {(pim, (f)l-m,
&ip)}. When every RSS/AOA measurement set {(pim,gf)im, &im)} is identifiable by the

originated target x;;, the multi-target localization problem can be solved based on M
single-target localization problems. Several intensive studies regarding linear single-target
localization [13-20,22,23] exist, and the most well-known approach is to consider the
following linear relationship between the target position and RSS/AOA measurements:

/\imui];n<Xm - ai) - Tldo = &iml
Cil;n(xm_ai)zeimz, for i=1---N (4)

(17 — wyy co8(im)) T (Xim — a;) = €in3

where
b Py T
A = 1077,y :=10™,1:=[0,0,1]", (5)
A . T
Cim = {_ sin ((Pim),COS(lXim), 0} ’ (6)
~ . ~ . 2 . ~ ~ T
w, = {Cos((p,-m) sin(&jy, ), sin (i ) sm(ocl-m),cos(ocim)} , (7)

and ¢;,;; denotes parameter errors.
In a matrix form, we have

ApXpm — b = €, 8)
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where
r T T r 3 T
MUy, Amuy,,a1 + ndo
T 3 T
)\NmTuNm /\Nm“NlmaN +1do
Cim C1mal
Am = ’ bm = ’ (9)
T T
CNm T CNmAaN T
(cos (&ym)ury — 1) (cos (Ripm)uyy —1) a
A T N T
_(cos (BN )unm — 1) | | (cos (&nm)unm — 1) ay |
T
and ¢, = {Slml e ENml €1m2  ccc ENm2  €1m3 - stg} . Three unknowns

(Xmx, Xmy, Xmz) exist in (4), and three equations exist for the single anchor node. Hence, the-
oretically, only a single anchor node is sufficient to estimate the target position. Therefore,

Equation (8) is solvable for A, and by, constructed using measurement sets { (P, Pims Bi) }

for an arbitrary number of anchor nodes. Because the noise mitigation for the target esti-
mation depends on the number of anchor nodes, the more anchor nodes used, the more
accurate is the estimated target position.

The generalized least-squares solution of Equation (8) is expressed as [39]

K = (ALW, 1 A,) TAT Wb, (10)

where W,,, = Cov(ey|Ap ). Several weighted least square (WLS) solutions for approximat-
ing Wy, exist, e.g., the target-range WLS solution uses range-based weights in [19], and
error covariance WLS (EC-WLS) uses the approximated error covariance matrix shown
in [22]. The EC-WLS achieves state-of-the-art target estimation accuracy performance in
terms of mean squared error (MSE) [22].

However, when M RSS/AOA measurement sets in each anchor node are not identifi-
able by their originated targets, then M linear equations corresponding to M targets cannot
be established separately based on the measurements. In fact, we have M combinations of
measurement sets by selecting one measurement set from each anchor node. Subsequently,
MN target positions can be estimated using a linear single-target localization algorithm
applied to each possible combination, among which only M target positions are true; this
results in computational complexity of O(MNN).

Figure 2 illustrates the possible existence of ghost targets for N =2and M =2ina
two-dimensional space. In this example, four target candidates are involved, among which
two are real targets and two are ghost targets. To remove the ghost targets and identify
the real targets, a certain cost function for each M tuples of candidate targets among the
candidate targets must be evaluated; this requires additional complexity O(,nHp), where
H denotes the number of combinations with replacement.

Herein, we propose a computationally efficient multi-target localization method that
exhibits total polynomial complexity of M and N.
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Figure 2. The relationship among true targets and ghost targets in a 2-D space.

3. Proposed Method

Multi-target localization with unidentified measurement sets is subject to an ex-
ponential complexity, O(MYN). To reduce the complexity, we first estimate MK target
position candidates based on the measurements from arbitrary initial K anchor nodes
(K = 1,2,0r 3 < N) using an existing single-target localization algorithm MX times for
all possible combinations of the measurements sets. Subsequently, we identify the most
probable M target candidates that fit the measurement sets among the MX target candi-
dates. For each anchor node, we assign each of the M measurements sets to the most likely
originating target candidate among the M tentative targets. Finally, based on the identified
measurement sets in all anchor nodes, we estimate the refined target positions by applying
the conventional single-target algorithm M times. The detailed processes of each step are
described below.

3.1. Estimation of Initial Targets

Among N anchor nodes, we randomly select initial K anchor nodes, where K is
selected to be substantially less than N, K < N (in practice, 1 < K < 3). Let Mg be
the set of all combinations of K-tuple measurements constructed by selecting one set of
measurements from the distinct K anchor nodes. A total of MK tuples exist, and let / denote
the index for the tuple, [ =1, - -, MK, and

MK = { [(plllé\)ll/&l])/. t /(ler(ﬁlK/&lK)} ‘Z = 1/' v /MK} 7 (11)

where the index [y € {1,---, M} denotes the measurement set index of the I-th measure-
ment tuple in the k-th anchor node. For the /-th measurement tuple [(P,,, ¢y, &;,), -+, (P,
$1,, &y, )], a single-target estimation method such as EC-WLS algorithm [22] is applied, as
if they originated from the same target, and let x; denote the estimated target candidate
position corresponding to the I-th tuple. Among MK target candidates, only M targets
are true, and the remaining target candidates are ghost targets. To determine the true M
targets that fit the measurement data, we considered all possible M combinations of distinct
target candidates. Let Xx denote the set of all M-tuples of distinct target estimates from

{x;},ie.,

XMK = {iq = [qur"' ,qu] |q = 1’ ’MK CM,qm S {1, ,MK}andql < q] lfl <]} (12)

It is noteworthy that the size of Xk is ;xCpy.
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Ideally, it is desirable to determine the best M tentative target positions to fit the data
based on maximum log-likelihood principle.

[xi‘,- .. IX;FVI] = arg_max lnP(MK\Xq) (13)

XqGXMK

where In P(Mk|X;) is the log-likelihood function of X, for the measurement data Mk.
Because the exact In P(M|X;) is difficult to compute, we propose an approximating cost
function based on the following approximations:

(i) Assuming that the measurement errors are independently and identically distributed
Gaussian (which we have already assumed), the log-likelihood function In P(Mk|X;)
for the measurement set M for a target vector X, can be written as

1
02

‘ pl k kailm

1 n 2
e
U”lk

I=1k=1m

MK K M
InP(Mkl%) =—) ) Z:: ( w ‘Dézk Dékxq,,,H ) , (14)

where Pqum + Pl 7 and (kx,,, are the computed RSS and AOA from the position (xg,,)
and the anchor node (ai), respectively, and C is a constant from the multivariate
Gaussian pdf.

(ii) Furthermore, assuming oy, = 0y, = 0y,, we define a cost function based on Eu-
clidean distance between the measurement data My and the synthesized measure-
ments from the target candidate X; and K anchors.

MK K M o 2 . 2 2
JGi M) =Y Y Y (Hsz — Py || +{| = P ||+ 5, — i | ) (15)
I=1k=1m=1

The target estimates X* minimizing this quadratic cost function is the best multi-target
positions; it simultaneously fits the measurement data My in terms of mean squared error
and maximizes maximum likelihood. The cost function requires ,;x Cys MXKM evaluations
of the distance between the measured and synthesized data and can be slightly modified
by exploiting the minimum searching structure that yields ,;xCp;M!KM evaluations.

2) (16)

P(M) = {[le"/PM] | pi€{L,---, M} and p; # Pj} (17)

X" =arg min J(X; Mk)
quXMK

K

= arg min min Hpk — Py
gquXMKkZlﬂep Z < ﬂp Xam

2 . 2
+ H(Pkap - (kaqm + H“kap — Kkxgy,

where P (M) is the set of all permutations of (1,---, M), i.e.,

To substantially reduce the computational complexity, we focus on a single-target
candidate x; € Xk individually, instead of an M tuple simultaneously. In the absence of
noise, for a true target, each node should have exactly one measurement set that matches
the synthesized measurement with the true target. Let d; denote the sum of the minimum
distance between the measurement data sets in a node and the synthesized measurement
for all nodes.

2
) o

Letd, ,---dj,, be the M smallest distance among all {d, }. The corresponding target
candidates, x; , - - - x;,,, are the estimated tentative targets in this one-by-one approach. This
one-by-one approach may not be optimal, but it significantly reduces the computational
complexity to MK+1K evaluations.

K

d; = min HI3 - P
l ](_Zzlme{lx'“rM}< km kx;

2 R 2
+ H¢km - ¢kx, + Hlka — Ay
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3.2. Measurements Clustering Based on Initial Targets

Based on the tentative targets [x], - - - ,X},] obtained via block-by-block approach (16)
or one-by-one approach (18), we determined the measurement sets associated with each
tentative target x;,. Additionally, we considered two different approaches: the block-by-
block approach and the one-by-one approach.

(i) Block-by-block approach: For a block of ordered M tentative targets [x], - - - , x}], for
eachnodei = 1,---,N, we associate ordered M indexes [p}}, - - -, pj,| that indicate
the order of measurement set corresponding to the tentative targets in the i-th anchor
node as following:

M 2 1. 2 . 2
[piv - piml = arg 1emon p;l <’ Pia, = P +‘ Pia, — Pix; +‘ Rig, — ix; > (19)
where P(M) denotes the set of all permutations of {1,---, M} and @ denotes an

element of P(M).
(ii) One-by-one approach: For each target candidate x;;,, we associate a best fitting measure-
ment set index, denoted by p7 , in the i-th anchor node fori =1, - - - , N, as following;:

D

Once all measurement sets are clustered with respect to the corresponding tentative
targets, we have M sets of measurement sets containing N measurement sets over anchor
node N:

) 2 ~ 2
Pig — Py, +‘ Gia — Pixz, +‘ Rig — Wi,

pi, = arg {TTM} <]

{(pip;:(m,(ﬁip?m’&ip?m) |i:1,'-',N} form:1,~~~M (21)

3.3. Final Target Estimation Based on Measurements Clustering

Using the clustered measurement sets (21), we finally refine x;;, by applying a single-
target localization algorithm, e.g., EC-WLS algorithm [22], based on N measurement sets
instead of only K measurement sets. Let X,,, denote the final EC-WLS solution based on the

measurement sets {(pip»f ,(f)ip{ﬁ SR )Wi=1,--- ,N},
m m m

X = (ATW 1A TATW by, m=1,--- M (22)

where Ay, by, and W, are matrices constructed using the measurement sets with xj;,,
{(P"me’(l)il’?m’wif’?m) li=1,-- -N} obtained from [22].

4. Complexity Analysis

Herein, we summarize the complexities of the proposed multi-target localization
schemes. In the first step, we randomly select K anchor nodes and identify the best M
target candidates based on the measurements from K anchor nodes using the approximated
ML cost function. The block-by-block approach requires O(,,x PyK), whereas the one-
by-one approach requires O(MX*1K). In the second step, we cluster the measurements
sets after identifying the best M target candidates. The block-by-block approach requires
O(NM!), whereas the one-by-one approach requires O(NM?). Finally, each target is
refined by a single-target localization algorithm, such as EC-WLS [22]. The block-by-block
and one-by-one approaches have the same complexity, O(NM).

As summarized in Table 1, the complexity of both methods is linear with respect to
the node size N and increases exponentially with respect to K as a factor of M. Based on
vk Py = MK/ (MK — M)! ~ MM it is evident that the complexity of the block-by-block
approach increases exponentially as the target size M increases, whereas the complexity of
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the one-by-one approach is primarily affected by MX*1 term. Therefore, for large target
numbers, the one-by-one approach is recommended.

The K selected determines the trade-off between the complexity of the algorithm and
the accuracy of multi-target estimation in the presence of noise, as shown in Section 5,
via simulation. A large K reduces the clustering error rate but increases the complexity,
particularly in the block-by-block approach.

Table 1. Complexity of Proposed algorithm.

Step One-by-One Approach Block-by-Block Approach
Estimation of initial targets O(MKHIK) O(pxPvMK)
Measurements clustering O(NM?) O(NM!)
Final target estimation O(NM) O(NM)
Total o(NM +NM? + MK+11<)) O(NM + NM! + i« PyyMK))

5. Simulation Results

We have used MATLAB R2020a to perform all simulations using the computer with
Intel(R) Core(TM) i5-8600 CPU @ 3.10 GHz. All simulations parameters are set as follows.
To generate the measurements, we used Equations (2) and (3). The number of Monte Carlo
runs (M,) is set to 50,000. The reference distance (dy) is set to Im. The true TP (F) is set to
—10 dBm. The true PLE () is set to 2.2 for all anchor nodes. All targets and anchor nodes
are randomly located inside a box with an edge length B = 10 m. Figure 3 is a deployment
example of targets and anchor nodes that are randomly generated under N = 6 and M = 2.

O

Figure 3. A 3-D deployment example of targets and anchor nodes under N = 6 and M = 2 where
the target and anchor node are represented as the star and circle marks, respectively.
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To evaluate the clustering performance of the proposed algorithms, we define the
probability of clustering success (PCS) as follows:

P — total number of targets that correctly clusterred in allnodes 1 % gl: S
< total number of targets T MM, 55 v
(23)
o _Ju pp=jandpg £ G0, fork=1 N, andq =10, M
v 0, otherwise

where S;; is indicator function for the successful clustering of the measurement sets over
all anchor nodes originating from the j-th target at the i-th Monte Carlo run defined by
analyzing whether the index of the clustered measurements set with respect to the j-th
target at anchor node k, denoted by p;:j, is consistent with the true index j. The performance
of the proposed algorithm shows a trade-off between the accuracy performance measured
by PCS or NRMSE and the computational complexity due to the initial node size selected,
candidate target selection methods, and clustering methods.

Figure 4 show plots of PCS (a) and normalized root mean square error (NRMSE) (b)
based on ¢y, = 3 (dB) and ¢, = 0, = 5 (deg) for a fixed number of anchor nodes,
N = 6, as well as the number of targets M = 2 or 3 as the number of initial anchor nodes
(K) varies from 1 to 3. In Figure 4a), the block-by-block approach demonstrates a better PCS
than the one-by-one approach, as expected. However, in terms of NRMSE, both approaches
demonstrated similar performance, as shown in Figure 4b).

~&+ One-by-One Approach (M=2)

§ 1.8 | -4+ One-by-One Approach (M=3) |
8 . -8 Block-by-Block Approach (M=2
V?J 1.6 N, —o— Block-by-Block Approach (M=3) ||
2 N
5 E L N
9] E 44 T N
£ o 1A E O™
8 g ............
5 . €12 0 Tedgy
> | e ~B* One-by-One Approach (M=2) e
% ““““““““ -9 One-by-One Approach (M=3) T 4
8 04 ¢~ -8 Block-by-Block Approach M=2) [\ | 7w -}
o -~ Block-by-Block Approach (M=3) 0.8

1 2 3 1 2 3

The Number of Initial Anchors (K) The Number of Initial Anchors (K)
(a) (b)

Figure 4. PCS (a) and NRMSE (b) vs. the number of initial anchor nodes (K) under ¢, = 3 (dB) and
Ou,, = Op;,, =5 (deg) with N = 6.

In fact, the NRMSE is not an ideal indicator for evaluating multi-target localization
algorithms for general cases. When targets are located in close proximity to each other, the
NRMSE cannot reflect the efficacy of the algorithm in distinguishing the targets because it
is bounded by the maximum distance between targets. For moderately sparsely located
targets, the NRMSE can be easily disrupted by a single incident of a large error because
of false measurement clustering. Therefore, we investigated the performance of the pro-
posed algorithm-based primarily on PCS and analyzed the NRMSE of highly sparsely
located targets.

As shown in Figure 5, we investigated the behavior of PCS as the RSS noise increased
from 1 to 6 dB for several initial anchor node sizes, K = 1,2, 3, with fixed angle noises
(ou;, = 0v,, = 5 (deg)) for a fixed target number (M = 2) and total anchor node size N = 6.
As the number of initial anchor node (K) increased from 1 to 3 the PCS improved. The
PCS depended significantly on the RSS noise when a single initial anchor node (K = 1)
was used, whereas the deployment of multiple initial anchor nodes (K = 2, 3) yielded PCS
performance that were almost independent of various RSS noise level. This result strongly
suggests that a single initial anchor node (K = 1) is not suitable for practical implementa-
tion, although it simplifies the complexity of the proposed algorithm considerably.
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Figure 5. PCS vs. standard deviation of RSS noise (0v,,,) for M = 2and N = 6 under 0, = 0y, = 5 (deg).

Figure 6 illustrates the resolution performance of the proposed algorithm for a high
SNR scenario based on plots of the PCS (a) and NRMSE (b) for various distance between
the targets. Two targets (M = 2), in which the center was in the origin, were considered,
and the distance between the two targets was set from 10 cm to 1 m. The initial target
number K was set from 2 to 5 for the one-by-one approach and K = 2,3 for the block-
by-block approach. The noise variances were set to mild RSS 03, = 1 (dB) and small
angle variance 0y, = 0y, = 0.3 (deg). At this noise level, the single-target estimation
algorithm (EC-WLS) yielded an RMSE of approximately 0.036 when the measurement sets
were identified correctly. The PCS by the block-by-block approach outperformed that by
one-by-one approach by up to 0.6m. It is noteworthy that for this high SNR setting, the
initial target number K = 2,3, 4, 5 indicated almost similar PCS performance.

Figure 7 illustrates the resolution performance of the proposed algorithm for a low
SNR. Two targets (M = 2) whose center was located at the origin were considered. The
distance between the two targets was set from 10 cm to 5 m. The number of initial anchor
node K is set from 2 to 5 for the one-by-one approach and K = 2,3 for block-by-block
approach. The noise variances were set to 0,, = 3 (dB) and ¢y, = 0y,, = 5 (deg). The
benign NRMSE performance, which contrasts with the low PCS for a within-target distance
of less than 1 m, can be explained by the fact that the MSE due to false classifications is
limited to 1 m. This demonstrates that the PCS is a more appropriate indicator for assessing
the resolution performance of a multi-target localization algorithm than the NRMSE. It is
noteworthy that the PCS and NRMSE performance of K = 3 are acceptable compared with
those of K = 4,5, considering the exponentially increased additional computation burdens.

Figure 8 shows the performance of the proposed algorithm for four targets (M = 4)
for a low SNR scenario. For M = 4, the block-by-block approach becomes impractical
because of the exponentially increased complexity; therefore, only the one-by-one approach
was considered. The targets were in the vertices of a cube centered at the origin, and the
minimum distance among the targets increased from 1 to 10 m. The number of initial
anchor nodes was set to K = 2,3, and 4 for oy, = 3 (dB) and 0y, = 0,, = 5 (deg). For
this low SNR and four-target situation, the PCS deteriorated substantially, but a reasonable
NRMSE was obtained for K = 3.
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Figure 8. PCS (a) and NRMSE (b) vs. target minimum distance for M = 4 and N = 6 under
ow;, = 3 (dB) and oy, = 0y, = 5 (deg).

Figure 9 shows the NRMSE performance of the proposed algorithm for the number
of targets M = 2,3 and initial anchor nodes K = 2,3 for the one-by-one approach, and
initial anchor nodes K = 2 for block-by-block approach under various RSS noise (0v,, )
from 1 to 6 dB. The angle noise level was set to 0y, = 0y, = 5 (deg) with N = 6 anchor
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nodes. In this setting, for M = 2, one-by-one approach with K = 3 and block-by-block
approach with K = 2 demonstrated similar NRMSE performance, which approached the
single-target localization performance.

1

--E1- One-by-One Approach ‘(K:2, M=2)
—8-One-by-One Approach (K=3, M=2)
-+ One-by-One Approach (K=2, M=3)
0.9 r{=6—One-by-One Approach (K=3, M=3)

Block-by-Block Approach (K=2, M=2)
- Block-by-Block Approach (K=2, M=3)
@ ECWLS (Single Target)

NRMSE (m)

0.5 I I I I

1 2 3 4 5 6
Standard Deviation of RSS Noise (dB)

Figure 9. NRMSE according to the number of targets (M) and RSS noise (0%,).

Figure 10 shows a plot of the NRMSE performance by the one-by-one approach for
number of initial anchor nodes K = 2,3 and number of targets M = 2,3 under various RSS
from 1 to 6 dB. The angle noise was set to 0y, = 0y,, = 5 (deg) with number of anchor
nodes, N = 6. As shown in Figure 10, as the M increased, the performance deteriorated
slightly; however, it was evident that the one-by-one approach performed reasonably. In
general, the one-by-one approach with K = 3 demonstrated satisfactory performance with
reasonable computational complexity.

1.1

- ECWLS (Single Targel)‘
-8 M=2, K=2

1 |l=M=2, k=3 |
.- M=3, K=2
-0-M=3, K=3

A M=4, K=2 .
L R R W o I

—A&-M=4, K=3

NRMSE (m)

Standard Deviation of RSS Noise (dB)

Figure 10. NRMSE vs. the number of targets (M) for K = 2 and N = 6 under 0y, = 0y,, = 5 (deg).

6. Conclusions

Herein, we presented a computationally efficient multi-target localization scheme
that uses a hybrid single-target localization algorithm. A group of target candidates was
estimated based on combinations of measurements in a few selected anchor noes, and
ghost targets were removed based on the MSE criterion. After obtaining the best M target
candidates, the proposed algorithm clustered the measurement sets in each anchor node
with respect to the target candidates. Finally, a single-target localization algorithm, such as
EC-WLS, was applied to the clustered measurement sets in every node to refine the target
position. Two different approaches, i.e., block-by-block and one-by-one, were proposed for
the initial target estimation phase and measurement clustering phase, respectively. The
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complexity and resolution performance of the proposed methods with respect to parameter
settings were investigated via analysis and simulations. In this paper, we have assumed
that no prior information on the targets is given. In the presence of the prior information
such as the distance among targets or rough prediction of target positions, the complexity
of the proposed algorithm can be reduced by ruling out less probable ghost targets and
consequently the overall accuracy performance can be improved, which is the scope for
the future research.
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