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ABSTRACT

The presence of non-line-of-sight (NLOS) signals in indoor posi-
tioning systems can severely degrade the positioning accuracy. This
paper proposes a novel and computationally efficient algorithm to
determine the line-of-sight (LOS) signals and the 2D position of a
target in an indoor positioning system. The proposed algorithm was
evaluated by simulating an indoor positioning system in 8 m × 8 m
room under the presence of NLOS signals. When benchmarked with
COFFEE and Triangle-Inequality methods, the proposed method
shows significant improvement in computational time (151ms to
768ms) and marginal improvements over COFFEE in terms of F1-
Score (at least 5% gain in F1-Score). The 2D position estimates
are in less than 4.1 cm mean squared error. Moreover, the proposed
algorithm was evaluated experimentally using a low-cost ultrasonic
hardware.

Index Terms— positioning, localization, classification, cluster-
ing, line-of-sight, non-line-of-sight

1. INTRODUCTION
Indoor positioning is the process of estimating the position of a target
in an indoor environment. In the last few years, indoor positioning
gained a lot of interest with the advances in the technologies used
in smart phones [1]. Estimating the position of a single or multiple
targets has many applications such as navigation inside buildings, lo-
cating objects inside a factory, virtual reality applications, etc. There
are several approaches and technologies for indoor positioning sys-
tems. The received signal strength (RSS)-based approach is a simple
and widely utilized approach in indoor positioning systems. While
the RSS-based indoor positioning is simple, it has poor positioning
accuracy [2]. The other approach is based on angle of arrival (AOA)
estimation which requires an array of receivers. Whereas the AOA-
based positioning accuracy is high when the transmitter is relatively
close to the receivers array, its accuracy significantly degrades as the
distance between the transmitter and the receivers increases. This
is because a small error in the estimated angle results in a large er-
ror in the estimated position [3]. A more attractive positioning ap-
proach is based on estimating the time of flight (TOF) which is the
time taken by the signal to travel from the transmitter to the receiver.
TOF-based approach requires a very accurate synchronization be-
tween the transmitter and the receiver. Moreover, the resolution of
the estimated TOF is limited by the bandwidth of the transmitted
signal and the sampling rate. While having a large bandwidth and
using a super-resolution technique can improve the TOF estimation
accuracy.

Fig. 1. Attenuation of LOS due to AOA

However, the positioning errors of all of the methods severely
increases in the absence of the line-of-sight (LOS) signal between
the transmitter and the receiver. Where the presence of NLOS sig-
nals makes obtaining the AOA very challenging. And in practical
systems, the received signal might be severely attenuated if it is re-
ceived at a bad angle as shown in Fig.1. Therefore, the LOS signal
that is received at a bad angle will be submerged in the NLOS signal
that is received at a good angle, which makes the RSS and the early
path search useless.

Many algorithms have been proposed to identify the LOS sig-
nals and estimate the position of a target in an indoor environment.
Some of them used machine learning models as Random Forest in
[4], Support Vector Machine (SVM) in [5] and [6], and Neural Net-
works in [7]. Although they have achieved high accuracy they are
more complex to consider in practical systems, and they require a
large number of diverse training data. Alternatively, geometry-based
algorithms have been proposed to identify the LOS signals. One
of the geometrical approaches is implemented based on the triangle
inequality conditions [8]. In this approach, the ranges, which are ob-
tained from the TOF estimates, are filtered out if they do not satisfy
the triangle inequality. While this algorithm has low complexity, it
also has a lower accuracy compared to the other algorithms. More-
over, the triangle inequality algorithm does not consider the case
where one or multiple anchors are blocked and have only NLOS
signals. COFFEE algorithm [9] is another popular geometrical ap-
proach, which is based on clustering the estimated positions using
the LOS and NLOS signals. However, COFFEE algorithm requires
finding the potential position for all the possible combinations of an-
chors and ranges, which for a large number of NLOS paths and/or a
large number of anchors will be computationally expensive. In this
paper, we will compare the performance of our algorithm against
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Fig. 2. Example Room with 4 anchors and one Mobile Device

these two benchmark algorithms.
In this paper, we propose a novel and robust geometric algorithm

to determine the LOS signals and accurately estimate the 2D position
of a target in a typical indoor environment.

2. PROBLEM FORMULATION

Consider a room such as in Fig.2, containingK anchors and a mobile
device (MD). Signals transmitted from anchors can reach directly
(LOS), or after reflection (NLOS) or can be blocked completely. Let
pi for i = 1...K be the position of the ith anchor. After processing
the signal from the anchor i a set of ranges di,1, di,2, ...di,Mi are
obtained. The classification algorithm’s task is to identify which of
the di,j where j = 1...Mi is a LOS. The ranges identified as LOS
are used for trilateration to obtain the MD position. Other ranges
associated with NLOS or noise are ignored.

3. THE PROPOSED ALGORITHM
Each anchor position pi and range di,mi can be used to form a
circle, C(pi, di,mi), centered at pi and has a radius di,mi where
i = 1, 2, ...,K, mi = 1, ...,Mi, and Mi is the number of paths
from the i-th anchor to the MD. The inputs to the proposed algorithm
are the positions of the anchors, pi, and the range estimates, di,mi

which are processed in four steps. The four steps are (1) finding the
intersection points of all non-concentric pair of circles, C(pi, di,mi)
and C(pj , dj,mj ), (2) initial filtering of the intersection points to ob-
tain the potential LOS points, (3) clustering the potential LOS points
to determine the estimated target position, and (4) determining the
LOS range to each anchor. The outputs of the algorithm are the LOS
ranges to each anchor and the 2D position of the target.

3.1. Finding the intersection points
In this step, we take the positions of the anchors, pi and their ranges,
di,mi as inputs, to form circles C(pi, di,mi). The outputs of this step
are the intersection points of all pairs of non-concentric circles.

Any pair of non-concentric circles, C(pi, di,mi) and C(pj , dj,mj ),
might (1) not intersect, (2) intersect at a single point, or (3) intersect
at two points. We can find the intersection points by solving the
following equations[10]:

(x− xi)2 + (y − yi)2 = d2i,1

(x− xj)2 + (y − yj)2 = d2j,1, (1)

where p = [x y]T is the intersection point. Equation (1) has a
solution if and only if

|di,1 − dj,1| ≤ |
√

(xi − xj)2 + (yi − yj)2| ≤ |di,1 + dj,1|. (2)

If strict inequality holds, we have two intersection points. Whereas if
equality holds, we have one intersection point. Otherwise, there is no
intersection point. In (1) we have two equations and two unknowns
and we can easily obtain the solution. We find the intersection points
for all pairs of non-concentric circles.

3.2. Finding potential LOS points by initial filtering
Let the total number of the intersection points be L, and the l-th
intersection point be Il = [xl, yl]

T , where l = 1, 2, ..., L. The next
step in the proposed algorithm is to determine the potential LOS
points by filtering out the intersection points that are scattered all
over the map. This initial filter is implemented by finding the average
distance from each intersection point to the rest of the points using
the Euclidean distance [10]

δl =
1

L− 1

L∑
k=1,k 6=l

|Il − Ik|. (3)

Then, we find the grand average of all the average distances as δ̄ =
1
L

∑L
l=1 δl, and we set a threshold γ = δ̄/2. Any intersection point

with an average distance greater than γ, i.e. δl ≥ γ , will be filtered
out. The remaining points are called the potential LOS points. If
no potential LOS point is found, we increase the threshold value by
10% and repeat the step.

3.3. Clustering potential LOS points using DBSCAN
The inputs in this step are the potential LOS points and the output
is the estimated position of the target. DBSCAN, which stands for
density-based spatial clustering of applications with noise, is a clus-
tering algorithm that groups together points that are close to each
other [11]. DBSCAN requires two parameters ε and minPts. The
algorithm finds the points in the ε-neighborhood of every point and
identifies the core points with more than minPts neighbors. There-
fore, ε is chosen as the maximum allowed error in the estimated
range, which is 10 cm in our case. We determine the value for minPts
based on the number of intersection points of the minimum number
of circles required for the 2D estimation, which is 3 circles. Hence,
minPts is chosen to be 6. The core cluster, which is the cluster with
the highest density, is considered the LOS cluster and its center is
the estimated target position.

3.4. LOS ranges determination
The input in this step is the estimated position of the target and the
output is the LOS range to each anchor. First, we calculate the dis-
tances from the estimated position to the position of each anchor and
we call these distances the calculated ranges d̂i. Then, we calculate
the ranging error given by

êi,mi = |d̂i − di,mi | for i = 1, 2, ...,K and mi = 1, 2, ...,Mi.
(4)

Finally, for each anchor, we find the range di,m̂i , corresponding to
the minimum ranging error êi,m̂i . If the minimum ranging error of
the i-th anchor is less than ε, then di,m̂i is the LOS range of this
anchor. Otherwise, this anchor has no LOS range.

Fig.3 and 4 illustrate the proposed algorithm for 4 anchors where
each anchor has a LOS signal, shown as a blue circle, and a NLOS
signal, represented as a red-dashed circle. The true target position
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is shown by the black cross. The intersection points for all possible
combinations of pairs of circles, excluding concentric circles, are
represented by the cyan circles. The filtered points using the thresh-
old γ are represented with the purple crosses. The clustered points
using the DBSCAN algorithm are represented by the green squares
and their center is shown by the green cross. A pseudocode of the
proposed algorithm is given by Algorithm 1.
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Fig. 3. Algorithm Illustration with 4 LOS and 4 NLOS
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Fig. 4. Algorithm Illustration with 4 LOS and 4 NLOS (zoomed in)

4. RESULTS

4.1. Simulation Results

A simulation was performed with a room of 8m×8m . We have 8
anchors located at x=[0, 4, 8, 8, 8, 4, 0, 0] and y =[0, 0, 0, 4, 8, 8,
8, 4]. The target is located at x = 2 m, y = 2 m. It is assumed that
due to measurement errors a direct LOS range experiences a Gaus-
sian distributed error of variance σ2. The NLOS error is modeled as
having an additive error in the range [0.3m, 2m] similar to [9]. The
COFFEE algorithm [9] and triangular inequality algorithm [8] are
implemented and used as comparison methods. Note that including
ranges beyond 2m is not necessary since these are easily excluded
by all compared algorithms.

Algorithm 1 NORLAC Algorithm
Require: pi, di,mi for i = 1, 2, ...,K, mi = 1, 2, ...,Mi

Intersections Calculation: Iterate over all non-concentric circles
1: l = 1
2: for i = 1 to K − 1, j = (i+ 1) to K,
mi = 1 to Mi, mj = 1 to Mj do

3: if |di,mi − dj,mj | < |pi − pj | < |di,mi + dj,mj | then
4: Il, Il+1 = Intersect(pi, di,mi ,pj , dj,mj );
5: l = l + 2
6: else if |di,mi − dj,mj | = |pi − pj | OR |di,mi + dj,mj | =

|pi − pj | then
7: Il = Intersect(pi, di,mi ,pj , dj,mj ); l = l + 1
8: else
9: // No Intersection, Do Nothing

10: end if
11: end for
Inital Filtering:
12: for l = 1 to L do
13: δl = 1

L−1

∑L
z=1(Iz − Il)

14: end for
15: δ = 1

L

∑L
l=1(δl), γ = δ/2

16: V alidI = [ ] // Empty Set
17: repeat
18: for l = 1 to L do
19: if δl < γ then V alidI = [V alidI , Il]
20: end for
21: γ = γ + 0.1γ
22: until V alidI Is Not Empty
Clustering by DBSCAN - Filtering:

//DBScan Will return list of all points in Core Cluster
CoreCluster = DBSCAN(V alidI , ε, minPts)
pEst = Mean(CoreCluster)

LOS Ranges and Position Estimation:
23: for i = 1 to K do
24: d̂i = |pEst − pi|
25: for mi = 1 to Mi do
26: êi,mi = |di,mi − pEst|
27: end for
28: end for
29: for i = 1 to K do
30: m̂i = argminmi

êi,mi

if êi,m̂i < ε then LOS(i) = di,m̂i else LOS(i) =∞
31: end for
32: return pEst, LOS

For σ = 10cm , 8 LOS ranges (from all anchors) and 8 NLOS
(from all anchors) the cumulative distribution of the position error
is shown in Fig. 5. In addition to the methods under compari-
son, the graph shows a (No-Filter) baseline which is how direct tri-
lateration using Least Squares fitting performs. The proposed al-
gorithm clearly outperforms the COFEEE and Triangular inequality
algorithms. The running time of a single iteration of the compared
methods are shown in Table 1. We believe the reduction in compu-
tational time is due to the elimination of the initial trilaterations that
are used in both COFFEE and Triangular inequality.

To investigate the performance of the algorithms with range er-
ror variation we computed the RMSE and plot it with Cramer Rao
Lower Bound (CRB) computed by the formula in [12]. The results
are shown in Fig. 6. The proposed algorithm and COFFEE algorithm
clearly outperform the triangular inequality algorithm. Both the pro-
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posed algorithm and COFFEE perform similarly almost achieving
the CRB at high SNR, while the proposed algorithm is more robust
in low and moderate SNR. The difference is due to the proposed
method generating candidate points for every pair of ranges rather
than every triplet. This provides a larger set of candidate points (at
a lower computational cost). It is worth noting that the typical error
values in practice are in this lower SNR range. Commercial devices
such as [13] and research papers such as [14] give errors in the range
of a few to tens of centimeters.

The classification F1-Score of the algorithms as the number of
LOS and NLOS ranges varies is shown in Figs. 7 and 8. The pro-
posed method shows stable performance in classifying even as the
number of LOS and NLOS ranges varies. COFFEE and Triangular
inequality show falling accuracy as NLOS ranges increase (see Fig.
7) and increasing accuracy as LOS ranges increase (see Fig. 8). In
the case of more NLOS ranges the decrease of COFFEE accuracy
can be explained by increasing false positives (FP). For example at
NLOS = 5, FP = 9.3% and at NLOS = 8, FP = 10.5%. Similarly
when LOS = 3, FP =25% and when LOS = 8, FP = 10%. This
indicates that COFFEE algorithm has difficulty classifying NLOS
correctly. In comparison, the proposed algorithm has false positives
and false negatives that are always below 5%.

Table 1. Running time (ms) for one iteration of the proposed and
benchmark algorithms with 8 LOS and 8 NLOS ranges

Proposed COFFEE [9] Triangle Ineq [8] No-Filter [15]
(ms) (ms) (ms) (ms)
150 993 786 151

Fig. 5. CDF of the error with 8 LOS and 8 NLOS ranges and σ =
10cm. No. of iterations = 10000.
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Fig. 7. F1-Score of Classification vs. number of NLOS Ranges
(LOS from all anchors)

Fig. 8. F1-Score of Classification vs. number of LOS Ranges
(NLOS from all anchors)

Fig. 9. Experimental setup with 6 anchors, a single MD and two
reflectors

4.2. Experimental Results

Fig. 9 shows the experimental setup which consists of 6 anchors,
a single MD and 2 reflectors. Range estimates of all anchors are
obtained from 1000 recordings. Fig. 10 shows the cumulative dis-
tribution of the 2D positioning errors for all the algorithms. The
proposed algorithm outperforms all the benchmark algorithms.

5. CONCLUSION

In this paper, we proposed a novel and computationally efficient al-
gorithm for determining the line-of-sight range and the 2D position
of a target in an indoor environment. The proposed algorithm out-
performs the benchmark algorithms with a lower computational cost.
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Fig. 10. CDF of the error with 6 anchors and 2 reflectors (Experi-
mental)

Under 8 LOS and 8 NLOS signals, the proposed algorithm has a suc-
cess rate of 99.8% in determining the LOS and NLOS ranges and
more than 96% of the 2D position estimates are in less than 4.1 cm
mean squared error. The algorithm is shown to be robust under a
different number of NLOS signals. Furthermore, the proposed algo-
rithm was evaluated experimentally using a low-cost hardware. The
experimental results show that the proposed algorithm outperforms
the benchmark algorithms.

Finally, this work can be extended to the 3D case, and the output
of this algorithm can be used to initialize the benchmark trilateration
algorithm for further improvement of the estimated position.
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