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Abstract—Recently the use of received signal strength
values from a wireless local area network has received
significant research interest for indoor localization. This work
investigates a Voronoi-based interpolation method to improve
indoor localization performance. The region of interest is
spanned by reference measurement locations, termed as
anchors. The proposed method is shown to outperform wellknown localization techniques such as the k-Nearest Neighbor
(k-NN) and the Inverse Distance Weighting (IDW) methods in
terms of accuracy and precision. Our results show that for a 20
m × 20 m room the proposed scheme can achieve a location
accuracy of 5.7 m with at most 5 anchors, whereas the IDW
and k-NN techniques attain location accuracies of only 6.1 m
and 6.5 m, respectively, under the same conditions. These
performance gains are achieved while maintaining the same
number of anchors in the system calibration phase for all the
considered techniques.
Index Terms—indoor environments, interpolation, radio
propagation, simultaneous localization and mapping, wireless
LAN.

I. INTRODUCTION
The advances in computing capabilities of mobile devices
have generated significant research interest in indoor
localization-based services such as in-building rescue
operations, equipment or personnel tracking in hospitals,
and guidance for shopping malls and museums [1-3]. The
widespread use of wireless local area networks (WLANs)
and the minimal requirements for additional localization
hardware have made WLAN-based localization an active
research area [4-6].
Localization algorithms can be broadly classified as
range-based, proximity-based and fingerprinting-based [2].
In the range-based methods such as Time of Arrival (ToA)
[7] or Time Difference of Arrival (TDoA) [8] of the
received signals, the separation distance between the
transmitter (TX) and the receiver (RX) is calculated directly
[9]. In proximity-based methods typically employed in
wireless sensor networks (WSNs), a node location is
estimated in relation to its neighboring nodes without
explicitly calculating the TX-RX separation distance [2]. In
fingerprinting-based methods, the signals transmitted by
multiple access points (APs) can be used for localization of
the user equipment (UE). A radio map or fingerprint of the
target region is constructed from received signal strength
(RSS) values measured at known anchor locations in the
calibration phase [10]. In the online phase, the UE’s
unknown location can be estimated by using some distance
metric between the RSS values measured online and the
RSS values stored in the radio map [11-13]. It is well-known
that the wireless channel significantly affects the WSN

performance [14]. Investigations of indoor localization
based on ToA and TDoA have shown that these techniques
perform poorly due to their requirement of a line-of-sight
(LoS) connection, which is difficult to guarantee indoors
due to fading [3], and a strict TX-RX time-synchronization
that requires expensive hardware [2]. This has led to
fingerprinting as the preferred method for indoor
localization [3], [15].
A common drawback of fingerprinting-based methods is
the significant measurement effort required in constructing
the radio map. The system’s localization error can be
reduced either by adding more anchors or by employing
more accurate interpolation in the online phase [16]. The
drawback of adding more anchors is the extra burden on
system resources for recording and storage of the additional
fingerprints. Interpolation based on Voronoi diagrams has
also been investigated [17-19]. A Voronoi diagram is a set
of polygons that tessellate a target region relative to a set of
reference locations [20]. For Voronoi-based localization, the
set of anchors constitute these reference locations. A k-th
order Voronoi diagram (k-OVD) is defined by a set of
polygons whose interiors comprise all spatial points that are
closest to k reference points among the set of all reference
points [19-20]. In the k = 1 case, the number of tessellating
polygons equals the number of reference points. For k > 2,
the k-OVD is referred to as a higher-order Voronoi diagram.
In [17], the authors proposed a wireless geolocation
technique using joint RSS-based Voronoi diagrams and
factor graphs. They used simulation analysis to verify that
their proposed approach yielded a root-mean-squared
localization error on the order of a few meters. In [18], a
first-order Voronoi tessellation was used in conjunction with
the Lagrange multiplier method to perform localization in a
WSN. In [19], the authors proposed to use a higher-order
Voronoi tessellation to construct a radio map of the target
site. Their approach yielded better estimates of the signal
fading parameters within each Voronoi polygon, which led
to a more accurate Wi-Fi radio map construction. Their
interpolated radio map was then used for localization with
the k-nearest-neighbor (k-NN) technique [15] and the
Inverse Distance Weighting (IDW) method of [21].
The novelty of the submitted work in relation to [19] is
that we apply a higher-order Voronoi tessellation differently
from [19] to solve the indoor localization problem. More
specifically, a new set of virtual anchor locations is
constructed from the physical anchors associated with each
Voronoi polygon. Furthermore, the localization performance
is quantified not only in terms of localization accuracy as in
[19] but additionally the localization error distribution is
also evaluated. We compare our proposed method with the
k-NN and IDW localization techniques. Our evaluations
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reveal that the proposed method yields a smaller average
value and spread of the localization error in relation to the
other two techniques.
The remainder of this paper is organized as follows. In
Section 2, we provide some details about the investigated
techniques. In Section 3 the system model and performance
metrics are described. In Section 4, some numerical results
are provided. Finally, Section 5 concludes this paper.
II. FINGERPRINTING-BASED LOCALIZATION
Consider an indoor scenario where localization is to be
performed in the horizontal plane. In the calibration phase,
RSS values from M transmitting APs are measured at N
anchor locations. In the online phase, the Euclidean distance
in RSS space is calculated between the unknown UE
location and j-th anchor as [2]
Ej 

M

 mj  Sm  ,
2

j  1, 2,  , N ,

(1)

m 1

where mj is the RSS from m-th AP measured at j-th anchor
in calibration phase and S m is the RSS from the same AP
measured at the unknown UE location in the online phase.
The UE location can be estimated, according to the nearestneighbor (NN) method [11], [15], as the coordinates of the jth anchor provided that E j < Ek , k  1, 2,..., N .
k j

A. k-NN Localization
An obvious limitation of the NN technique is that the
estimated UE location is restricted to be one of the anchor
locations, which can cause significant localization error. For
this reason, interpolation methods such as the k-NN
technique have been proposed in the literature, [11], [15].
According to the k-NN method the coordinates of the
unknown UE location are estimated as [15]





k
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where xˆ , yˆ is the estimated UE location and ( x j , y j ) are
coordinates of the j-th anchor among the k anchors closest to
the UE location in RSS space. The variable k is a system
parameter. In other words, the unknown UE location is
estimated as an average of the k nearest anchor locations.
Note that this technique includes the NN method as the
special case k = 1, which has no interpolation.
B. Inverse distance weighting localization
A more refined interpolation for the UE location can be
obtained by a weighted average of the T closest anchor
locations. In the T-IDW technique, these weights are
assigned as a decreasing function of the UE’s distance to the
anchors. The unknown UE location is estimated as [21]
T
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si is the distance in RSS space between the

unknown UE location and the i-th anchor. The system
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parameters  and T represent the power law distance
dependence and the number of anchors, respectively.
C. Proposed Voronoi-based localization
Consider a 2-D region of interest that is spanned by a set
P   p1 , p2 ,  , p N  of N anchors. For ease of exposition,
consider tessellation of this region by a second order
Voronoi diagram (2-OVD) only. The application to higher
orders is straightforward but will not be discussed here to
simplify notation. Now the Voronoi polygon associated with
the l-th pair of anchors Pl(2)   pl ,1 , pl , 2  can be expressed
as [20], [22]
V

 P   {a : d (a , p
l

(2)

l ,1 ),

d ( a , p l , 2 )  d ( a , p j ),

 p j  P \ Pl ( 2 ) } .

(4)
Here l=1, 2…, L, where L is the number of distinct anchor
pairs that can be chosen from N, i.e., L = N!/[2!(N-2)!].
Furthermore, a is an arbitrary point in the region of interest
and d ( a , pl , q ) is the Euclidian distance between a and the
q-th, q = 1, 2, member of the l-th anchor pair Pl (2) . Finally,
P \ Pl (2) denotes the set P after exclusion of the two anchors

included in Pl (2) . It may be noted that any point in the
interior of V  Pl ( 2 )  is closer to the anchors in Pl

(2 )

than to

any other anchors in P. According to the proposed
interpolation scheme, in the calibration phase two
parameters are calculated for each Pl

(2)

as follows:

(i) An RSS M-tuple whose m-th entry is computed as

  ml   ml
1
2
 ml  
2



 , m  1, 2,..., M .

(5)

(ii) A pair of virtual coordinates computed as
(6)
 xl1  xl2 yl1  yl2 
,
,
2 
 2
and xl2 , yl2
represent the spatial

 x l , y l   
where

x , y 
l1
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coordinates of the first and second anchor of Pl

(2)

,

respectively. The calculations in (5) and (6) are repeated for
each V  Pl ( 2 )  in the 2-OVD of the target region and the
results are stored for subsequent use.
In the online phase, the measured RSS M-tuple’s distance
to each of the L RSS vectors from (5) is computed according
to (1). Finally, the V  Pl ( 2 )  with the smallest distance to the
online M-tuple is selected and its virtual coordinates,
computed from (6) are returned as the estimated location of
the UE. Thus, the only extra computations are the L distance
calculations followed by an arithmetic mean of the anchor
pair closest to the UE’s RSS M-tuple. These calculations are
easily manageable with the computational resources
available in today’s smart devices.
The proposed method constructs L  N virtual anchors
spanning the same area as the original N physical anchors.
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The localization error is reduced with the proposed approach
because the inter-anchor distance between the virtual
anchors is, on average, significantly smaller than that
between the original N anchors. It may be noted that the kNN and T-IDW techniques use the original N anchors for
localization. Thus, it may be concluded that for the same N
the proposed method yields a smaller error than both the kNN and the T-IDW techniques. This assertion is also
validated by the localization performance plots shown later
in the numerical results section.
III. SYSTEM MODEL
The localization performance is evaluated for two indoor
scenarios of practical significance. These scenarios are
referred to as setup 1 and 2, respectively, in the remainder of
this work. The setup 1 shown in Fig. 1 consists of a 20 m ×
20 m room with 4 APs fixed at its corners. The number of
anchors can be varied between 5 and 25 but they are
assumed to be located on a regular grid [23]. Fig. 2 shows
an exemplary tessellation of setup 1 according to the 2-OVD
described in Section II, for N = 5 anchors. Each polygon
shown in Fig. 2 is labelled with an ordered pair that
indicates the anchor indices associated with that polygon.
For example, the top middle polygon shown in Fig. 2 is
labelled with (11, 13). This indicates that all points in the
interior of this polygon are closer to anchor number 11 and
13 than to the remaining three anchors. Fig. 3 shows the
setup 2, which consists of a 90 m × 90 m area, divided into 9
rooms of identical 30 m × 30 m dimensions. Four APs are
fixed at the corners of the 90 m × 90 m area. An identical
number of anchors are considered in each room and the total
number of anchors can be varied between 9 and 81 while
placing them on a regular grid [7].
A. Path loss Model for RSS
The received radio signal experiences fading due to the
presence of blocking objects such as furniture and
appliances in an indoor environment. In the literature the
well-known log-distance path loss model with shadow
fading has been used to model the received signal in indoors
environments [3], [12], [15]. Furthermore, the extra
attenuation due to signal absorption and reflection by room
partition walls is often considered by including an additional
wall attenuation factor in the received signal model. The
received power can then be written as [24],
 d 
P  d   P(d o )  10n log    X     PAF ,
(7)
 do 
where P (d ) is the RSS at TX-RX separation distance
d , P  d o  is the RSS measured at reference distance d o ,

taken to be 1 m, and n is the path loss exponent.
Furthermore, X  is a zero mean Gaussian random variable
with standard deviation σ that models fading and PAF is the
partition attenuation factor due to a single wall. Finally, 
is the number of intervening walls between TX and RX.
Note that in setup 1,   0 due to the absence of walls.
TABLE I. SIMULATION PARAMETERS USED FOR RSS MODEL [7]
n
P(do)
σ
PAF
Parameter
Value
2
-40dBm
3
5
.

Figure 1. Setup 1 showing anchor points numbered sequentially.

Figure 2. Setup 1 tessellated by a 2-OVD with only 5 anchor locations.

Figure 3. Setup 2. Anchor points are identically numbered in each room.

B. Simulation Methodology
The localization performance was evaluated by the Monte
Carlo method and using the Matlab© platform.
For a given placement of anchors and APs, the calibration
phase RSS values at each anchor were calculated according
to (7). For the online phase, independent Monte Carlo trials
were performed such that for each trial the UE was placed
randomly according to a uniform distribution. The UE
location was then estimated by each of the considered
techniques and the respective estimation errors for each trial
were recorded. This statistical ensemble was used for
analyzing the localization error.
C. Performance Metrics
The performance metrics used for evaluating localization
performance of the algorithms are described next.
1) Accuracy
The accuracy of a localization technique is given by the
average error between the estimated and the true UE
coordinates and expressed as [2],
2
2

(8)
Accuracy  E   xˆ  xo    yˆ  yo   ,


where E[.] denotes statistical expectation,  xo , yo  are the
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UE’s true location coordinates in online phase and  xˆ, yˆ  are
its estimated coordinates.
2) Precision
While accuracy quantifies the average error of a
localization technique, precision refers to the distribution of
the localization error. A localization technique that exhibits
an error distribution concentrated on small error values is
preferable because it indicates that this technique is likely to
estimate the location with a small distance error. In this
work, the empirical cumulative distribution function (CDF)
of the localization error is used to evaluate the distribution
of the localization error.

(a)

IV. NUMERICAL RESULTS
For a fair comparison of localization performance an
identical number of anchor locations are used for the
considered techniques. For the k-NN algorithm, k values
between 2 and 4 have been reported to provide accurate
localization [12]. If larger k values are used, then the
localization accuracy degrades as more geographically
distant anchor locations are introduced into the averaging
given in (2). In case of the proposed k-OVD technique,
choosing k >> 2 for implementing on a mobile device may
significantly burden computational resources of the device.
In view of these considerations for illustrative purposes we
set k = T = 2 in our evaluations, i.e., the numerical results
compare the performance of the proposed 2-OVD-based
localization with the 2-IDW and 2-NN techniques.
In Fig. 4 the average location error and the error spread
are plotted as a function of the number of anchor locations,
with number of APs fixed at 4. Fig. 4 (a) shows the results
for simulation setup 1 whereas Fig. 4 (b) shows the results
for simulation setup 2. It can be observed from Fig. 4 that as
the number of anchors are increased, the average error for
the 2-NN, 2-IDW and 2-OVD techniques reduces but the 2OVD technique consistently gives smaller average error
than the 2-NN and 2-IDW method, e.g., from Fig. 4 (a), it
can be seen that for 15 anchor points, the average error with
the 2-NN and the 2-IDW techniques is 5.6 m and 4.8 m,
respectively. However, with the 2-OVD method the average
error is only 4.5 m. From the confidence intervals for the
localization error, which are plotted as vertical bars in Fig. 4
(a) and (b), one can observe that the error spread about its
average value also decreases with an increasing number of
anchors. However, the error spread for the 2-OVD technique
is consistently less than that observed for the 2-NN and the
2-IDW techniques.
We have also investigated the effect of increasing the
number of APs on the localization error, with number of
anchor locations kept constant. The relevant scenario and
results are shown in Fig. 5. In Fig. 5 (a) the modified
simulation setup 1 is shown. In this case, there are 5 anchor
locations and the number of APs is increased from 5 to 8. In
Fig. 5 (b) the average error and error spread are plotted.
From these plots, it can be observed that by increasing the
number of APs the average error and error spread decrease
for all three techniques. However, the error values yielded
by the 2-OVD technique are consistently less than those
obtained by the 2-IDW and 2-NN methods.
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(b)
Figure 4. Average error and error spread as a function of number of anchor
points. Number of AP nodes = 4. (a) 20 X 20 m setup (b) 90 X 90 m setup.

(a)

(b)
Figure 5. Modified setup 1 and its error plots. (a) Modified setup 1
(b) Average error and error spread as a function of number of APs. Number
of anchor points = 5.
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following the method of Section II with 5 anchors only.
From Fig. 6 (b) that considers 15 anchors only, the 2-NN
and 2-IDW techniques are observed to have a localization
error less than 3.5 m and 3 m, respectively, in 20% of the
trials. In contrast, the 2-OVD technique gives an error of 2.5
m or less in 20% of the trials. In Fig. 6 (c), the 2-NN and the
2-IDW techniques show 20th percentile errors of 3.4 m and
2.4 m, respectively. In contrast, the 2-OVD technique shows
an error of 2.3 m or less in 20% of the cases. These results
indicate that the precision advantage of the 2-OVD
technique over the 2-NN and the 2-IDW techniques
increases with increasing number of anchors. Furthermore,
the error CDF curve for the 2-OVD technique lies above the
error CDF for the 2-NN and the 2-IDW technique in all
subplots; this indicates that under identical operating
conditions the 2-OVD method is more likely to produce
small error values than the 2-NN and the 2-IDW techniques.

(b)

(a)

(c)
Figure 6. CDF of estimation error for 20 X 20 m setup. Number of AP
nodes = 4. (a) 5 Anchor points (b) 15 anchor points (c) 25 anchor points.

The localization precision for 2-OVD, 2-IDW and 2-NN
techniques is described by the error CDFs that are plotted in
Fig. 6 for simulation setup 1 and in Fig. 7 for simulation
setup 2. For both figures, the number of APs is fixed at 4
and the number of anchor locations is varied between each
of the Fig. subplots. Considering the results in Fig. 6, the
CDFs in Fig. 6 (a) are plotted by considering only 5 anchor
locations: no. 3, 11, 13, 15, and 23 as shown in Fig. 2; the
CDFs in Fig. 6 (b) are plotted for 15 anchor locations: no. 1,
3, 5, 7-9, 11-15, 17-19 and 21 as shown in Fig. 2; Finally, in
Fig. 6 (c) the CDFs are plotted by considering all 25 anchor
locations. For better readability, the x-axis in the sub-figures
is limited to showing error values up to 8 m.
From Fig. 6 (a), the localization error in 20% of the cases
is below 4 m and 3.75 m for the 2-NN and the 2-IDW
techniques, respectively. In comparison, the error at the 20th
percentile is below 3.4 m for the 2-OVD technique. Note
that the CDF of 2-OVD in Fig. 6 (a) is obtained by

(b)

(c)
Figure 7. CDF of estimation error for 90 X 90 m setup. Number of AP
nodes = 4. (a) 9 anchor points (b) 45 anchor points (c) 81 anchor points.

Now considering the error CDFs in Fig. 7 for simulation
setup 2, the CDFs in Fig. 7 (a) are plotted by considering
89
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only 9 anchor locations, i.e., using only anchor location no.
5 in each room as shown in Fig. 3; the CDFs in Fig. 7 (b) are
plotted by considering only 45 anchor locations, i.e., anchor
locations numbers 1, 4-6, and 9 in each of the 9 rooms as
shown in Fig. 3. Finally, the CDFs in Fig. 7 (c) are plotted
by considering all 81-anchor locations across 9 rooms as
shown in Fig. 3. For better readability of plots, the x-axis in
all sub-figures is limited to error values of 8 m. In Fig. 7 (a),
the 2-NN and the 2-IDW technique are seen to have a
localization error at 20-th percentile of 7 m and 6.5 m,
respectively. For the 2-OVD technique the localization error
is only 5 m at the 20-th percentile. Fig. 7 (b) shows that the
localization error in 20% of the trials for 2-NN and 2-IDW
techniques is 4 m and 3 m, respectively. In comparison the
2-OVD technique yields localization error of only 1.75 m
under the same operating conditions. In Fig. 7 (c), the 2-NN
and the 2-IDW techniques give localization errors in 20% of
the trials of 3.25 m and 1.5 m, respectively. On the other
hand, the 2-OVD technique gives a localization error of only
1.25 m. The general trend indicated by Fig. 6 and 7 is that
the proposed 2-OVD technique can provide location
estimates within a room resolution, with much higher
reliability than the 2-NN and 2-IDW.
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V. CONCLUSION
We have compared localization performance of the
proposed Voronoi-based interpolation technique with the kNN and T-IDW methods using RSS values in two indoor
scenarios. The mean localization error and the error spread
are reduced by increasing the number of anchor locations for
2-NN, 2-IDW and 2-OVD techniques but the error values
for the 2-OVD technique were shown to be consistently less
than those for the 2-NN and the 2-IDW methods. It was also
demonstrated that for a fixed number of anchor locations,
the mean error and the error spread both decrease by
increasing the number of APs, but again the 2-OVD
technique consistently gives lesser error values than the 2NN and 2-IDW techniques. The distribution of localization
error was also investigated for 2-NN, 2-IDW and 2-OVD
techniques; it was shown that under identical operating
conditions, the proposed 2-OVD method is more likely to
give smaller distance errors than the 2-NN and the 2-IDW
methods. Our results show that the proposed k-OVD
technique can provide location estimates within a room
resolution, with much higher reliability than the k-NN and
the T-IDW techniques under identical operating conditions.
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