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A B S T R A C T

In this paper, we present a new method for improving the efficiency of indoor

localization algorithms, in terms of running time and error rate, using the

KD-tree data structure. One of the main challenges of indoor localization

algorithms in large environments is the high processing overhead of these

algorithms due to the high volume of input data and lack of processing

resources in users’ mobile devices. In the proposed method in this paper, we

first cluster the fingerprint database. Then, with the help of a newly proposed

method, a modified KD-tree is implemented according to the conditions of the

clusters. This tree is a decision-making structure to select one specific cluster

where the user stands there. Finally, when a user entered, using a few simple

comparisons in the KD-tree, the desired cluster is found and only information

about that cluster is passed to the localization algorithm, to compare and

predict the user’s location. The results of the implementation of this method

on the fingerprint data set of the Faculty of Engineering at Arak University

show that the proposed method reduces the running times and errors to less

than half the values, compared to the time of not using the proposed method.

1 Introduction

One of the most useful technologies in recent years is
the technology of locating people, which many appli-
cations are designed and worked on based on it. Out-
door localization is done by the Global Positioning
System (GPS). However, indoor positioning systems
use indoor localization methods; because the signals of
GPS cannot penetrate interior spaces [1]. On the other
hand, the widespread expansion of smartphones and
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other mobile wireless devices, along with the growth
of business interest in the last few years, has led to the
creation of a wide range of services, including indoor
localization [2]. Lack of GPS signals, various other
signals have been considered for indoor localization,
including WiFi, Bluetooth, Zig bee, Broadband, FM
radio, Audio, light, magnetic fields, and so on. Among
all these, the use of WiFi signals in buildings, due to
the pervasive penetration of wireless local area net-
works and mobile devices with WiFi connectivity, has
attracted serious attention. Therefore, the use of WiFi-
based location systems is cost-effective due to the lack
of need for additional infrastructure investment [3].

During the past decade, several survey papers have
been published in the field of indoor localization. The
authors of these papers prepare a comprehensive study
in this field. Obeidat et al. [4] prepare a high-level
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study on different detection technologies in indoor lo-
calization algorithms. Those technologies have been
compared in terms of accuracy, cost, advantages, and
disadvantages. The authors show that although using
fingerprinting as a localization technique has some
disadvantages such as affecting by multipath effects
or needing massive work to create radio maps, it pre-
pares a highly accurate low-cost method. Singh et al.
[5] review previously published surveys in indoor lo-
calization. Then, they discuss different applications
of machine learning techniques in indoor localization.
Also, they have a look at performance metrics, pub-
lic datasets, and open challenges in this field. Roy
and Chowdhury [6] prepare a study using machine-
learning techniques in indoor localizations to create
radio maps and localizations. Another survey is pre-
sented in [7]. In addition to reviewing different major
indoor localization techniques, the paper prepares a
general performance evaluation between them too. A
good indoor localization technique must have good
accuracy while remaining reliable and stable.

A common localization approach is locating based
on the Received Signal Strength (RSS) of Access
Points (APs). On a WiFi network, each AP period-
ically broadcasts control signals. Users detect APs
within their range by receiving these signals. Various
algorithms such as geometric algorithms or finger-
print methods can be used to determine the user’s
position in a WiFi network. The fingerprint method
provides higher accuracy and is known as an effective
approach for localization on a WiFi network [8]. The
fingerprint method has two steps. The first step is to
collect training data in an offline form. In this case,
WiFi fingerprints are collected from all APs in differ-
ent parts of a building and stored in a database. The
second step is localization in an online form. In this
case, the WiFi network fingerprints are collected from
the user’s current location. Then, using localization
algorithms, these fingerprints are compared with the
stored ones. The results present the user’s location.

The structures of buildings have negative effects on
signal propagation which reduces localization accu-
racy. Zhou et al. [9] focus on these problems. They
propose a statistical test approach to detect the signal
distribution of APs and find APs’ contribution degree.
Rizk et al. [10] use a combination of RSS Indication
(RSSI) and Round Trip Time (RTT) as inputs of a
deep neural network strategy to improve the accuracy
of localization. They follow this strategy to overcome
signal propagation errors inside buildings. Ali Asgari
Renani et al [11] propose a step-by-step tracking strat-
egy. They try to predict the movement of users by
combining fingerprint localization methods with the
Viterbi algorithm. Fan et al. [12] propose a localization
method based on Channel State Information (CSI) fin-

gerprints in Multiple-Input Multiple-Output (MIMO)
systems. To do this, they develop a machine learning-
based hierarchical localization for MIMO fingerprints.
However, CSI data is accessible only on a few wireless
network cards. Seçkin and Coşkun [13] use data min-
ing techniques for feature selection and classification
to increase the accuracy of positioning. Alshamaa et
al. [14] propose a zoning strategy for sensors using the
belief function theory. They use kernel density estima-
tion, hierarchical clustering, and similarity divergence,
to create a two-level hierarchy, to reduce the number
of zones to be classified at a time. At each level of the
hierarchy, they use feature selection techniques to re-
duce the misclassification rate and feature redundancy.
However, the goal of the authors in this paper is to
look for the zone of sensors, not their exact location.

One of the biggest challenges to advancing conven-
tional methods for locating indoors is the high process-
ing overhead of these methods due to the volume of the
fingerprint database and the processing overhead of
the algorithms themselves. If the localization method
is performed on a server, there is no problem with the
overheads. However, in this case, the user needs to
have access to the network connected to the server,
which is not possible always. Also, because of wireless
communication problems inside buildings, such com-
munication may affect the reliability and stability of
the algorithms. The second solution is to run an algo-
rithm located on the user’s device. In this case, due
to the limitations of the battery, memory, and proces-
sor of users’ mobile devices, processing overheads and
complexity of the algorithms pose great challenges.
Deep neural network solutions, as one of today’s pop-
ular solutions, may face performance issues in such
platforms. Ghaffarian [15] shows that deleting almost
half of the data in a data set under certain conditions
can significantly reduce processing overheads while
sacrificing a small amount of accuracy. Although these
results are valuable, it should be noted that in large
buildings and spaces, working with half of the data still
puts a lot of overhead on the user’s device. Therefore,
it is necessary to use methods that reduce the amount
of input data to localization algorithms beyond these.

In this article, a new method is introduced in which
we try to limit the search spaces by dividing the build-
ing into different areas. The purpose of the limitation
is to overcome the problem of lack of memory and
processing power, by reducing the volume of input
data to the positioning algorithms. To do this, the po-
sitions inserted in the fingerprint file are first divided
into different clusters using the k-means algorithm.
The clusters’ information is then inserted into a mod-
ified KD-tree. With the help of the structure of the
KD-tree and based on the conditions of different clus-
ters, a search tree is formed, which helps to divide
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and reduce the search space. After using the KD-tree
and finding the area surrounding the user, we run the
classification process only with the data in that par-
ticular area. Implementing the proposed method in
MATLAB and evaluating it with real data indicates
the optimal performance of the proposed method.

The rest of this paper is organized as follows: In
Section 2, a brief review of the KD-tree is presented.
Section 3 describes the proposed method for minimiz-
ing the amount of data entered into the localization
algorithm. Section 4 contains the results of the perfor-
mance evaluation of the proposed method and finally,
Section 5 concludes the paper.

2 KD-Tree

Trees are stands among the best and easiest data struc-
tures to present data categorizing. Compared to other
methods, especially statistical methods, they have a
simple and understandable, yet powerful structure.
The KD-tree is a modified binary search tree in multi-
dimensional space; invented in 1975 by John Lewis
Bentley [16]. The data in each node of the KD-tree is
a k-dimensional point in space. This tree is a space-
partitioning data structure where each level of the
tree makes branching decisions based on its specific
conditions and a particular search key associated with
that level. In this way, without the need to view each
data point in the search environment, it is possible
to effectively prune and limit the search space. The
basic idea of this tree is to build and search data at
any level based on one-dimensional information only.
This helps to reduce memory and processing capacity
bottlenecks.

Each node of the KD-tree has one of the keys and
one of its associated separators. Each separator is
an integer between zero and k-1. First, it shows the
root of the whole space. Let’s suppose x is the root
key and i is its delimiter. Space is divided into two
regions according to x[i]. The y keys with y[i] < x[i]
go toward the left tree, and all keys with y[i] ≥ x[i]
go toward the right tree.

So, generally, a standard KD-tree for a set of next
k keys is a binary tree in which:

• Each node has a key and an associated separator
as i ∈ 0, . . . , k − 1.

• For each node with the x key and the divider i,
each y key is in the left subtree if y[i] < x[i], and
each y key is in the right subtree if y[i] ≥ x[i].

• The root node has zero depth and zero separators.
In general, all nodes at depth d have a separator
d mod k [17].

3 The Proposed Method

The method proposed in this paper is to determine the
location inside a building with minimum overheads,
using a KD-tree. Since the property of the KD-tree is
to break space, and the general idea of the KD-tree is
to divide the space into several subspaces using the
points on the page, the goal is to break the search space
with the help of the KD-tree and find the location in
a limited space.

In general, the proposed localization method in this
paper includes the following three basic steps:

• Collect and create a building fingerprint database
• Cluster and build the modified KD-tree upon the

database
• Run a localization algorithm with restricted in-

puts in one cluster, defined by the KD-tree output

The first step of the proposed localization method,
like other similar methods, is to collect RSS values and
create a database of fingerprints from different loca-
tions inside the building. In the second step, to speed
up the positioning process, clustering and construc-
tion of the modified KD-tree are performed. Finally,
in the third step, the localization algorithm is applied,
whose inputs are limited. In other words, when the
user obtains a set of RSS feeds around his location,
the set is first clustered based on the KD-tree, and
then simply the data from the same cluster with the
user’s set of RSS feeds are given to the localization
algorithm. In this way, with a significant reduction in
the volume of input data, it is possible to speed up
the localization process.

In the rest of this section, the details of the proposed
method are presented.

3.1 Clustering

Clustering is one of the most basic ways to isolate a
set of heterogeneous objects in an unknown environ-
ment. In this paper, we use the k −means clustering
algorithm to avoid complicating matters. Due to its
simplicity, this algorithm is very practical and popu-
lar in various fields of science [18–21]. This algorithm
divides the data into unique clusters using the aver-
age distance from the cluster heads. In this paper,
the silhouette method is used to determine the num-
ber of clusters, k. The silhouette criterion focuses on
the quality of the clustering performed. This criterion
determines the distribution of data in clusters. The
higher the silhouette value, the higher the clustering
quality. In the average silhouette method, the cluster-
ing algorithm is executed for different values of k, and
for each execution, the silhouette criterion is calcu-
lated for each member of the cluster. The average of
the obtained silhouettes is then taken. The optimal
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value of k is the value for which the average silhouette
is maximized [22, 23].

It should be noted that the maximum value of k
in this process will be equal to the number of APs
installed in the building; however, according to the
conditions and shape of the building, smaller values
can be selected as well.

3.2 Modified KD-Tree

In the localization problem, the basic inputs are the
RSSs received from different APs in different parts
of the building. This means that when we collect
fingerprint information of a location, it is necessary to
collect and measure the received RSS from all the APs
installed in the building. But the important point is
that given the effects of environmental barriers inside
the building on the propagation of waves, it cannot
be expected that in large buildings the signals of all
APs will be seen in all parts of the building. So, we
can use this point to create a modified KD-tree. A
prerequisite for this work is the initial clustering of
the building fingerprint databases, mentioned in the
previous section.

According to this important point, the division of
the building space can be done. The five steps required
to create a modified KD-tree in this article are as
follows.

In explaining the proposed method of constructing
the modified KD-tree, we cluster the data in the first
two steps. For each cluster, we then specify which
antennas are visible inside the cluster and which an-
tennas are not. Next, in the fourth step, we seek to
identify the root element of the tree. In this step, an
element is proposed as the root that provides the abil-
ity to differentiate between clusters. For this purpose,
we are looking to find a powerful antenna that can be
seen in some clusters and not in others. It should be
noted that based on [15], the power of an antenna here
is the average amount of RSS received for an antenna
among the RSS values of that antenna among all parts
of the cluster, which can be replaced by the maximum
amount of RSS of that antenna in the cluster. After
finding this antenna, based on whether the clusters
see a new root or not, they are divided into two groups.
Each of the two created groups is then referred back
to the fourth step to complete their sub-trees by creat-
ing an iterative process. The tree creation algorithm
continues to run until the lists become single-element.
During the execution of the algorithm, it is possible
that due to the limited lists of left and right or changes
in the list of APs installed in the building over time,
some elements are unseen in other lists. These ele-
ments will be removed from all lists in the fourth step.

If because for any reason at the end of the fourth
step, we see that one or both of the lists A and B
created are not single-element and the set of unseen
antennas between these lists is thoroughly examined,
we are forced to enter the fifth step. At this step, firstly,
we try to separate the tree through the ones that have
been seen in one or more lists and not in the others.
If this method is not effective, the antenna with the
highest possible RSS difference between two or more
clusters will be selected as the new root and new A
and B lists would be formed. The process of dividing
and creating a tree continues as before until lists A
and/or B become single-element lists.

The details of the steps are as follows:

Step 1: Determine the number of clusters using the
silhouette method for RSS feeds collected from the
building.

Step 2: Separate and cluster the points of the fin-
gerprint database.

Step 3: Create two lists including seen antennas
(sorted descending based on RSS feed) and unseen
antennas for each cluster.

Step 4: Start from the first element of the list of
unseen antennas in cluster 1 and repeat the follow-
ing comparison with each of the unseen antennas in
clusters 2 to k:

Step 4-1: If the desired element is unseen in the
list of any other clusters, we will delete it from all lists.

Step 4-2: If this antenna is not part of the anten-
nas seen in at least one cluster, then this antenna is
compared with the first two options from the list of
antennas seen in other clusters. If it is part of the
powerful antennas of those clusters, it is selected as
the root of the tree and deleted from all lists. Clusters
in which the root antenna is not visible in them are
in list A, and clusters in which the root antenna is
visible in them are in list B.

Step 4-3: For each of the lists A and B as sub-trees
on the right and left of the root, we will repeat step
4 until the lists become single-element or completely
check all the unseen antennas of different clusters.
If list A becomes a single-element list, the existing
cluster is selected as the child/leaf to the right of the
current node. If list B becomes a single-element list,
the existing cluster is selected as the child/leaf to the
left of the current node.

Step 5: If for any reason, the lists A or B is not a
single element list and at the same time all the unseen
antennas in the list of relevant clusters are finished,
the following steps are performed in order:

Step 5-1: Calculate the complementary set of an-
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Table 1. Lists of antennas seen/unseen in different clusters.

Cluster 1
Seen APs AP2 AP1 AP3

Unseen APs AP4 AP5 AP6

Cluster 2
Seen APs AP5 AP6 AP3

Unseen APs AP1 AP2 AP4

Cluster 3
Seen APs AP3 AP1

Unseen APs AP2 AP4 AP5 AP6

tennas seen in the list of A or B (whichever is not
a single-element list). If this set is not empty, the
strongest antenna in it is selected as the new root, and
while removing it from the list of clusters, we create
lists A and B for the new root.

Step 5-2: If the complementary set of antennas
seen is empty, then we calculate the RSS difference
of each antenna of each cluster with the same RSS of
antennas seen by the other clusters in the list. The
antenna with the highest relative difference is selected
as the root antenna. Then, the clusters whose desired
RSS of the antenna is less than half of the difference of
antenna power plus the power of the weakest antenna
observed in the list of different clusters, are placed as
unseen clusters in list A, and the others are placed
in list B. If one of the lists A or B is empty in this
way, half of the clusters that have the most difference
are listed as unseen clusters in list A and the other
clusters are listed in list B.

Step 5-3: If lists A or B become single-element
lists, their development process will end, otherwise we
will repeat step 5.

3.3 An Example

To better understand the proposed algorithm, we
provide the following example. Consider a building
whose data set is divided into three clusters after
collecting and clustering its fingerprints. The building
also contains six APs, named AP1 to AP6, which
AP4 become obsolete over time, but remain on the
building’s initial list of APs. After the evaluations, the
order of seen/unseen APs in each cluster is shown in
Table 1. In this table, the order of antenna power is
ascending from left to right.

According to this table, the first AP unseen in
cluster 1 is AP4. This AP is not found in any other
clusters; so, we remove it from the list. The second
most unseen AP in the cluster 1 list is AP5, which
is the most powerful antenna seen in cluster 2 but
does unseen in cluster 3. Therefore, this antenna is
selected as the root. We put clusters 1 and 3 in list
A and cluster 2 is in list B. Because list B is a single
element, cluster 2 is selected as the child/leaf to the

Figure 1. The KD-tree of the example.

left of the root node, and its development stops. In the
right subtree and list A, there are two clusters 1 and
3. The third and last unseen AP in the list of cluster
1 is AP6, which is also in the list of unseen antennas
of cluster 3. So, we delete this AP from both lists.
Remember that, in the right subtree, we only have
clusters 1 and 3. After finishing the list of unseen APs
in cluster 1, we go to the unseen APs in cluster 3. The
first unseen antenna is AP2, which is among the most
powerful antennas seen in cluster 1. Therefore, AP2

is selected as the root of this subtree and we create
two lists A and B for it. Cluster 3 is on list A and
cluster 1 is on list B, both of which are single elements.
Therefore, cluster 3 is selected as the child/leaf on the
right, cluster 1 is selected as the child/leaf on the left,
and the construction of the tree ends. Figure 1 shows
the final KD-tree.

4 Performance Evaluation

To implement this proposed method, we used the
data set prepared in [11]. This data set contains 365
data points, containing measured RSS data received
from 12 APs installed in the building of the Fac-
ulty of Engineering at Arak University. The build-
ing has 3 floors and includes corridors leading to the
classrooms, the administrative department and the
professors’ room, and the faculty lobby. The finger-
print information of each point is prepared in 3D co-
ordinates (length, width, and height, based on the
main plan of the faculty building) and the amount
of RSS received from 12 APs. The installed APs are
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Figure 2. The effect of different numbers of clusters.

named Def79, Def137, Def138, Def140, Def141, Def142,
Def143, Def144, Def146, Def147, Def148 and Def149,
respectively. To implement the methods and evalu-
ate the results, we used MATLAB 2019 software on
a laptop with 8 GB of RAM and a 64-bit version of
Windows 10.

After collecting the data, we evaluated the collected
database of fingerprints in different parts of the build-
ing, using the silhouette function. We used different
numbers of clusters from 3 to 10. As shown in Figure 2,
the best possible number of clusters for the data in
this dataset is 4 clusters. In 4 clusters formation, the
first cluster contains 105 records related to the corri-
dors of the administrative department and the profes-
sors’ rooms, respectively. The second cluster contains
127 records related to the corridors of the publishing
department, buffet, and 3xx series classrooms. The
third cluster contains 70 records related to the corri-
dors of the 1xx and 2xx series classrooms. The last
cluster contains 64 records related to lobby records.
Figure 3 shows the results of calculating Silhouette
values for 3, 4, and 8 clusters. Negative values show
wrong clustering.

After clustering the data, we performed AP catego-
rization for the seen and unseen APs at each cluster.
Table 2 presents the results. It should be noted that
in preparing this list if an AP is seen only in a small
number of points in a cluster, due to the measurement
of the average value, the name of that AP is practi-
cally removed from the list of seen APs in that cluster.
Figure 4 shows this. For example, in Cluster 1, Def141
is seen only in two data points. There are similar con-
ditions for Def143 too. So, their names are inserted
in the unseen list of this cluster. Def 79 and Def144
in Cluster 2, Def141, Def142, and Def148 in Cluster
3, and Def 138, Def142, and Def147 in the Cluster 4
have similar conditions.

That is interesting that the length of seen and un-
seen lists in all clusters is equal. This happened by
following the proposed clustering and the KD-tree
structure, not by external forces.

a. 3 clusters

b. 4 clusters

c. 8 clusters

Figure 3. Silhouette value calculation.
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Table 2. Lists of seen/unseen antennas in 4 different clusters in the Faculty of Engineering at Arak University.

Cluster 1
Seen APs Def147 Def148 Def149 Def79 Def137 Def142

Unseen APs Def138 Def140 Def141 Def143 Def144 Def146

Cluster 2
Seen APs Def143 Def141 Def138 Def149 Def137 Def148

Unseen APs Def140 Def142 Def147 Def146 Def144 Def79

Cluster 3
Seen APs Def140 Def137 Def138 Def144 Def143 Def149

Unseen APs Def79 Def141 Def142 Def146 Def147 Def148

Cluster 4
Seen APs Def79 Def137 Def148 Def149 Def144 Def143

Unseen APs Def138 Def140 Def141 Def142 Def146 Def147
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Figure 4. RSS values in different clusters.

Figure 5. The KD-tree of the faculty.

Accordingly, we create the modified KD-tree for
this dataset which is shown in Figure 5. As can be
seen in this figure, only data from three APs named
Def140, Def141, and Def147 are needed to separate
the points of 4 different clusters from each other. Thus,
according to the clusters’ size, by starting from the
root of the tree, in the first comparison, at least 19%
of the information, in the second comparison, at least
54%, and in the third comparison, at least 71% of
the information can be deleted before entering the
localization algorithm.

To evaluate the results, we performed localization
with three popular Weighted K-Nearest Neighbors
(WKNN) [24], Support Vector Machine (SVM) [25],
and Naive Bayes (NB) [25] algorithms. These algo-
rithms are among the most used classification algo-
rithms in indoor localization studies [4–7]. For classifi-
cation, we divided the data set into two parts: 70% for
training and 30% for testing, which is applied to all
parts of the faculty building. Also, to better ensure the
results, we repeated the localization process 4 times.

Table 3 shows the results of the running time of lo-
calization algorithms with/without applying the pro-
posed method for space division. In this table, the
KDT symbol indicates the application of the proposed
method before the application of the localization al-
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Table 3. Running time of localization algorithms with/without applying the proposed method.

Algorithm
Localization Running Time (s)

Run#1 Run#2 Run#3 Run#4 Average

WKNN 0.002385 0.000484 0.00111 0.000456 0.00110875

SVM 2.012793 1.076879 1.124207 1.410924 1.40620075

SVM+KDT 0.398812 0.23075 0.006437 0.058532 0.17363275

NB 0.0007192 0.0005935 0.0005013 0.0007695 0.000645875

NB+KDT 0.0005592 0.0005175 0.000428 0.000614 0.000529675

Table 4. Error of localization algorithms with/without applying the proposed method.

Algorithm
Localization Error (cm)

Run#1 Run#2 Run#3 Run#4 Average

WKNN 603.8896 591.3708 615.0501 589.3617 599.91805

WKNN+KDT 405.9888 452.4086 531.2732 431.8835 455.388525

SVM 580.8307 694.1192 577.3461 882.742 683.7595

SVM+KDT 497.8558 507.6408 680.0176 641.7521 581.816575

NB 627.0982 767.3609 627.098 767.3616 697.229675

NB+KDT 563.7757 527.0536 705.4126 551.6301 586.968

gorithm. As can be seen in Table 3, from the average
running time point of view, the application of the
proposed method, compared to when it is not used,
resulted in an improvement of 326% for the WKNN
algorithm, 810% for the SVM algorithm and 122% for
the NB algorithm at the execution time. Reviewing
the results shows that the proposed method has the
best performance when used with the SVM. Using
Stochastic Gradient Descent (SGD) in heart of the
SVM makes it computationally expensive and com-
plex. The complexity of the SVM is O(n3) which shows
the high impact of the number of input values on the
running time in this algorithm. So, when the proposed
approach breaks the inputs into smaller volumes, the
running time of the algorithm improves fast.

Table 4 shows the average localization error too.
To calculate the error, we use the Root Mean Square
Error Rate (RMSE) [11]:

RMSE =

√√√√ 1

N

N∑
i=1

(xi − x̂i)
2

(1)

where N is the number of points in a scenario,
xi is the actual position of point i, and x̂i is the
estimated position of point i. As can be seen in this
table, the use of the proposed method, in addition
to reducing runtime, has also had a positive effect
on increasing the execution accuracy of algorithms.

According to the information in this table, by applying
the proposed method, the accuracy of the WKNN
algorithm has been improved by 132%, the accuracy
of the SVM algorithm by 118%, and the accuracy
of the NB algorithm by 119%. These results show
that using the proposed method and creating smaller
segments makes the data entered into the classification
algorithms more accurate and appropriate. This issue
increases the accuracy of the output of the classifiers.

5 Conclusions

In this paper, we present a new KD-tree-based method.
The purpose of this method is to quickly minimize the
amount of data input to the localization algorithms.
For this purpose, first, the fingerprint database is clus-
tered and then through the proposed algorithm, the
modified KD-tree is created with the aim of quick and
easy decision-making to find a small subset of search-
able data. Finally, when the user sends his fingerprint
information to this system, first through the tree, the
desired cluster is determined and then the search is
performed only within the same cluster. The evalua-
tion results of the proposed method indicate that the
application of this method on conventional localiza-
tion algorithms improves their performance, in terms
of running times and error rates, by at least 2 times.
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