ISBN 978-981-11-3671-9

Proceedings of 2017 the 7th International Workshop on Computer Science and Engineering
(WCSE 2017)

Beijing, 25-27 June, 2017, pp. 906-910

doi: 10.18178/wcse.2017.06.157

A Path-Loss Analysis Based WLAN Localization Method for Indoor
Location Based Services

Jie Zhang*, Yujie Qian and Guangjie Han
College of IoT Engineering, Hohai University, Changzhou, China

Abstract. Wireless Local Area Networks (WLAN) fingerprint based indoor localization schemes have
been widely studied due to the increasing requirements of Location Based Services (LBS). The feature of
WLAN fingerprint is known as high accuracy and flexible adaptability, however, also high cost. To estimate
the locations of wireless devices through matching their signal fingerprint, it usually requires large amount of
Received Signal Strength (RSS) data from multiple Access Points (AP) to create a fingerprint database that
implies a time-consuming data collection pre-process and high performance computational resources. In this
article, we propose a low-cost indoor localization method which is based on environmental path-loss analysis,
the method targets low accuracy room-level positioning for LBSs in large scale indoor environments.
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1. Introduction

Nowadays, we have witnessed the rapid increase of indoor Location Based Services (LBS) for
convenient of human life, however we also see the widely-used Global Positioning System (GPS) is not
working well in indoor environments. Hence, with the increase of Wireless Local Area Networks (WLAN)
deployed in the public, WLAN signal based indoor localization techniques are widely studied to reach the
positioning requirements in various LBSs . Compare to the GPS localization which measures absolute
coordinates of wireless devices, WLAN based indoor localization is a method that measures relative
coordinates from some particular reference points, such as WLAN Access Points (AP).

WLAN based localization has higher accuracy than GPS localization in indoor environment, and also has
flexible adaptability since the WLAN has become a universal civilian network. However, it also faces
technical difficulties because of the various environmental factors. For examples, WLAN triangulation
requires measuring signal distances among end user and neighbouring APs “I*! and the complex indoor
environment causes various path-loss exponent and inaccurate distance measurement; WLAN fingerprint
requires creating a Received Signal Strength (RSS) distribution database to map the end user’s signal pattern,
and higher environmental complexity requires larger database and longer data collection pre-process.

In this article, we propose a path-loss analysis based WLAN localization method (PLWL). The method is
motivated by WLAN fingerprint method, and aims to reduce the temporal and computational cost from the
RSS database creation. The PLWL calculates the path-loss exponent by measuring RSS at particular indoor
locations, and then create a database which includes the variations of path-loss in different rooms. After that,
calculates moving end’s path-loss variations by measuring RSS, and finally analyses the similarly among
each databases to locate its relative coordinate. The output of PLWL is not an accurate coordination but a
very accurate room unit, because the contribution of this article targets the room-level localization, which is
the most commonly appeared indoor LBS requirements.
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2. Related Works

Typical WLAN positioning techniques include triangulation and fingerprint. Triangulation is based on
geometrical calculations (Fig. 1), and the key is the estimation of the signal distance between transmitter and
receiver I The typical methods which are used for estimating distance include RSS measurement, Time
of Arrival (TOA), Time Difference of Arrival (TDOA) and Angle of Arrival (AOA), and the common
problem in indoor localization is that irregular environment causes inaccurate distance measurement ™. In ¥,
Z. Li et al. related the filtered signal power information to signal propagation range to measure the signal
distance; G. Shan et al. " targeted a Bluetooth based triangulation and presented a 3-dimensional
triangulation scheme compare to traditional 2-dimensional triangulation to minimize the distance error. The
3-dimensional localization technique was carefully introduced in ™, which uses four or more reference point
to localize an unknown point.

Fig. 1: An example of WLAN triangulation based indoor localization.

Fingerprint method is based on data analysis; first it measures RSS information from reference stations
such as AP, and then creates a RSS map and related reference database to localize a new set of RSS for a
point (Fig. 2). The focused issue in the WLAN fingerprint is the cost efficiency of time and computational
resources M2 since the shortcoming is known as high time and labor cost. J. Niu et al. ™ used
crowdsourcing to automatically collect the fingerprints, and the authors also proposed a ZigBee assisted
indoor localization which uses ZigBee interfaces to collect mixed WiFi signals and create a fingerprint
database !,
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Fig. 2: An example of WLAN fingerprint based indoor localization.

3. Path-loss Analysis Based WLAN Localization

The proposed PLWL is described in this section. The PLWL inherits WLAN fingerprint where uses a
reference database to locate a specific end user. The difference is, the database is created by information of
path-loss exponent (PLe) in particular areas. The PLe is calculated by the signal distance estimation method,
which is a key part of the WLAN triangulation method. Equation (1) is a signal distance calculation equation
using the RSS information, which is converted from ™,

PL—c-s
d =10 1on (1)

Where d is the distance between sender and receiver, n is the PLe, PL is the path-loss value in dB equals
to Transmission Power — RSS, c is a pre-measured path-loss value in a certain distance (normally 1 meter), s
is the standard deviation of shadow fading which recommended as 3-7 dB in 3!,

From (1), we can calculate the PLe as:
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Our proposal is under an assumption that the target end system can detect its movement. When the target
moves, it triggers the PLWL and sends the RSS information to the localization server, then the server analyse
the RSS variation and find a mapping PLe variation from the database. Follows are detailed descriptions of
the PLWL processes.

3.1. Creating Path-loss Exponent Database
Fig. 3 illustrates the data collection and database creation process.
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Fig. 3: An example of collecting PLes and creating localization database.

As in Fig. 3(a), an autonomic robot which has a WLAN interface and a function of avoiding barriers will
start from an AP and then move into a room, while moving, it sends RSS, moved distance and barrier
information (turning event) to the AP, and then the server calculates PLe with the information. The PLe is
calculated and averaged continuously until the robot met a barrier and turned to other direction, and then the
pre-measured PLe will be stored into database and a new PLe measurement will be started. By this, the
database includes all of the PLes with different barrier is created. Fig. 3(b) shows the database, it uses the
robot’s turning events to store the PLe information by pairs since the localization method is finding the PLe
variations, for example, n1 has 3 pairs which are nl: n2, n1: n4 and n1: n5.

3.2. Path-loss Analysis Based Indoor Localization
After creating the PLe database, the indoor localization can be performed as Fig. 4.
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put RSS to RSS x[];

if RSS_Xgrmence > Threshold,
put RSS to RSS y[[;

if RSS Yaygpommes = Threshold;
put RSS to RSS z[];

Method 2:
put RSS to RSS/] ;
KNN(RSS[]);

Fig. 4: An example of PLWL.
First, the end user’s wireless device (e.g. Smartphone) detects if the use is moving, if is, measure the

RSS and send to local AP (server). At the server side, it needs to classify the end’s moving areas to evaluate
PLe variation. There are two methods to classify the areas: The first one is observing RSS variation, if the
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RSS variation is suddenly changed, it means the end user may meet a barrier and make a detour, and then the
previously collected RSS can be classified as from same moving area; second one is using data analysis
algorithms, for example, collecting RSS in a certain period and then use the k-Nearest Neighbour (KNN)
clustering to classify the moving areas. First one is more correct in the classification, since the number of
moving areas can be exactly identified; however the latter one can save resources, because it does not require
monitoring the RSS variation.

Finally, the end user’s location is evaluated by following algorithm1.:

Algorithm 1: Finding PLe pairs which match end user’s RSS variation.

for(i = 0; i < MovingAreas; i++)
find n_x, n_y;
TxPower—RSS[i][last]—c—s TxPower—RSS[i+1][first]—c—s
10 10(n_x) ~ 10 10(n_y)

Algorithm 1 targets two time points of an end user is leaving a moving area and then entering another
moving area, which should have similar signal distance from AP. With this, server will search the database
to find a room which has most matching PLe pairs.

4. Conclusion and Further Works

In this article, we proposed a path-loss analysis based indoor localization Method named PLWL, the
method is an extension of WLAN fingerprint based localization which also used the distance and path-loss
evaluation from WLAN triangulation. The proposed method targets LBSs which require only room-level
localization, and attempts to solve the high cost problem in WLAN fingerprint based localization. Yet the
research is in theoretical phase, for the next works in few months, we intend to design and perform the
experiment of creating PLe database in several indoor environments. After that, with the experimental data
we will simulate the PLWL in large scale indoor environments and then compare it with traditional
localization methods to prove the efficiency and practicality.
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