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Abstract—The wide deployment of Wi-Fi networks empowers the implementation of numerous applications such as
Wi-Fi positioning, Location Based Services (LBS), wireless
intrusion detection and real-time tracking. Many techniques
are used to estimate Wi-Fi client position. Some of them are
based on the Time or Angle of Arrival (ToA or AoA), while
others use signal power measurements and fingerprinting. All
these techniques require the reception of multiple wireless
signals to provide enough data for solving the localization
problem. In this paper, we describe the major techniques
used for positioning in Wi-Fi networks. Real experiments
are done to compare the accuracy of methods that use
signal power measurement and Received Signal Strength
Indication (RSSI) fingerprinting to estimate client position.
Moreover, we investigate a fingerprinting method constrained
by distance information to improve positioning accuracy. Localization techniques are more accurate when the estimated
client positions are closer to the real geographical positions.
Accuracy improvements increase user satisfaction, and make
the localization services more robust and efficient.
Index Terms—Wi-Fi positioning; RSSI fingerprinting; Location Based Services; geolocation

I. I NTRODUCTION
The recent development of wireless technology, the increasing need for mobile data and the large diversification
of wireless devices have led to a wide deployment of
Wireless Local Area Networks (WLAN). IEEE 802.11
[1] (commonly known as Wi-Fi) is a widespread Radio
Access Technology (RAT) used in wireless networks. It
offers mobile users the ability to access the network while
they are moving, and to use the various available services
via a wireless connection.
The traditional services offered by a Wi-Fi network
are: providing wireless internet access for users, allowing
interconnectivity between multiple Wi-Fi enabled devices
that are present in the same network and connecting distant
wired networks via a wireless connection. However, WiFi networks also allow the introduction of numerous
Location Based Services [2]. These services are based
on the knowledge of mobile user position. They have
many innovative applications that are useful for the service
providers and for the mobile clients.
Many techniques are used to estimate mobile user geographical position in wireless networks. Time of Arrival
(ToA), Time Difference of Arrival (TDoA) [3, 4] and
Received Signal Strength (RSSI) are techniques that offer
range measurements to solve the positioning problem [5].
These measurements are converted into distance information that helps localizing the mobiles.
Positioning in cellular networks [6, 7] has the advantage
of the previous knowledge of base stations deployment and

geographical positions. However, localization accuracy is
restrained by the multipath and non-line-of-sight (NLOS)
propagation. In Cell-ID [8] localization technique, each
mobile estimates its actual position using the geographical
coordinates of the serving base station. Other methods
make use of the Received Signal Strength (RSS) which
is the reception power of the beacon signals transmitted
by the base stations [9, 10].
Criteria used for localization techniques performance
evaluation are: accuracy and cost. They are more accurate
when the estimated position is closer to the real geographical position. However, the cost of each technique depends
on the number of network nodes (wireless access points) to
be involved in the problem, the signaling traffic needed and
the processing load of the localization algorithm. Hence,
the performance of a localization technique is a compromise between its accuracy and its cost. Other performance
metrics [7] are: reliability, latency and applicability.
Localization techniques in WLAN have many applications. These applications are known as Location Based
Services (LBS), and they can be classified [2] as emergency services (i.e., security alerts, public safety), informational services (such as news, sports, stocks, etc.),
tracking services (like asset/fleet/logistic monitoring or
person tracking) and entertainment services (for example:
locating a friend and gaming). Specific applications include [11] environment monitoring, support to people with
disabilities, consumer protection, meteorology, science,
timing, etc.
In this paper, we describe the main techniques used
for locating mobile clients in wireless networks. Then we
choose techniques based on signal power measurement and
Received Signal Strength Indication fingerprinting used for
positioning in Wi-Fi networks. In order to compare the
performance of these positioning techniques, real experiments are done. We track the movements of a Wi-Fi client
in a geographical area covered by three access points of the
IEEE 802.11 technology. Localization techniques are more
accurate when the estimated client positions are closer
to the real geographical positions. Hence, localization
accuracy is the main parameter used for performance
comparison. An accurate positioning technique in WiFi networks increases user satisfaction, and makes the
localization services more robust and efficient.
The rest of the paper is organized as follows: we
describe in section (II) the different positioning techniques
used in wireless networks. We specify the Wi-Fi localization techniques to be compared in this paper in section
(III). Section (IV) contains details about the experiments

we have made. Experiments results and positioning techniques performance comparison are reported in section
(V), and we conclude in section (VI).
II. R ELATED W ORK
Positioning techniques exist in satellite-based networks
(e.g. Global Positioning System, GPS), in mobile networks
(such as Global System for Mobile communications,
GSM) and in Wireless Local Area Networks (like Wi-Fi
and Bluetooth).
GPS satellites continuously broadcast their own position, speed and direction. Therefore, each GPS receiver
can calculate its own position via trilateration [12]. Receivers position is the intersection of the spheres determined by the distances between the mobile device and
each satellite. Localization accuracy depends on the number of visible satellites. Hence, satellite-based positioning
does not work well for indoor localization, and even
outdoor when facing obstacles such as high buildings.
Assisted-GPS (A-GPS) is introduced to overcome limitations of GPS. Each Base Transceiver Station (BTS) of
the mobile network is equipped with GPS receivers. AGPS exploits information about BTS geographical position
as well as GPS localization information. However, it requires the upgrade of mobile stations and base transceiver
stations.
Cell Identification (Cell-ID) [8] is one of the positioning
techniques used in mobile networks where each base
station broadcasts both the Location Area Identifier and the
Cell-ID to the clients. Having the Cell-ID, each mobile can
approximate its position via the geographical coordinates
of the corresponding base station.
Triangulation [13] is a positioning technique that exploits the geometry of triangles to locate the mobile
clients. It uses the Angle of Arrival (AoA) [14] measurements of several radio links to estimate the communication
angle between the base station and the mobile.
In the context of mobile networks, ToA is a time-based
technique that evaluates the differences between bursts
sent by a mobile. These measurements are converted into
distance, and client position is estimated using trilateration. However, ToA requires synchronization between mobiles and base stations. It also depends on the propagation
environment which is the main source of error [15].
The position of a mobile is also estimated via trilateration in the Enhanced Observed Time Difference (EOTD) localization technique [16]. The mobile compares
the relative times of arrival of bursts transmitted by nearby
base stations to calculate its distance from each visible
station. E-OTD requires synchronization between mobiles
and base stations.
In the next section, we classify and describe the different
localization techniques used in Wi-Fi networks.
III. WI-FI POSITIONING TECHNIQUES
A. Classification of Wi-Fi positioning techniques
We classify positioning techniques used in Wi-Fi networks into four main categories: cell identification (CellID), time, RSSI and angle. Methods based on cell identification make use of the radio beacons transmitted by
access points. Each user scans the received radio beacons

to find out the closer access point from which it receives
the greater signal strength.
ToA and TDoA measure the arrival times of signals
transmitted by the access point [17]. However, timebased positioning techniques require time synchronization
between access points and clients.
The most common positioning techniques in Wi-Fi
networks are based on the received signal power measurements. Power measurements are converted into quantified levels called Received Signal Strength Indication
that reflects the real signal power values. In this context,
positioning can use either propagation models or empirical
models. Propagation models [18] translate signal strength
degradation when moving away from the access point.
The signal loss is therefore converted into distance, and
client position is estimated via trilateration. However, the
empirical model creates a database containing RSSI values
for the different points in the positioning map. Client
position is then estimated as the point in the map having
the closest RSSI values to those measured by the client.
We can measure the angle of arrival of signals transmitted by Wi-Fi clients using directional antennas or
antenna arrays. This method is called Angle of Arrival,
and it belongs to the category of angle-based positioning
techniques.
Fig. 1 summarizes the main categories of Wi-Fi positioning techniques. They are based on Cell-ID, time, RSSI
or angle.

Fig. 1.

Classification of Wi-Fi positioning techniques

In this paper, we choose the Received Signal Strength
Indication as the main parameter for estimating Wi-Fi
client position. The remainder of this section contains a
description of the RSSI-based positioning techniques to be
compared via real tracking experiments.
B. RSSI-based trilateration
RSSI is converted into distance using propagation models. In fact, radio frequency signal is subject to degradation when propagating in free space. Propagation models
formulate signal degradation as a function of the traveled distance and the transmission frequency. The HataOkumura model [19] for instance is used for Path Loss
P L prediction in wireless environments. According to this
propagation model, P L is given by:
P L = A + B.log(d)

(1)

Given that d is the distance between the access point and
the wireless client, B is a factor that depends on antenna
characteristics, and A is the fixed loss depending on the
transmit frequency.

The received power Pr is a function of the transmit
power, antenna gains and path loss. It is given by:
Pr = Pt + Gt + Gr − P L

(2)

Given that Pt is the transmitted power, Gt is the transmit
antenna gain, and Gr is the receive antenna gain.
RSSI gives information about the received power Pr .
Using (1) and (2), we can find the distance d that separates the access point and the Wi-Fi client. Trilateration
technique requires three distance measurements to find out
client position. Hence, three access points are required
to be present in the localization area. Client position is
estimated as the intersection of three circles having the
access points as centers and the obtained distances as radii.

Algorithm 1 Constrained RSSI fingerprinting
1: nb of attempts ← 1
2: Positioning server collects RSSI information and
refers to the database to estimate client position
3: d ← distance(old position, estimated position)
4: if (d < dthreshold ) then
5:
update client position
6: else
7:
if (number of attempts < 3) then
8:
nb of attempts ← nb of attempts + 1
9:
go to 2
10:
else
11:
break the constraint and update client position
12:
end if
13: end if

C. RSSI fingerprinting
Received Signal Strength Indication fingerprinting is a
positioning technique that uses empirical models. The idea
is to perform preliminary RSSI measurements instead of
using propagation models. It consists of two phases: an
offline phase that generates a radio map for the positioning
area, and an online phase that estimates client geographical
position.
In the first phase, positioning area is separated into
smaller parts representing a grid. We measure RSSI values
for each point in the grid. Fig. 2 shows a Wi-Fi localization
area where the map is divided into smaller areas.

Fig. 2.

Localization area divided using a grid

At each point of the grid, Wi-Fi signals are received from the nearby access points. We measure
RSSI values under different conditions: time, interference,
number of clients, network load. If n is the number
of access points in the localization area, an n-tuple
(RSSI1 , RSSI2 , ..., RSSIn ) containing mean RSSI values is created for each point (x, y) in the map. This
information is stored in a database that will be used in
the positioning process.
After database creation, we proceed to the position
estimation phase. Each Wi-Fi client performs live RSSI
measurements. The obtained values are the main parameter
when estimating client geographical position. They are

compared to the fingerprint stored in the database to
find the closest match. The final user position estimate
is the entry in the database that best matches the actual
measurements. We use the Euclidean distance to find
the stored RSSI n-tuple that best matches the current
measurements.
D. Constrained RSSI fingerprinting
RSSI fingerprinting is used for Wi-Fi client localization.
However, its accuracy is restricted by signal fluctuations
and by the dynamic characteristics the propagation environment. In order to improve positioning accuracy, we
integrate a distance constraint within the position estimation algorithm. In fact, positioning results offer useful
information for future position estimation in real-time
tracking scenarios.
In this paper, we propose a constrained RSSI fingerprinting method for positioning in Wi-Fi networks. It
calculates the distance between the estimated position and
the old client position before making positioning decision.
The idea is to eliminate position estimations if the distance
between the last position and the estimated one is higher
than the distance traveled by the Wi-Fi client. Client speed
measurement is beyond the scope of this paper; however,
we define dthreshold as the maximum distance traveled
during the time that separates two consecutive position
estimations.
Algorithm 1 describes the constrained RSSI fingerprinting method. The estimated position is approved if it
succeeds the distance check. For instance, the distance
between the new and the old positions should be less
than a predefined distance threshold for Wi-Fi clients
moving at pedestrian speeds. This threshold depends on
client characteristics (i.e., client speed) and on localization
area geometry. However, we break the distance constraint
after three negative successive checks, and we approve the
estimated position for the current client. This algorithm allows us to eliminate positioning errors caused by wireless
signal fluctuations. Experiments are performed to verify
the performance of the proposed algorithm.
IV. E XPERIMENTS
A 12.73×18.18m2 room at the faculty of engineering of
Saint-Joseph University in Beirut is chosen as the indoor

environment for our positioning tests. Our objective is to
compare the performance of Wi-Fi positioning techniques
described in this paper: RSSI-based trilateration, fingerprinting and constrained fingerprinting.
We deploy a Wi-Fi network consisting of three wireless
access points as shown in Fig. 2. A Wi-Fi client present
in the localization area gets information about the signals
transmitted by the three access points deployed in the
room.
The localization map is divided into smaller parts
via a grid. The distance between two adjacent points
in the grid is 3.00m. We perform RSSI measurements
for each point in the map under different conditions:
number of clients, network load, etc. Mean RSSI values
are stored in the localization database that contains a
triplet (RSSI1 , RSSI2 , RSSI3 ) for each point in the grid.
Database construction is the first phase of Wi-Fi positioning using fingerprinting technique. In the second phase,
live RSSI measurements are compared to the values stored
in the database using the Euclidean distance comparison
criterion. User position is estimated as the entry in the
database that best matches the actual measurements (i.e.,
that presents the minimum Euclidean distance). However,
trilateration converts RSSI values into distance using the
propagation models. For a better accuracy, we adapted
the propagation models to our propagation environment
by performing preliminary signal measurements. Thus, the
fixed loss parameter is adjusted according to measurement
results.
The centralized approach is used for Wi-Fi client localization. For this reason, a positioning server is deployed
in the network. It is connected to the three access points,
and it collects all the necessary information about Wi-Fi
clients present in the system. The server has also access
to the localization database. We developed a graphical
user interface that shows instantaneous user position on
the localization map. Experiment scenarios and results are
given in the next section.

Fig. 3.

Real-time tracking using RSSI-based trilateration

real position is less than 3m for approximately 87% of the
positioning decisions. It is the minimum distance between
two adjacent points in the grid also called positioning
precision.
B. RSSI fingerprinting
In the second experiment, we use RSSI fingerprinting
to estimate user position. The Wi-Fi client moves along
the same path under the same network conditions (i.e.,
number of clients and network load). Fig. 4 shows Wi-Fi
client tracking results using RSSI fingerprinting method.

V. E XPERIMENTS R ESULTS AND D ISCUSSION
We use three positioning techniques based on RSSI
to estimate the position of a pedestrian Wi-Fi client that
moves across the room (real-time tracking). Performance
comparison parameters are: percentage of erroneous estimations and positioning accuracy.
A. RSSI-based trilateration
The Wi-Fi client moves along a predefined path that
includes 16 points of the map. At each point, position
estimation is done via the trilateration method. A centralized server collects the three RSSI measurements required
to estimate client position. Fig. 3 shows the real path of
the Wi-Fi client and the estimated path using RSSI-based
trilateration method.
Trilateration positioning results do not exactly match
with the real positions of the Wi-Fi client. In fact, distance
calculation is based on instantaneous RSSI measurements.
Thus, errors are due to RSSI fluctuations along with time,
interference and network load. However, the majority of
the estimated positions are close to the real position of the
client. The distance between the estimated position and the

Fig. 4.

Wi-Fi client tracking using RSSI fingerprinting

75% of the estimated positions using the fingerprinting
method exactly match the real positions of the Wi-Fi
client. Moreover, erroneous estimations are located in the
neighboring of the real client positions. In fact, localization
error is comparable to the minimum distance between
two adjacent points in the grid (3m). In comparison with
RSSI-based trilateration, the fingerprinting method shows
greater immunity to RSSI fluctuations. Instead of converting instantaneous RSSI measurements into distance, the
fingerprinting method compares the measured values with

the mean RSSI values stored in the database. Positioning
decision is made after finding the best match with mean
RSSI values. Hence, the impact of RSSI fluctuations is
mitigated. Localization results are more robust against
interference and network conditions.
C. Constrained RSSI fingerpriniting
Positioning decisions are made according to the constrained RSSI fingerprinting method in the third experiment. The Wi-Fi client moves along the same path.
Positioning results are shown in Fig. 5. We assume that
the client cannot travel more than 3m at pedestrian speed
between two consecutive position estimations. Note that
the calculation of the distance threshold is beyond the
scope of this paper.

Fig. 5.

Wi-Fi positioning using constrained RSSI fingerprinting

Around 81% of the estimated positions using constrained RSSI fingerprinting exactly match the real client
positions. In addition, the distance between erroneous
position estimations and real client positions is comparable
to the minimum distance between two adjacent points in
the grid. Constrained RSSI fingerprinting is also immune
to RSSI fluctuations. Experiments results show that positioning accuracy is higher when using the constrained
RSSI fingerprinting method. Moreover, the trilateration
technique has never found the exact position of the WiFi client. Nevertheless, the main advantage of trilateration
is that it does not require a pre-positioning phase where
we should perform RSSI measurements to be stored in a
database.
VI. C ONCLUSION
In this paper, we described the major techniques used
for positioning in wireless networks. They are mainly
based on the Received Signal Strength Indication. RSSI
fingerprinting methods are more accurate than trilateration;
however, trilateration does not require the construction of a
fingerprinting database. Accuracy improvements increase
user satisfaction, and make the localization services more
robust and efficient.
Future work may study localization techniques cost
and performance when increasing the number of access

points. We can also benefit from the diversity of wireless
access networks deployed in the same geographical area
to improve the accuracy of positioning techniques. For
example, data from mobile networks (such as Global
System for Mobile Communications) can be combined
with information from Wireless Local Area Networks
(such as Wi-Fi) in order to get a more accurate position
estimation.
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