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Abstract— Automatic vehicle navigation is commonly used in 

today’s world with the proliferation of low-cost GNSS receivers.  
However, positioning inaccuracies inherent to GNSS-based 
positioning can reduce the application coverage.  Areas such as 
urban canyons with limited satellite view and poor PDOP 
(position dilution of precision) could cause significant positioning 
errors.  To complement the inefficacy of positioning in such 
urban environment, we conducted a study into the effectiveness 
of using WIFI fingerprinting technology to complement GNSS-
based positioning for vehicle positioning in an urban 
environment.  WIFI fingerprinting positioning complements well 
with GNSS-based positioning in that although there is limited 
satellite view in urban environment, there are an abundance of 
WIFI signals.  In this paper, we present the results of our study 
conducted in the Singapore Jurong Lake District.  Data collection 
of WIFI signals were performed using an Android APP running 
on a mobile device by driving around the area.  The WIFI signal 
data are then processed and stored in a WIFI fingerprint 
database.  A navigation APP was developed to compute the 
vehicle position based on measured WIFI signals and WIFI 
fingerprint data from the database.  The vehicle position can then 
be displayed on a map live, just like a GNSS-based navigation 
device.  We studied two methods of fingerprinting-based 
positioning.  The first method uses the kNN method in which 
WIFI signal strengths information is taken into the positioning 
computation.  The second method uses a simpler approach 
without using signal strengths.  The positioning accuracies 
obtained using these two methods of WIFI fingerprinting are 
discussed.  The results showed that WIFI fingerprinting-based 
positioning may be a feasible complement to GNSS in providing 
positioning for vehicle navigation in an urban environment. 

 
Index Terms— Vehicle positioning, localization, WIFI 

fingerprinting 

I. INTRODUCTION 

It is common knowledge that GNSS positioning does not 
work well in urban environment, especially in urban canyons 
[1-2].  This is due to that fact that the number of satellites with 
line-of-sight to the GNSS receiver could be restricted to a small 
area in an environment surrounded by tall buildings (likened to 
sighting a sliver of sky when standing in a narrow canyon).  
Even with increased number of satellites by receiving from 
multiple GNSS constellations, the geometry of visible satellites 
is still restricted to only a small stretch of sky – this would 
result in high PDOP (position dilution of precision) and high 
positioning error.  In addition, signals from satellites can be 
reflected off buildings and cause either NLOS (non-line-of-

sight) reception or interfered with the LOS (line-of-sight) 
signals – resulting in inaccurate positioning or corrupted 
signals. 

On the other hand, WIFI signals are readily available in 
such a crowded urban environment.  Fingerprint-based 
positioning is a simple and cost-effective solution that makes 
use of standard WIFI signals.  It is an infrastructure-less 
solution as the WIFI APs are not installed specifically for 
positioning and does not belong to any positioning solution 
provider.  The WIFI signals are used opportunistically and un-
intrusively.  A WIFI fingerprint-based positioning solution may 
thus be used to complement GNSS in vehicle positioning in an 
urban environment. 

Fingerprinting-based positioning is a common technology 
used mainly for indoor positioning [3], e.g. for navigation in 
shopping malls and museums.  The idea is simple: in places 
with large number of WIFI access points (APs) distributed in 
the area, a mobile device, e.g. mobile phone, would be able to 
receive signals from various APs located around the mobile 
device.  By recording the list of WIFI APs received at various 
positions in the fingerprint database, the mobile device is then 
able to infer its position by checking its current list of received 
APs against the database.  This is the fundamental idea of 
fingerprint-based positioning.  It worked well in places with 
large number and good distribution of WIFI APs.  As long as 
the APs and the distribution do not change much over time, the 
collected fingerprints can be used to provide positioning 
service. 

In contrast, vehicle positioning using WIFI fingerprint-
based positioning remains relatively untested.  Singapore is one 
of the places with high number of broadband subscribers [3]; 
and WIFI APs are usually bundled with broadband 
subscriptions.  National effort to expand Wireless@SG also 
adds to increased number of WIFI signals [4].  Signals from 
WIFI APs are available on many roads that are close to offices 
and homes.  Fingerprint-based vehicle positioning may thus be 
feasible for vehicle positioning in urban environment in 
Singapore.  In this paper, we present the results of a study on 
the positioning accuracies achievable with two fingerprint-
based positioning algorithms for vehicle positioning.  The 
paper is focused not on the WIFI fingerprinting algorithms 
(which is well-known and widely researched) but on 
experimental results from measurements on actual 
environment. 



II. RELATED WORKS 

In reference [8], Nguyen et al described a WIFI 
fingerprinting positioning system for vehicles for indoor 
environment.  They proposed a neural network-based method 
for estimation of the position.  They performed their 
experiments outdoor so that accurate positional ground-truth 
can be obtained (they used RTK (real-time-kinematic) GNSS 
to get accurate positions that were used for fingerprint-location 
mapping and ground-truth for accuracy evaluation).  Maximum 
speed of WIFI receiver was clocked at 2.5m/s (9km/h).  The 
mean positioning error was measured to be 2.25m 
(measurements were conducted in their campus).  In our paper, 
the measurement was performed in a much larger area covering 
commercial and residential areas, and in a vehicle moving at 
higher speed.  In addition to RSSI-based method (RSSI: 
received signal strength indicator), we explored a simpler 
method of using only SSIDs (service set identifier). 

WIFI Fingerprinting positioning method is also being 
studied for home indoor positioning applications in [9].  In the 
study, they used a sweeping robot that is able to position itself 
using SLAM (Simultaneous Localization and Mapping) to 
derive the WIFI fingerprint map in the indoor testing 
environment.  Using their proposed interpolation method, they 
are able to achieve a mean positioning accuracy of 1.6m.  
However, unlike indoor environment where the WIFI access 
points (APs) are close by, outdoor environment presents a more 
challenging environment as the WIFI APs are further away 
with weaker received signals and thus more prone to effects of 
fading and interference. 

Many papers on WIFI fingerprinting positioning are 
focused on indoor environments, understandably so since 
GNSS positioning does not work indoors – and WIFI 
fingerprinting provides an alternative positioning solution.  One 
recent work [10] proposed a fingerprint positioning method for 
IOT (Internet of Things) applications in smart buildings.  
Instead of using absolute RSSIs to map locations, they 
proposed to use neighbor relative signal strengths as signatures 
for locations.  This form of signatures has an advantage in that 
different devices with different receiver gains can still work 
well as the signature matching is performed not on the absolute 
measured signal strengths, but relative signal strengths when 
the user moves.  Absolute signal strengths can also vary with 
environment and time, whereas relative signal strengths are 
more consistent.  They were able to achieve average 
localization accuracy of 1.5m. 

Another fingerprinting positioning method is proposed in 
[11].  The authors adopted a neural network-based method to 
match fingerprints to locations – more specifically, their 
method is based on extreme learning machine (ELM).  The fast 
learning speed of the ELM is useful for fast updating of the 
fingerprint-location mapping.  A neural network-based method 
has the advantage of generalization which can be useful for 
matching fingerprints and locations that are not present in the 
training set.  They compared the proposed method with other 
methods such as kNN (which we used in our study) and found 
that their method achieved accuracy of about 2m, as compared 
to 3.1m in their implementation of the kNN method. 

From many surveyed papers, it can be seen that most papers 
investigated WIFI fingerprinting positioning in indoor 
environments.  Our contribution in this paper is the 
presentation of positioning accuracy results of WIFI 
fingerprinting positioning in an outdoor environment – more 
specifically, on roads as measured from a moving vehicle.  We 
also present a preliminary simpler method of fingerprint-
location mapping that is based only on SSID-location mapping 
which showed promising accuracy results. 

III. WIFI FINGERPRINT COLLECTION 

Singapore Jurong Lake District was chosen to be the 
location of study.  This area includes residential, commercial 
(shopping centers) and industrial sectors – it provides a diverse 
environment for testing and would be representative of other 
estates in Singapore. 

The location was chosen not because it has poor GNSS 
coverage.  In fact, we need the location to have good GNSS 
positioning accuracy as we need reference positions in which 
the WIFI-fingerprints can be referenced to in building up the 
fingerprint database.  The GNSS positions are also used in the 
evaluation of the positioning accuracy of the fingerprint-
derived positions.  To be clear, it should be noted that GNSS 
readings are not part of the WIFI fingerprinting positioning 
solution.  In the trial, we use GNSS readings to construct the 
WIFI fingerprint-location database.  In places where GNSS 
coverage is poor, other means of localization can be used to 
construct the WIFI fingerprint-location map, e.g. using vehicle 
equipped with a SLAM-based localization system [12], and/or 
INS-with-odometry tracking system (INS: Inertial navigation 
system) [13] which can provide accurate localization on roads. 

WIFI fingerprints were collected on roads as shown in Fig. 
2. .  The area is divided into different sectors covering 
residential area, shopping area and light industry area so as to 
study the distribution of WIFI APs in the sectors.  Several data 
collection exercises were conducted in the months of 
September 2014 and May 2015. 

A WIFI data collection Android APP was developed to 
capture various sensor readings on a Nexus 5 Android device 
(as shown in Fig. 1.  (left)).  Readings captured include GNSS 
positions, WIFI SSIDs and signal strengths (RSSIs), and IMU 
(Inertial Measurement Unit comprising of accelerometer & 
gyroscope) readings.  The IMU readings were used to improve 
the positioning accuracies by fusing with positions derived 
from GNSS or fingerprinting.  These readings were captured at 
various rates which the device is capable of generating.  The 
device is installed on the dashboard of a car and the car was 
driven around the district along the roads.  The car was driven 
with low speed so that more data samples (e.g. more WIFI 
scans) can be collected per unit distance along a road.  The 
readings are then stored in a database correlating positions (i.e. 
geographical coordinates) with WIFI SSIDs and signal 
strengths.  Several rounds of collection were performed to 
increase the data density (data samples per unit distance) of the 
fingerprints.  Also shown in Fig. 1.  (right) is the localization 
APP.  The location derived from our algorithms is indicated 
with the red inverted droplet icon.  To compare against Google 



location service [14], the location derived from Google location 
service is indicated with a blue dot in the APP.  Noted that 
Google location service also uses WIFI fingerprints to derive 
positions, the reason why the project did not just make use of 
Google location service in the study was that this study was 
part of a larger project in which other features were developed, 
e.g. algorithms to address heterogeneity of devices (for 
example, the localization APP is run on a different model of 
device from the device used to collect WIFI fingerprints) – in 
which the results are not within the scope of the current paper. 

Shown in Fig. 3.  are some statistics from the data 
collection exercise.  There are on average about 20 unique 
SSIDs received at any location along the roads.  It is interesting 
to note that although the roads are at some distance from the 
nearby buildings, the car is able to receive WIFI signals from 
many APs located in the buildings.  The average number of 
APs in a sector is about 2,000 – which show that WIFI 
fingerprinting-based positioning may be feasible. 

 

 
Fig. 1.  Android APPs developed to do WIFI fingerprint and IMU data 

collection (left), and positioning (right) 

 
Fig. 2.  Roads in Jurong Lake District areas in which WIFI fingerprints were 

collected 

IV. FINGERPRINT POSITIONING ALGORITHMS 

Fingerprinting methods are essentially matching algorithms 
in that the methods aim to determine the best match among a 
list of candidates.  In positioning, the algorithm aims to find the 
position whose fingerprint best match with the measured 
fingerprint.  The search space (i.e. within the fingerprint 
database) can be visualized as a multi-dimensional space, with 
each axis corresponding to a specific SSID.  The magnitude 

along a particular SSID axis denotes the expected received 
signal strength (RSSI).  A measurement can thus be mapped 
into a point in the multi-dimensional space.  The algorithm 
aims to determine which point in the search space is closest to 
the measurement point.  “Closeness” can be measured by using 
the Euclidean norm.  An illustration with 2 APs is shown in 
Fig. 4. .  Each point (black circle) corresponds to a location 
coordinate (e.g. L1, L2) stored in an entry in the fingerprint 
database.  The set of measured RSSIs at an unknown position 
is illustrated with a triangle.  A simple matching algorithm 
would match the set of measured RSSIs to location L5 – which 
would be the estimated location of the receiver. 

 

 
Fig. 3.  Statistics from data collection 

 

 
Fig. 4.  Illustration of fingerprint matching 

The study mainly focused on using an algorithm that uses 
the received SSIDs with their corresponding signal strengths.  
In addition, a preliminary study was conducted that 
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experimented with the idea of using just SSIDs for fingerprint-
based positioning. 

A. SSID+RSSI 

As shown in Fig. 4. , the best match point in the search 
space can be returned as the position of the measured point.  
However, as measured signal strengths of various APs can 
fluctuate under changes in environment and over time, the 
approach of simply returning the best match could end up with 
fluctuations in the returned position. 

Another approach is to make use of multiple nearest 
matches to determine an averaged position.  This approach is 
known as kNN, which stands for k Nearest Neighbors [6].  Due 
to the effect of averaging, the returned position would be more 
stable.  Another advantage of this approach is that the returned 
position is not limited to the discrete set of database points.  
The averaging of positions of k number of nearest matches can 
return positions that are in between these k points, that is, the 
algorithm can interpolate the positions – which would then be a 
better estimate of the actual position.  The kNN method is used 
in our evaluation of positioning accuracy in this paper. 

The kNN method works by first ranking the set of RSSIs 
received at the receiver location – with the strongest RSSI 
ranks highest.  The SSIDs of the top few highest RSSIs are 
then used to match against the entries in fingerprint database.  
In order to reduce the set of database entries for matching, the 
set of received SSIDs is first used to shortlist the candidates for 
RSSI matching.  For example, there must be at least one or two 
matched SSIDs in the database entries to be shortlisted.  The 
candidate entries are then ranked based on their “closeness” to 
the measured RSSI.  “Closeness” can be defined in the form of 
multidimensional Euclidean distance.  The set of top k number 
of best matches is then used to derive the average coordinate of 
the receiver. 

A note about RSSI is that the rate of change of RSSI with 
respect to distance from an AP is reduced significantly when 
the distance is increased.  This is illustrated in Fig. 5. .  In this 
figure, the path-loss of transmission using 2.4GHz and 5.8GHz 
bands are evaluated.  Their gradients with respect to distance 
between the receiver and the AP are also plotted (the gradients 
are the same in both 2.4GHz and 5.8GHz bands). 

 

 
Fig. 5.  Path loss and gradient of path loss versus distance between transmitter 

and receiver 

The effect of the rate of change of RSSI is important in 
vehicle positioning using WIFI fingerprinting as the distance 
from a car on a road to a nearby AP can range from 10m 
onwards.  From Fig. 5. , it can be observed that beyond about 
10m, the rate of change of RSSI is reduced significantly.  In 
other words, the granularity of positioning based on RSSIs 
would become coarser as the road segment is located further 
from the nearby APs.  For instance, if the WIFI receiver is 
positioned at 5m from the WIFI AP, the RSSI received would 
change by about 3dB when the receiver is moved 1m.  In 
contrast, if the WIFI receiver is positioned at 10m from the 
WIFI AP, the RSSI would change by about 1dB when the 
receiver is moved 1m.  As there is not much change in the 
fingerprint (note that a fingerprint comprises of a set of 
SSID+RSSI tuples) in the 10m case, changes in location of the 
WIFI receiver would not be readily detected as compared to the 
5m case. 

B. SSID only 

As discussed in the previous subsection, received signal 
strengths can fluctuate.  The fluctuations can be caused by 
environment which reflects, obstructs or interferes with the 
signal from the WIFI APs.  For example, a passing vehicle 
such as a bus can obstruct the line-of-sight path of a signal 
from an AP to the WIFI receiver, and cause the RSSI to 
decrease momentarily.  The set of fluctuating RSSIs would in 
turn cause the fingerprint-derived position to fluctuate. 

It is thus interesting to find out how the positioning 
accuracy would be affected if only SSIDs used in the 
computation, since the set of SSIDs would not change as much 
as RSSIs.  The idea is to simply match the set of received 
SSIDs to that stored in the fingerprint database.  As no 
matching of RSSIs is involved, the computation is simplified.  
Moreover, as the set of SSIDs would not change much at a 
given position, the expected computed position would not 
fluctuate much. 

However, the granularity of positioning could be reduced as 
the set of received SSIDs would not change much even when 
the WIFI receiver is moved within some close vicinity.  In 
contrast, RSSIs would change more significantly (depending 
on distance to the APs and environment change) when the 
WIFI receiver is moved – which makes the SSID+RSSI 
method more sensitive and could provide finer granularity in 
positioning then the SSID-only method.  In this paper, the 
results from a preliminary study of using the SSID-only 
method are presented.  The preliminary study is made using a 
subset of fingerprint data from Sector 1 (residential area). 

The SSID-only method works by first searching in the 
fingerprint database with the list of received SSIDs.  The result 
is a shortlist of locations with at least one matched SSIDs.  The 
shortlist is then ranked based on number of SSIDs matches.  
The set of top k number of matches are then used to derive the 
average coordinates. 

V. RESULTS 

Positions derived from the SSID+RSSI method and SSID-
only method are shown in Fig. 6.  and Fig. 7.  respectively.  

gradient of path-
loss reduced 
significantly 
beyond 10m 



The actual positions as derived from GNSS are also plotted in 
these figures for comparison.  Note that positioning accuracy 
can be improved by fusing IMU (labeled as “INS”, Inertial 
Navigation System in the figure) with the WIFI fingerprint-
derived positions.  In our implementation, the IMU readings 
are fused with the WIFI fingerprint-derived positions using 
Extended Kalman Filtering (EKF) [7].  Conceptually readings 
from IMU, specifically from accelerometer and gyroscope, 
capture the relative movement of the vehicle (i.e. acceleration 
and rate of turning which can be used to derive speed, distance 
and turning angle).  This movement information can be used in 
the prediction of new location of the vehicle in a small time 
step ahead, by performing dead-reckoning calculations.  The 
predicted location can then be fused with the location derived 
from WIFI fingerprinting to arrive at a better estimate of the 
true location of the vehicle (in Kalman filtering, the fusing is 
weighted based on covariance of the predicted and measured 
observations). 

Also note that for the SSID-only method, the results are 
obtained from the Sector 1 dataset (i.e. a subset of the whole 
database).  It is not the purpose to compare the performance 
between SSID+RSSI method and SSID-only method, but to 
experiment the feasibility of such an SSID-only method. 

It can be observed from Fig. 6.  that the WIFI fingerprint 
derived positions (SSID+RSSI method) closely match with the 
GNSS derived positions. 

By calculating the physical distance between the position 
returned by the fingerprint algorithms and the GNSS positions, 
the positioning error can be plotted as cumulative distribution 
functions (CDFs) where the x-axis denotes the error distance 
and the y-axis denotes the cumulative percentage of occurrence 
of the corresponding positioning error. 

 
Fig. 6.  Positions derived from the SSID+RSSI method 

It can be observed from the percentile results in Fig. 8.  that 
for 50% of the time, the error can be within 30 m with the 
SSID+RSSI method.  Note that the results included data from 
Sector 4 with sparser distribution of APs, which may explain 
the lower overall accuracies. 

For the preliminary study on the accuracy performance of 
the SSID-only method, a smaller dataset from Sector 1 is use.  
In this case, 180 location points were randomly chosen on the 
Sector 1 roads.  SSIDs received from each of the 180 locations 
are then run through the SSID-only algorithm to derive the 
estimated locations. 

 

 
Fig. 7.  Positions derived from the SSID-only method (note: 180 locations 

were chosen randomly from sector 1 dataset) 

From Fig. 9. , it can be observed that the accuracy obtained 
from SSID-only method is below 10m at 50-percentile.  
However, it should be reiterated that this 180-sample dataset is 
obtained from roads around the residential area (Sector 1) 
which has a high density of WIFI APs.  Although limited in 
sample size, the results showed that the simpler method of 
using only SSIDs to derive the positions may be feasible.  
However, further study and experimenting using this simpler 
method should be done. 

 

 
Fig. 8.  CDF of SSID+RSSI method with and without fusing with INS (fused 

by Extended Kalman Filtering) 

It should be noted that in actual production implementation, 
map-matching can be used to snap the vehicle to the nearest 



road based on the fingerprint-derived positions.  This would 
further reduce the positioning error. 

 
 

Fig. 9.  CDF of SSID-only method with a subset of complete dataset (sample 
size of 180 in Sector 1) 

VI. DISCUSSIONS 

A note about effect of rain on WIFI fingerprinting-based 
positioning is that rain would attenuate the received signal 
powers from the APs.  As long as the received signal strengths 
from the APs are attenuated by similar amount, the set of 
candidate APs selected for computation of position may more 
or less be the same, resulting in similar derived position.  
However, as the attenuations experienced by signals from 
different APs may differ by some amount, the derived position 
may differ correspondingly. 

Another point to note is that the effect of distribution of 
APs on both sides of roads may affect the accuracy of 
positioning.  For instance, while driving on a road which has 
many APs on the left side (for example, lots of shops with APs 
on the left side of the road), but no APs on the right side (for 
example, forested area on the right side of the road), the 
derived position based on averaged of coordinates of APs 
would most likely be located within the locations of the 
candidate APs – which would be off the road and into the 
locations of APs (e.g. into the shops).  To address this skewed 
positioning, a snap-to-road algorithm can be used to return the 
nearest point to the derived position on the road.  The bearing 
of travel can be used to determine which side of a two-way 
road to snap to. 

VII. CONCLUSIONS 

WIFI fingerprinting-based positioning can complement 
GNSS-based positioning for vehicle positioning in that roads in 
urban areas with poor GNSS coverage due to GNSS signal 
obstructions by buildings are usually covered extensively with 
WIFI signals.  From the field measurements done in Singapore 
Jurong Lake District, it can be observed that accuracies up to 
30 m can be obtained 50% of the time.  The simpler method of 
using only SSIDs for fingerprint-positioning also showed 
promising results, further study on this method should be done.  
With the achieved positioning accuracies, vehicle positioning 
in urban environment, e.g. in urban canyons, may thus be 
feasible by complementing GNSS positioning with WIFI 
fingerprinting based positioning. 
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