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Abstract—This paper proposes a new framework for emulating
the functionality of a sensor by using multiple available soft
sensors and machine intelligence algorithms. As a case study, the
localization of city buses in a smart city setting is investigated
by using the accelerometer and microphones of the passengers
and a Support Vector Machine (SVM) running in the cloud; in
this application, the GPS functionality is emulated by using these
two soft sensors. What makes such an emulation feasible is the
statistical dependence of the location data (which would normally
be obtained from a GPS) on the accelerometer and microphone
data; while accelerometers capture data that relate to the typical
stop/start patterns of the buses, microphone capture enter/exit
patterns of the passengers through the sound levels inside the
bus. We evaluate our proposed scheme through simulations and
show that the proposed framework can operate with more than
90% accuracy in estimating the location of public buses while
preserving the actual location privacy of the smartphone users.
This approach results in smartphone battery energy savings of
38—46% (as compared to GPS-based approaches) due to the
elimination of the power-hungry GPS devices.

Index Terms—5G; analytics, crowd-sensing, dedicated sensors;
non-dedicated sensors; smart cities, smart transportation

I. INTRODUCTION

As we move towards the 5G era, huge volume of data
exchange at significantly low latency and at higher reliability
paves the way for wide adoption of the Internet of Vehicles
(IoV) concept [1]. Cooperative transmission with the help
of cooperating small cell Base Stations makes it possible to
improve the transmission capacity as well as reliability in 5G
networks [2]. In the IoV concept, cooperation among the vehi-
cles is of paramount importance. With the advent of 5G mobile
cellular networks, scalability and latency challenges experi-
enced by IEEE 802.11p and Long-Term Evolution (LTE)-
enabled vehicular networks will be addressed, particularly for
real time multimedia sharing [3]. Evolving 5G communication
models have enabled offloading and opportunistic spectrum
sharing for vehicular nodes to provide real time infotainment
services more efficiently [4]. As the connected vehicles have
become a reality, vehicular sensing has appeared as a viable
solution to assist in several services —in addition to infotain-
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ment services— in smart cities such as traffic management,
forensics, and air pollution control [5].

Wide usage of smartphones and the CAN-Bus interfaces
in vehicles can be consolidated into a semi-dedicated sensing
platform so that the smartphones can read the data through
the interface and transform the data into a usable format by
vehicular services [6]. However, localization and tracking of
vehicles is a crucial problem in a smart environments [7]. For
instance, under hostile settings where GPS signal quality is
not of high quality, a smart localization approach has to be
used by connected vehicles. This localization method can be
either learning-based [8], or it can be a hybrid solution of
hardware and software such as utilizing passive RFID tags
in the vehicles and collaborative cognition and correction
of localization errors [9]. Furthermore, in order to improve
the localization accuracy and improve the performance of
Global Navigation Satellite Systems, sensor fusion techniques
such as cubature Kalman Filter can also be utilized over the
collaboratively observed data transmitted via DSRC links [10].
The state of the art mainly focuses on replacing GPS, however
public transportation vehicles almost always move over static
routes. Therefore, tracking public transport vehicles requires
localization of that vehicle in a cloaked (stational) region
rather than a precise GPS localization. Furthermore, in a
smart city setting, using citizens as sensors [11], [12] or
service providers [13] can also reduce capital and operational
expenditures. Sensor emulation and coverage has been studied
in the literature by a few researchers [14], [15]. Application
areas in sensor emulation can be various. As an application
area we have identified smart transportation.

Based on the motivations stated above, in this paper, we
propose a participatory GPS-less solution for the localization
of public transportation vehicles moving over static routes. Our
proposed framework relies on two primary building blocks:
1) Multi-dimensional crowd-sensed data that is acquired from
the built-in sensors of the smartphones and/or tablets carried
by the passengers, 2) Online prediction engine that couples
probabilistic location regions using a machine learning-based
classification. Through simulations, we show that the location
of a bus can be estimated by the proposed framework with
a 90% accuracy. Furthermore, we also show that instead of
aggregating participatory sensed GPS data, which would have
been possible, acquiring ambient and kinematic sensor data
can lead to some 38-46% savings in the battery energy of
participating devices. Besides the benefits of the proposed
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framework in terms of prediction accuracy and energy savings,
avoiding exact GPS data in the sensory acquisition stage also
ensures location privacy of the participants.

The rest of the paper is organized as follows. In Section II,
we present the related work and state of the art in the
localization of vehicles in smart transportation. In Section III,
we present our proposed framework in detail. In Section IV,
we present and discuss numerical results regarding the per-
formance of our approach. We finalize our paper and provide
future directions in Section V.

II. RELATED WORK AND MOTIVATION
A. Related Work

Localization problem has been widely studied in the context
of wireless sensor networks [16]-[18]. In smart city setting,
adopting WSN localization principles is beneficial; on the
other hand, localization and tracking of vehicles introduces
additional environmental and contextual constraints. The study
in [19] evaluates the impact of internal time discrepancy
and data loss on extracting passengers’ origin information in
a cellular network-based transportation system. The authors
showed that the location data loss events have a strongly and
positively correlated with shadow effects in urban areas.

A deep learning model is proposed in [20] to forecast
the destinations of bus passengers from entry-only smart-card
data and land-use characteristics. Training their deep learning
model was achieved using a large amount of transactional data
collected from the Automatic Fare Collection (AFC) system
along with land-use characteristics

In [21], the authors proposed an architecture where action-
able knowledge could be extracted from IoT data streams
coupled with historical IoT data. The proposed architecture
enables real time processing of events via statistical processing
and/or machine learning algorithms depending on the context
and application in smart city settings.

An online traffic prediction system has been proposed based
on the acquired traffic data [22] with the objective of early
congestion detection in order to actuate citizens to help reduce
the likelihood and/or the duration of congestion.

The authors in [23] propose a new mechanism for the paral-
lel management and control system (PTMS) which builds on
social signal, agent control, IoT, and having ACP (i.e. artificial
system, computational experiment and parallel execution) at
the core of the proposed system.

Location privacy is an important concern in vehicular net-
works, especially in vehicular cloud systems. For instance,
passengers in a vehicle could use their cellular data to upload
collected records to the cloud; if they wish to save their
data package they will be charged some amount depending
on which service provider they are using. The study in [24]
defines privacy as the amount of information revealed to
the service provider. In addition to the revealed information,
location privacy is a crucial challenge in smart transportation
when user involvement is inevitable. To address this chal-
lenge, the authors in [25] propose a Dynamic Group Division
(DGD) algorithm integrated with a 5G-based Vehicular Sensor
Network architecture to remarkably improve the location and
trajectory privacy of the vehicles.

Sensory data acquisition and analysis through machine
learning techniques has been studied in [26] to determine
the transportation mode of a person. Sensors that were used
in data acquisition were accelerometers, gyroscopes, rotation
vectors, and GPSs. Through a comparative study on tree-based
models (e.g. single decision tree, bagging, or random forest)
and SVM, GPS was aimed to be eliminated when determining
the transportation mode due to its lack of availability in rural
and closed areas, and high energy consumption.

B. Motivation

While the last reviewed study can be considered as the
closest one to ours, there are significant differences between
our proposed approach and the research in [26]. The study
in [26] aims to obtain the transportation mode of a person,
along with possible elimination of GPS data; alternatively,
our proposed solution targets to obtain crowd-sensed data
from multiple built-in sensors to estimate the location of a
public transportation vehicle within the bounds of a region.
Moreover, as we focus on vehicles moving on static routes,
while eliminating GPS usage, by estimating a bounded region
as the location of the vehicle, we protect location privacy of
the participants who provide their sensor readings.

III. PROPOSED SOLUTION

Our proposed framework is illustrated in Fig. 1, which
consists of four main subsystems: 1) Data acquisition, 2)
Data aggregation, 3) Probabilistic prediction, and 4) Analytics.
Acquired data is stored on a remote server, on which analytics
and probabilistic prediction algorithms run. Table I presents
the notation used in the description of the proposed framework.
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Fig. 1: GPS-less localization architecture. Proposed architec-
ture consists of four sub-systems: 1) Data acquisition, 2)
Data aggregation, 3) Probabilistic prediction, and 4) Analytics.
A remote server is dedicated to the storage of acquired
sensory data, which can also be used to run the analytics and
probabilistic prediction procedures.

Below is a brief explanation of these subsystems:



1) Data acquisition: mainly involves the recruitment of
passengers for participatory sensing of ambient and kinematic
data. Here, a possible challenge might be the quantification
of the trustworthiness of the acquired data [27]. However,
by making a fundamental assumption, we model each partic-
ipant/passenger with rational and cooperative behavior which
results in acquired data that does not interfere with the value
of the aggregated data beyond possible noise factors.

TABLE I: Notation used in the paper. The variables and con-
stants are grouped in three categories: The first category (top
section of the table) denotes the objects, i.e., sensors, sensory
detection zones and coordinates, second category includes
the variables regarding aggregated sensed values, the third
category is related to the variables regarding communications,
and the fourth category (bottom section of the table) is related
to participant recruitment scenarios.

Parame- Value

ter

k Index of a window of ¢ landmarks
v Index of a vehicle

T Time (discrete) of interest

rY The sensory detection zone (SDZ) of vehicle v at time 7

Zi SDZ ¢

2y x coordinate of the SDZ 1

Zi, y coordinate of the SDZ 14

Zi, z coordinate of the SDZ ¢

¢ # of possible landmarks that a vehicle can be present

54 Eth sliding window for set of possible landmarks for
vehicle v

A Time between two predictions

vy Velocity of vehicle v at time 7

vy Differential velocity vehicle v during A,

Ur Aggregated velocity at time 7

Dr_1 Aggregated velocity at time 7 — 1

b, Centre point of the SDZ of the k*" window

Pz, X coord. of the centre point of the SDZs of k*" window

bz, .y Y coord. of the centre point of the SDZs of k*" window

b, 2 Z coord. of the centre point of the SDZs of k*" window

D(a,b) Euclidean distance between point a and point b

So(s,7) Aggregated value of sensor s in vehicle v at time 7

Svu(s,r) Sensor s reading reported by user w in vehicle v. time 7

qsv Noise factor of sensor s of user u in vehicle v

sy Amplification of sensed data s of user w in vehicle v

hgv Fading coeff. of sensor reading s of user w in vehicle v

e Channel noise experienced by the aggregator

n—GPS Heterogeneous participant recruitment with GPS

n—nGPS  Heterogeneous participant recruitment without GPS

a— GPS  Active participant recruitment with GPS

a—nGPS  Active participant recruitment without GPS

2) Data aggregation: 1is a fusion center which runs a
distributed estimation technique over the acquired data from
the sensors. As mentioned above, no adversary behavior is
assumed in the data aggregation subsystem but possibly noisy
readings and communication channel at each participant that
would distort the individual signal transmitted to the aggre-
gator. To this end, the aggregator in this framework simply
adopts the estimation technique in [28] with the assumption
that transmission of every sensor reading (S, (s,r)) is prone

to fading effect of hZ, and amplified by a* whereas the ag-
gregator experiences a channel noise with normalized variance
n.. Given these, the aggregated value of the built-in sensors
of U users in vehicle v (Sy(s, 7)) is formulated as shown in
Eq. 1.

U
Sotsr) = D (Suu(sry +a2) -l B +ne (1)

u=1

3) Probabilistic prediction: mainly involves estimating the
location of the vehicle within a window of ¢ landmarks,
i.e. Sensory Detection Zone (SDZ). The concept of window
of SDZ is illustrated in Fig. 2. Given that the vehicle was
predicted to be in a landmark of the timeslot 7'Sy/ i at
t =1 — A, the probability of vehicle v being located in the
landmarks of the timeslot 7}, at time ¢ = 7 can be calculated
as a conditional probability as formulated in as formulated in
Eq. 2.

Pr(r € TylrY_a, € Ty

:PT(T’T’ ETLNTY_A, €Thcy) )
Pr(rﬁ_AT SR

Due to the discrete nature of these two occurrences, the
probability formulation can be transformed to the simpler form
in Eq. 3.
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The probability of a vehicle being in a SDZ of the window
%1 can be calculated as the ratio of the total distance that can
be covered from the centre point of the SDZs of the previous
window to the centre point of the SDZs of the k" window
®(®Pz,_,,Pz,)) as formulated in Eq. 4. Here it is worth
noting that the differential aggregated value of the velocity of
the vehicle during the interval of A, is used to estimate the
distance that can be covered. The centre point of window Ty, is
denoted by a vector of xyz coordinates, and and is calculated
by obtaining the mean of the X, y, and z coordinates of each
SDZ as shown in Eq. 5:
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4) Analytics: takes the output of probabilistic estimation of
potential landmarks (i.e. SDZs) that the vehicle is expected to
be at, and runs (and keeps continuously training) a machine
learning-based classifier to estimate the location among the /¢
landmarks.

As mentioned earlier, localizing public transportation vehi-
cles by GPS can be costly in terms of energy, as well as GPS
coverage issues. If GPS signals from multiple mobile devices
are used to predict the current location on earth, the energy
consumption on the participating devices becomes a critical
factor as most of those devices run on batteries. Thus, we
propose utilizing built-in sensors in smart mobile devices to
acquire data, and integrate the sensed data with the proposed
framework in Fig. 1 that consists of the four components
explained above. The output of the analytics module of the
proposed framework is expected to provide an estimated region
(i.e. approximate location) of a public transportation vehicle.
To this end, while sensor data acquisition application collects
data from passengers inside of a public bus, probabilistic
prediction module provides an input to the analytics module
with a window of predicted stationary regions throughout the
static route, which accelerates the classification procedure in
the analytics module. The analytics module runs a machine
learning algorithm.

Tsn 4‘ rIn-2 rn-g‘r"rn
time bus route &5

Fig. 2: The concept of sliding window of stationary regions to
accelerate the classification process in the Analytics module.
It is not possible to estimate the exact location of a vehicle
without GPS; however given the probability of a vehicle’s
presence in a window of ¢ stationary regions (i.e. in this
example, / = 3), probabilistic deduction can be made for
the next possible ¢ stationary regions that the vehicle can be
present. In the figure, at 7 = 1, the vehicle is predicted to
be in a stationary region denoted by ¥ = {ry,r2,73}. If the
probability of the vehicle’s presence in this window is one,
the vehicle is expected to be in T = {ro, 73,74} at 7 = 2.

Analytics and probabilistic prediction modules run simul-
taneously. After the initial simulation day, as the analytics
module classifies/trains aggregated sensor data, probabilistic
prediction module starts making predictions on already clas-
sified sensor data with the next simulation day’s sensor data.

To clarify the scope of this paperit is worth mentioning
that in this paper, we use Support Vector Machines (SVM)
for the purpose of analyzing and making predictions on the
acquired data; however feasibility analysis of various machine

learning algorithms on the proposed framework is included in
the ongoing extensions of this work. Besides, here, sensors
that are used to collect data in order to replace GPS during
data acquisition process are limited to accelerometer and
microphone, whereas various combination of different sensors
is also being investigated by our ongoing research agenda.

IV. PERFORMANCE EVALUATION
A. Data acquisition and simulation settings

To evaluate our proposed framework, we have collected
real data by using Google’s Science Journal application [29]
for five consecutive days on a static route under a linear
velocity varying between 30-40 kmph towards 15 landmarks
(i.e. stops) that are located at least 500 meters apart (available
at [30]). The built-in sensors used in data collection are
mainly accelerometer (movement along x, y, z axes in terms of
meters) and the microphone which senses the sound pressure
level in dB. Probability distribution of the collected data has
been fed into the CrowdSenSim [31] simulator to generate
sensed data by each type of sensor throughout the virtual
simulation duration.

TABLE II: Simulation settings

Parameter Value

Number of vehicles 50

Number of participants {5, 10, 15, 20, 25,30}
Stational region window size (¢) {3,4,5}

Static route length {15, 20, 30}

Sensing noise (g5 ") {1.0,1.5,2.0,2.5,3.0}

Channel noise variance at the aggregator(n.) 1.0

Average velocity [kmph] {30,40}
Average stop time [s] [30, 60]
Minimum inter-station distance 0.5km
Simulation Duration 5 days
Propagation environment Rayleigh fading
Noise model in sensor readings AGWN
Classifier SVM

Simulation settings are summarized in Table II. We have
simulated 50 public buses that move over 17 different lines
(possibly with overlaps) each of which consists of 15 stops.
While any simulation environment can be used to simulate this
scenario, we have used Crowdsensim as it already offers data
acquisition via mobile crowdsensing.

To simulate bus stops, we have randomly selected 15
random points from the street map in the simulator, which
are in form of (latitude, longitude, altitude). Those points are
picked according to following criteria: Each consecutive points
are ensured to be at least 500 meters apart from each other.
There should not be any colliding points. Once the stops (i.e.
GPS coordinates of the landmarks) have been determined,
they are sorted. As the public transportation vehicles move
along static routes, simulating the mobility model is straight-
forward. Initially each bus is placed on the initial point of
its corresponding line. Bus moves forward to its next stop
with a constant randomly chosen velocity. After arriving the
next stop, the bus waits between 30 seconds to 60 seconds.



This waiting time is also determined randomly on every time
a vehicle arrives at a stop. When a bus reaches the final
destination, it returns back to its initial position.

In the simulation of the data acquisition module, each
passenger’s sensor reading is subject to Additive Gaussian
White Noise (AGWN). The analytics module uses Support
Vector Machine (SVM) with polynomial Kernel type and a
Kernel degree of 15 under the termination criteria of either
100 iterations or < 0.01 difference between two consecutive
results. In the simulation results, every point represents the
average of ten runs with a confidence level of 95%.

B. Numerical Results

We have analyzed the performance of simulation by cate-
gorizing our experiments into two sub-experiments in terms
of accuracy and energy consumption. Accuracy is calculated
as the ratio of the correct predictions to total predictions
throughout the total simulation duration (7°). A correct pre-
diction denotes the case where the actual GPS coordinates of
a public vehicle is within the estimated stational region (/") as
formulated in Eq. 6. We investigate the impact of the following
parameters on the accuracy: Window size that is the number
of possible landmarks that a vehicle can be present (£), route
length, and the noise factor at the built-in sensor reading. All
tests have been conducted under varying number of passengers
that participate in the crowd-sensing campaign throughout the
route.

T
Z (r? e TS; ATY =1Y)
Accuracy = — (6)

T

1) GPS-less localization accuracy: Figure 3 illustrates the
scenario where route length is set to 15. As seen in the figure,
the higher the number of participants, the less the accuracy
experienced. This is due to the added noise to the sensor
readings as the number of participants (i.e. sensors) increases.
On the other hand in each iteration, the larger the window size,
the higher the GPS-less localization accuracy. The reason of
this phenomenon is that higher number of clusters increases
the probability of accurate estimation of the location within
the stational regions.

BWindow size: 3
BEWindow size: 4

[IWindow size: 5
5 10 15 20 25

Number of passengers

0.95

Accuracy
o=
o

0.85

0.8
30

Fig. 3: The effect of window size change on accuracy

As setting ¢ = 5 results in the best accuracy in the previous
figure, we set the window size £ to 5 in the second experiment,
and vary route length.

As it is illustrated on Fig. 4, longer routes improve the
accuracy of GPS-less localization. The best results can be
achieved when the number of participants is limited to five
and the route length is set to 30 stops. As the window size is
large, the noise impacting sensor readings can be low when
the number of participants is small, and when the route is long.
As the route gets longer, and once the prediction of the next
window can be done accurately, classification problem can be
done more effectively.

1 HRoute length: 15

ERoute length: 20
[IRoute length: 30

5 10 15 20 25 30

Number of passengers

0.95

Accuracy
[—]
o

0.8

n

0.8

Fig. 4: The effect of route length change on accuracy

To see the effect of AWGN on the accuracy, the third
experiment is conducted, the results of which are presented
in Fig. 5 where n,; is the variance factor of Gaussian noise.
In our simulations, it is the Gaussian distribution of standard
deviation of 100 subsequent sensed values of sensor type <.
In order to conduct this experiment, standard deviation of 100
subsequent sensors is multiplied with a varying coefficient, n;.
Initial value of n; is to 1. In every test case, it is increased by
0.5 until 3.0. Here, route length and window size have been
set to 5 and 15, respectively as that combination resulted in
the best accuracy in the previous results.

As seen in Fig. 5, increasing n; has a slight effect on the
accuracy in most of the test cases except the iterations with 15
and 25 passengers. Nevertheless, the best accuracy has been
recorded with 20 passengers.

1 Ini: 1.0

- In.: 1.5

50'95 Inf: 2.0
< i

E 0.9 Dni: 2.5

jﬁ Dni: 3.0

0.85

10 15 20 25 30
Number of passengers

0.8

Fig. 5: The effect of Gaussian noise change on accuracy

Based on these results, the following specifications can be
made for GPS-less localization in smart public transportation.
The overall best accuracy value of 97% can be reached with



the following parameters set: £ = 5, route length = 15, number
of participating passengers = 20, and n; = 1.0-3.0. Conversely,
the worst overall accuracy has been recorded as 86% with the
following specifications: ¢ = 3, route length = 15, number of
participating passengers = 30, and n; = 1.0.

2) GPS-less localization energy consumption: We have
compared energy consumption of GPS with the energy con-
sumption of our proposed GPS-less localization framework.
To this end, we categorize the passengers/participants into
two categories, namely active and inactive. Activity denotes a
coefficient regarding interaction frequency of a user with their
mobile device. Energy consumption of an active user (F) in
our simulation is the total energy used by previously deter-
mined social media applications (Fqy,s) [32] plus the energy
consumption of GPS (Fgpg) or data acquisition application
(Emic + Eqce) as formulated in Eq. 7.

E = Eapps + Emic + Eacc
n—GPSVa—GPS

n—nGPSVa—nGPS %
Eapps + EGPS

Under this scenario, passengers are recruited according to
following recruitment scenarios:

e« a— GPS
e a—nGPS

Heterogeneous participant recruitment acquires data from
both active and inactive users whereas active participant re-
cruitment acquires data from only active users. Energy con-
sumption data were obtained from a smart device by applying
n—GPS, n—nGPS, a — GPS, and a — nGPS scenarios.
To evaluate energy consumption of a GPS-less participant,
Science Journal application kept recoding only accelerometer
and microphone data for 30 minutes. On the other hand,
GPS was enabled and applications using location services
of the smart device kept running in order to obtain energy
consumption of a participant using GPS.

Figs. 6.a-b compare the energy consumption of all four
recruitment scenarios under best and worst cases in terms of
GPS-less localization accuracy. Best case denotes the settings
(i.e. route length, number of participants, window length and
noise characterization) that results in the best accuracy value
whereas the worst case denotes the opposite. As the inactive
participant ratio increases in heterogeneous recruitment scenar-
ios, overall energy consumption of mobile device decreases by
38%-46%.

In 6.c-d, multi-dimensional comparison of energy, accuracy
and activity is presented under best and worst case settings for
localization accuracy of n—nGPS. As seen in both subfigures,
increased user activity results in reduced energy consumption
due to localization, and better localization accuracy under both
settings.

V. CONCLUSION

Smart transportation and vehicular sensing are crucial com-
ponents of smart city services. Localization of public transport
vehicles by reducing the usage of GPS sensors can be achieved
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Fig. 6: Energy performance under different scenarios and
recruitment schemes (a) Best case energy consumption com-
parison of n — GPS, n — nGPS, « — GPS and o — nGPS
(b) Worst case energy consumption comparison of n — GPS,
n—nGPS, a—GPS and a—nGPS (c) Best case of n—nGPS
energy vs accuracy vs activity (d) Worst case of n — nGPS
energy vs accuracy vs activity



by covering the location data through other type of sensors that
are already available in a non-dedicated manner in a smart
infrastructure. Based on this motivation, we have proposed a
crowd-sensing-based framework to locate public transportation
vehicles in a smart city setting without using GPS. The
proposed framework consists of data acquisition, sensory data
aggregation, probablistic prediction and analytics modules.
Accelerometer and microphones on mobile devices have been
used to acquire sensed data and replace GPS. Data collected
through a real application have been fed into simulation
environment where 50 bus lines have been simulated with
each having 15 bus stops. We adopted SVM in the analytics
module, and tested the proposed framework by varying the
probabilistically derived location region, route length of buses
and the characterization of the noise factor introduced from
the mobile devices. We have achieved an overall accuracy of
above 90%, and 80% in the best and worst cases, respectively.
We have also investigated the energy consumption of our best
and worst cases performing simulation settings by categorizing
participants’ active and passive usage profiles. Our results
showed that GPS-based localization results in draining up to
46% higher battery power than the overall energy consumption
of our proposed GPS-less localization solution.

We are currently testing the proposed framework with differ-
ent availability of the built-in sensors to investigate the effect
of sensor availability on accuracy and energy performance.
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