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a b s t r a c t 

Modeling traffic flow and gathering accurate traffic congestion information are two chal- 

lenging problems in smart transportation systems. Most of the traffic flow models and 

velocity estimation methodologies that have been proposed so far gather the data from 

GPS-equipped smart phones and extract the flow model based on GPS sampling. How- 

ever, these approaches tend to fail in real life scenarios due to the insufficient vehicle data 

and unpredictable dynamics of the flow. Furthermore, utilization of GPS sensor leads to 

a battery drainage and hence reduces the overall system performance. In this paper, we 

propose a new battery-friendly data acquisition model to obtain the raw data. We then 

evaluate our model under various traffic conditions to determine its feasibility in vehicle 

speed estimation. The proposed model results in 88% location accuracy whereas it reduces 

the battery consumption by half. 

© 2016 Elsevier Ltd. All rights reserved. 

 

 

 

 

 

 

 

 

 

 

 

 

1. Introduction 

For many years, transportation systems relied on infrastructure based equipment such as loop detectors and cameras

for data gathering. Although the accuracy rate of such systems is high, they can not be deployed to the every segment of

the roads due to their high costs. Hence the trends in the smart transportation industry changed from infrastructure based

systems to on-board and mobile data gathering devices in order to adapt to the dynamic environment of traffic and also the

spatio-temporal features of roads while reducing the cost. 

New ways of traffic data acquisition have been investigated and classified as on-board and mobile sources where former

one refers to an embedded hardware deployed on vehicles and the latter one is based on the utilization of smart phones for

data gathering. Under the caption of on-board data sources, Radio Frequency Identification (RFID) transponders, License Plate

Recognition(LPR) systems and GPS devices have been investigated and compared according to their benefits and drawbacks.

Although, usage of on-board devices for traffic data gathering leads highly accurate results in the concept of traffic status

estimation, their high deployment costs and low penetration rates on roads put away the on-board devices from ideal traffic

data gathering technology. Therefore, new methods that have low cost and extensive usage features, but yields accurate

results as RFID [1,2] , LPR [3,4] and GPS methods [5–7] , have been investigated. The technologies based on mobile devices
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have been proposed and classified as cellular positioning, GPS positioning and hybrid systems where the former one stands

for gathering of location data from triangulation of cellular network signals, the middle one refers to usage of GPS sensors

deployed on smart phones as a data source and finally the latter one refers to the combination of these technologies to

provide more accurate positioning data while avoiding the battery drainage arose from GPS based positioning. As a result

of the experiments that have been conducted to compare the ways have been proposed so far for data gathering, mobile

devices got an edge over others with their high accuracy and low cost features. 

Before the rapid emergence and penetration of GPS technology within the mobile devices, cellular phone based moni-

toring mostly relied on identification of the cellular devices via the base station signal information. In this approach, trian-

gulation of cell tower signals, trilateration, handovers between the base stations or a hybrid of these techniques have been

utilized to estimate the location of vehicle probes. Most of the mobile data gathering work uses base station signals [8] to

find out the approximate location of probes. Although these methods satisfy the low cost and high penetration requirements

of an ideal data gathering technology, accurate vehicle location estimation remains as a challenge. Consecutively, when the

precision of the location information is low, considerable difficulties arise in the process of computing the vehicle speed. 

Together with the fact that mobile communications have been developed immensely in the last decade and become read-

ily available all over the world, low cost, increasing penetration and high accuracy of GPS sensors attracted the attention of

the transportation authorities for using GPS-equipped smart phones on traffic data gathering. [9–11] This approach yields

more reliable position information, and hence provides more accurate velocity, travel time, acceleration/deceleration, direc- 

tion estimation. As it is emphasized in [9] , accurate traffic status estimation highly depends on the reliability of vehicle’s

spatio-temporal data. Although, GPS-sensor equipped smart phones have been proposed to improve state-of-the-art cellular 

phone based monitoring which rely on tracking base station signals for location estimation with their high accuracy, spatio-

temporal extensive coverage and low cost features, there are some other concerns related to privacy of the users, energy

consumption of the phone and overload on the communication network. Since spatio-temporal data need to be transmitted

to a central server between specific time intervals, in most cases, it leads to network overload issues. Besides the overload of

communication network, frequent data updates cause to battery drainage of smart phones that involved in data acquisition

process. Furthermore, obtaining almost exact position and speed data of vehicle probes may lead to infringing privacy [12] .

Consequently, albeit GPS-enabled smart phones can be considered as a strong candidate for data gathering with its low cost

and high accuracy features, many concerns of the technology in terms of privacy, maintenance and battery consumption still

remain challenging. 

For many years, lots of studies have been conducted to address these challenges by proposing hybrid technologies to

gather traffic data from both GPS sensors and cellular network signals [12–19] . While the idea of using both GPS sensors and

cellular network signals to overcome the issues evolved from these technologies is clearly a good one, most of the state-of-

the-art work has utilized GPS sensors as a supplementary source to cellular network signals and disregarded the scheduling

of data sources in order to avoid battery drainage of smart phones. In this paper, we propose a data acquisition model to

address the battery drainage issue of smart phones by electing data sources with respect to the battery information. 

In our approach, GPS sensors are utilized for gathering location data when battery is sufficient, otherwise cellular posi-

tioning techniques have been applied to estimate location. This paper also introduces an experiment that have been con-

ducted to estimate the battery status of each vehicle probe by measuring battery rates on different modes where phone is

in idle mode, involved in a GPS based and cellular network based location look-ups respectively. Gradient descent algorithm

has been applied to fit the data sets to a function to find out the battery rates on each mode. Results of the experiments

have been illustrated in Section 2 . The techniques that have been used for cellular network and GPS sensor based positioning

have been introduced in detail. Furthermore, this paper proposes an approach to come up with a solution for the issue that

arises from the determination of update frequencies of each location look up. In GPS sensor based positioning, it is deter-

mined with respect to battery status, conversely, update frequencies of cellular positioning have been determined according

to handovers between two cells where phone signals are transferred from one cell to another. Furthermore, optimization

and calibration methodologies for data gathering process have been studied to achieve effective results. 

Our research primarily focuses on investigation of data gathering methodologies to develop an accurate and effective dy-

namic route guidance system which plays an essential role in the prevention of traffic congestion. To illustrate the feasibility

of our model, we performed experiments to estimate vehicle velocity. We conducted real-life experiments with an Android

application deployed in a smart phone on a particular road segment. Furthermore, the results of proposed data gathering

method are illustrated in our simulator by considering two cases to present the performance of our methods over real life

limitations where former one requires a fixed number of vehicles and continuous GPS data transmission occurs while the

latter one uses GPS sampling to extract the velocity data dynamically throughout the simulation. Velocity measurements of

our model are compared with the ground truth data. We considered velocity values extracted from GPS sensors as ground

truth to illustrate for analysis purposes. Given the output of a hybrid data acquisition model prototype, we propose a system

that obtains highly accurate location data via several gathering methodologies while reducing the energy consumption. The

main contributions of this paper are as follows: 

• Evaluate the effectiveness of using cellular positioning techniques along with GPS-sensor based data collection via per-

forming experiments on energy consumption and location accuracy for various data acquisition modes where only GPS

positioning, only cellular positioning and both of the techniques are executed. 
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Fig. 1. Battery/Time data set in idle mode. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

• Our proposed system is designed to be used for average velocity calculation which is an essential parameter in traffic

monitoring systems. Therefore, we perform experiments to compute the average velocity by extracting location data with

the hybrid data acquisition model. We assume average speed measurements obtained from GPS positioning as the ground

truth data to assess the performance of our model. 
• Assess the feasibility of cellular positioning in cases where the GPS sensors are not available for location estimation.

In this paper, we propose a hybrid acquisition model which applies cellular positioning techniques to obtain the raw

location data where GPS sensor is not available or battery of a particular smart phone is too low for location look up. 

The rest of the paper is organized as follows. Section 2 describes the data gathering model by presenting experiments

on battery consumption and explains system components and main contributions of our model. Section 3 illustrates the

evaluation of extracted data by conducting real-life and simulation experiments. Finally, Section 4 concludes the paper by

evaluating the outcomes of data gathering, extraction methodologies and simulation results. 

2. Battery friendly spatio-temporal data gathering 

With the recent advancements in sensor-equipped smart phones, many applications that provide location based mobile

services have been developed. These kind of applications generally process location information obtained from satellites via

their GPS sensors. However, fundamental problem of location based mobile services is providing inaccurate position samples.

Although, this problem can be solved by using GPS sensors that give accurate results for all position monitoring tasks, GPS

sensors have some limitations [20] . GPS sensors can not provide accurate results in places such as bridges and tunnels.

Moreover, GPS chip sets lead to battery drainage by consuming excessive amounts of power. Besides the limitations, when

smart phones without GPS sensors are taking into account, application developers rely on other positioning techniques such

as cellular GSM base station fingerprinting [21,22] . Since cell phones always communicate with base stations, using base

station fingerprints to obtain location information has no additional cost over battery. In this paper, we propose a new data

acquisition model based on GPS sensors and cellular base stations. A noteworthy fact about our approach is that, appropriate

data source for positioning is determined by battery status. When battery is sufficient, it utilizes GPS sensor data, otherwise

it gathers cellular base station fingerprints for positioning. 

2.1. Energy measurements 

With dynamic election of positioning source, our method consumes less energy than other acquisition methods which

utilize only GPS sensors for positioning. This situation can be explained by the effective radiated power(ERP) difference of

GPS satellites and GSM signals. GSM satellites consume 2 x 10 −11 mW/m 

2 ERP in average, while GSM signals consumes at

most 10 mW/m 

2 ERP [23,24] . The difference (117dB) causes GPS signals to be more sensitive than GSM signals under places

like tunnels and some weather conditions [25,26] . 

In this experiment, our goal is to measure battery consumption rates on different modes of smart phones. We logged

battery status and time information when phone is in idle mode, only GPS sensor is used to get location information and

only phone involved in an active call. In idle mode, we charged phone’s battery to 100%, and turn off all of the services

that run in background except the idle mode logger. We also recorded location information for every minute to be sure that

location methods are working correctly. Battery consumption measurements on idle mode is illustrated in Fig. 1 . 

Consecutively, we tracked battery status, location and time-stamp data of the phone on modes where only one of the

GPS sensor and GSM signal positioning techniques has been applied for spatio-temporal data gathering. We, then applied

Gradient Descent Linear Regression algorithm to our data set to find out the cost function that fits to data. Finally, we
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Fig. 2. Cost function that measures battery consumption rate in idle mode. 

Fig. 3. Battery/Time data set when only GPS sensor is used for data gathering. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

obtained battery consumption rates for all modes by using slope of linear cost function( h ). When phone is in idle mode,

gradient descent algorithm generates a cost function that has 0.6 as a slope. Consequently, battery reduces by 0.6 units per

hour in the idle mode. The data set for idle mode and its cost function are demonstrated in Figs. 1 and 2 . 

When GPS is used to obtain location information for every minute, Gradient Descent algorithm generates a cost function

that has 1.2 units as a slope. In other words, battery reduces by 1.2 units per hour when GPS positioning method is applied.

Battery consumption rate is doubled according to the idle mode when location information is obtained from GPS sensors

per minute. On the other hand, since, obtaining cell based parameters from cellular base stations has no additional cost

over battery, estimating location via GSM signal fingerprints causes 0.6 battery consumption rate as in the idle mode. As a

conclusion, battery consumption rate can be reduced by 50% by using GSM signal fingerprinting instead of GPS positioning.

Associated data sets and cost functions that fit the data are illustrated in Figs. 3 and 4 . 

2.2. Estimating location from fingerprinting signal strengths 

In the previous section, we measured battery consumption rate when GPS positioning is applied and we concluded that

battery power consumption is doubled when GPS sensor is used to obtain location information instead of GSM signaling

from cellular base stations which has no additional cost over battery. In our approach, when smart phone battery is insuf-

ficient, location data is gathered by using the signaling information that is already generated by the standard operation of

mobile phone network. Since mobile phones are always connected with surrounding networks or base stations, the infor-

mation about surrounding base stations can be obtained without any additional cost. 

In order to estimate location of a phone with cell phone signal fingerprinting, we need to obtain base station coordinates

and their associated identifier parameters. Although, many public cell ID databases are available for this purpose, most of

them have poor coverage [27] . In our experiments, we use the database and system settings proposed in [28] due to its high

coverage with 3.90 0.0 0 0 cell records. Location of a mobile phone is estimated via matching surrounding cell ID values and
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Fig. 4. Cost function that measures battery consumption rate when only GPS sensor is used for data gathering. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

their associated coordinates with the values in the database [28] . By tracking cell phone signals to obtain spatio-temporal

data in case of insufficient battery, we overcome the challenges emerge from utilization of only GPS sensors for mobile data

gathering. 

2.2.1. Handover notification 

Location data which has been estimated by cellular positioning, can also be utilized for vehicular speed estimation. How-

ever, the essential issue in vehicular speed estimation is the adjustment of location update frequencies to obtain accurate

results. A variety of sampling methodologies have been proposed so far to determine the data gathering frequency from

smart phones. Most of the state-of-the-art work rely on temporal or spatial sampling where the former one refers to a

continuous data transmission to a central server at predetermined time intervals regardless of its spatial status whereas the

latter one denotes a data sampling when the vehicles cross a specific fixed point. In temporal sampling, a traffic data which

consist of longitude, latitude, velocity and time-stamp parameters are transmitted to the central server within the specific

time interval. Although, temporal sampling rate depends on the application type, in most of the cases, once-per-minute

sampling frequency is sufficient [29] . However, in spatial sampling, the vehicles transmit the traffic data as they pass by

each fixed location on the roadway independent of the time. This sampling strategy uses a similar method as the inductive

loop detectors, LPR readers or RFID transponders do. 

The main advantage of spatial sampling is that it forces the mobile phone to send the vehicle’s traffic data at spatially

important locations to ensure not to miss a critical spatio-temporal information. Although spatial sampling provides a rich

amount of available traffic data, and hence increase the accuracy of traffic monitoring and estimation systems, the existence

of large data will cause complications in terms of battery life of the phone, communication load on the cellular network, as

well as well as privacy protection of the users who participate in the system. Therefore, effective optimization algorithms

are required to overcome such challenges. 

Although lots of methods have been proposed so far, most commonly used method for update frequency adjustment is

based on handovers [27–29] . Overall objective of this method is to obtain cell information when phone signals are trans-

ferred from one cell to another. An anonymous string which consists of signal timing information and cell information is

stored for each handover. When next handover occurs, location information is updated via performing cellular positioning

method on new cellular information. Consequently, approximate distance traveled between handovers can be easily calcu-

lated. Since time information is also gathered with each update, average velocity of a phone can be estimated. To illustrate

the usage of handover notifications for providing such services, we developed a service to collect location and time data.

Our implementation collects GSM and sensor data on the phones where former one includes a list of GSM towers within

a specific region and their distances from a smart phone where the data are collected, whereas the latter one consists of

GPS coordinates along with a time-stamp. We update this data batch when the handover occurs to determine the vehicle

velocities. The service also notifies users when handover occurs via a listener that listens for changes in cell ID values. Fig. 5

presents our experiments in detail. 

2.3. System overview 

In our system design, the speed information is extracted after the processing of raw data in several steps. First, a smart

phone application is executed to perform the location measurements by using GPS sensors or GSM data. The data source is

selected with respect to the battery status. For each randomly chosen vehicle, a battery look-up is executed to detect the

current battery status for data source selection. The application collects a list of GSM towers, their associated identification

numbers and GPS coordinates along with a time-stamp. For GPS positioning, the location data are directly transmitted via

any available wireless network (3G, WiFi), whereas for cellular positioning additional processing is performed for location
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Fig. 5. Handover notification for vehicle speed estimation. 

Fig. 6. Overview of the system architecture. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

estimation which includes base station location look-up and distance calculations. After the extraction phase, the location

information is transmitted to a central server for calculating speed information for further evaluation and analyses. Further-

more, an average speed information of a particular road segment where the vehicle resides can be sent directly back to the

smart phone. Section 4 describes the average speed information extraction process by performing real-life and simulation

experiments. Fig. 6 illustrates the system architecture in detail. 

3. Experimental results 

This section analyses the performance of our proposed model by presenting real-life and simulation experiments. The

purpose of real-life experiments is to determine the location and speed accuracy of cellular positioning with respect to

GPS-sensor based estimation. The experiment is performed with a vehicle on a particular 12 km road segment between

Maltepe to Suadiye districts of Istanbul. The location and speed data are extracted with an Android application deployed in

a smart phone. We update the measurements on each handover where a cell information is transferred from one cell to an-

other. Fig. 7 illustrates the road segment where the real-life experiment is performed along with the location measurements

obtained via cellular and GPS positioning techniques. 

So far, we introduced a battery-friendly data gathering model for obtaining spatio-temporal data without suffering from

the limitations of GPS sensors in terms of energy consumption and communication network overload. To evaluate the effec-

tiveness of our model, we developed a Java-based microscopic traffic simulator with several battery consumption modules

associated with it. Our proposed data gathering and extraction methods are fully simulated via the features provided by our

traffic simulation tool. 
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Fig. 7. Coverage map of the data set for the experiment. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In the data gathering phase, dynamic data source selection model, which is proposed in Section 2 , is operated based on

instant tracking of smart phone battery status. For this purpose, we apply the following assumptions for the new battery

module that has been implemented to all vehicles simulated in the framework. According to the battery model, initial

battery value is assigned as 100 for every vehicle. Next, every vehicle is associated with the modes that are explained

in Section 2 . Then, in every location update, batteries of vehicles are reduced with a rate specific to the mode that the

vehicle is associated. For instance, in the case of GPS-only mode, where only GPS sensor is used for spatio temporal data

gathering, battery value is decreased 0.8% in each update. Furthermore, in order to evaluate the performance of the system

by considering real time limitations, we set the battery power dynamically in the cases where the phone battery has been

charged or data gathering mode has been altered. 

In the data extraction phase, the simulation framework allows us to create road sections with specified number of lanes

to find out the average velocity and density for each section on the roadway to be simulated. This feature enables us to sim-

ulate the results of our data extraction methods by estimating the traffic status on each section depicted on the simulator.

We also illustrate the results by coloring the segments to red, orange, yellow and green to denote congested, less congested,

medium and smooth traffic flow respectively. 

Analysis of the proposed methods have been conducted in two setups where the former one requires a fixed number

of vehicles and continuous GPS data transmission while the latter ones samples available GPS sensor data dynamically

throughout the simulation. Furthermore, we also present a real life scenario on a particular road segment to demonstrate

the feasibility of our model for dynamic traffic environments. 

3.1. Prototype implementation 

We performed real-life experiments to evaluate our data acquisition model and tested its operation while the phone was

carried out by a mobile user. For this experiment, we used the built-in GPS sensor on Android smart phone for gathering GPS

location data, whereas for cellular positioning we used Ericsson’s Cell API [28] to find out an estimated location based on the

war-driving data. The Android OS Phone Library has been configured to record the ground truth GPS location data and cell

tower fingerprints for every minute. Although, the data were gathered in every minute, for data analysis we only consider

the changes in location data where a handover occurs. We performed real-time velocity estimation to assess the speed

measurement accuracy of cellular positioning. Our data set covers 12 km of road segments driven. In these experiments, our

goal is to demonstrate the location accuracy of cellular positioning with respect to GPS data which we accept as a ground

truth for this case and presenting the benefits of cellular positioning as a proposed solution to the battery drainage problem

in GPS sensors. 

The data logged in the internal storage of smart phone and transmitted to the central server between specified time

intervals for further evaluation. The trajectory data were processed to assess the feasibility of cellular positioning for location

and velocity estimation. We use greatest circle distance [29] in our evaluation of accuracy which refers to shortest spherical

distance between two points on the surface of Earth. Since, spherical geometry differs from the Euclidean geometry where
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Fig. 8. Average velocity map for cellular data. 

Fig. 9. Average velocity map for GPS data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the straight line distance between data points have been used to find out the location difference, we define the accuracy as it

is formulated in [30] . We tracked the ground truth data by sampling GPS feeds for every minute and presented the difference

from cellular positioning data to find out the accuracy rate of our proposed data acquisition method. Fig. 7 demonstrates a

map where yellow markers refer to GPS location data and purple markers stand for cellular positioning data. Our real time

experiments result in 95% precision in both the mean and median, and a median geographic error of 5 m. The geographic

error range varies from 5 to 12 m excluding the outliers. As it can be observed from the map, utilization of cellular data

along with GPS sensor data for location estimation gives highly accurate results while reducing the energy consumption by

half. 

Moreover, hybrid data acquisition systems produce reasonable average velocity estimates for traffic monitoring purposes. 

To illustrate this, we conducted a real-life experiment in which a particular route is divided into different segments that have

varying lengths due to the handover locations. The trajectory data projected through the GPS and cellular data along with

the timestamp were used to extract the average speed in each section denoted by a road segment between two handovers.

We classified the speed measurements into four parts according to the scale of the ground truth velocity data range from

0–80 km/h: highly congested conditions (0 < v(d) < 20), congested conditions (20 < v(d) < 40), medium flow conditions

(40 < v(d) < 60), free flow conditions (60 < v(d) < 80) and illustrated the velocity classes with red, orange, yellow and

green colors respectively. Figs. 8 and 9 show the map in which the route is divided with respect to handover locations on

the road. Each segment colored to present the velocity class it belongs to. The mean and standard deviations are calculated

in both of the cases. Our speed experiments result in 92% accuracy with a median speed error of 7 km/h. The speed error

varies from 3 to 12 km/h. The average velocity measurements extracted via GPS and cellular data are presented in Fig. 10 . 
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Fig. 10. Comparison of GPS based and hybrid data acquisition models without GPS sampling. 

Fig. 11. Vehicle speed estimation using GPS and cell data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2. Simulation 

In addition to the real world experiments, we also performed a simulation to verify the efficiency of the hybrid data

acquisition model for vehicle speed estimation. In these experiment, our goal is to measure the average accuracy and battery

level of our hybrid acquisition model where the number of vehicles is set to a specific number and the number as well as

the already chosen vehicles remain as the same during simulation. For the first simulation setup, following configurations

have been set: (1) First, a route is divided into different sections; (2) Next, constant number of vehicles has been created;

(3) Then for each vehicle, random speed values vary between 0–120 km/h range has been set. Overall simulation setup

is illustrated in Fig. 13 . Furthermore, in every minute we logged GPS location and cellular positioning data of 20 vehicles.

We initiated our experiment by gathering all the location data from GPS sensors (m = 20, n = 0) where the m and n

refer to number of vehicles which provide GPS location and cellular positioning data to the simulation, respectively. In each

simulation cycle, we decreased the m parameter by 1 and increased the n parameter by using a one new log which have

been gathered by cellular positioning. At the end of the simulation, we obtained 5.5 m median location error. 

Moreover, we expanded our simulation tool by adding multiple battery modules with respect to the data gathering

method as it is discussed in Section 2 . In real life experiments, we found out that the battery reduces by 0.6 unit per hour

in idle and cellular positioning mode whereas the overall battery level is reduced by 1.2 unit per hour in GPS-based data

acquisition. In the simulation, we applied these values to demonstrate the battery consumption over time according to the

data gathering method of each vehicle. Since GPS positioning doubles the battery consumption, utilization of cellular location

data increases the average battery level of vehicles which involve in the data gathering process. The results are illustrated

in Fig. 12 . Our proposed hybrid data acquisition model gives 95 % per cent location accuracy. As it can be observed from the

graph, our proposed system provides highly accurate results while reducing the battery consumption. 

Fig. 11 demonstrates the average speed calculation with 50 vehicles in two cases: blue line represents 50 vehicles where

only the GPS data were used for data gathering whereas in the red line half of the randomly selected vehicles collect the
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Fig. 12. Accuracy battery trade-off without GPS sampling. 

Fig. 13. The simulation environment for our proposed acquisition model. 

Fig. 14. Accuracy battery trade-off with GPS sampling. 

 

 

 

 

 

 

 

 

 

 

 

 

location data via GPS and other half use cellular data for positioning. The randomly chosen vehicles are static in this analy-

sis. The speed of the vehicles created in this setup are random values between 55 km/h and 70 km/h. The speed differences

between two lines representing the setup are lower than 8 km/h. The median variation is around 2 km/h. Although the ex-

periment enables us to simulate our proposed data gathering and extraction methods, such configurations of vehicles do not

reflect a real case. Because in the real-life, vehicles do not continuously send GPS data to the server. The mobile application

may be closed or run arbitrarily which leads to randomized effects in terms of simulating such real-life conditions. Hence

the number of vehicles as well as the individual vehicles sending GPS information to the server keep varying in real-time

( Fig. 14 ). 

Although, simulation parameters are set based on the real life experiments, this experiment assumes that the location

data is always available. However, in real life, there may be cases where the location data can not be obtained either via GPS

or cellular positioning. In this analysis, our goal is to present a complete simulation of our proposed model by changing the

number of vehicles which provide GPS data in every iteration. We performed a simulation experiment to illustrate this real-

life scenario by applying GPS data sampling to random 20 vehicles in the simulation. The random selections of individual
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Fig. 15. Comparison of GPS based and hybrid data acquisition models with GPS sampling. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

vehicles as well as determination of the random number of vehicles that are assigned to execute the task of transmitting

GPS and cellular data (location, speed and time) to the server are repeated in every specified time interval ( Fig. 15 ). 

For the setup configuration we generated 20 vehicles and set the parameter m to 9 which refers to the number of

vehicles which use GPS sensors for finding location, p to 11 which stands for the number of vehicles where GPS data

is not available. In the initialization step, we set the parameter n to 0 to illustrate the case where cellular positioning

is not applied to gather location data. Next, for every iteration, we increased the number of vehicles which use cellular

positioning for data gathering to understand how utilization of cellular positioning method affects the overall accuracy and

battery consumption. Moreover, we implemented the same battery modes discussed in Section 2 to measure the battery

consumption in the sampling case. We then evaluate our results based on the ground truth data to obtain the accuracy

of our traffic status estimation system. The results are illustrated in Fig. 12 . Our proposed hybrid data acquisition model

achieves 40% higher location accuracy in the case where only the vehicles (9 vehicles) which provide GPS data are used for

calculating the average location. The results verify the benefits of the usage of cellular data in the cases where the GPS data

are not available and the overall energy consumption is high. 

The average velocity calculated with 20 vehicles indicated with the blue and red lines where only GPS data were col-

lected for speed measurements and both GPS and cellular data were collected with a ratio of 1:4 (GPS data = 4, Cellular

Data = 16), respectively. The randomly chosen vehicles are dynamic in this analysis. The speed of the vehicles created in

this setup are random values between 55 km/h and 70 km/h. The speed differences between two lines representing the

setup are lower than 10 km/h. The median speed variation is around 5 km/h. 

4. Conclusions 

Data gathering and extraction phases are important parts of traffic monitoring systems. Utilization of cost effective and

highly accurate traffic monitoring devices and processing the raw data that have been gathered with the efficient data

extraction methodologies are required in order to come up with accurate traffic information. However, data extraction phase

has solid challenges such as the determination process of locations that are contained by successive segments. Furthermore,

data gathering phase has some issues in terms of accuracy and cost. 

In this paper we propose a hybrid data acquisition model which uses GPS sensors and cell phone fingerprints to reduce

the energy consumption while preserves the required accuracy level as a solution to GPS battery drainage problem. The

model has significant benefits in the cases where the phone battery is depleted or the user does not want to send the

data and/or closes the application. Furthermore, we evaluated the effectiveness of applying cellular positioning techniques

along with GPS-sensor based data collection via performing experiments on energy consumption and location accuracy

for various data acquisition modes where only GPS positioning, only cellular positioning and both of the techniques are

executed. Our real-life experiments reveal the fact that the battery consumption rate can be reduced by 50% by using GSM

signal fingerprinting instead of GPS positioning. 

Moreover, we performed experiments to compute the average velocity by extracting location data with our hybrid data

acquisition model. A real time microscopic traffic simulator has been developed to evaluate the method. Optimization and

calibration methodologies for data gathering process have been studied to achieve effective results. The model is improved

by considering real life limitations that mostly occur when data cannot be obtained from some of the sensors. System

architecture and battery consumption model of the traffic simulator have been introduced in detail. Real life and simulation

experiments were conducted to illustrate the cases in which fixed number of vehicles are required for continuous data

transmission while the latter ones randomize vehicle selection for data transmission dynamically throughout the simulation.

Our proposed model results in 88% location accuracy whereas it reduces the battery consumption by half. 
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