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Abstract

Urban traffic estimation is one of the critical tasks for intelligent transporta-
tion systems (ITS). To estimate traffic condition, accurately and timely traffic
data must be sensed frequently at every location around the city utilizing
multimedia data fusion and analytics. This paper proposes a novel approach
to urban traffic data collection and analysis leveraging crowd-sourced data
from drivers and mobile users. Concretely, we have proposed solutions for
mobile crowd-sourced data fusion to which just the right traffic data is
collected automatically by GPS modules equipped in mobile devices. In
addition, mechanisms for data validation and analytics for traffic estimation
have been devised. Consequently, a mobile application is developed and
provided to public users so that they can conveniently collect and share traffic
data to the system. Besides, users can access traffic information and ITS
services such as routing recommendation freely. The proposed system has
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been deployed for a real-world application in Ho Chi Minh City (HCMC),
the largest city in Vietnam. Experimental results from real-field data confirm
the feasibility, effectiveness and efficiency of the proposed approaches.

Keywords: Urban traffic estimation, traffic condition, crowd-sourcing, GPS
data, ITS.

1 Introduction

Traffic congestion and transportation safety are serious issues in almost every
country all over the world, especially in developing countries where traffic
infrastructures are not developed well to satisfy the development demands.
Urban traffic estimation helps eliminating these issues and is a major research
stream in the ITS sector. Accurate and in-time traffic information is crucial
for various ITS services such as eliminating traffic congestion by helping
commuters avoid entering heavy traffic locations, routing services, supporting
authorities for their daily tasks on traffic management as well as urban policy
planning [1, 2].

In order to effective estimate traffic condition, adequate traffic data
including location, time, density, traffic flows’ average velocity, reasons
caused such a traffic condition (e.g., construction, accidence, heavy rain),
etc., at every road segment [3, 4] are required. In the conventional ITS
systems, these data are commonly collected by road-side fixed sensor systems
like RFID, camera systems, loop detectors [5, 6]. However, these approaches
lead to essential drawbacks such as coverage limitation and implementation
costs. Meanwhile, if we utilize data from communities such as drivers and
mobile users via mobile devices then not only the coverage limitation can
be overcome but traffic state can also be correctly estimated from such
informative traffic data sources.

Various researches revealed that traffic congestion has a close relationship
to driver behaviours [2, 4], especially in developing countries of chaotic
traffic and multiple transportation modes including motorbikes. Meanwhile,
if drivers can access in-time traffic information via navigation systems, traffic
maps in mobile applications, or via radio channels they can find a better route
to avoid congested locations [2, 4, 7, 8]. In addition, if drivers/commuters can
contribute traffic data to a traffic estimation system then the analyzed traffic
information could be more accurate providing more benefit to various stake-
holders including drivers, mobile users and traffic management authorities.
Therefore, mobile crowd-sourced data fusion and urban traffic analytics are
potential approaches to traffic estimation issues.
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With the advances of mobile technologies and social networks, mobile
crowd-sourcing techniques are applied in various fields such as in disaster
recovery, crowd-sourced designing, software development [9–11] and so on.
Ushahi is a successful example of a crowd-sourcing approach to data sharing,
analyzing and then disseminating evacuation instructions to on-site users
and to help volunteers conducting effective rescue plans during the Haiti
earthquake [12]. In the field of traffic estimation, traffic multimedia data such
as GPS (global positioning systems), text data, images captured from mobile
phones can be shared by mobile users who are available at every location in
almost every time [4, 8].

Google Maps [13], Waze [14] are some of successful examples in
this approach where traffic data such as velocities, locations of vehicles
are collected from mobile devices equipped on vehicles or carried by
drivers/passengers. However, there are several difficulties that hinder there
applications in developing countries such as in Vietnam as (i) the traffic
network data (i.e., the map) is not public leading to limitation in developing
ITS services on top of their infrastructure and a huge usage cost (i.e., the
fee for using map’s accessing APIs from Google), (ii) they mainly collect
users’ mobility data without users’ awareness in many cases, and (iii) traffic
estimation accuracy is commonly low, especially when the number of users
is low and there are noises from GPS signals.

In order to overcome the aforementioned difficulties, several research
issues need to be thoroughly resolved. For example, mobile crowd-sourced
data may consist of various noises from the GPS errors or even from the
different users’ knowledge about traffic condition (when they report traf-
fic data). In this sense, we need to propose solutions to validate traffic
data from users’ report to ensure the quality of the traffic analytic model.
In addition, mobile devices are commonly limited in computation, storage
and battery resources, hence the data fusion models from mobile devices
need to be thoroughly investigated to ensure that the necessary traffic data
are appropriately collected while saving mobile devices’ resources for their
original tasks (e.g., for call and internet access services).

This work proposes holistic solutions for urban traffic estimation leverag-
ing mobile crowd-sourced traffic data with main contributions as follows.

(i) We devise a novel framework for traffic condition estimation leveraging
mobile crowd-sourced data including a crowd-sourced data validation
model, effective data fusion mechanisms to ensure the quality of traffic
data while improving the computational resource saving.
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(ii) We have developed a mobile system for real-world application in Ho Chi
Minh City, the largest city in Vietnam, to evaluate and confirm feasibility
and the usefulness of the proposed solutions.

(iii) We have thoroughly conducted experiments and analyzed the results in
real-field experiments. Experimental results confirm the effectiveness,
the feasibility and the usefulness of the proposed solutions.

This paper is organized as follows: Literature review is described in
Section 2. Section 3 presents a novel design features of the proposed sys-
tem. Details on mobile crowd-sourced data fusion and traffic estimation are
addressed in Section 4. The implementation of the proposed approaches for
real-world system is presented in Section 5 while Section 6 presents and
analyzes the evaluation results. Section 7 concludes the paper and draws out
future work directions.

2 Related Work

Traffic estimation is an important issue in urban traffic management and
ITS which attracts academic, industrial researches as well as urban planning
sectors in the recent years [15]. Accurate traffic estimation can help users
avoid entering heavy traffic locations thus contributes to eliminate traffic
congestion, one of the headache issues in almost every large city. In order
to provide accurate and real-time traffic information, traffic data need to be
adequately collected. Conventional approaches which are mainly applied in
developed countries rely on fixed-side sensors like RFID, camera systems
equipped along road sides [16]. These systems have advantages in terms
of accuracy while they are costly for implementation which leads coverage
limitation. Consequently, these approaches could not be directly applied in
developing countries.

In order to overcomes these difficulties, several researches focus on
mobile approaches where traffic multimedia data (e.g., GPS, images captured
from mobile phones, text data input by users,. . . ) can be collected and
shared by mobile users at mostly every location any time. This benefit comes
from the advances of IoT, mobile technologies, and social networks [4, 8].
This current work pursues crowd-sourcing based approaches to enhance the
strength of mobile technologies and contributions of communities (i.e., the
crowd-sources) to resolve the inherent issues of coverage limitation in urban
traffic estimation problems.

Several researches such as CityDrive [17] and GreenDrive [18] proposed
mechanisms to collect real-time data of vehicles’ movements via GPS, then
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estimate volumes and velocities of traffic flows at particular intersections.
This information is then used to advice drivers on slowing down or accel-
erating their speeds to reduce the waiting time at traffic lights hence saving
fuel. To reach this target, the probabilities of left turn phases are analyzed
by learning historical data extracted from GPS. These works reveal the fea-
sibility of providing real-time traffic information and smart driving services
using crowd-sourced data from drivers. This approach is different from our
proposed method in the current paper as our focuses are large traffic environ-
ments of the whole city network rather than a microscopic environments of
particular intersections.

Although the crowd-sourced based mobile multimedia traffic data col-
lection approach helps to eliminate the coverage limitation, this issue is still
challenging, especially when the system is in it early stage when the number
of mobile users is not large enough [4, 8]. In addition, crowd-sourced data
commonly consist of noises which degrade the quality of traffic estimation
models. Various researches have discussed this issue [19, 20]. However a
specific solution for validation mobile crowd-sourced traffic data extracted
from GPS as those in this current paper has not been investigated thoroughly.
Moreover, crowd-sourcing functions implemented in mobile devices require
the mobile application executing frequently that leads to battery drained,
hindering user acceptance. These issues need to be thoroughly studied in this
current work.

This current paper is completely different to the above approaches as it
proposes a novel framework for traffic condition estimation using mobile
crowd-sourced traffic data contributed by drivers/mobile users. Essential
issues in system designs to provide users friendly and easy means for traffic
data collection and sharing, effective approaches to crowd-sourced data vali-
dation, and traffic estimation are proposed and thoroughly analyzed. A mobile
application has been launched in a real-world traffic network of HCMC to
confirm the feasibility, the effectiveness, and the efficiency of the proposed
approaches.

3 Designed Features of the Urban Traffic Estimation
System

3.1 Overall Architecture

The overall architecture of the proposed urban traffic estimation framework
utilizing mobile crowd-sourced data is illustrated in Figure 1 which consists
of three main components: (i) User applications for collecting crowd-sourced
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Figure 1 The overall architecture of the proposed framework for urban traffic estimation
using mobile crowd-sourced data.

traffic data and retrieving traffic information, (ii) Traffic data processing and
estimation, and (iii) Database systems including Data warehouses that store
historical traffic information used for further analysis such as for mining
traffic conditions at locations where real-time traffic data are missed. These
components are briefly described as follows.

Applications: Mobile users including drivers, passengers or even common
users can contribute traffic data to the system for traffic analytics. Therefore,
it is critical to provide them an effective way for traffic data collection and
sharing. In order to reach this target we have designed a mobile application
and a web-based system where users can conveniently report traffic data
and access traffic conditions. This component mainly leverages GPS (global
positioning system) modules equipped in mobile devices to sense traffic data
such as location, velocity and moving direction automatically.

Traffic data processing and estimation: This component consists of Data
Collection and Validation, Traffic Estimation and Traffic forecasting. Obvi-
ously, crowd-sourced data commonly consist of noises rooted from GPS
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errors or from different knowledge/viewpoints of mobile users about traffic
conditions (when users report traffic status to the system). Therefore, it is
necessary to validate and improve the quality of these data at the Collection
and Validation component before sending them to the Traffic Estimation
component implemented at the analytic center. At this component, we also
proposed a traffic forecasting sub-system to predict traffic conditions when
real-time traffic data are missed.

Database systems: The analyzed traffic information provided by the Traffic
estimation and forecasting components mentioned above is then dissemi-
nated to the publicity via urban traffic maps in the mobile application and
the web-based system so that users/commuters can avoid entering congested
areas. In addition, these data are also stored in the database systems including
data warehouses for further analysis, especially for traffic forecasting as
discussed above. Authorities and urban traffic policy makers can also utilize
traffic information and statistical reports from the Databases/Data warehouses
for their daily operations (e.g., traffic police) or decision making (policy
makers).

In order to increase the effectiveness of the proposed approach, essential
issues in each component mentioned above must be thoroughly resolved. For
example, the Data collection component requires a convenient way to which
original users can easily collect and share the data to the system without
interference to their daily activities such as driving, working, etc. Therefore,
the method for data collection should be designed in association with traffic
condition estimation methods and the granularity level of traffic information.
Solutions for these issues are presented in details in the following sub sections
while issues related to data validation, data fusion optimization and traffic
estimation models are presented in the next section.

3.2 Traffic Condition Granularity

In order to design a suitable model and then build an appropriate mobile
application for crowd-sourced traffic data collection, we need to analyze
the granularity level of the traffic estimation model that we are focusing
on. Obviously, urban traffic network is large and the time is a continuous
dimension thus we need to partition the computation space spatial-temporally
in a suitable granularity.

Firstly, as for the time dimension, we have conducted several preliminary
studies and real-field observations [2, 4] and revealed that traffic conditions
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Figure 2 Structure of a way/street that consists of multiple road segments, each composes
of 2 end nodes.

do not change quickly but they need time for status transitions which is
around 10 minutes to 15 minutes. In this work, we use a time frame ∆t

of 10 minutes, naming the estimation period duration, to discretize the time
dimension. In this sense, for one day we have 24 ∗ 60/10 = 144 time periods
for traffic estimation which is small enough for saving the computation
resources while keeping the traffic information updated.

Secondly, as for the spatial dimension, the urban traffic network should be
divided into smaller parts. We divide the traffic network into road segments
of relevant lengths which are not too long to keep traffic condition at any
location in a particular road segment during a specific time period is identical.
In addition, road segments should not be too short to keep the number of
segments be small enough for saving the computation resources as well. We
utilize the Open Street Map (OSM) [21] which is an open sourced map
data. This data structure defines street, road segment (composes of two
end nodes) and node as JSON structure depicted in Figures 2, 3, and 4,
respectively.

Figure 2 shows a street (or a way) that composes of 9 consecutive road
segments. Here, each road segments is defined by two adjacent nodes. For
example, road segment 1 is composed of two nodes denoted as <nd ref =
”822403”/> and <nd ref = ”21533912”/> and the two nodes composing
road segment 2 are <nd ref = ”21533912”/> and <nd ref = ”821601”/>
(please refer to the first three nodes in Figure 2). Figure 3 presents detailed
information of a road segment (Id = 56235) where lines 5 to 8 describe
coordinates of two composing nodes (start and end nodes whose IDs are
presented in lines 11, 12). The structure of a node is described in Figure 4.
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1 { 
2 " _id ": 58235 , 
3  " p o ly lin e ":{ 

4     " type ": " Line S tring  ", 
5     " c o o rd in a te s ": [ 
6          [106. 6577374 , 10.7720157], 
7          [106. 6575988 , 10.7725104] 
8       ] 
9     } 
10     "Length": 57, 
11     "end_node": 5242148773 , 
12     "start_node": 2302073741 , 
13     "street": 408212916 , 
14     "street_level": 2, 
15     "street_name": "Ly Thuong Kiet", 
16     "street_type": Primary, 
17 } 

Figure 3 Structure of a road segment that composes of 2 end nodes.

Figure 4 Structure of a node with its latitude (lat) and longitude (lon).

Table 1 The proportion of segment length in HCMC traffic network
Segment Length Proportion
60 m – 80 m 13%
81 m – 100 m 61%
10 0m – 120 m 26%

However, as an open sourced data, many road segments are not well
structured in the OSM as many of them are too short. We have modified this
dataset by combining too short and divided too long segments into suitable
length ones. Table 1 shows the distribution of road segment lengths in our
modified database of HCMC traffic network.
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Table 2 Description of the LOS in accordance with average velocity
LOS Average Velocity of Traffic Flows in the City (km/h)
A ≥35
B 25 – 35
C 20 – 25
D 15 – 20
E <15

3.3 Traffic Estimation Problem Definition

As presented previously, traffic condition is estimated in the granularity
of road segment in a particular time period. We call this combination an
estimation unit (spatial-temporally) denoted as Lxp (the level of condition at
road segment X during period p). In this work, we use the average velocity of
traffic flows within an estimation unit to represent the level of traffic condition
which reveals how smooth/good flows are.

Given Lxp, the system (deployed in the server/cloud) collects traffic data
from mobile users at road segment X during period p of time frame ∆t (e.g.,
10 minutes). These data are then validated and integrated in a traffic Database
to calculate average velocity Vxp of traffic flows in Lxp. This average velocity
is then displayed on urban traffic map in the mobile application and be
notified to users/commuters who are interested in (e.g., who are actively
turning on the notification function and travelling on related road segments).
Moreover, this analyzed traffic information is then stored in a data warehouse
(DW) for further traffic management or urban policy making (see Figure 1).

In order to display traffic condition on urban map with different colors
(e.g., from green to red representing from the best to the worst traffic con-
ditions) conveniently, we propose to use level of service (LOS) that a road
segment satisfies [2, 6]. This indicator is divided into 5 levels as shown in
Table 2.

4 Mobile Crowd-sourced Data Fusion and Traffic
Estimation

4.1 Mobile Crowd-sourced Data Collection

In order to encourage and provide an easy mean for mobile users to collect
and share traffic data, the mobile application must be well designed to which
the “right” traffic data is collected without user interference. Traffic data
should be simple enough while containing relevant information for traffic
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estimation. However, which is relevant enough data is not an easy question to
answer. We have conducted several preliminary researches in [2, 4] to identify
appropriate data attributes that need to be involved in the mobile application.
According to the investigation of necessary traffic data in the real-world
observations and evaluations utilizing our implemented prototypes, we reveal
that required traffic data features are time, location (road segment), direction,
traffic flow’s average velocity, while further attributes such as reason causing
such traffic condition, comment by user are optional.

The number of data fields mentioned above is small enough to be included
in an input form of a mobile application which requires a small number of
screen interactions from users. However, via the experiments by a proof-of-
concept prototype, we recognized that users/drivers are commonly not free to
interact with the mobile application for sharing data. We resolve this issue
by providing hand-free mode in the mobile application where traffic data
are automatically computed leveraging GPS modules equipped on mobile
devices. This is one of the novelty of our proposed approach compared to
the existing one which is described in details as follows.

In the hand-free mode, each mobile user represents as a moving node or
a vehicle in a traffic flow whose location, direction, time, and velocity can
be automatically extracted from the GPS. These data are then streamed or
sent in batch to the system for further analytics. Figure 5 depicts two moving
users A and B who velocity vectors (including location, direction, time, and
magnitude) are identified automatically using GPS data.

Figure 5 Velocity vectors of moving users are automatically identified using the GPS
module in the hand-free mode.
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In this approach, the magnitude of user’s velocity, which is called the
average velocity of a moving object/vehicle is calculated by estimating the
distance between two adjacent locations the object passed during a period of
time ε = t− t′ as described in Equation (1).

Vavg =

√
(x− x′)2 − (y − y′)2

t− t′
(1)

Obviously, since GPS samples data frequently the selection of period
ε will affect system performance. If ε is too small the average velocity in
Equation (1) will be calculated frequently requiring more scarce resources
in mobile devices and communication bandwidth, degrading the system
performance. In contrast, if ε is too large, the accuracy of average velocity
will be degraded. Therefore, it is required to identify an appropriate value for
the ε. In this work we have conducted several observations and evaluation to
identify this value as ε = 8 s with following rationales.

As discussed above, the proposed system aims at estimating traffic con-
dition in the granularity level of road segment. Therefore, we need to ensure
that during ε at least one location of a particular moving object A on the
considering segment X is collected. This work estimates traffic condition in
urban traffic network whose speed limitation is less than 40 km/h (about
11.11 m/s). In this sense, for ε = 8 s an object A can move for maximum
88.88 m. In addition, as shown in Table 1, the average length of road segments
in our target traffic network, namely HCMC, is around 81 m to 120 m.
Consequently, as ε = 8 s at least one data point will be sensed from the
considered road segment where a particular object A is travelling.

4.2 Data Validation and Traffic Estimation

In this design, necessary traffic data such as timestamp, device/driver ID,
location (latitude, longitude) and velocity are automatically collected by
the mobile application using GPS data as discussed in Section 4.1. With
the advances of GPS technologies the accuracy of GPS data is significant.
However, GPS may contain noises affecting the average velocity analysis
model. This section presents a novel noise removal mechanism along with
traffic estimation models to resolve the aforementioned issue.

Denote [VXi] = [Vxi1, Vxi2, . . . , Vxim] a vector of m velocities reported by
user ui in the Lxp spatial-temporal unit (presented in Section 3.3) which is
sorted by increasing velocity values. We apply the inter-quartile range (IQR)
to identify and remove the noises, namely Vo as shown in Equation (3). Here,
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IQR is defined in Equation (2), where Q1 is the 25th percentile and Q3 is the
75th percentile of the velocity range in the [VXi].

IQR = Q3−Q1 (2)

[Voi] = [VXit]|{VXit ≥ (Q3 + 1.5IQR) or VXit ≤ (Q1− 1.5IQR)} (3)

Let [V ′Xi] = [VXi]− [Voi] = [Vxi1, Vxi2, . . . , Vxiq] of q elements (q ≤ m)
be the set of qualified velocities after removing noises. The average velocity
from data reported by user ui is computed in Equation (4).

V ′Xi =

∑q
t=1 VXit

q
(4)

Consequently, the average velocity of the considered traffic flow reported
by n users from segment X during p (i.e., in the Lxp unit) is calculated in
Equation (5).

vXp =

∑m
i=1 V

′
Xi

n
(5)

The procedure for calculating the average velocity of traffic flows in Lxp,
denoted as vXp and its LOS, denoted as LOSXp is presented in Algorithm 1.
The input of this algorithm is Lxp and the output of its is both vXp and
LOSXp at the considered road segment in X during a particular computation
period p. From line 4 to line 9 is the process to remove noise data (if any)
in the data collection reported by an individual user (among n users). Line
10, and line 11 calculate vXp and LOSXp, respectively. These values are
returned in line 12.

Algorithm 1 Traffic estimation

1: Procedure Traffic Estimation (Lxp, vXp, LOSXp){
2: //Input: Lxp; Output: vXp, LOSXp

3: n = number of users reported data during Lxp; //retrieved from database
4: for i = 1 to n {
5: [VXi] = [Vxi1, Vxi2, . . . ,Vxim]; //m is the number of data points reported by user m
6: Calculate [VXi]; //the outliers from [VXi] apply Equation (3)
7: [V’Xi] = [VXi] − [Voi]; //remove the noises/outliers
8: V’Xi = Average([V’Xi]); //apply Equation (4)
9: }
10: end for
11: vXp = Average(V’Xi); // of n users’ data records by applying Equation (5)
12: LOSXp = mapping(vXp); //refer Table 2
13: Return (vXp, LOSXp); // to display on the map and store on the historical Data warehouse
14: }
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4.3 Idle-Aware Data Fusion

The mechanism for timing data sensing presented in the previous section can
help to reduce the sensing times significantly. However, there are still issues
on fusing of many data that do not contributes to the average velocity calcu-
lation and traffic condition estimation. These situations occur when sensing
data from stationary objects such as mobile phones carried by officers who
are staying at their offices. Obviously, these object locations and velocities are
not useful for traffic estimation while the mobile application is still executing
leading to the battery drained. In order to overcome this issue, we have
proposed the idle-aware data fusion method which is depicted in Figure 6
as follows.

The data collection function implemented in the mobile application is
designed in three states: collecting, idle, and stop and this mechanism is
presented in procedure1 as follows.

Procedure 1: Sleep-wakeup based data fusion

Step 1 By default, when the mobile application is on, the data collection
function is in the collecting state. Traffic data are collected using GPS
signal within the interval ε = 8 s as described in Section 4.1.

Step 2 Parallel to the data collection, the system automatically tracks user
movement to decide the next state. If user does not move during a
significant period of time, the data collection function will change its
state to idle without processing GPS data. The method of identifying
user movement is described in details in the later part of this section.

Figure 6 Idle-aware data fusion process.
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Step 3 After idling for a significant period of time δt, the system will turn
back to validating user movement.
If it detects that user has moved by comparing user’s current location
and his/her previous location (at the idling time), it will turn on
the collecting state. An essential issue here is on how to identify a
suitable value of δt. Fortunately, we have already analyzed under real-
field investigations about the traffic estimation period as discussed in
Section 3.2. Therefore, it is suitable to select δt as the same as the
traffic estimation period ∆t which is 10 minutes.

Step 4 The aforementioned state changing procedure repeats until user turns
off the mobile application explicitly. At this time, the data collection
function changes its state to stop.

Identifying user movement:

The user movement should be understood as movement of a vehicle that is
traveling on street with a relevant speed such as 5km/h during a relevant
period of time such as 2 minutes (120s). The process of identifying user
movement consists of two phases as described in procedure 2.

Procedure 2: Identifying user movement

Phase 1 Identifying a critical circle C(M,R), where M is the origin position
of the mobile users and R is the critical radius. As we have assumed
above, with a speed of 5km/h during 2 minutes (120 s) and if user
moves in a straight line, then R = 120 s*5000 m/3600 s = 166.7 m.

Phase 2 Identifying user position during the evaluation time (i.e., 2 minutes).
Let L = {li: i = 1 . . . n} be the set of adjacent user’s positions
extracted from GPS data during the evaluation time. It should be
noticed that, since the GPS sampling time is ε = 8 s as described in
Section 4.1, n = 120/8 = 15. Let k (0 ≤ k ≤ n) be the number of
positions which are inside the circleC(M,R). If k = n, we can infer
that the considering user does not move significantly as all of his or
her positions are inside C(M,R). Otherwise, that user is moving.

5 Implementation

This section presents the implementation of the proposed approaches in an
integrated system which can be deployed for real-world applications. The
system is implemented in a 3-tier model: Application, Computing server, and
Database server as depicted in Figure 7.
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Figure 7 System implementation model.

• Application: The application is implemented in a mobile application
allowing user to interact to the system for user to share GPS data
and retrieve traffic information. Two types of functionalities including
(i) automations on data collection and pre-processing as discussed in
Section 4, and (ii) mobile application GUIs for user to retrieve traffic
information and ITS services such as routing have implemented. The
application layer connects with the database server via the API server.
Figures 8 and 9 present two useful GUIs for mobile users as displaying
real-time traffic status on the urban traffic map and providing routing
suggestion based on current traffic conditions, respectively. We use this
system for evaluating the effectiveness of our proposed methods that is
presented in Section 6.

• Computing server: The computing server is the heart of the system that
implements data analytic processes such as data validation and traffic
estimation as described in Section 4. This component is deployed at the
data center or in the cloud.

• Database server: This component stores GPS data reported from users
for the computing server to compute traffic estimation. In addition,
the analyzed traffic information is also stored to disseminate to users
when requested later on. This information is also integrated as a data
warehouse (see Figure 1) for further analysis such as to forecast traffic
conditions when real-time data are missed or used for urban plan mak-
ing. This work utilizes MongoDB for data management as it flexibly
stores data in a document-based data using JSON format which is
compatible with our data design of road segment and traffic status as
discussed in Section 3. In addition, data format, indexing and sharding
techniques supported by MongoDB can help the scalability of the sys-
tem be more viable in the future when the system is expanded to apply
in other cities rather than just in HCMC at its current stage.
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Figure 8 Displaying traffic status on urban traffic map in the mobile application.

Figure 9 Routing suggestion based on current traffic conditions.
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6 Evaluation

This section evaluates and analyzes the feasibility, the effectiveness and the
efficiency of the proposed approaches via real-field experiments using the
real-world deployed system in Ho Chi Minh City, the largest city in Vietnam.
Mobile users use Android smartphones to install our implemented mobile
application for evaluation while the cloud server consists of Intel Xeon E-
2640 (6 cores, 2.5GHz), RAM 32GB, Bandwidth 14Mbps.

6.1 Feasibility

In order to validate the feasibility of the proposed approach, we have launched
a website to introduce our project including a link for users to download the
mobile application [22]. During 6 months from December 2020 to June 2021
there are more than 2000 users downloaded and used the mobile application.
We have conducted a survey to users in order to understand their views about
traffic condition in Ho Chi Minh City and their feedbacks on our proposed
system in terms of providing useful traffic information and helping them to
avoid entering congested areas. Tables 3 and 4 show user distributions in
gender and age, respectively. After removing invalid responses we obtained
503 answers from 220 males, 270 females and 4 answers with unclear gender
(other). This distribution is mostly balance (between male and female users).
Table 4 shows that most of the answers come from users whose age is from 20
to 40 years old (cumulative percent is 94.6%). This fact is positive as young
people (age from 20 to 40) is caring traffic information as they commute

Table 3 Distribution of users in gender
Number of Samples Valid Percent (%) Cumulative Percent (%)

Valid Male 220 43.7 43.7
Female 279 55.5 99.2
Other 4 0.8 100.0
Total 503 100

Table 4 Distribution of users in age
Number of Samples Valid Percent (%) Cumulative Percent (%)

Valid Age < 20 99 19.7 19.7
20∼30 280 55.7 75.3
30∼40 97 19.3 94.6
>40 27 5.4 100
Total 503 100
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Table 5 Frequency of users who face to traffic congestion in their daily commuting
Number of Samples Valid Percent (%) Cumulative Percent (%)

Valid Frequently 238 47.3 47.3
Sometimes 248 49.3 96.6

Never 17 3.4 100
Total 503 100

a lot for their work. On the other hand, young people has advantages in
accepting new technologies for problem solving, in this case is using our
mobile application for updating traffic information and optimizing their travel
routes.

Table 5 shows detailed ratio of users who face to difficulties in terms of
traffic condition when they commute in their daily activities and for their
work. Here, more than 47% of users face to traffic congestion frequently.
Meanwhile, other 49% of people sometimes faces to traffic congestion,
revealing a cumulative percentage of 96.6% of people face to difficulties in
their daily commuting. This data also explain while more than 90% of users
who answered the survey provided positive feedbacks to our proposed mobile
application and the system functionalities as they are useful for them.

6.2 Effectiveness

Parallel to the feasibility, we have evaluated the effectiveness of the proposed
approaches by comparing the accuracy of our solution and the available
system, namely TomTom [23]. We have selected a loop of streets whose
length is around 5km composing of 110 road segments for experiments. It
should be noted that TomTom is not viable at every location in the city,
it just works in the city’s center where the density of its users is relevant.
However, our system works at any location around the city as mobile users
are available everywhere. Therefore, the loop of street selected above was
carefully examined as it is in the city’s center and data from TomTom is
available for comparison to our proposed method. We have conducted 2 types
of experiments simultaneously as follows.

Firstly, we asked 20 volunteers to carry mobile phones installing our
developed application and travel on the aforementioned streets in 15 days
during time frames with heavy traffic, namely from 6:00AM – 8:00AM. The
traffic data were automatically sensed and reported to the analytic server
for computing traffic condition as presented in Section 4. Secondly, we
used TomTom to collect traffic condition on the same road segments during
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Figure 10 Traffic estimation by our mobile application utilizing GPS data compared to the
TomTom.

the same times. Then we compared traffic conditions revealed by the two
systems. Figure 10 shows velocities providing by our mobile application
compared to those values from TomTom at experimented road segments. The
result shows that our methods can estimate traffic state effectively compared
to the TomTom. However, as discussed previously, our approach is more ubiq-
uitous while TomTom is viable at limited locations. Therefore, the proposed
approach is relevant enough to be applied in real-world application.

In addition, we also validate the effectiveness of our proposed system with
available systems that are currently being applied in Ho Chi Minh City such
as Google Maps [13], the Department of Traffic and Transportation portal
(DOTT) [1] and The Voice of Ho Chi Minh City (VOH) radio channel for
urban traffic information [7]. Comparing the traffic conditions displayed in
our mobile application’s map and those displayed in Google Maps, there are
80% of the cases the traffic conditions are similar. These other 20% (the
differences) could come from the lack of real-time traffic data on Google
Maps. In order to validate this view, we have analyzed the data from VOH [7]
which are records of traffic conditions reported by volunteers to identify the
“hot” location-time patterns. A hot pattern means at a given location and
in a particular time frame (e.g., at intersection A from 6:30AM – 7:00AM)
traffic congestion frequently occurs. From this analysis we obtained 500 hot
location-time patterns. We selected 30 patterns from this dataset, named set
A. Then, we selected other 30 patterns (location-time) which are not included
in the aforementioned 500 hot patterns and named this set B. The purpose
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of this selection is to narrow the scope of our evaluation while keeping the
characteristics of the two datasets completely different.

Validating our system and Google Maps against these two datasets we
found that set A provides almost the same results from two systems while the
differences come from set B. This result provides a hint for the first-glance
opinion that Google Maps missed real-time data at un-hot location-time
patterns since the number of its users is not adequate. In order to confirm
the above finding, we use camera systems from DOTT [1] for validating
which system is more effective. It should be noted that the DOTT does
not provide traffic information like the average velocity, or the LOS pre-
sented in our work, it just provides real-time video streams about traffic
situations. Therefore, we need manually watch on the cameras and compare
the situations displayed on our mobile application and on Google Maps. We
recognized that, in many cases Google Maps does not correctly represent
traffic condition. Meanwhile, our mobile application is confirmable with the
camera data. This result confirms the effectiveness of our proposed approach
which better reflects to real-world situations and it is better compared to the
state-of-the-art system, namely Google Maps. However, it should be noted
that, this evaluation size is still small. We need to investigate better solutions
for estimating traffic condition from DOTT such as those from video data
analytic [24–26], data mining [27, 28]. These directions not only help to
evaluate our currently proposed method better but also provides rich crowd-
sourced data from camera to enhance the effectiveness and the robustness of
our research in it bigger direction.

6.3 Efficiency

In order to confirm the efficiency of the proposed approach we evaluated
the response times of main functionalities, the required memory (RAM) for
running mobile application, as well as the battery usage compared to other
systems.

Firstly, we evaluated the system’s main functions’ response time using
Jmeter [29]. We have conducted 30 experiments with 50 concurrent requests
for each of the following main functions: The 1st time loading traffic map
(denoted as 1st load), location search (Search), Display 500 and 1000 seg-
ments’ traffic state (Dspl 500 Sgm, Dspl 1000 Sgm, respectively), Routing
with 2km in distance that consists of from 2 to 4 intersections (denoted as
Rtn 2km 2 – 4 intersections). The average response times were then compared
with those from the prototype in [4, 8] and with similar functionalities in the
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Table 6 The efficiency of the proposed system
Response Time (ms)

Functionality Proposed Approach Previous Work in [4, 8] DOTT [1]
1st load 830 1151 818
Search 920 1205 860
Dsp 500 Sgm 930 2026 980
Dsp 1000 Sgm 1138 3292 1200
Rtn 2km: from 2 to 4 590 880 time out
intersections

Table 7 Memory usage and battery consumption
Average RAM Usage (MB)

Proposed mobile application 262
Google Play 200
YouTube 230
WhatsApp 264
Twitter 400

DOTT system [1]. Table 6 shows that the proposed approach significantly
improves the performance compared to its previous counterpart [4, 8] and the
DOTT system. For example, it takes less than a second (930 ms) to display
traffic state of 500 segments, while the previous prototype, and the DOTT
app [1] requires 2026 ms and 980 ms, respectively. In addition, our approach
provided appropriate routing functions to user and continuously reduced the
response time from 880 ms to 590 ms compared to our previous work in [4, 8].
Meanwhile, the DOTT system does not work (time out) with this function.

In addition to the response time, we have evaluated the memory (RAM)
usage and battery consumption of the proposed mobile application compared
to off-the-shelf mobile applications such as Google Play, YouTube, What-
sApp, and Twitter. We used Android Studio Profiler [30] to evaluate the RAM
usage on mobile applications. As shown in Table 7, our proposed approach
significantly outperforms the commercial ones as it consumes 262 MB RAM
while off-the-shelf ones consume from 200 MB to 400 MB.

For the energy saving, we have conducted statistical comparison on the
battery consumption by our proposed mobile application and common func-
tions on mobile devices such as the screen and Android system. We conducted
the experiments on Xiaomi Mi 9T, Android version 10, CPU Snapdragon
730, 8 cores, RAM 6GB. We revealed that on average our proposed mobile
application consumes 11.66% of the battery which is significantly lower than
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that in Screen and Android system consumptions which are 11.75% and
18.04%, respectively. This battery saving comes mainly from the idle-aware
data fusion mechanism presented in Section 4.

The evaluation results presented above confirm the feasibility, effec-
tiveness and efficiency of the proposed approach and the deployed mobile
application leading to their readiness for real-world applications.

7 Conclusion

This paper proposed a novel approach to mobile crowd-sourced data fusion
and urban traffic estimation. We have devised an effective system architec-
ture which consists of mobile crowd-sourced traffic data fusion and traffic
condition estimation. Appropriate models for crowd-sourced data validation
to improve the quality of input data thus enhance the quality of the analyzed
traffic condition has been proposed. The idle-awareness data confusion helps
to save the scarce computational, communication resources, and battery thus
improving the effectiveness and the efficiency of the proposed approaches.

Experimental results from real-field deployments of our proposed system
in Ho Chi Minh City, the largest city in Vietnam, revealed the feasibility and
the robustness of our proposed approaches. The proposed system provided
accurate and in-time traffic information to different stakeholders including
commuters and authorities for their operational tasks as well as urban policy
making. We have conducted a thorough survey on mobile users to understand
their need of a system that supports them updating traffic information, finding
suitable routes, thus help eliminating traffic congestion in big cities. Surveyed
data obtained from an adequate number of users reveal that the proposed
system and mobile application for traffic estimation are useful for mobile
users. In addition, the evaluation results also confirmed that the proposed
approaches outperform the state-of-the-art systems in terms of effectiveness
and efficiency. These results reveal that the proposed system is ready for
applying to real-world applications, not only in Ho Chi Minh City but also in
urban cities that are facing traffic congestion issues, especially in developing
countries where traffic infrastructures have not yet been developed well.

This research also leads to potential research directions on enhancing
the utilization of crowd-sourced data fusion and analytic to resolve traf-
fic congestion issues. This work utilized only data from mobile users so
that there still some limitations on the coverage, the availability of real-
time data and the means for double-checking of data from different sources
for data validation. In this sense, we need to investigate other traffic data
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sources which are already available but are not in a good structure for traffic
estimation. For example, we can research on computer vision [24–26], data
mining and machine learning [27, 28] techniques to analyze data from city’s
camera systems for traffic estimation. In addition, data mining techniques are
worth to be investigated and applied to predict traffic condition at locations
where real-time data are missed to enhance the effectiveness of the proposed
approaches. Another potential research direction is to study on incentive
models such as game theory for data crowd sourcing to encourage user
using our system thus contribute more data to improve the quality of traffic
estimation models.
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