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URBAN TRAFFIC DATA COLLECTION
AND TRAFFIC VIEW APPROACHES
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Abstract: Data quality is crucial in crowd-sourced traffic information systems. While
expanding data collection methods is essential, ensuring accuracy and reliability is equally
important. Conventional traffic information systems collect data through multiple methods such
as web-based forms, speech data, and GPS sensors on mobile devices. This paper enhances
these methods by introducing new approaches to traffic data collection from cameras that
leverage existing city surveillance infrastructures to provide a continuous stream of real-time
traffic data. A novel approach for background scheduling to update traffic status predicted from
camera-based data applying Al models is proposed. Then we design necessary components to
implement background data fetching scheme to insert traffic camera data into the existing traffic
information system which is used to evaluate the proposed approaches in real-world scenarios.
The results revealed the effectiveness and the efficiency of the proposed mechanisms showing
that they are ready to be applied in real-world applications.
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1. INTRODUCTION

Data quality is paramount in crowd-
sourced traffic information systems (Ha et al.,
2020). Modern traffic information systems
such as UTraffic (2024) collect data through
application forms, speech data, and GPS
sensors on mobile devices. Although, these
approaches aim at enhancing the coverage of
the ITS systems by leveraging mobile user
contributions, there still difficulties need to
be resolved to reach a suitable incentive
model in  recruiting mobile users’
contribution. Therefore, a mobile crowd-
sourcing intelligent transportation system
(ITS) such as UTraffic is struggled to
maintain a continuous flow of user-generated
data. The system often has to resort to the
base (background) data instead, which is
created based on statistical traffic data
(Quang et al., 2022). This work grouped the
base velocity of street segments according to
time slots, and a traffic status query will refer
to the closest slot to the query time. This data
was populated using TomTom (2024), and
the authoring group managed to make it
available to all street segments in Ho Chi
Minh City. Obviously, in this approach the
real-time traffic information 1s missed,
meanwhile updating this background traffic

data required a well-design and huge amount
of resources which cannot be conducted
frequently. On the other hand, there still are
various existing crowd-sourced systems such
as surveillance cameras where traffic data can
be extracted in real-time.

This paper aims at improving the
efficiency and  feasibility = of  the
aforementioned methods in real-world

applications by introducing new approaches
to image-based traffic data collection that
leverage existing city surveillance cameras
and mobile user contribution. In addition,
design and integrating TrafficView function
into UTraffic to show and provide real-time
traffic conditions from surveillance cameras
is a practical requirement. The integration is
particularly exciting since it marks a novel
approach to UTraffic’s data collection
scheme. Unlike traditional methods that rely
solely on user input, TrafficView opens the
pathway to a constant stream of objective
traffic data derived from real-time image
analysis utilizing Al techniques. This
eliminates the potential of user bias or
inconsistency often present in crowd-sourced
data.

Moreover, a novel approach for
background scheduling to update traffic
status predicted from camera-based data
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applying Al models is devised. This
information is not only accurate but is also
reliable. By having the means to access and
analyze it, the proposed approaches
integrated in UTraffic is ready to adapt and
extend seamlessly to real-world applications,
even should more cameras be installed. The
main contributions of this paper can be
summarized as follows:

Proposes a novel approach to collect and fuse
traffic data from surveillance camera systems
which can be extended for collecting traffic
data from mobile users' cameras.

Integrate the proposed approaches into a real-
world system, namely UTraffic, applied in
Ho Chi Minh city, Vietnam. The evaluation
results from this system confirm the
effectiveness and the efficiency of the
proposed mechanisms.

The rest of the paper comes up with a
literature review on related work on Sect. 2.
The proposed approaches are presented in
details in Sect. 3. Sect. 4 describes the
implementation and evaluation while Sect. 5
concludes the paper and draws out future
work directions.

2. RELATED WORK

Urban traffic monitoring and forecasting are
important  issues in the intelligent
transportation systems (ITS) field that attract
academic and industrial research in the recent
years (A. Essien et al.,, 2019). In order to
provide accurate traffic information and
appropriate traffic forecasting, traffic related
data must be collected accurately and in-time.
Conventional approaches rely on road-side
fixed sensor systems such as radio frequency
identification (RFID) and camera systems to
extract traffic data. However, these systems
are limited in terms of coverage, deployment
and maintenance cost, especially in
developing  countries  where  traffic
infrastructures have not been developed well
to catch up the development requirement.

The advances of mobile and IoT technologies
allow wus to |utilize crowd-sourcing
approaches to traffic data collection from
various sources such probe vehicles, mobile
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users, radio channels, and existing fixed-side
systems (Sciberras & Inguanez, 2018;
Steenbruggen et al., 2013; University of
Maryland Transportation Studies Center,
1997; Bar-Gera, 2027; Mobile Millennium,
UC Berkeley, 2024). Studies in CityDrive
(Zhao et al., 2014) and GreenDrive (Zhao et
al., 2017) introduced mechanisms to collect
vehicles' movements via GPS, then estimate
volumes and velocities of traffic flows at
particular intersections. These studies reveal
the feasibility of providing real-time traffic
information and smart driving services using
crowd-sourced data. However, there are
many issues related to GPS errors and the
user willingness in utilizing these systems
have not yet been thoroughly analyzed.
Beside GPS based approaches, mobile users
can report traffic condition via application
forms or speech reports on mobile apps
(Quang et al., 2022a; Quang et al., 2022b;
Quang & Huu, 2021). Numerous studies have
focused on collecting, analyzing, and
evaluating traffic status from various sources
including from mobile wusers and the
surveillance camera systems such as VTIS
(Vietham Traffic Information System)
(VTIS, 2024) and UTraffic (2024). These
web-based systems, including a mobile app
for Android to collect traffic data from traffic
channel channels such the VOV (The Voice
of Vietnam) on FM91 MHz (VTIS, 2024) and
the VOH (The Voice of Ho Chi Minh City)
on FM95.6 MHz, 2024). Mobile users and
commuters can report traffic condition that
they observe by putting the data into the
mobile app's form and send to the server or
call to the radio station to directly report the
traffic information. In order to enhance the
voice traffic data processing, the study in Ty
& Minh (2023) proposes solution to extract
traffic data utilizing ASR (Automatic Speech
Recognition) mechanisms.

As a solution to the coverage issues, both the
mobile crowd and fixed sensors systems
should be utilized for traffic data collection.
One of the reliable of traffic data source is the
traffic surveillance camera system which is
originally deployed for manually monitoring
traffic condition. With the development of
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artificial intelligence, neural network models
are widely used in traffic analysis from
surveillance video such as Region-based
Convolution Neural Networks (R-CNN)
model (Arinaldi et al., 2018) or the single shot
based approaches such as SSD (Single Shot
MultiBox Detector) (Liu et al., 2016) or
YOLO (You Only Look Once) (Redmon et
al., 2016) for vehicle detection. From then
traffic density can be estimated. However,
these approaches have not thoroughly
analyzed the difficulties and appropriate
solutions for collecting traffic data from a
large number of cameras to make the solution
available in real-world applications.
In this current work, we will present and
analyze techniques to collect camera data,
extract traffic data from them and visualize
A them as the map of large urban traffic
network. The proposed approaches are
also implemented in mobile and web-based
systems used for real-field experiments
toward real-world applications.

3. PROPOSED METHOD

A. Designs for a background schedule to
update traffic status from city surveillance
cameras

Firstly, this work's core is extracting traffic
data from city's surveillance cameras whose
uptime are excellent, and that the information
they portray are highly reliable. Here, we
need to determine main components and
functionalities that should be integrated into
the UTraffic (2024). According to our real-
field observation and analysis, when
inspecting a road segment, users want to
obtain two key pieces of information, which
are its traffic flow's velocity and the source of
the report since UTraffic fuses data from
various crowd-sources which may reveal the
argues on the source reliabilities.

Obviously, from the camera data we can
devises Al-based models for predicting
traffic related information such as traffic flow
velocity, density, and overall condition based
on the level of service (LOS) (Tan et al.,
2021). The prediction model is briefly
described as follows.
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Images of traffic are extracted from
surveillance cameras which are sent to the
server where AI/ML models are implemented
to predict traffic condition. The resulted
traffic information is sent to commuters for
their daily activities such as routing for their
travel and to the traffic management for
policy and decision making. In addition, to
train the AI/ML models, we need to prepared
training dataset by having volunteers labeling
the images and store them in a database
system.

This work aims at predicting traffic
condition using three indicators: the LOS,
density and traffic flow velocity. Therefore,
each image will be labeled according to these
classes. Here, LOS is labeledin A, B, C, ..., F
describe as follows:

A (Free flow) when the velocity is

greater of equal to 35km/h

B (Reasonable free flow) when the

velocity is from 30km/h to 35km/h

C (Stable flow) when the velocity is

from 20km/h to 30km/h

D (Heavy flow Approaching unstable

flow) when the velocity is from 12km/h

to 20km/h

E (Lightly congested flow) when the

velocity is from Skm/h to 12km/h

F (Congested flow) when the velocity

is from Skm/h to Skm/h
In addition, Density of the traffic flow
represented in the image is labeled in 0, 1, 2,
3, 4 ranging from the best to the worst traffic
condition, respectively. Meanwhile, traffic
flow velocity is estimated in a real number
representing the speed (e.g., 20 km/h) of a
traffic flow. For example, when the street is
free the speed can be 40, 50 or 60 km/h, and
the speed at a heavy road could be 15 - 20
km/h. For example, the image in Fig.l is
labeled as: LOS = A, Density = 1 (base on the
right lane), and speed = 60km/h.
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Figure 1: Labelling traffic condition based on
LOS, velocity and density

As for the traffic prediction, we have
applied various deep learning approach
dedicated to image processing and evaluate
their effectiveness to find out the most
appropriate one for real-world application. In
this work, we have selected 5 modern models
for study which are Selt-attention+YoloBox,
EfficientNet, VGGle,
GoogleNet/Inception vl,  Resnet.  The
experiment results of these methods are
shown in the evaluation section.

To integrate this functionality seamlessly
into UTraffic while maintaining a lightweight
background fetch mechanism, we propose
utilizing only the velocity model. This choice
aligns with the data visualization approach
adopted by UTraffic’s web client, which
primarily focuses on displaying real-time
traffic flow velocities. The following are the
reasons why focusing on the velocity model
is a strategic decision:

o Efficiency: Processing traffic camera
images through all three models
(velocity, density, and condition)
would be computationally expensive
for a background schedule. The
velocity model alone offers a sufficient
data point for our purposes.

Data redundancy: UTraffic’s existing
system already incorporates
preconfigured logic to convert velocity
data into corresponding density and
condition levels. Therefore, directly
retrieving velocity information

17

S6 01 - Thang 10/2025
Website: https://js.siu.edu.vn

eliminates the need for redundant
calculations within our background
fetch process.
B. Inserting traffic camera data into the
existing system

A critical aspect of this work involves
seamlessly integrating traffic camera data
into the existing UTraffic system which
analyzes traffic from multiple data sources. It
is worth noted that hovering over a traffic
status polyline the current traffic flow
velocity along with its data source provides
more information and reliabilities to users.
Therefore, we propose incorporating traffic
camera data as an additional data source
whose level is the same as the original mobile
crowd-sourced data. This approach aligns
with the established logic of the UTraffic
application, eliminating the need to develop
entirely new data processing pathways.

To add the traffic camera status to the
tarffic information flow in UTraffic, we
applied Al mechanism to predict traffic flow
velocity, and then reuse the reporting
functionality intended for crowd-sourced
data which 1s already implemented in
UTraffic. The original, form-based method
receives starting and ending pairs of
coordinates so as to determine the correct
way of the segment to be updated. Due to
most streets being in two ways, this is a
necessary approach. However, we do not
have such a luxury for a camera image, since:

e The camera has no knowledge of how

the lanes it observes is divided. For
example, Fig. 2 shows the view at an
intersection between in Ho Chi Minh
City. The main traffic flow is in two
lanes, while a third is waiting near the
right corner, presumably for a red light.
The model simply counts the vehicles
that are within the view and generates a
prediction for the velocity accordingly.
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Figure 2: A camera enables the view to an entire
street and has no knowledge of the radius it
covers or the lanes in view.

e The camera only covers a small field of
view, and this value differs depending
on the individual camera. Moreover, an
angle value exists for some cameras as
we inspect the data, but largely vacant
otherwise.

This angle could be the value formed by
the meridian going through the center of the
camera with the line beginning from its center
of view. The value itself could be valuable in
pinpointing the segments whose status will be
updated by the camera’s prediction outputs.
However, the number of cameras missing this
field is accounting for 33% (177 cameras) of
the total cameras in the system. Manually
labeling this field is an option, but given the
time limit, we decided against it.

To make the integration possible, we
accept the cameras’ location themselves as
the sole coordinates for the report instead.
This also allows us to utilize an existing
functionality of the system, which is finding
nearby segments of a given pair of
coordinates. The velocity data extracted from
the camera image using the Al model is then
used to update the traffic status for each of the
identified segments. This approach ensures
that the real-time traffic flow information
captured by the camera is effectively
reflected in UTraffic. The reason for us to
accept a maximum of 100 segments is
because there are many street segments levels
that we need to account for. Having a lower
number can accidentally leave out a set of
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street segments of different levels, which can
affect the status when viewing the map on
different zoom levels. Figure 3 clarifies the
method.

Figure 3: With the camera’s location field, we
can determine the segments within a 50-meter
radius circle whose center is the camera. The
status extracted from the camera will be applied
to the segments within this circle.

C. Camera traffic data update in large cities

Our consistent goal is to expand the status
mapping in a large scale aiming at applying
to the whole Ho Chi Minh City area. To
extend the operation to all the cameras in the
city, we perform a query to the camera
collection in the database for those that are
active resulting in an array of cameras. Then,
their IDs are extracted, and we process them
linearly to make calls to the computing server
responsible for predicting the traffic flow
velocities. We generate a traffic status report
as soon as a velocity value is available, and
then we move on to the next. A try-catch
block is placed on this to prevent cases where
the operation might fail, or if there is no
segment to update. Therefore, between two
consecutive cameras, the operation for the
previous one is guaranteed to terminate
before the latter, avoiding cases where a
failed update could invalidate all the pending
cameras. This also alleviates memory
pressure, because the data is written as soon
as it is generated without being stored in
memory.

Our initial approach to fetching traffic
camera data relied on a 5-minute cron job
where the backend application calls the
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update function and performs the mapping.
However, considering the extensive camera
network in Ho Chi Minh City, this approach
presented scalability limitations.

a) Challenges of fixed-interval fetching

With iterative camera  processing,
assuming a l-second processing time per
camera, fetching data for all cameras would
require approximately 403 seconds (total
cameras times the processing time per
camera). This exceeds the 5-minute cron job
window, resulting in an incomplete data
update cycle.

While updates are written as generated, the
loop terminates at the S5-minute mark,
creating a “dead zone” for unprocessed
cameras at the end of the queue, as shown in
Fig. 4. Restarting the loop before those
cameras are visited perpetuates this issue.
Extending the cron job interval to 10 minutes
would not solve the problem either.
Assuming a 2-second processing time per
camera, the total processing time would
become 806 seconds, again exceeding the
update window.

Successily
l om0 Not vished camenas

Figure 4: The iterative update of traffic status
based on camera and a strict time window
reveals a “dead zone” when the loop resets
before the cameras in this zone can be visited for
traffic data extraction.

b) A self-calling function for improve
efficiency

To address these Ilimitations, we re-
investigated UTraffic’s reporting logic and
found that each segment status report has a
30-minute validity period (Quang et al.,
2022). When a client requests traffic status
updates via the API, the system checks for the
validity of traffic status reports that are
present for the segments included in the
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response. If these reports are expired, the
system retrieves data from the base source
instead. While the system does update its
cache every 5 minutes, this action does not
invalidate the report yet as it only scans
whether new reports are submitted to
UTraffic. We do not need to worry that the
traffic camera data reports will expire after
this 5-minute window, since their validity are
not determined by it. As a result, camera data
can persist for up to 30 minutes like any other
report submitted by mobile users. This
characteristic allows us to adopt a new
strategy in which the background update
function will call itself once it finishes. This
is akin to recursion (Causey., 2006), where a
function is applied within its own definition.

¢) Schedule the traffic camera data
background fetching

Rush hours in HCMC set the basis for our
schedule, rush hours for road traffic are from
6:00 to 8:00 in the morning and from 16:00 to
19:00 in the evening, daily (Ha et al., 2020).
Therefore, we set up the background fetch
function to run as follows:

e Rush hours (6:00 — 8:00 and 16:00 —
19:00): The  function  restarts
immediately after a round trip, with no
delay between consecutive cameras.
Night (23:00 - 6:00): The function is
disabled.

Other times: The function restarts
immediately, but with a 5000ms delay
between consecutive cameras.

The schedule is controlled by the function
itself with the help of a new cron job. At 6:00
daily, the cron job will start its execution.
Then, after the function has completed a
round trip, it checks whether the current time
is still between the rush hour blocks. If yes,
then the function restarts itself or does so with
the introduction of the middle delay
otherwise. If the time is between the
nighttime block, the fetch will skip the recall
part completely, and stops its execution.
When it gets to 6:00 again the next day, the
whole process restarts similarly.

To this point, the automated data
acquisition method is complete. Next, we
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move on to how the study on cameras power
user-submitted images as a new source of
community data.
D. User-submitted images as crowd-source
data

TrafficView introduces exciting
possibilities for enhancing UTraffic’s data
collection through user-submitted images.
This functionality allows users to capture
real-time traffic conditions directly from their
phones and upload them to the system,
complementing existing traffic report
methods via forms, speech recognition, and
GPS sensors. We need to assess the current
method for gather crowd-sourced data and
then compare that with user-submitted
images. Traditionally, reports for traffic are
done with a form submission, as seen in Fig.
5 with the following fields:
Starting and ending coordinates: The form
accepts two pairs of coordinates in order to
determine the correct segment as well as the
way traffic is meant to be reported. Since the
average segment length is 100 meters (Quang
et al., 2022), the maximum distance allowed
between two coordinates is also 100 meters.
Velocity: The average velocity that the user
identifies for the reported location.

Bio Cio Tinh Trang Giao Thang
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Figure 5: A traffic status report form where
mobile user must specify a starting location (1),
an ending location (2), and the velocity (3).

Such a form is simple, user intuitive and
effective in gathering data. On top of the
velocity, they can report extra details
including the cause of the traffic congestion,
the weather condition, and other description
if they wish to. However, a form requires
manual input and may not be convenient for
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users to interact with while they are on the
move, potentially  disrupting  traffic
themselves.

To make it easier for crowd-sourced data
to be gathered, a background fetch using GPS
sensors was developed for Android devices
(Quang et al., 2022). This feature also
included a sleep/wake-up mechanism,
breakthrough helping in limiting sensor
polling and save energy. The disadvantage of
this method is the difficulty of
implementation on iOS devices. 10S places a
strict limit on background execution, which
renders the feature not working on iPhone
devices.

With user-submitted images, we would
like to not only introduce a novel method of
crowd-sourced data but also resolve the
shortcomings of the existing methods as
follows:

e Streamlined contribution: Users
simply submit a photo taken directly
within the application, minimizing
steps compared to manual form filling.

e Reduced user ambiguity: The existing
methods require the user to specify the
velocity values themselves, whose
drawback is that the same traffic flow
can be identified differently between
two separate users. This leads to
discrepancies between the actual
situation and the report, and
consequently, lessen the submission’s
quality.

o Simplified processing: Taking a photo
and submitting in requires less
processing compared to the audio
counterpart (Utraffic, 2024; Dolby,
2024). In a traffic congestion
environment, for example, the
background noise can interfere with the
report and require more processing
effort to identify correct words. On the
other hand, an image is free from such
a noise, and the current system can
process imagery data right away.

Nonetheless, image submission depends
largely on external factors, such as the angle
of the situation, lighting conditions, and field-
of-view. To solve this issue, the image
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processing model should be a prime target of
improvement in later UTraffic’s development
effort.

While the current system discourages
irrelevant submissions by disabling camera
roll access, further filtering mechanisms are
still required to address potential misuse.
User-submitted traffic reports via images
have a temporary visibility window of 15
minutes. After this period, the status of
affected segments reverts to the data obtained
from primary sources.

Similar to city traffic cameras, user-submitted
images are processed to determine the
location and nearby traffic segments. To
ensure accurate location data, access to
location services is required. This step was
done in the on-boarding phase where the app
asked the user for certain permissions. Then,
users simply capture a photo, which is
encoded in Base64 format and sent to the
server for analysis. A user may submit an
image that are too distant from a segment, for
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instance. In normal circumstances, this
results in a rejected report, but for camera
images, we allow the markers representing
every report to be visible on the map anyway.
Overall, user-submitted images, along with
the automated schedule, have given UTraffic
a lot more flexibility in its effort to gather data
to the system.

4. EVALUATION

The proposed system has been deployed for
real-world application in HCMC traffic
estimation and management. Real-field data
generated from it are used to evaluate the
performance of the proposed approaches. In
order to confirm the efficiency of the
proposed approaches the response time of
main functionalities, the required memory
(RAM), the system's fault tolerance with
large numbers of concurrent requests under
limited cloud resources, and the energy
consumption have been evaluated.

Table 1: Execution time measurements for UTraffic 10S

Event Execution time (ms)
Lauch the app 444
Map view’s first display 292
Display 200 segments status 340
Display 500 segments status 420
Routing with a 2km distance 290
Routing with a 4km distance 385
Draw 10 cameras markers 135
Drawing camera image with predictions in modal bottom sheet 690

Firstly, we measured the execution time of
main UTraffic iOS features in Table 1. The
table reveals that most of the main
functionalities’ responses in less than a half
of second, while the longest delay time is for
drawing camera image with predictions in
modal bottom sheet which takes 690ms
which is short enough.
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In addition to the response time, the
memory (RAM) usage of the mobile
application was evaluated to confirm its
runtime efficiency as shown Table 2. Here,
the most RAM consumption is to draw 30
camera makers on the traffic map which
accounted for 223MB, while the application
averages at 185 MB under continuous
execution.
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Table 2: Peak RAM usage recorded for various Utraffic i10S tasks

Event/Task Memory usage (MB)
Device idle 135
Display 200 segments status 148
Display 200 segments status 170
Routing with a 2km distance (from 2 to 4 intersections) 165
Routing with a 4km distance (from 3 to 6 intersections) 173
Drawing 10 cameras markers on the map 160
Drawing 30 cameras markers on the map 223

In addition, RAM consumed by UTraffic
is less than the average value from off-the-
shelf mobile apps as it consumes 85MB and
182MB in the background and the active
modes, which are much smaller than RAM
consumed (on average 250MB) by off-the-
shelf mobile apps.

Energy consumption - one of the most
important  indicator  for  sustainable
computing - of Utraffic mobile app was also
evaluated. This indicator does not only show
how the application drains the battery (a
limited resource) but also the heat of the
device while operating. We consulted the
device’s battery usage levels to compare it
with other running applications. In this
evaluation Utraffic has worked on active
mode for 45 minutes and 22 minutes in
background mode taking 1 hour and 7
minutes in total, but the system was not able
to account any battery percentage that
UTraffic consumes on the i0S device in a 24-
hour cycle. Meanwhile, other applications
such as App Store, Messenger accounted 1%
and 2% battery usage, respectively. It means
that UTraffic is efficient in term of battery
usage compared to off-the-shelf mobile
applications. The system fault tolerance was
also evaluated under a large number of
concurrent requests to the server using
MonkeyRuner (2024). The results revealed
that the proposed mobile app (UTraffic)
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passed 50,000 concurrent requests satisfying
our design purpose.

The experimental results from the real-world
deployed system presented above have
strongly  confirmed  the  feasibility,
effectiveness and the efficiency of the
proposed approaches, which are ready for
practical applications.

5. CONCLUSION

This paper proposed a novel approach to
urban traffic data collection where
surveillance cameras are utilized as important
source for traffic information. Various
approaches have been devised to fuse the
camera data efficiently which in turn is
processed by Al mechanisms to predict traffic
flow velocity. The proposed approaches have
been implemented in mobile and web-based
systems for real-world applications. The
experimental results strongly confirmed the
efficiency of the proposed approaches. In the
future, we will conduct further research on
encouraging mobile users to contribute real
traffic data to complement with the camera
data for traffic analysis.
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URBAN TRAFFIC DATA COLLECTION

AND TRAFFIC VIEW APPROACHES
Tran Minh Quang”

Tém tit: Chét luong dir liéu dong vai tro thiét yéu trong cac hé thong thong tin giao thong
dua trén ngudn dir liéu cong dong. Bén canh viéc mé rong cic phuong phéap thu thap dit licu,
viéc dam bao tinh chinh x4c va d¢ tin cdy cua dit liéu la didu khong thé thiéu. Cac hé thong
thong tin giao thong truyén théng thu thap dir liéu thong qua nhiéu phuong thirc nhu biéu mau
tryc tuyén, dit liéu giong n6i va cam bién GPS trén thiét bi di dong. Nghién ciru ndy nang cao
cac phuong thire d6 bang cach gidi thiéu cac phuwong phap maéi thu thap dit liéu giao thong tir
camera, tan dung ha ting giam sat do thi hién c6 dé cung cap dong dit liéu giao thong thoi gian
thuce lién tuc. Mot phuong phap méi vé 1ap lich nén nham cap nhat trang thai giao thong dugc
du doan tir dir liéu camera dua trén mo hinh tri tué nhan tao (AI) dugc dé xuat. Tiép theo, ching
t61 thiét ké cac thanh phan can thiét dé trién khai co ché thu thap dit liéu nén, nham tich hop dit
lidu tir camera giao thong vao h¢ théng théng tin giao thong hién c6, qua d6 danh gia cac phuong
phap dé Xuat trong cac kich ban thyc te Két qua cho thay hiéu qua va tinh hiéu suit cua cac co
ché d& xuat, chirng minh rang chiing sin sang dugc ap dung trong céc tng dung thuc té.

Tir khoa: crowd-source; urban traffic; ITS
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