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ABSTRACT System (ITS) applications.
This  paper introduces Our hypothesis was verified
DataFITS (Data Fusion on through two applications
Intelligent  Transportation that utilized traffic

System), an open-source estimation and incident
classification models.

DataFITS collected four

framework that collects and
fuses traffic-related data
from  various  sources, data types from seven
creating a comprehensive sources over nine months
dataset. We hypothesize and fused them in a
that a heterogeneous data spatiotemporal domain.
fusion  framework  can Traffic estimation models

enhance information used descriptive statistics

coverage and quality for
traffic models, increasing
the efficiency and reliability

of Intelligent Transportation

and polynomial regression,
while incident classification
employed the k-nearest
neighbors (k-NN) algorithm
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with Dynamic Time
(DTW) and

Wasserstein metric  as

Warping

distance measures. Results
DataFITS

significantly increased road

indicate  that

coverage by 137% and
improved information
quality for up to 40% of all
roads through data fusion.
Traffic estimation achieved
an R2 score of 0.91 using a
polynomial regression
model,  while incident
classification achieved 90%
accuracy on binary tasks
(incident or non-incident)
and around 80% on
classifying three different
types of incidents (accident,
congestion, and  non-

incident).

1.INTRODUCTION
Today one of the leading causes of

death worldwide among children and
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adults is road accidents. The injuries
caused by these fatal accidents cause
considerable economic and personal
losses to individuals, their families,
and the country. An estimated 1.3
million individuals each year die as a
result of road accidents. Between 20
and 50 million individuals experience
non-fatal injuries, with many of them
becoming disabled as a result [1]. The
ever-increasing growth in the number
of automobiles is certain to have some
negative. consequences, the most
likely of which is an increase in the
frequency of fatal road accidents in
densely populated places, resulting in
a huge Dburden on the urban
infrastructure. It is dreaded that if we
fail to take definitive precautionary
measures to overcome these statistics,
then road accidents will take over as
the fifth major cause of death by
2030. Despite these fatal
consequences, this problem receives
scanty attention and there is a lack of

developing systematic methods to

1415



e
e “*ﬁ.\'*‘ T WP A T = =
hﬁvﬂw \ w X

[

improve road safety.  Studies show
that over 90 percent of the global
traffic accidents occur in medium to
lower income countries such as Kenya
[2], [3] which is one such example as
more than a thousand fatalities occur
due to road crashes consisting of a
mean of 7 out of 35 casualties each
day [4]. Majority of these deaths and
severe injuries occur to the population
of 15-59 years who are also the
economically active citizens of the
country, reducing the economic
activity of the country.. Kenya, as a
country ranking in the range of lower-
middle income, has seen an increase
in regional trade deals over the past
decade. Based on the reports from
National Transport Safety Authority
(NTSA), which is the agency
responsible for transportation in
Kenya, a record of 5186 minor
injuries, 6938 major injuries and 3572
deaths was concluded in 2019.

The number of injuries, and fatalities

brought on by these deadly accidents
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can be decreased if preventive
measures are taken, the most crucial
of which are prompt medical attention
for accident victims, information
about the precise situation to the aid
personnel, and accurate data analysis
considering every single factor to
diagnose and predict the accident-
prone zones in a city. The delay in the
arrival of an ambulance has a
significant impact on human life
especially in the case of emergency
response pertaining to road accidents
[5]. If the ambulance fails to reach
the crash site in the critical hour,
casualties may increase, therefore
making each second very significant
to human life. In every big
metropolis, choosing the best places
to place emergency responders
throughout the day as they wait to be
summoned is essential due to the
dense traffic patterns and the city’s
distinctive layout. Monitoring and
controlling these Killer accidents is

even more difficult due to the lack of
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expertise in stationing emergency
response systems. Therefore, the

prompt, automated, and timely

positioning of ambulances can aid the
first responders and doctors by
reducing the effort required on their
end and enabling earlier treatment

decisions.

2.LITERATURE SURVEY

The DataFITS (Data  Fusion
Framework for Traffic and Incident
Prediction) framework represents a
cutting-edge approach in the domain
of intelligent transportation systems,
emphasizing the fusion of
heterogeneous data sources for
enhanced traffic and incident
prediction. This survey explores the
literature surrounding this framework,
highlighting its  foundation in
integrating diverse data streams, such
as traffic sensors, GPS, social media,
weather reports, and historical
incident logs. Key studies illustrate
the framework's capability to process
and analyze data in real-time,
facilitating accurate predictions of
traffic congestion, travel times, and
potential accidents. The incorporation
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of machine learning models and
advanced analytics is a recurring
theme, underscoring the framework's
sophistication in predictive modeling,

anomaly detection, and pattern
recognition.

Research underscores the
framework’s  applications  within

smart city initiatives, where it
significantly contributes to urban
mobility and public safety by offering
predictive  insights  for  traffic
management and incident prevention.
Various studies have demonstrated its
scalability  and  interoperability,
making it suitable for deployment
across different geographical areas
and integration with existing traffic
management  systems.  Moreover,
collaborative efforts between
government agencies, private sector
companies, and research institutions
are frequently documented,
emphasizing the interdisciplinary
nature of advancements in this field.

Innovations in algorithm
development, particularly for data
fusion and predictive analytics, are
central to the literature, indicating a
continuous evolution of
methodologies to improve accuracy
and efficiency. The impact of
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DataFITS is further highlighted in
transportation planning and public
safety, where it assists in designing
efficient transportation networks and
enhancing response strategies to
incidents. Overall, the surveyed
literature paints a comprehensive
picture of DataFITS as a pivotal
framework that leverages data fusion
to transform traffic and incident
prediction, driving the future of
intelligent transportation systems.

3.EXISTING SYSTEM

To develop ITS applications,
significant data is required from real
or virtual sensors [5]. Vitor et al. [4]
present a platform to collect, process,
and export heterogeneous data from
smart city sensors, providing different
statistics and visualizations. However,
their  platform  concentrates on
securing data. Similarly, [6] proposes
a smart city data platform containing
information from various cities. In
contrast to our framework, we focus
on improving the quantity and quality
of the information by fusing data, and
we assess the advantages of using
fused data through two ITS
applications. Data fusion combines
data from multiple sources, enriching
spatiotemporal information [7], [8],
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[9], [10]. Several applications benefit
from data fusion, such as emergency
management [11] and path planning
[12]. However, fusing heterogeneous
data requires additional preprocessing
to combine various data types and
features [13], [14]. This investigation
focuses on two applications supported
through data fusion: traffic estimation
and incident classification, and the
methods to achieve their goals, such
as data acquisition, fusion, machine
learning, correlation, and different
data types.

Traffic estimation is a crucial smart
city application for better
transportation  management.  This
review focuses on data fusion,
spatiotemporal ~ correlation,  and
machine learning techniques to
achieve accurate and reliable traffic
estimation using historical data. The
increasing availability of open
databases (kept by governmental
authorities) and Application
Programming Interfaces (APIs) to
commercial ~ applications  (Bing,
Google Maps, etc.) results in a vast
collection of trafficrelated data,
making big data an opportunity for
heterogeneous data fusion [15]. The
challenge is to combine stationary
sensor data (e.g., traffic cameras or
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loop detectors) and probe vehicle
information (e.g., cameras, GPS,
cellular data, or vehicular sensors).
Anand et al. [16] used a Kalman filter
to fuse traffic flow wvalues (from
cameras) and travel time (from GPS),
improving a traffic estimation
approach. Many recent traffic
estimation models use Machine
Learning (ML) [17], [18], [19], [20],
[21], [22], [23], [24], [25]. Reference
[17] proposes an auto-regressive
model that uses data from a traffic
simulator and adapts to events like
accidents.

Their results showed that estimation
up to 30 minutes ahead has an error of
12%. Meanwhile, [18] employs deep
learning  algorithms  for  traffic
estimation, showing an improvement
of accuracy and efficiency. These
approaches discuss the usage of ML
to create accurate models for traffic
estimation, but do not consider further
methods, such as data fusion,
correlation, etc.

Some ML approaches use
spatiotemporal correlation to improve
traffic estimation quality. In [19], a
neural network(NN)-based estimation
using Graph Convolutional Network
(GCN) and Gated Recurrent Unit
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(GRU) models is proposed with full
public access. The GCN captures
spatial dependencies from the road
network, and GRU detect dynamic
changes in traffic data and captures
temporal dependencies. Other NN-
based approaches, such as [20] and
[21], show similar improvements in
accuracy using data correlation. Wang
et al. [22] propose an open-source
deep learning framework using GCN
to estimate network-wide traffic
multiple steps ahead in time. Zheng et
al. [23] introduce another opensource
solution, the Graph Multi Attention
Network (GMAN), using an encoder-
decoder architecture to provide long-
term traffic estimation up to one hour
ahead. These approaches also include
correlation to improve the discussed
models and offer access to their data
but do not propose a solution for
collecting or fusing data. Limited
literature combines data fusion,
spatiotemporal correlation, and ML to
estimate traffic, similar to our
solution. In [26], the authors fuse
traffic data from stationary and
dynamic sensors, considering the
spatiotemporal correlation between
traffic levels of road segments.

A Multiple Linear Regression (MLR)
model processes the fused
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information to  enhance traffic
estimation accuracy. Unlike our
solution, this approach relies solely on
traffic data from sensors but does not
consider different data types

and sources. Zhao et al. [24] propose
a general platform for spatiotemporal
data fusion to enhance traffic
estimation. The approach introduces a
fusion method to improve accuracy by
combining direct and indirect traffic-
related data as input for two different
ML models. The indirect traffic-
related data  features  contain
information about weather and points
of interest and are used to improve the
estimation quality. However, their
model uses pre-existing datasets,
offering no solution for data
collection, and our study focuses on
incident-related data, while the
authors in [24] consider points of
interest and weather conditions.
Disadvantages

The system didn't implement a data
fusion framework Data FITS and
data applications traffic estimation
and incident classification.

The fused data from DataFITS is not
cleaned, not removing all incident-
related information, as it is not
required by the model, and grouped
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into traffic areas containing one or
multiple road segments.

4.PROPOSED SYSTEMS

The system proposes the Data Fusion
on Intelligent Transportation System
(DataFITS) framework, providing a
spatiotemporal fusion of data used to
train models for two ITS applications,
traffic  estimation, and incident
classification. DataFITS collects and
combines real heterogeneous data
(e.g., weather, traffic, incident) from
various sources (e.g., open databases,
map applications), preparing them by
fixing errors, adapting the data
structure, and finally fusing them in
the exact location and point in time.
Our hypothesis is verified using data
characterization to quantify the
benefits of combining heterogeneous
data sources and the proposal of two
ITS applications. The performance of
the two applications ratifies the
benefits of larger data
coverage/quality while estimating
traffic and classifying incidents.

Advantages

An open-source framework DataFITS
for heterogeneous spatiotemporal data
fusion, covering the acquisition,
processing, and fusion of data,
available in a public code repository.
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« The characterization of a
heterogeneous dataset combining real
traffic data from two cities in
Germany, collected from seven
sources over nine months and
provided together with the repository.

» Two traffic estimation models, one
using  descriptive  statistics and
another using polynomial regression
with different parameters such as
time, road type, and weather, and a
comparison between single and fused
datasets.

* An incident classification model

trained and evaluated on
heterogeneous fused data using k-
nearest neighbors (k-NN), with

Dynamic Time Warping (DTW) and
Wasserstein as distance methods.

5.ARCHITECTURE

Architecture Diagram

Service Provider

Login,

Browse Datasets and Train & Test Data

View All Remote Users.

nnnnnnnnnnnnnnnnnnnnnnnnnn
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In the above architecture by using the
Application server plays a important
role between the signals and GPS
location. The archirecture display the
connection between the user and the
abulance positioning.

In this Project user will give the spot
details of the accident then they can
find through the GPS location near
the ambulace was position

6.MODULES
Service Provider

In this module, the Service Provider
has to login by using valid user name
and password. After login successful
he can do some operations such
asLogin, Browse and Train &Test
Data Sets , View Trained and Tested
Accuracy in Bar Chart, View Trained
and Tested Accuracy Results, View
Prediction Of Drug Recommendation
Type, View Drug

Recommendation, Type Ratio
Download Trained Data Sets, View
Drug Recommendation, Type Ratio
Results, View All Remote Users.

View and Authorize Users

In this module, the admin can view
the list of users who all registered. In
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this, the admin can view the user’s
details such as, user name, email,
address and admin authorizes the
users.

Remote User

In this module, there are n numbers of
users are present. User should register
before doing any operations. Once
user registers, their details will be
stored to the database. After
registration successful, he has to login
by using authorized user name and
password. Once Login is successful
user will do some operations like
REGISTER AND LOGIN, PREDICT
DRUG RECOMMENDATION
TYPE, VIEW YOUR PROFILE.
7.0UTPUT SCREENS

Login Screen:

Register Screen:
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7.CONCLUSION

In this paper, we introduce Data FITS,
an open-source data fusion framework
that integrates diverse data by
collecting, analyzing, and fusing it.
We hypothesize that heterogeneous
data fusion increases data quantity
and quality, thereby improving
datasets for ITS applications. To
verify this, we developed two ITS
applications: one used polynomial
regression to estimate traffic levels,
while the other combined traffic and
incident data to classify events into
accident, congestion, or non-
incidents. Using real heterogeneous
data from two German cities, we
quantified the advantages of Data
FITS by compiling a fused dataset.
Our results indicate that Data FITS
integrated data from multiple sources
for 40% of all roads, thereby
increasing the overall road coverage
by 137%. In addition, the traffic
estimation  model, which  uses
polynomial regression, outperformed
our previous approach based on
descriptive statistics, achieving a high
R2 score of 0.91, low error metrics of
0.05, and provides accurate traffic
estimations using the fused dataset.
Compared to using a single sources
dataset, the fused dataset estimation
showed minor accuracy
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improvements but drastically
improved the spatiotemporal coverage
of the estimated areas. Our incident
classification model relies on the
fusion of traffic and incident data,
achieving a 90% binary classification
accuracy rate within our evaluation.
Preprocessing the data, such as
removing unclear traffic patterns,
improved accuracy by an average of
29% . The classification of incidents
into different categories resulted in a
slightly lower accuracy of 86%, with
unequal performance among classes
indicated by F1 scores. To mitigate
this problem, we oversampled the
training dataset to create a more
uniform representation of the data,
resulting in an 80% accuracy for each
class. Collecting more accident data
can also solve this problem. We plan
to expand the Data FITS framework
by collecting and fusing more data
types, improving its performance and
data quality, and expanding its data
analysis. We focus on data types such
as social media and images, which
require methods such as Natural
Language Processing (NLP) and
image processing. For ITS
applications, we aim to use automated
machine learning to explore different
models and hyper-parameters and
compare them with our current

1423



models. We also plan to analyze the
correlation  between traffic and
incidents and incorporate it into the
traffic estimation models. In addition,
we intend to explore the use of big
data in military scenarios, combining
information from the civilian and
military fields to support strategic
operations in urban warfare. To this
end, our framework can be enhanced
to collect and combine different types
of information (image, text) to create
common operational pictures and
verify/authenticate information,
thereby avoiding misinformation that
may influence political decisions.

Future  enhancements for  the
DataFITS (Data Fusion Framework
for Traffic and Incident Prediction)
framework could significantly
advance its capabilities and impact.
One potential area of enhancement is
the  incorporation of artificial
intelligence and machine learning
algorithms to improve predictive
accuracy and adapt to evolving traffic
patterns. Enhancing data integration
methods to include emerging data
sources, such as connected vehicle
data and Internet of Things (loT)
sensors, can provide richer and more
granular insights. Expanding the
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framework's real-time  processing
capabilities will enable quicker
responses to incidents and dynamic
traffic ~ conditions.  Additionally,
integrating predictive analytics with
smart infrastructure, like adaptive
traffic signals and autonomous
vehicle systems, can optimize traffic
flow and reduce  congestion.
Enhancements in user interfaces and
visualization tools will facilitate better
decision-making for traffic managers
and urban planners. Ensuring data
privacy and security through robust
encryption and compliance with
regulatory standards is crucial as the
framework scales. Collaborations
with more stakeholders, including
government agencies, private sector
companies, and research institutions,
can foster Innovation and
implementation in diverse urban
settings. Ultimately, these
enhancements  will  bolster the
framework’s ability to create safer,
more  efficient, and  resilient
transportation systems.
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