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Abstract: The majority of fatalities and serious injuries occur as a result of incidents involving motor vehicles. If the traffic
management system is going to do its job of reducing the frequency and severity of traffic accidents, it needs a model for doing
so. In this paper, we combine the results of three machine learning algorithms—Iogistic regression, decision tree, and random
forest classifier—to build a predictive model. In order to forecast the severity of accidents in different regions, we used ML
algorithms on a dataset of accidents from the United States. In addition, we examine vast quantities of traffic data, extracting
helpful accident patterns in order to pinpoint the factors that have a direct bearing on road accidents and make actionable
suggestions for improvement. When compared to two other ML algorithms, random forest performed best on accuracy. The
severity rating in this paper is not meant to reflect the severity of injuries sustained, but rather how the accident affects traffic
flow. Accident severity, decision trees, random forests, and logistic regression are all terms that are often used to describe this

area of study.
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1. Introduction

One of the most determined issues today is that of road
accidents [1]. It overwhelmingly impacts people’s lives
financially, physically, and emotionally. Hundreds of
billions of dollars are lost annually due to the economic and
social effects of traffic accidents and some major accidents
that cause the majority of the damage. The WHO estimates
that 1.35 million people are killed and over 50 million are
injured annually due to traffic accidents worldwide [2].
Also, data shows that automobile accidents are the leading
killer of kids and young adults aged 5 to 29 [3]. However,
reducing traffic accidents is a huge challenge, especially
fatal ones. His preventive method, which is one of the two
main ways to make roads safer, works to get rid of dangers
before they happen. For this plan to work, it must be
possible to predict when accidents will happen and how bad
they will be. When we know the causes and common
factors that lead to these terrible events, we might be able to
take better steps and make better use of our resources.

Machine learning algorithms will be used in this study
to come up with a way to predict how bad traffic accidents
will be. The main goal of this study is to find out which

factors have the biggest effect on how bad an accident is.
Second, we need to make models that can accurately predict
how bad an accident will be. To be more specific, this
model is meant to predict the likelihood of an accident is a
severe one without any specific information about the
accident itself, such as driver attributes or vehicle type. It
could be a recent accident about which we don't know
much, or it could be something made up by other models.
So, the people who made this project's dataset also made a
sophisticated way to predict major traffic accidents in real-
time. This solution could help this model predict major
accidents better in real-time.

A total of six parts make up this paper. In Part I, we
will discuss some related studies. In Section 111, we outline
the plan's overall structure and methodology. In Section IV,
the results of the experiments and how well the accident
severity prediction framework works are analyzed and
talked about. Within Section V, we cover blatant accident
trends. After all that, the study's findings are presented in
Section VI.
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2. Related Work

This section presents a comprehensive review of
current research on estimating accident severity. In a study
by Najada et al. [4], accident causes were predicted using
data from Hong Kong's transportation system Najada et al.
[4], accident causes were predicted using data from Hong
Kong's transportation system. They put several different
classification algorithms into WEKA and compared how
well they performed. Based on their testing, Random Forest
proved to be superior to both Naive Bayes and PART.
Similarly, Chong et al. [5] developed a model employing
ML algorithms to categorize the severity of accident
injuries into five groups. The model was created using a
combination of artificial neural networks (ANN), support
vector machines (SVM), and decision trees. According to
their findings, exceeding the speed limit is one of the
leading causes of serious and fatal accidents. In addition,
the authors conducted another fascinating study [6] that
shed light on the process of accident prediction by mining
and analyzing large amounts of data. The authors also
emphasized the importance of data sampling in the
reconstruction of the dataset, as well as the use of
prepossessing techniques to ensure the data is complete and
accurate.

The research study conducted by Elfar et al. [7] used
three machine learning algorithms: logistic regression,
random forest, and neural networks to predict traffic
accidents and congestion. Two predictive models were also
proposed for use in data training. The accuracy of the
proposed models was higher than that of the other three
classification models tested in this study. Further, the
authors' contributions demonstrated how their proposed
models can be implemented in a variety of vehicle
applications to enhance road safety by providing advanced
notice of upcoming traffic slowdowns. Iranitalab [8]
showed that linear regression, Naive Bayes, and Random
Forest are just a few examples of the ML algorithms that
have been shown to be effective in analyzing large datasets
for predicting traffic accidents [9]. They developed and
deployed a system that speeds up and improves the
accuracy of their proposed framework by using the
aforementioned ML algorithms in conjunction with a
flexible architecture, the Lambda Architecture.

Most of the studies analyzed in the literature reviews
were conducted in artificial settings or on relatively small
data sets. Some other researchers [9] have found that neural
networks can be used to great effect to recognize shifts in
driver behavior, allowing for the prevention of potentially
disastrous collisions. The authors employed two different
types of deep learning models: the Long Short-Term
Memory (LSTM) and the Recurrent Neural Network
(RNN). Individual drivers' acceleration, deceleration, and
speed patterns were used to train the model. According to
the findings, the model successfully distinguished between
safe and unsafe driving. Recent work [10] investigated
problems in the transportation system. On top of that, they
developed the framework for mining data in real time about
transportation systems. Good analysis of traffic accidents
was provided by this study, but unfortunately, due to data
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limitations, conclusive findings could not be drawn. By
conducting a comprehensive literature review, we were able
to identify numerous knowledge gaps in the field of
accident severity prediction. Most prior research studies
only predicted the accident associated with one or two
factors, which is insufficient for a real-world situation [11];
ii) many studies do not address the class imbalance
problem; iii) unobserved heterogeneity; and iv) most
studies only rely on a single accuracy measure to evaluate
the performance of the algorithm. Therefore, the
overarching goal of this study is to close the
aforementioned knowledge gaps.

3. Methodology

The goal of this study is to establish a system for
forecasting the severity of accidents. Actions included in
the proposed structure, as shown in Figure 1, are: Data on
US traffic accidents is downloaded, cleaned, and
preprocessed before being split into a training and test set,
where predictive models are built using three different
machine learning algorithms and then tested on real-world
data to determine how accurately they predict accident
severity. Finally, we quantify and contrast the efficacy of
various algorithms.

Data cleaning modeling architecture output
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Figure 1: Accident severity Prediction Framework

A. Dataset summary

This database includes accidents from all 49 of the
United States' states. Incident data from February 2016
through December 2020 is compiled using multiple APIs
that provide data on traffic events in real time. In the United
States, transportation agencies, police departments, and
road networks all use application programming interfaces
(APIs) to share traffic data collected from a variety of
sources, including B. traffic cameras and traffic sensors.
This dataset currently contains approximately 10,485,67
cases and 49 accident records. The attributes are as follows:

Brief Description Road accident dataset

Traffic Attributes (12):

« ID: This is a unique identifier for the accident record.

« Source: Indicates the source of the accident report (that is,
the API that reported the accident).

« TMC: Traffic accidents may have a TMC (Traffic
Message Channel) code that contains a more detailed
description of the event.

* Severity: A number from 1 to 4 that indicates the severity
of the incident. 1 indicates the least traffic impact (that is, a
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short delay due to an accident) and a 4 indicates a severe
traffic impact (that is, a long delay).

- Start Time: When an accident occurred, this is displayed
here in local time.

« End Time: The time the accident concluded is displayed
here in your own time zone.

- Start_Lat: This variable shows the GPS coordinates of
the starting point's latitude.

o Start_Lng: The value of Start Lng represents the
longitude component of the starting GPS coordinates.

« End_Lat: The GPS latitude of the final destination is
shown.

* End_Lng: The GPS longitude of the destination is shown
in the End Lng variable.

« Distance (km): The number of kilometers spanning the
stretch of road closed due to the accident.

« Description: The accident is described in plain English.

Address Attributes (9):

» House Number: Shows the house number in the address
box.

« Street: This option will show the street name in the
address box.

« Side: Shows the relative side (right/left) of the road in the
address field.

« City: Displays the city in the address field.

« Country: Displays the country in the address field.

« State: Displays the state in the address field.

« Postal Code: Shows the postal code in the address field.

« Country: Show the country in the address bar by
selecting "Country."

» Time Zone: This displays the time zone that the accident
occurred in (Eastern, Central, etc.).

Weather attributes (11):

 Airport Code: Tell us which airport weather station is
closest to the accident.

« Weather Time Stamp: The time stamp of the weather
observation record is displayed here (local time).

« Temperature (F): The temperature is shown here in
Fahrenheit.

* Wind-chill (F): Indicator of wind chill temperature in
degrees Fahrenheit (Fahrenheit).

* Humidity (%): Listed here is the current humidity in
percent.

* Pressure (inches): Displays the air pressure in inches of
mercury.

* Visibility (mi): This shows the visibility in miles per
hour.

» Wind Direction: This indicates the direction in which the
wind is blowing.

« Wind Speed (mph): How fast the wind is blowing is
shown here in terms of miles per hour.

« Precipitation (inches): Precipitation, if any, in inches.

» Weather Conditions: Shows the current weather
conditions (rain, snow, thunderstorms, fog, etc.).

POI attributes (13):

Amenity: An Annotation for a Point of Interest (POI) that
identifies the presence of an amenity in the immediate area.
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Bump: A POI annotation that indicates there is a speed
bump or bump nearby.

Crossing: A POl annotation that indicates there is an
intersection at a nearby location.

Give_Way: A POI annotation that indicates there is a
Give_Way sign at a nearby location.

Junction: A POI annotation indicating that there is an
intersection nearby.

No_exit: A POI annotation indicating that a nearby location
has a No_exit sign.

Railway: A POI annotation indicating that there is a
railroad in a nearby location.

Roundabout: A POI annotation indicating that there is a
roundabout nearby.

Station: A point of interest annotation indicating the
presence of a train, bus, or other station.

Stop: A POI annotation indicating that there is a stop sign
at a nearby location.

Traffic Calming: Annotations added to POls can reveal the
presence of traffic calming in the immediate area.

Traffic lights: A traffic light is an object of interest that has
been annotated on the map.

Turning Loop: When a turn loop is nearby, a POI
annotation will show it.

Period of day (4):

Sunrise Sunset: Displays the current time (day or night)
based on the position of the sun at sunrise or sunset.

Civil Twilight: Civil twilight is used to indicate the time of
day.

Nautical Twilight: Shows the time of day (day or night)
based on the time of twilight over the ocean (nautical
twilight).

Astronomical twilight: Time of day (day or night) based
on astronomical twilight is displayed.

B. Preprocessing

In order to detect and deal with corrupt or missing
records, machine learning models must first undergo
extensive preprocessing and cleaning of the incoming data.
After that, most features underwent EDA (exploratory data
analysis) and feature engineering. Data preprocessing is
essential because it allows the raw data to be converted into
a format that is more conducive to developing a machine
learning model. The traffic fatality data set can be
downloaded in CSV format. After obtaining the dataset, we
filter out any extraneous information by removing duplicate
attributes. The next step is to convert the attribute values
from strings to numbers. Finally, have the data converted
into ARFF [13] format after it has been normalized. Data
normalization is a preprocessing technique that ensures
comparable results across all attributes by standardizing
their ranges (minimum, maximum, and average) without
compromising on accuracy.

Exploratory Data Analysis (EDA)

The term "Exploratory Data Analysis" is used to
describe the vital process of conducting preliminary
investigations on data in order to discover patterns, to spot
anomalies, to test hypotheses, and to check assumptions
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with the aid of summary statistics and graphical representations.

Most frequent road features
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Figure 2: Most frequent Road features

As we can see, most of the accidents occurred near a traffic signal, especially where a junction or a crossing was present. The
fourth most common road feature, instead, was the presence of a nearby station, probably because of the high presence of
vehicles as shown in figure 2.

Number of accidents for each weekday
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Figure 3: Number of accidents for each weekday
As we can see from the plot above, the days with the most accidents are working days; while in the weekend we have a
frequency of at least 2/3 less. This may be due to the fact that during the weekend there are fewer vehicles on the road as

shown in figure 3.
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Top 10 states with the highest number of accidents

State

200000 300000 400000
Number of accident

As we can see from the map and the plot above California is the state with the highest number of accidents, then we have
Texas and Florida as shown in figure 4.

Figure 4: Top 10 states with highest number of accidents

Top 10 werds used to describe an accident with severity 4
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Figure 5: Top 10 words used to describe an accident with severity 4
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We can see that the most used word in the description is closed. Subsequent words are accident, due and road as shown in
figure 5.
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Medium distance by severity
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Figure 6: Medium distance by severity
In this graph we can see that the distance of the accident is more or less proportional to the severity, and in fact accidents with

severity 4 have the longest distance as shown in figure 6.

Histogram distribution of the top 15 weather conditions
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Figure 7: Histogram distribution of the top 15 weather conditions

In most frequent cases the weather condition is clear as shown in figure 7.

C. Machine Learning Algorithms for Prediction

After data preprocessing was finished, we split the data
into a training set and a test set. Machine learning
algorithms require training data before they can develop a
model. Our prediction models include a dependent variable
for the attribute class of accident severity. We do this by
teaching three machine learning (ML) algorithms to predict
the severity of accidents: Random Forest [16], Decision
Tree [17], and Logistic Regression [19]. After the
classifiers have been trained, the model is given the testing
data in order to make predictions about the severity of
accidents and compare the results of the various algorithms.

4. Results and Analysis

This section presents and discusses the experimental
setup, methodology, and results for three distinct
algorithms: random forest, decision tree, and logistic
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regression. Multiple analyses were performed to compare
the three methods and determine which one is most
accurate at predicting the severity of traffic accidents.

Jupiter notebook was used to conduct the experiments
with pandas and seaborn. Intel i5 7th generation processor,
4GB or 8GB RAM, and 64-bit Windows 10 were used to
power the machines that ran the experiments.

Tablel: Parameters for the Algorithms

Algorithm Parameters

Logistic regression Random state=0,
solver="Ibfgs',

multiclass="multinomial’
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Decision tree Random state = 120,
criterion="entropy",

max depth=4

Random forest n_estimators=80

Classification accuracy

Recall is a measure of how well you remembered
everything, while precision is a measure of how accurate
you were. A high recall indicates that an algorithm
successfully returned the majority of expected results.
When an algorithm has "high precision,” it produces more
useful results than it does useless ones. Compared to the
other algorithms used, RF was found to have a performance
of 0.74, making it the clear winner.

The figure demonstrates that among the various
algorithms, the random forest yields the best results. In light
of this, it's clear that Random Forest outperforms the other
two representative algorithms here.

In this case, the outcome proves that random forest is
the superior machine learning method. Because it uses
variables chosen at random, random forest is more robust to
noise than many other algorithms. It can deal with both
discrete and continuous information.

12
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Figure 9: Accuracy on validation set for each model
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Figure 10: F1 score on validation set for each model

Table 3: The comparison of different algorithms with their
accuracy

S.No Algorithm Accuracy (%)
1 Random forest 74
2 Decision Tree 67
3 Logistic Regression 62

Table 4: Comparison of experimental results with previous
study

RF DT LR
Figure 8: Comparison of algorithms with their precision, Author Technique | Algorithm Accuracy
recall, F1 score
used
. . . . . [16] Mu-Ming | Machine Random 73.38%
Table 2: Comparison of Algorithms with their precision,
recall, F1 score Chen and Mu- | learning forest,
Chen Chen decision
S. Algorithm precision | Recall | F1 tree, logistic
No score regression
1. Random forest 0.87 0.97 0.91 [17] M. S. Satu, | Machine Random 73.43%
2. Decision tree 0.88 0.88 0.88 S.Ahamed, F. | learning forest
3. Logistic 0.74 0.95 0.85 Hossain, T. ,decision
regression Akter, and D. tree
M. Farid
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Proposed work | Machine Random 74%
learning forest,
decision
tree, logistic
regression

The experimental results are compared with previous
study, as a previous study does not include stop words: stop
words are used to eliminate unimportant words, allowing
applications to focus on the important words instead. The
proposed one work on large dataset considering the
attributes such as traffic attributes, weather attributes, POI
attributes, period of day attributes which are not included
by previous studies. The visualization of the comparative
analysis among the state-of-art works from the literature
and the proposed work is shown below.

Comparative Analysis
80%
78%
76%

74%

72%
70%
68%

Mu-Ming Chen and Mu-
Chen Chen [16]

M. S. Satu et. Al, [17] Proposed Work

——Random Forest ~==—Decision Tree

It is observed from the above figure that there is a good
increase of 3.55% accuracy on an average of the considered
machine learning algorithms in between the proposed work
and the work of [16] and there is a slight increase of 1.34%
accuracy on an average of the considered machine learning
algorithms in between the proposed work and the work of
[17]. These results specify that the proposed accident
severity prediction framework by using machine learning
algorithms has been implemented successfully.

5. Conclusion

The system was developed using the outcomes of an
ML model to predict the extent of damage that could occur
in the event of an accident. When estimating severity,
comparing ML models yields more accurate estimates. The
key influences on the identification of related elements on
accident severity and duration also help the government in
its efforts to mitigate accident effects. This technological
system uses alerts to inform drivers of real hazards
ahead. Users would get a lot of use out of a future
recommendation system that works as a mobile app and can
accurately predict how bad accidents will be while drivers
are on the road.
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