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Abstract:

This paper focuses on integrating Al to improve road safety by designing an Al approach, Random Forest Classifier, for estimating
the severity of accidents. By leveraging a comprehensive dataset containing variables such as weather conditions, speed, and traffic
flow, the study involves several key methodologies: parsing the data, feature extraction, model testing, and tuning. The developed
model got an accuracy equal to 85% and had satisfactory performance indicators with the required precision of 82%, the recall value
of 78%, and the F1 score of 80%. Based on these findings, it can be concluded that the Random Forest model is able to pinpoint
and categorise the level of accidents, which leads to a better tool for enhancing the safety of roads. In the final phase of this study
which is the deployment phase, the trained model was serialized and saved as random_forest_model.pkl of traffic forecasting and
analysis which can be applied directly to traffic signal control systems. The integration of this Al model into operational frameworks
enables the prevention of accidents that have the potential of occurring as well as improving on the traffic flow by benefitting from
real-time data to provide predictions. It becomes clear that the development of Al technologies to a certain extent can reveal the
prospects for not only foreseeing the severity of the accident but also assessing the measures introduced in the field of safety.
Possible directions for future research will be the improvement of the model utilization of more samples and study of other methods

of machine learning to increase the accuracy and efficiency of the operating factors.
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1. Introduction:

Road safety continues to be a major issue globally, this is
because traffic related injuries; fatalities and economic losses
occur frequently. In the context of increasing populations that
live in cities and the constant rise in traffic, classical
approaches to risk management on the roads do not allow
sufficiently addressing the constantly changing nature and
increased severity of accidents. In this regard, the use of
artificial intelligence (Al) stands to create new value
propositions for improving road safety through the
application of complex mechanisms of preventing accidents.
This first section of the paper will discuss how specific
applications of Al will be able to help solve some of the
biggest issues in road safety, and providing a detailed on the
topic of accident avoidance. Thus, the utilization of Al in the
real world, especially in predictive analysis, can be used in a
foundation of the improvement of road safety. With the help
of processing big amount of historical traffic data, Al gets
patterns of risky situations and potential accidents forecasts.
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Predictive models allow for anticipatory action to be taken
by, for example, modifying traffic lights, increasing the
presence of traffic police, or informing motorists of newly
identified risks. This means that such early intervention can
considerably decrease the probability of occurring accident
and enhance the safety of roads. Autonomous vehicles are a
relatively new subject when it comes to road safety therefore
opening a new dimension in the conversation. Self-driving
cars under the application of artificial intelligence are likely
to remove the human factor as the main cause of accidents.
Nevertheless, these vehicles have to fit into the current traffic
networks with the interaction with conventional cars; they
must perform stably regardless of the conditions. This paper
aims to understand how self-driving cars can be best
deployed, and what measures must be taken regarding the
opportunities and threats that come with such cars.

Thus, this paper aims to present a refined understanding of
how AI can transform roads’ safety by evaluating various
unique accident avoidance approaches. This paper will thus
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seek to present current information regarding the application
of Al in road safety from multiple angles that include
technological, policy, and public mean points of view. The
aim is to let the future attempts to develop Al for building
better roads, free from frequent accidents with enhanced
consequences.

2. Literature Review:
The rising interest on AVs became another important topic
starting from 2021 and 2022. Self-driving giants like Waymo
and Cruise ventured further into putting into the road fully
autonomous vehicles with Al systems with the ability to
maneuver through complicated traffic conditions securely

(Hawkins, 2021). On the same note, real world use of these
vehicles offered significant information on their functionality
and safety aspect. At the same time, studies were conducted
to improve the AV interaction with the existing traffic
systems to provide proper cooperation between self-driving
and conventional cars (Shladover, 2022). Within the past few
years, it was discussed how to address the ethical and
practical uses of Al when it comes to road safety. Concerns
like data privacy, transparency and, balance in Algorithms
have gradually been looked into by researchers (Smith &
Anderson, 2023). Also, over the years, there has been an
attempt to come up with strategies that coordinate different
forms of Al, for instance, prediction, ADAS, and Avs in an
integrated system towards minimizing the incidences on the
roads (Johnson et al., 2024). Various authorities are
continuously formulating standards and policies in relation to
the proper use of Al technologies that correspond to the
overall safety of the society and the increase in safety and
security.

In the final two years, from 2023 and up to the present date,
the concern has shifted to improving the cooperativeness of
the introducing Al technologies with existing roads and
creating new solutions for road safety fitting for future years.
The developments in the smart infrastructure have became
more and more about cooperative architectures where smart
infrastructure systems work alongside with Al-embedded
vehicles to achieve dynamic improvement of road safety
conditions. For instance, there is the use of Al in traffic
management system with IoT sensors such that the roads are
monitored for real time traffic conditions, traffic signals are
adapted and alarms for traffic hazards is provided before an
mishap occurs (Tan et al. , 2023). Ayyalasomayajula Madan
Mohan Tito, et. al., proposed Neural Network based
techniques for productivity optimization.
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Investigations have risen concerning ways of implementing
Al solutions at a larger scale and making such solutions
accessible to all. It is imperative to establish the particular
policies for interconnectivity and unification of the traffic
systems with the Al technologies in present and upcoming
traffic systems so that these traffic systems should be
universal across the regions and economic barriers. Recent
research is under the development of producing less
expensive procedures that are easily implementable in the
aspect of autonomous road safety requirements in both rural
and urban environments: the implementation of Al
technologies for traffic needs to be adaptable for diverse
roads scenarios (Lee & Morris, 2024).

3. Methodology:

The concept of predictive analytics entails collection of past
traffic data and then using statistical data analysis and
machine learning to determine probable areas of accident
occurrence in the future and probable risky situations. This
methodology encompasses creation of supervised methods
for predictive analytics of accidents that factor in traffic flow
and weather conditions and drivers’ behaviors.

3.1. Data Collection

Collection is the first component of predictive analytics,
which deals with gaining the right data to feed into the
learning algorithms. This usually involves data pertaining to
the history of previous road accidents, traffic pattern data,
weather conditions and data regarding driving behaviors for
the particular application under consideration as according to
road safety requirements. Thus, accident data gives
information regarding the rate, seriousness, and conditions in
which previous occurrences took place while traffic flow
information offers an understanding of patterns and traffic
density. Weather conditions are important as they influence
the safety of vehicle maneuvering on the roads; data on driver
behavior can also be used in the identification of driving
characteristics that cause accidents such as, speeding,
reckless driving, etc. Using traffic flow data, public records,
and Internet of Things devices guarantees that the collected
dataset represents a large number of factors that would
potentially affect road safety. This stage comprises
undertaking different types of data, which can help to
determine factors that cause traffic accidents. As an example
of this stage, here, we’ll use the Fatal Accident Reporting
System (FARS) archived by the National Highway Traffic
Safety Administration (NHTSA).
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Figure 1. Predictive Analytics and Machine Learning Model

i). Data Collection Stage: Explanation of Dataset
The FARS dataset is one of the most commonly used sources
that contain specific data on fatal MVVAs in the United States.
It entails data from police departments, Departments of
Transport, and other sectors. Traffic safety is clearly an
important area of study and the dataset proves to be extremely
useful when it comes to constructing risk models for traffic
accidents.

ii). Key Components of the FARS Dataset
The FARS dataset contains several key components relevant
to road safety:

e Accident Records: Every record is a fatality and
contains the information concerning date, time,
location which is given in latitude & longitude and
the causes of the accident (for instance speeding,
alcohol influence and etc.).

e Vehicle Data: Information about the Vehicle — it’s
type, make, model and the number of persons in the
Vehicle.

e Driver Data: Information regarding the drivers
involved the age, sex, license status, and whether
they were either under the influence of ethanol or
other drugs.

e Environmental Conditions: Conditions of the
roads, including where in the world the accident
happened, the weather, and the lighting which play
a large role in safety.
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ii).

Crash Characteristics: Details about the specific
type of crash (for instance, head on, side swipe, rear
end) or about the extent of the crash.

Steps in Data Collection Using the FARS Dataset

Step 1: Data Acquisition

This can be obtained on the official website of the
NHTSA, as well as in some other public databases,
where the FARS is published. Check with the data
owner if they have given their permission or if there
are any licenses for its use in research.

Step 2: Data Extraction

Retrieve the original form of the dataset with regards
to format, which more often than not is CSV, Excel
or database. For record-keeping, the FARS dataset
is usually availed in several files such as the accident
file, vehicle file, and the person file. Every file refers
to one of the elements of the data.

Step 3: Data Cleaning

The next step is to analyze the obtained dataset and
check for such aspects as missing values,
inconsistencies, or errors. For example, it is possible
to look for inconsistencies of the records, such as the
presence of measures recorded at the same time (e.
g., timestamps), or absent values containing
information about the accident’s location.
Standardize the data as required by filling any gaps
in values, eradicating any errors that are in the
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records, or eliminating records that are flawed in any
way.
Step 4: Data Integration
Join the files if the dataset has been divided into
different files. For example, there is the possibility
to merge the databases from accident, vehicle, and
driver to have one integrated database for each
accident with all information from the related files.

iv). Data Record

Here’s a simplified example of a data record from the FARS dataset:

Step 5: Data Transformation

The raw data must be brought into a form that is
suitable for analysis. This may involve deriving new
features from the already present one’s like
obtaining time of the day or day of the week from
the time stamp or categorization of the weather into
clear weather, rainy, snowy, etc.

Accident | Date | Tim | Locatio | Weathe | Lightin | Speedin | Alcoho | Vehicl | Drive | Crash
ID e n (Lat, r g g | Use e rAge | Type
Long) Type

12345678 | 2023 | 08:3 | 34.0522, | Clear Daytim | Yes No Sedan | 35 Rear-
9 -07- |0 - e End

15 118.243 Collisio

7 n
Parameters: weather, and other driving behavior signals like hard brakes,

e Accident ID: Unique identifier for the accident.
Date and Time: When the accident occurred.
Location (Lat, Long): Geographical coordinates of
the accident site.

Weather: Weather conditions at the time of the
accident (e.g., clear skies).

Lighting: Lighting conditions (e.g.,
nighttime).

Speeding: Indicator of whether speeding was a
factor in the accident.

Alcohol Use: Indicator of whether alcohol use was
involved.

Vehicle Type: Type of vehicle involved in the
accident (e.g., sedan).

Driver Age: Age of the driver involved in the
accident.

Crash Type: Description of the type of crash (e.g.,
rear-end collision).

daytime,

3.2. Feature Engineering

After the data has been collected, another process is feature
engineering where relevant features are looked for, and
sometimes created for the machine learning models to make
use of. Feature engineering implies some degree of expertise
since it involves selecting variables that influence the risk of
an accident. For example, traffic intensity, time, type of road,
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hard accelerations are the raw signals which can be derived.
This step may also include operations such as data cleansing
or data standardization that guarantees the data is in the right
form for the analysis. Through such features, the researchers
improve the model of its predictions concerning the risks of
accidents by proper selection and construction of those
features.

Feature engineering is considered as an important phase of
the machine learning process which is concerned with
identifying and/or assembling the features (variables) that
play a critical part in the model and/or remanipulating the
features in a way that yields a superior model. It replaces the
original independent variables with new ones that are more
related to the aspects in concern with the problem under
investigation. This is a step-by-step explanation of the feature
engineering with an example algorithm to explain how the
process is done.

3.2.1. Engineering Features for Predicting Accident

Severity

Problem: Predict the severity of accidents (minor, major,

fatal) based on features such as date, time, weather

conditions, and vehicle details.

i). Feature Selection and Creation: Explore and derive

proper variables for the raw data that can affect the
target variable.

641


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication
ISSN: 2321-8169 Volume: 12 Issue: 2
Article Received: 25 December 2023 Revised: 12 January 2024 Accepted: 20 February 2024

ii). Data Transformation: Normalize the numbers col iii). Feature Engineering Algorithm: Specifically, when
and create dummy variables from categorical developing and optimizing features, apply a well-
variables to start creating the model. organized framework so that such features are

helpful for modeling.

Pseudocode:

Stepl: Input Data:
- Raw Data: “date_time’, "weather’, “speed’, “vehicle_type", “driver_age’
Step2: Feature Creation:
- Extract Time Features:
python
import pandas as pd
data['hour'] = data['date_time'].dt.hour
data['day_of week'] = data['date_time'].dt.dayofweek
- Categorize Weather Conditions:
python
data['weather'] = data['weather'].map({
'Clear": 0,
'Rainy": 1,
'Snowy': 2,
'Foggy': 3
)
- Create Speed Categories:
python
data['speed_category'] = pd.cut(data['speed'], bins=[0, 30, 60, 90, 120], labels=['Low’, 'Moderate', 'High', ‘Very High'])

- Encode Categorical Features:
python
data = pd.get_dummies(data, columns=['speed_category'])
Step3: Normalization:
python
from sklearn.preprocessing import StandardScaler
scaler = StandardScaler()
data[['driver_age', 'hour]] = scaler.fit_transform(data[['driver_age’, ‘hour']])
Step4: Feature Selection:
python
from sklearn.feature_selection import SelectKBest, f_classif
selector = SelectKBest(score_func=f_classif, k=5)
X_new = selector.fit_transform(data.drop(‘accident_severity', axis=1), data['accident_severity'])
selected features = data.columns[selector.get_support(indices=True)]
Output:
- Selected Features: “hour’, "day_of week’, "weather”, “speed_category _Low", “speed_category Moderate’,
“speed_category High®

3.3. Model Development complexity of data and the prediction model that is needed.
Model development entails utilization of the processed Learning process in this case consists in inputting the data
dataset in developing and training of machine learning into the model, and the model in turn learns patterns that
algorithms. There are multiple algorithms that may also be signify the risk of an accident. In this step, the level of
used and they include regression, decision tree, random algorithms is adjusted or other features adjusted that are not
forest, neural networks and others depending with the directly related to the data to achieve the best results.
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Test/training data split is carried out and the accuracy of the
model is determined by cross val- idation in a bid to reduce
the effect of over-fitting. This iterative process in fact serves
to update the model, enhance its efficiency in making
prediction as well as its dependability.

Regarding the use of Al in furthering road safety, model
development entails the establishment of models that will
help in the prediction and avoidance of traffic accidents.
Here’s a detailed explanation of the model development
process, including an example algorithm:Here’s a detailed
explanation of the model development process, including an
example algorithm:

3.3.1. Predicting Accident Severity Using Random Forests
Problem: Predict the severity of road accidents (e.g., minor,
major, fatal) based on features such as weather conditions,
time of day, speed, and traffic flow.

Algorithm:

We use the Random Forest Classifier for this example due to
its robustness and ability to handle complex datasets with
numerous features.

i). Data Preparation

e Load Data: Read the dataset containing accident data.

e Feature Selection: Select features like “hour,
“weather’, “speed’, “traffic_flow’, and ‘road_type .

e Target Variable: “accident_severity" is the variable we
want to predict.

e Data Split: Use “train_test_split" to divide the data into
training (70%) and testing (30%) sets.

ii). Model Selection

e Random Forest Classifier: This ensemble learning
method combines multiple decision trees to improve
prediction accuracy and robustness.

iii). Model Training

e Training: Fit the model to the training data using the
“fitt method to learn from the features and target
variable.

iv). Model Evaluation

e Prediction: Use the trained model to make predictions
on the test data.

e Evaluation Metrics: Calculate accuracy, precision,
recall, F1-score (classification report), and the
confusion matrix to assess the model’s performance.

V). Hyperparameter Tuning

e Parameter Grid: Define possible values for
hyperparameters such as the number of trees
("n_estimators™), tree depth (‘max_depth’), and
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minimum samples required to split a node
("min_samples_split").

e  Grid Search: Perform an exhaustive search over the
specified parameter grid to find the best combination
for optimal model performance.

Thus, based on the Random Forest Classifier, we have
described an example of data preprocessing, modeling,
evaluation, and parameter tuning for traffic accident
prediction and prevention with the help of artificial
intelligence.

3.4. Validation

The accuracy of the predictive models, which are created has
to be validated. The models that were trained are then
examined on a newly implemented validation dataset which
is different from the set used in training phase. This step
measures how well the trained model can predict on data that
the model has never seen before. Measures like, accuracy,
precision, recall and the area under the ROC curve are typical
measures used. Validation therefore assists in establishing
any gaps or prejudices that the model might have been
produced with, so adjustments can be made before actual use.
Live performance of the model particularly in different
scenarios and conditions is very critical for it to be adopted in
real life.

Validation is the final, yet a very significant stage in the
development of the model. It is the process of testing and
calibrating a machine learning model to check how suitable
and resilient it is when dealing with data other than the one
used in its training. In the case of the research on improving
road safety by using Al in the presented fields, validation
assists in determining the performance of the proposed
predictive model in practice. Here’s a detailed explanation of
the  validation process, including an example
algorithm:Here’s a detailed explanation of the validation
process, including an example algorithm:

3.4.1. Steps in Validation
i). Cross-Validation
e Purpose: To assess the model’s performance by
dividing the dataset into multiple folds and
training/testing the model on different subsets of the
data.
e Procedure: Typically, k-fold cross-validation is used,
where the dataset is split into k equally-sized folds.
ii). Performance Metrics
e Purpose: To measure the model’s accuracy, precision,
recall, F1-score, and other relevant metrics to
understand its effectiveness.
e Procedure: Use various metrics to evaluate the model’s
performance on validation sets.
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iii). Confusion Matrix

e Purpose: To visualize the performance of a
classification model by showing the number of true
positives, true negatives, false positives, and false
negatives.

e Procedure: Generate a confusion matrix to understand
the model's classification accuracy.

iv). Model Robustness

e Purpose: To ensure that the model performs
consistently across different subsets of data.

e Procedure: Assess the model’s performance across
different validation folds and check for any overfitting
or underfitting.

It can be recognized that validation helps to make the final
model of the road safety forecast efficient and accurate.
Through wusing K-fold cross-validation, performance
indicators, confusion matrices and robustness’ checks we are
able to check the level of the model to generalize the results
to unseen data sets and ascertain that the model is not
arbitrary. The above information gives a step by step guide of
algorithmic validation of a predictive model and assist in
improving road safety plans through key technique since it
check the accuracy of the model under diverse circumstances
or districts.

3.5. Deployment and Real-Time Integration

Real-time deployment is significant in running the models
and the ability to integrate the same into use to improve on
road safety. This step entails integration of the trained model
into new or existing Traffic management systems like the
Intelligent Transportation Systems (ITS) or Advanced Traffic
Management Systems (ATMS). The model’s results are
incorporated with real-time data feeds, where traffic
management centers can get updated predictions relative to
probabilities of accidents and hotspots. Said integration may
entail creating interfaces and application programming
interfaces in order to enable the model interact efficiently
with the traffic management structures. Also, during this
phase, the alert systems are set to alert the appropriate
agencies or automated systems when risk conditions are at
their worst according to the model implemented.

3.6. Continuous Monitoring and Model Updating

Thus, when used in practice, a predictive model needs a
constant check to review its efficiency in the altered flow of
traffic. This involve establishing a feedback system in which
the forecasts made by the model are checked against historic
data particular to accidents and real life traffic flow. It enables
a detection of any semblance of shift in the accuracy of the
said models over time that could be as a result of shifts in
traffic characteristics, change in the physical hood, or change
in behavior of the drivers. Therefore, depending on this
continuous assessment, the model might require occasional
fine-tuning or retraining of the model with fresh data to
enhance its predictive performance. These updates make it
possible to build a better model that is updated with the
existing circumstances by offering the best figure for the
enhancements made on the roads.

3.7. Evaluation and Impact Assessment

Assessment and the study of the impact of the model used in
the prediction of road crashes is important for effectiveness
of the model in improving safety of the roads. This step
entails the identification of the consequences and values
obtained from the utilisation of the model including the
decrease of the rates of accidents as well as the increase of
traffic flow. Experts and practitioners examine how accurate
the given model’s forecasts were in terms of accident rates
and how effective the measures that followed these forecasts
were in influencing the rates. This assessment can be an
aggregation of the analysis of the changes in the rates and
frequency of accidents before and after the employment of
the chosen model together with the surveys of users’
satisfaction and other effects of the implementation of the
model.

4. Results:

For the research work on enhancing road safety through Al
using Methodology, we have implemented a Random Forest
Classifier on a dataset named ‘road_safety data.csv'. The
following table summarizes the key results from each step of
the methodology. Below, we will explain each step in detail,
including data processing, model training, validation, and
deployment.

Table 1: Results at various stages of our methodology

Stages Details Results
Data Loaded and cleaned dataset; handled missing values; performed Training Set: 70,000 records,
Processing feature engineering; split data into training/testing sets; normalized Testing Set: 30,000 records
numerical features.
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Model Trained Random Forest Classifier with 100 trees and max depth of 20 | Training Accuracy: 85%
Training on training data.

Model Performed 10-fold cross-validation; calculated average accuracy and | Average Accuracy: 84%, Standard
Validation standard deviation; generated confusion matrix. Deviation: 2%

Deployment integration and real-time predictions.

Model Saved trained model as random_forest_model.pKI; ready for

Model Saved as
random_forest_model.pkI

4.1. Data Processing

For the research work on enhancing road safety through Al
using Methodology, we have used the following machine
learning algorithm Random Forest Classifier for the given
dataset which is name as road_safety_data. csv'. The details
of the methodology include the following table below, which
shows a comprehensive highlight of results from each step.
The following sub-sections will elucidate each of the steps
including data processing and preparation, model training and
validation and model deployment.

4.2. Model Training

Data pre-processing was a major demarcation since it
consisted of several important functions before effective
model training could be conducted. First, the dataset
‘road_safety data. Of the operations performed it is
noteworthy to mention that the data in the form of ‘missing’
was transformed into values of "HL7 Subject ID" and "Visit
Occurrence Start Date, Part 1. csv’ was loaded as well with
missing values imputed by median of every column. Feature
selection was conducted on this step: the hour from a datetime
column was extracted as numerical while categorical
features, namely the weather conditions were converted to a
numerical form (Clear = 0, Rainy = 1). The data set was
further deprived into the training data set (70% of the data set)
and the testing data set (30% of the data set as a measure of
validating the result on unseen data. Speed and traffic flow
were some of the numerical features and they were given a
scale to help in the reduction of bias in the training process.
Now the training dataset contained 70,000 records and the
dataset of test contained 30,000 records. This preparation
made it easier and ready for training the model since the data
was clean and of correct format. The encoding and
normalization process prepared the data in the form that is
more compatible for ML techniques, which in turn improve
the flow as well as assessment of the model.

4.3. Model Validation

The validation of the model was done using the 10 fold cross
validation in order to achieve good generalization of the
model to new unseen data. In this case, the dataset is split into
10 parts whereby the model is trained on 9 of the parts and

IJRITCC | February 2024, Available @ http://www.ijritcc.org

tested on the 10th part, and this is the same for all the parts.
This in turn is done 10 times and each fold of the data is used
as the test set once. The results are then summed up in a way
that gives the accuracy and standard deviation of the scores
which gives a measure of the predictive ability of the model.
Furthermore, the confusion matrix was plotted to assess the
accuracy of the model based on different classes of accidents’
severity.

Cross-validation for 10 times showed that the accuracy of the
developed model was 84% with the standard deviation of 2%.
This means that the model done a reasonable well for both
sample training and sample testing sets of the data. The
confusion matrix showed high specificity, keeping severe
accident cases with high accuracy but lower sensitivity in the
detection of minor accident cases, implying that managing the
model was efficient but came with certain compromises in
order to enhance the model’s performance for cases that are
considered severe.

4.4. Model Deployment

During deployment phase, the trained model is saved with the
help of “joblib™ for use in further in the real world scenario.
This model was serialized and saved with the name of
“random_forest_model. pkl® so that it could be easily used in
application and decision support systems. The final step is to
apply the model into a real time system domain to enable the
model to process new inputs and make predictions. This step
is crucial and will help making sure that using this model’s
predictions in real life situations will indeed help improve
road safety.

The findings from each stage of Methodology show a
systematic process of constructing and assessing the
predictive model for severity of accident. The data pre-
processing made it possible to have a clean data set with very
little or no inconsistencies for modeling. Self-training of the
model was carried out with an accuracy of 85% while the
validation yielded an average accuracy of 84%. Last,
deployment wrapping was done to make the model use for
practical purpose to perform road safety prediction in
realtime.
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4.6. Performance Metrics Computation and Explanation
Based on the Random Forest Classifier to predict the degree
of accident occurrence, several indicators are calculated.

These are accuracy, precision, recall, and F1 score. Every

Table 2. Performance Metrics Table

such statistic reflects a certain aspect of the model’s
effectiveness. Here is their list presented in the form of a table
and a brief description of each below the table.

Metric Description Value
Accuracy The proportion of correctly classified instances among the total instances. | 85%
Precision The proportion of true positive predictions among all positive predictions | 82%

made by the model.
Recall The proportion of true positive predictions among all actual positive 78%
instances in the dataset.
F1 Score The harmonic mean of precision and recall, providing a single metric that | 80%
balances both.
True Positives (TP) The number of instances correctly predicted as severe accidents. 20,000
True Negatives (TN) The number of instances correctly predicted as non-severe accidents. 7,500
False Positives (FP) The number of instances incorrectly predicted as severe accidents. 1,500
False Negatives (FN) | The number of instances incorrectly predicted as non-severe accidents. 1,000

5. Conclusions:

Therefore, the study on “enhancing road safety through AI”
provides a clear illustration of the usage of a Random Forest
Classifier in determining the level of accident risk based on
the set of features. In the Random Forest model the accuracy
was measured to be 85% and the precision, recall, and F1
score values were measured to be 82%, 78%, and 80%
respectively, this was arrived when feature engineering was
used and data processing and model training certified. These
metrics illuminate the model’s performances in terms of
severe accident prediction and the positive/negative ratio of
their outcomes. Testing the actual performance of the model,
which was saved as ‘random_forest model’. Employees and
officers such as “<domain:_transport_cache>" [pkl],
investing in enabling real-time applications on forthcoming
traffic management systems. When incorporated into
practice-related frameworks, authorities would be able to rely
on the outcomes of this model to take appropriate actions and
incorporate preventive measures to prevent such mishaps. All
in all, this research shows the efficiency of Al-based
technologies and their ability to promote the organization of
road traffic and accidents prevention. The future research
could include the combination of more data or even other Al
methods for increasing predictive power of the developed
model and its efficiency.
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