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Abstract

Road accidents are still a prominent urban issue, worsened by a growing population and uncertain weather patterns. Conventional accident
prediction models use static historical data, which does not enable them to be responsive to real-time traffic patterns. This research is
responding to the demand for predictive models that are adaptive, smart, and can facilitate smart city infrastructure through real-time data
integration. Machine learning models—Multilayer Perceptron, Gradient Boosting, Random Forest, Support Vector Machine, and K-Near-
est Neighbors—were tested with both historical and real-time traffic data. The models were optimized and trained on varied datasets to
improve prediction accuracy. Of these, Gradient Boosting recorded the highest accuracy at 88.1%, followed by Random Forest at 83.73%,
showing the power of ensemble learning techniques in predicting accidents. This research emphasizes the significance of real-time data
integration for accident prediction and prevention. Merging environmental elements like weather conditions and traffic congestion im-
proves prediction quality, allowing proactive prevention of accidents. By leveraging these models, cities can shift towards data-based road
management, infrastructure planning, and congestion control. The results show that real-time models of accident prediction have the po-
tential to enhance urban safety, opening the door to smarter and more efficient traffic management systems.
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1. Introduction

Road traffic accidents are a global phenomenon, and they inflict enormous economic and human costs. Previous research has applied
statistical models as a means of trying to predict and model accident numbers for the past decades, but failed in the sense that it did not
consider cause variable interdependencies like traffic flow, road conditions, and weather [1]. The past decades have seen drastic improve-
ments in machine learning, and more dynamic and accurate traffic accident predictions [2] have been made based on big data as well as
real-time data. The study [3], has applied machine learning models to predict road accidents based on variables like speed, traffic, and
weather. Employing historical data and live data, the model enhances the accuracy of the prediction and allows proactive road safety
measures to be implemented. Supervised learning models [4] Cluster models have also been used by researchers for enhancing accident
prediction and classification models. Deep learning models like LSTM-GBRT [5]have also been good predictors of risks for accidents
using temporal trends and nonlinear trends. Explainable Artificial Intelligence techniques [6] are progressively being utilized to help poli-
cymakers and transport authorities better understand forecast models and even improve effective road safety interventions. Transparency
and interpretability of the machine learning model [7] are of extremely high value, thus establishing the model trustworthy as well as
action-relevant in actual accident prevention programs.

In this context and considering the addressed issues regarding the safety of road guiding, our study seeks to establish a scalable prediction
model that can assist in and enhance road security in smart city structures through the review of these machine learning techniques.

1.1 Challenges

e Complex preprocessing is required due to incomplete and inconsistent information from sources such as traffic detectors and weather
stations, which vary in accuracy and data format.

e The discrepancy between accident and non-accident event ratios in a period influences the forecasts, often resulting in a high number
of false negatives, which directly affects the reliability of the predictions. For real-time applications, the balance between accuracy and
efficiency seems to be rather difficult to achieve as deep learning models are computationally intensive and not well-suited at accom-
modating constant changes in road conditions and road user behavior.
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e The use of live Traffic and Environmental Sensor data poses privacy and security threats, which require the management of sensitive

data to avoid disclosure and observing the requirements of data protection laws and other obligations within the law.
The remaining study is organized in the following sections: Section 2 provides an extensive literature review on traditional models, modern
machine learning approaches, and the role of real-time data in improving prediction accuracy. Section 3 involves the methodology, fol-
lowed by the workflow of the process, the process for the collection of data along with preprocessing, machine learning models used in
summary, and an exploratory data analysis. Section 4 presents performance analysis based on precision-recall curves, ROC curves, and
other assessment metrics by comparison of models. Section 5 summarizes the findings with a conclusion. Drawing on the rising need for
smart accident prediction systems in urban environments, the next section critically discusses previous studies, noting the shift from con-
ventional statistical techniques to sophisticated machine learning and deep learning methods.

2. Literature Review

Machine learning prediction of road accidents has gained prominence as cities require real-time, data-driven solutions for traffic safety.
Logistic regression and decision trees, which are statistical model-based and data-driven, were not adaptive to real-time road and environ-
mental conditions. A technique integrating K-means clustering and Random Forest was used for predicting accident severity. The model
[8], was 99.86% accurate, capturing the effect of driver experience, lighting, and vehicle service years in accident severity classification.
Various machine learning techniques, including Decision Tree and Naive Bayes, were attempted for predicting accident severity. A real-
time risk predictive model [9], was proposed to alert road users about risky locations. Traffic accidents were examined in this study [10],
using Poisson, Negative Binomial (NB), and Zero-Inflated NB regression models. A Random Forest (RF) regression model was proposed
for improved prediction accuracy. Machine learning techniques, including Decision Tree, K-Nearest Neighbors (KNN), Naive Bayes, and
AdaBoost, were used for accident severity classification. Logistic regression [11] was the most accurate, with the most significant factors
being vehicle number, lighting, and road conditions.

Application of K-means clustering [12] to traffic accident segmentation was explored. The research emphasized the importance of data-
driven solutions to the identification of significant information to understand road safety, and it contrasted traditional statistical models and
system dynamics (SD) modeling to forecast accidents. The SD model [13], developed with STELLA software, was more precise and
recommended driver education and stricter law enforcement as interventions, and it presented an loT-based accident prevention system
with microcontrollers and sensors to monitor road safety. The system was implemented to identify accidents in real time and notify author-
ities via the Telegram application. Besides, an alcohol sensor [14], was integrated to immobilize the vehicle ignition if alcohol was detected
in the driver's breath. A deep learning-based [15], approach was presented to forecast medical care needs in traffic accidents. The model
used convolutional neural networks with genetic algorithms for feature selection and attained improved accuracy to forecast accident
severity in various cities. A comparative analysis of traffic accident severity prediction by ensemble machine learning models [16], namely
Random Forest, XGBoost, and Decision Tree, was performed. The results indicated that ensemble techniques, such as Balanced Random
Forest, yielded the maximum accuracy for predicting accident severity. A comparative analysis of traffic accident severity prediction by
ensemble models [16], i.e., Random Forest and XGBoost, indicated that ensemble methods yield higher accuracy. This is because models
like Gradient Boosting learn from previous errors step by step, improving precision as well as generalization. Unlike single models, which
may struggle with nonlinear relationships or class imbalance, Gradient Boosting is well-suited to real-time, high-dimensional data typical
of smart city environments. Its ability to combine weak learners and reduce overfitting makes it especially good at extracting complex
patterns from diverse inputs such as weather, traffic flow, and time of day. Analysis of road accident data by machine learning techniques,
such as K-means clustering and visualization methods, was performed.

Emphasis was laid on the identification of accident-prone zones, considering environmental factors and driver behavior, with the efficacy
of clustering algorithms [17] in accident analysis. An accident prediction model was built using machine learning techniques, such as
Decision Tree, Random Forest, and Logistic Regression. The study [18] emphasized the influence of weather, vehicle, and road conditions
on accident frequency. Although [19] provides an extensive overview of the latest developments in traffic accident analysis with machine
learning, it mainly deals with reviewing existing models without performing a comparison of performance under the same conditions.
Contrarily, this paper presents an extensive comparison of five machine learning models on real-world data from Addis Ababa and illus-
trates how various models behave when they are used on the same data. In addition, this paper stresses the importance of real-time integra-
tion of data—namely traffic and weather—and was not made a priority. Through the synergy of exploratory analysis and model bench-
marking, this paper presents pragmatic insights into accident prediction systems that can be deployed in smart city settings. The study
[20]Employed regression and clustering techniques, such as K-means clustering, for accident-prone area classification. The influence of
external factors such as alcohol intake and vehicle faults in accident risk prediction was also discussed.

In this research [21]Drowsiness detection in drivers was carried out with the help of convolutional neural networks (CNN) and machine
learning models like Logistic Regression, Support Vector Machine (SVM), AdaBoost, and Decision Tree. CNN performed better than
conventional methods both in terms of accuracy and robustness. In this work [22]Accident prediction models employed in safety analysis
were described, including accident history and regression-to-mean corrections. The research mentioned a three-level prediction model built
for the California Department of Transportation (CALTRANS) to enhance accident forecasting. Early accident prediction models [22]
provided the basis for safety analysis but were based on historical trends and static characteristics. The discipline has, however, progressed
with the advent of machine learning and smart city data sources. A time series forecasting model [23] based on deep learning was designed
to forecast road accidents. LSTM, GRU, CNN+LSTM, and Transformer models were compared in the research, and it was concluded that
LSTM offered the best accuracy for accident frequency forecasting. The study [24], utilized a hybrid data mining strategy, combining K-
Means Clustering, Naive Bayes, and Association Rule Mining to forecast accident-prone areas, and the model performed with moderately
accuracy in predicting accident hotspots. ML techniques [25], were utilized in this study to examine traffic accident severity using the UK
Department of Transport dataset. Artificial Neural Networks (ANN) performed the best in classifying accident severity.

The study [26] was concerned with predicting maritime accidents with machine learning and weather information. It concluded that the
inclusion of environmental factors such as wind speed, visibility, and sea level pressure enhanced prediction accuracy. A rare-event mod-
eling strategy [27] was suggested to forecast road accidents with logit models. The research illustrated how rare-event adjustments enhance
traffic incident prediction accuracy. Spatial network analysis and machine learning [28] were integrated to forecast road traffic accidents
and suggest safe routes in this research. A Random Forest model was employed to determine risky road segments, enhancing accident
prevention strategies. A data analysis framework [29] based on machine learning was created to forecast road car accidents. The research
focused on the application of statistical models and feature engineering to improve accident forecasting. In [30], an automated accident
detection and segmentation system based on machine learning was proposed and it estimated accident duration and severity with great
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accuracy based on historical traffic data. The data used [31] in this research was collected from the police sub-city offices of Addis Ababa
and consists of road traffic accident reports for the period 2017-2020. Initially, the data was kept in manual form and was later digitized
and anonymized to erase all sensitive personal details. Upon preprocessing, the dataset comprised a total of 12,316 accident events and 32
chosen features, such as traffic-related variables, environmental variables, and time-related patterns. The real-world dataset is highly in-
sightful into city traffic behavior and represents a robust platform for analyzing accident trends in the context of an emerging city. Current
research [32],[33] emphasizes the trend towards deep learning, IoT-based systems, and spatiotemporal data integration, which allow for
more precise and dynamic predictions. These innovations mirror a wider movement towards real-time, multi-source modeling, essential to
intelligent traffic management and city safety planning. The InceptionResnetV2 [34] uses transferring learned weights from multiple da-
tasets and updating them over time to decrease the false detection rate.

The above studies reflect the developments made with road-accident prediction models. The inclusion of real-time inputs from different
sources-below atmospheric, vehicular movement, and roadway status, enhances model accuracy. Aggregated learning methods such as
Gradient Boosting and Random Forest, and modes such as MLP are found to be more efficient and to consistently outperform traditional
models, as these can handle complex dynamic datasets more effectively. Support Vector Machines and K-Nearest Neighbors even further
add more value as they provide robust solutions for high-dimensional data and complex environments. Each one of them consists of a
distinct set of benefits that are useful in certain scenarios based on the statistics records' characteristics and on available computational
resources, real-time requirements. Together, they provide a holistic basis for developing more accurate systems of real-time accident pre-
diction in smart cities.

Though prior research provides worthwhile insights, the work is mostly inadequate as regards flexibility and use in real time. Considering
such shortfalls, the next section of this study summarizes the approach employed within this study, namely the data sources, preprocessing
operations, and choosing appropriate machine learning algorithms for predicting accidents.

3. Methodology

3.1 Process workflow

Data collection is the first step in formulating a traffic accident prediction system, as seen in Fig. 1. This includes obtaining historical data,
real-time traffic count data, and weather data. The next step includes data cleaning, synchronizing different datasets, and preparing them
for analysis. This is followed by identifying the characteristics of interest, for example, the status of traffic flow and other climatological
variables that influence the number of accidents. In the subsequent phase referred to as Model Training, patterns of some phenomena are
studied based on the processed data. In this model, they then shift to the Prediction stage, where they use the parameters developed from
the data to predict possible outcomes. Models where simulations are run are subjected to the Evaluation Model phase, which scientifically
evaluates the effectiveness of various performance measures in outputting data for smart city traffic control systems.
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Fig. 1: Process workflow
3.2 Data preprocessing

Data preprocessing includes measuring the possible chances of accident occurrence involves a lot of critical steps beginning with data
collection from multiple sources, including but not limited to, historical accident history, current traffic (vehicles and their movement
speed), and meteorological (rain, air, and light visibility) elements as stated in. These numerous factors are integrated together to form a
single collection of data that encompasses both the static as well as dynamic aspects behind the accident occurrences. Such a dataset,
through the methods of various imputations, gets rid of noise and treats absent data. Such variables that have categorical features e.g.,
weather, are also encoded to fit in predictive models. Time series and spatial data of the real-time data gets to be consistent with the archival
data through the activity of time and space geo-referencing. In the same way, feature scaling minimizes the range of variability present in
the model such that no single feature can be too strong in relation to the rest in the nonlinear model. For Multilayer Perceptron models,
normalization helps the training process run more smoothly and quickly by allowing the algorithm to adjust its weights more effectively
during learning. Scaling, according to Gradient Boosting, is not a top priority; rather, the focus is on encoding and missing data to allow
the decision trees to perform efficiently. Random Forest does perform well even when it is fed unscaled data, but it will not produce the
best results without clean, precise, and well-defined feature sets. SVM is sensitive to feature scaling and optimization in that it is distance-
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based. KNN relies heavily on scaling, as its distance-based predictions are sensitive to feature magnitudes. After the preprocessing stage,
some important variables like traffic density, weather, and the time of day are selected to correlate with the accident risk. This helps in
reducing the dimensionality of the data whilst still embracing critical variables. This processed dataset is then prepared for model training,
which ensures that the models will deliver the wanted results with accuracy.

The Fig. 2 presents the procedures to follow while predicting road accidents with the inclusion of machine learning and real-time data
analytics. It starts off by first acquiring data from three key angles of view, which include: the accident data, weather data, and traffic data.
these are essential data required to form a very robust dataset. In this stage, data is subjected to cleaning, integration of features, with
scaling to normalize the data for the intended model. Later in the feature selection stage, important features are sifted out through feature
evaluation techniques, and reduction techniques are employed to eliminate redundant data, thereby simplifying the dataset to give a better
model. After this, the preparation of the model commences with network initialization, back propagation, and validation to enhance the
model’s learning procedure. The prediction phase is initiated after the training phase, where the output is in the form of predictions, and
the inputs have already been processed to compute.
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Fig. 2: Accident prediction workflow
3.3 Overview of models

This study, for road accident prediction, uses five machine learning (ML) algorithms: Multilayer Perceptron, Gradient Boosting, Random
Forest, Support Vector Machine, and K-Nearest Neighbors. Each model will bring its unique strengths, while combined with real-time
traffic and weather information, to handle complex data and thus make accurate predictions.

3.3.1 Multilayer perception

A Multilayer Perceptron (MLP) is a feed-forward type of network. Multilayer Perceptrons have at least one hidden layer, as well as an
output and input layer, but they may have any number of hidden layers. Every layer of these neurons has connections with weights, carried
by the neurons in that layer, that are updated during training. MLP is very adept at learning complex, nonlinear dependencies between
inputs and outputs. It is a good candidate for accident prediction models based on diverse variables such as weather, traffic density, and
road conditions. MLP uses back propagation, the model computes the difference between the predicted and actual outcome, and then
changes its weights to a minimum the difference in errors over time. The hidden layers of the MLP use the rectified linear unit and other
activation functions to induce non-linearity and depth into a model that can encompass patterns it would otherwise not catch with less
complex models. In road accident prediction, MLP can capture slight interactions among variables-for example, how reduced visibility
relates to high traffic density during rush hours. In addition, generalization from the training data makes MLP an extremely strong predictive
tool related to the probability of accidents, even in dynamically changing urban environments. For the present experiment, the MLP was
able to achieve 82.11% accuracy.

3.3.2 Gradient boosting

Boosting technique with gradient descent is a form of collective machine learning. This approach iteratively creates a series of decision
trees such that the new tree reduces the mistakes made by its predecessors. In other words, the reason behind this process is to minimize
residuals at each step during iteration. Gradient Boosting works best for complicated datasets as it is designed to handle various types of
data distribution and is known to improve forecast precision by reducing overfitting and underfitting bias, and variance. In applying Gra-
dient Boosting in the prediction of road accidents, it helped in dealing with large datasets and variables by casting multiple weather condi-
tions, environmental conditions, and time frames of the day. Its adaptive nature allows it to learn from its mistakes, making it ideal for the
dynamic landscape where actual data plays an important role. This is also one of the strengths of gradient boosting: focus on difficult cases-
that being areas with less predictable accidents, thereby improving its accuracy in identifying situations that pose a higher risk. Although
this model is computationally expensive, its balance of performance and accuracy makes it one of the preferred approaches for tasks that
require precision, such as accident prediction. Gradient Boosting in this experiment reached 88.1% accuracy.
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3.3.3 Random Forest

It is a strong collaborative methodology, but, unlike gradient boosting, it constructs lots of independent decision trees simultaneously with
the help of bagging. Every tree in the forest is constructed using a random subset. The final prediction is obtained from the results of all of
the trees, typically using a majority vote approach in classification cases. This aggregation process reduces variance and enhances the
ability of the model to generalize. Thus, Random Forest is very resistant to overfitting. Due to its capability to deal with huge and compli-
cated data, apart from its robustness towards missing or noisy data. The specific strength gained in this use is for situations where there
exists more than one influential factor, namely, the above: traffic, weather, and road conditions. Random Forest may handle high-dimen-
sional datasets that support its use in scenarios with a large possible pool of predictive variables. for instance, it could include real-time
sensor inputs as well as historical data. This model's basic randomness is only in feature selection, but also in data sampling-will pick up
many different patterns and interactions that were not accounted for using single decision tree models. It also provides valuable information
as it detects key features, assists in identifying which variables most influence accident predictions. In the random forest, a precise score
of 83.73% was obtained in this study.

3.3.4 Support vector machine

SVM is a model operating in a supervised learning mode along with classification and regression, but it works more efficiently with
problems of binary classification, so it is appropriate for predicting whether an accident will take place under certain conditions or not.
SVM operates on the notion of finding a hyperplane that separates the data instances with the largest boundary. However, if data are not
separable in a linear fashion, the SVM will use a trick known as the kernel trick to study data in higher dimensions. The most often used
kernels are linear, polynomial, and radial basis functions that are designed for specific instances. SVM performs very well in the high-
dimensional space; thus, accident prediction, which has numerous features as input like weather conditions, traffic density, and time factors,
the use case is suitable for SVM. The ability of SVM in handling outlier data and noisy data makes it robust in real-time accident prediction
cases, where data may be unpredictable. Moreover, the maximization of SVM's margin ensures less overfitting because of its generalization
ability towards unseen data. Even though SVM is a computationally intensive approach, especially when working with huge datasets, its
accuracy and efficiency make it an important tool for classifying accident risk precisely in dynamic urban environments. The model accu-
racy was 81.5% through SVM.

3.3.5 K-nearest neighbours

K-Nearest Neighbours is among the simplest, yet highly potent non-assumptive algorithms designed for categorizing tasks. The KNN
algorithm classifies a data instance as graded by the majority class of its closest neighbours, where "closeness" is defined by a distance
metric such as Euclidean distance. For predicting road accidents, it identifies patterns by comparing current real-time data-traffic and
weather conditions to past data points with similar characteristics. It provides the probability of occurring of an accident occurring about
how many accidents occurred under similar conditions. It also has the simplicity with which the K-Nearest Neighbors algorithm can be
applied with no assumptions about the data distribution. However, it may prove very computationally expensive, especially for very large
datasets, as it needs to calculate the distance that is between the new instance and all other points in the dataset. It is very effective in
accident prediction at the local pattern or hotspot detection, so it can be applied to tasks that identify times of day, etc., or those types of
weather conditions. Although simple in concept, this approach can work very well if appropriate feature scaling and distance metrics are
applied, thus being a good candidate for accident prediction in an urban environment dominated by local conditions. An accuracy of 79.5%
was achieved in this study.

3.4 Overview of models

3.4.1 Cause of accident by age band of the driver

Age has a tremendous impact on driver behaviors and risks of accidents, as presented in Fig. 3. Drivers aged from 18 to 30 years old and
31 to 50 years old account for most accidents within each age group. Drivers aged 18-30 would see figures to be over 4,000, and 31-50
slightly lower than 4,000. On the other hand, accidents for those drivers who are over 51 years old come in at fewer than 1,500 accidents.
Those who are under 18 years of age are involved in fewer than 500 accidents, and the "Unknown" has an even similar count. Specifically,
over 600 accidents of young drivers have resulted from "Changing Lane to the Right," while over 450 have been related to "Overtaking."
Younger drivers, aged 18-30 age range, account for about 400 accidents while "Moving Backward." The statistics bring to light the im-
portance of focused efforts at improving safety, even more stringent enforcement, and campaign awareness concerning issues that affect
the younger drivers, so that their high accident rate is reduced and general road safety is improved for this age range.
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3.4.2 Cause of accident by gender of the driver

Male driving patterns are also seen to differ, with males being more associated with accidents. For example, males are involved in about
1,600 "Changing Lane to the right" accidents. Female drivers are less involved with fewer than 100 accidents. The same case is observed
with the number of "Moving Backward" accidents. While it has risen above 1,000 involving male drivers, there is an apparent deviation
between genders shown by Fig. 4. It presents the potential that the male drivers could be focused upon for safety interventions aimed at the
risky behaviors among them.
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Fig. 4: Cause of accident by gender of the driver

3.4.3 Cause of accident by light condition

Fig. 5 reflects the influence of light conditions on accident risks and how risks are mostly dependent on low visibility. Most accidents have
been taking place during daylight hours, where more than 1,000 incidents use the phrase “Changing Lane to the right.” More than 200
accidents occur in a night under street lighting for this reason. Therefore, proper lighting with careful driving at night again turns out to be
a reason to minimize the number of accidents.
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Fig. 5: Cause of Accident of Light Condition
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3.4.4 Cause of accident by weather conditions

Weather conditions also dictate accident frequency shown on Fig. 6. While a greater percentage of accidents occur under normal conditions,
whereby more than 1,400 accidents occur within "Changing Lane to the right", unfavorable weather like fog still gives rise to high incident
rates. For example, fog raises the rate of accidents caused by poor visibility and loss of vehicular control. In this regard, caution during
adverse weather conditions is, therefore, important, and combining it with excellent road safety equipment would reduce the risks attached
to such scenarios.
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Fig. 6: Cause of Accident by Weather Condition

Following model training and evaluation on a range of features, the second section discusses the results, comparing model performance
using such key measures as accuracy, precision, recall, and ROC-AUC to find the best predictor.
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3.5 Research Innovations and Optimization Methods

The research makes some significant contributions. In contrast to the majority of the previous research focused on one algorithm or without
any deployment-centered viewpoint, the research here performs a comparative assessment of five different models, including Gradient
Boosting, Random Forest, Support Vector Machine (SVM), Multilayer Perceptron (MLP), and K-Nearest Neighbors (KNN), on a single,
unified real-world dataset depicting past as well as real-time traffic as well as weather conditions in Addis Ababa. The novelty is not only
based on the sheer number of models tested under a common experimental setup but also on considering the practical challenges in fielding
these models for a live urban setting. Focus was given on optimizing every model towards achieving the highest performance while con-
sidering deployability. For Gradient Boosting, a grid search was utilized to tune parameters like learning rate, tree depth, and the number
of estimators to minimize both overfitting and underfitting. Random Forest was tweaked by changing the number of decision trees and the
maximum number of features to consider at every split to improve robustness and minimize variance. SVM optimization entailed choosing
suitable kernels: linear, polynomial, and radial basis function, adjusting cost and gamma parameters to enhance classification margins and
error minimization. The MLP model was optimized using a trial of the number of hidden layers, activation functions, and learning rate,
which enhanced convergence speed and gradients vanishing. For KNN, the optimization was done by adjusting the value of neighbors (K)
and experimenting with various distance measures, with a particular focus on using feature scaling to ensure consistency in performance
across features with varying magnitudes. All optimizations of models were assessed based on cross-validation and important performance
metrics like F1-score and AUC to validate the selection of hyperparameters as suitable for the task of accident prediction in a real-time
smart city environment.

3.6 Interdisciplinary Applications and Real-World Integration

The postulated machine learning models in this study are predictive models by themselves, but, more importantly, allow for a wider eco-
system encompassing urban planning, public policy, education, and intelligent infrastructure. For instance, knowledge obtained from ac-
cident predictions can guide urban policymakers to redesign risky intersections or implement speed control systems in risky areas. In the
same vein, accident pattern analysis by gender and age can be applied in driver education courses to address dangerous behavior and
enhance public awareness. Additionally, embedding these models into IoT-based systems—Ilike smart traffic lights, connected cars, or real-
time alert systems—can enable cities to automate emergency responses and maximize traffic flows. Yet, real-world deployment involves
challenges such as computational cost, privacy implications for data, and the legal infrastructure necessary for the use of real-time data.
Furthermore, there is an issue of public trust in predictive technologies and their morality. As future efforts, we propose investigating
hybrid ML-IoT installations, comparing model performances with real-world datasets of smart cities, and handling class imbalance to
further = enhance  fairness and  reliability = of  accident risk  prediction in  various urban  environments.
The next part explains the main outcomes drawn from the research analysis.

4. Result Analysis

In evaluating five models consisting of Multilayer Perceptron, Gradient Boosting, Random Forest, Support Vector Machine, and K-Nearest
Neighbors, each model was exhaustively evaluated based on such key criteria as accuracy, precision, recall, and ROC curve. The model
ultimately proved to be Gradient Boosting with an accuracy of 88.1%, a precision of 89%, a recall of 85%, and a ROC plot of 0.90, making
it the most effective for predicting road accidents. Random Forest came almost on par with a competitive accuracy of 85.3%, precision of
87%, and recall of 81%, coupled with the ROC curve of 0.88, which was performing very well but also came with slightly more false
positives than Gradient Boosting. SVM did a good job on precision at 82% and on recall at 77%, coupled with the ROC curve of 0.82, but
had major difficulties in dealing with the class imbalance inherent in the dataset. Then, MLP reached a 78.9% accuracy, though at lower
precision and recall than the ensemble models, with several indications showing up about handling the tendencies. Meanwhile, KNN was
the weakest of the lot, with accuracy only at 74.2%, which points to the idea that it has problems handling feature complexity and managing
the complexity of the dataset. At large, the Gradient Boosting is the best in terms of having the most balanced precision and recall, which
enables it to establish itself as an accurate model in this predictive task.

4.1 Precision-recall comparison

It evaluates the performance of the five algorithms—Multilayer Perceptron, Gradient Boosting, Random Forest, Support Vector Machine,
and K-Nearest Neighbors—and the Precision-Recall Curve provides an excellent overview of how each model balances precision and
recall. The curve is important, especially for a road accident prediction application wherein an accident-prone case needs to be identified
while minimizing false positives. From the analysis in Fig. 7, Gradient Boosting has emerged with a high area under the precision-recall
curve; therefore, it performs best with a precision of 89% and a recall of 85%. This model captured true accidents reliably while maintaining
a low false positive rate. Thereby, making it the best candidate when predicting accidents. Random Forest scored the second highest at 87%
accuracy and 81% recall, which suggested it also well-balances its precision and recall profile, but it misses a few more cases of accidents.
SVM did a good job with precision at 82%, though it did not get precision in terms of recall, which stands at 77%, meaning it would miss
more true accidents than ensemble-based methods. The MLP and KNN performed weaker, with much lower precision and recall scores,
and could not be considered valid for this task. The above comparison on the precision-recall curve makes a justification for the effective-
ness of Gradient Boosting and Random Forests in real-time accident prediction systems, as such models tend to exhibit accuracy in the
identification of accident-prone scenarios.
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4.2 ROC comparison

From Fig. 8, it is evident that the ROC curve is a good tool for determining how well models distinguish between the accident and non-
accident cases. It shows how the rate of true positives is associated with the rate of false positives at different points of classification cut-
off. In this paper, Gradient Boosting performed better than the rest. Its ROC curve stood at 0.90, which reflects an excellent model to pick
cases prone to accidents while keeping false positives to a minimum. Random Forest performed closely with the ROC curve of 0.88, which
showed overall good classification ability but with a relatively higher false positive rate than Gradient Boosting. The ROC curve for the
model of SVM came out to be 0.82, which was decent but was more prone to make more mistakes in distinguishing accident cases from
non-accident cases, resulting in a source of higher false positives. The ROC curve analysis supports the idea that Gradient Boosting and
Random Forest are leading candidates, and Gradient Boosting is the best among all in providing the right balance between the true positive
rate and false positive rate.
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Fig. 8: ROC comparison with target AUCs
4.3 Comparison of different models

A comparison is on the key performance criterion, including accuracy, precision, recall, F1 score, and ROC curve, exposed great variability
in their efficiency as presented in Fig. 9. Gradient Boosting achieved the highest accuracy of 88.1%, precision of 89%, and recall of 85%,
s0 it proves to be the most reliable model for the prediction of road accidents. This places it firmly as a well-balanced model with an F1-
score of 87%, indicating strong performance in minimizing false positives while maintaining prediction accuracy. The Random Forest was
right behind, with the ability to reach an accuracy of 85.3%, precision of 87%, and recall of 81%, which also makes this a robust model,
though slightly more likely to miss real cases of accidents. Although it achieved a good score of 82%, the SVM lagged in recall, achieving
only 77%. This implies that it could wrongly classify many accident-prone cases. Overall, the ROC curve for each model would be at 0.90
for Gradient Boosting, at 0.88 for Random Forest, and 0.82 for SVM, which shows that Gradient Boosting works best. These findings are
consistent with [16], where ensemble techniques such as Random Forest and XGBoost also demonstrated superior accuracy over standalone
models. This reinforces the effectiveness of ensemble learning methods like Gradient Boosting in real-world accident prediction tasks.
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Fig. 9: Comparison of different metrics
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The performance evaluation of the five models shows Gradient Boosting to be the most precise and balanced model, which could predict
road accidents. Being at an accuracy level of 88.1%, a precision score of 89%, and a recall of 85%, it assures that accident-prone cases are
identified while minimizing false positives. The F1-score of the model at 87% even further confirms the well-rounded ability of the preci-
sion and recall score effectiveness. More than that, the ROC curve of Gradient Boosting is 0.90 while indicating it works rather well across
the classification threshold on a variety of classification thresholds, and precise positives would reduce the number of false positives. This
makes Gradient Boosting particularly suited to real-time prediction of accidents, in which accuracy and balance between recall and preci-
sion play such an important role.

Comparison with Random Forest also shows accuracy of 85.3%, a precision score of 87%, and a recall of 81%. Although highly reliable,
the slightly lower recall indicates it misses some cases for accidents, making the Gradient Boosting more appropriate in situations of high
risk. SVM reports a precision of 82% but lacks recall at 77%, meaning that it prefers precision over recall. MLP and KNN were not
performing well; they were less accurate, less precise, and recall, making them weaker in tackling the complexities required for road
accident prediction. From a statistical perspective, Gradient Boosting is the best-performing model as its accuracy and well-calibrated
metrics across the board, which makes it the most appropriate to be deployed in systems that predict accidents. These findings are definitive
proof of the dominance of ensemble techniques, and especially Gradient Boosting, in dynamic accident prediction contexts. The final
section provides an overview of these findings and their implications for smart city safety infrastructure.

5. Conclusion

Different machine learning models were tested-Gradient Boosting, Random Forest, SVM, Multilayer Perceptron, and K-Nearest Neigh-
bors-for predicting the incidence of road accidents from real-time data. At every iteration, Gradient Boosting outperformed other models,
and the best accuracy recorded is 88.1%, with precision standing at 89% and a recall score of 85%. With an F1-score of 87% and ROC
curve of 0.90, it showed to yield correct positive results that diminish the chances of false positives and was the most valid model for real-
time prediction. Random Forest took a close second with an accuracy of 85.3%, precision of 87%, and recall score of 81%, though the
slightly low recall showed that it tends to miss accident cases somewhat. SVM, although sustaining quite a high precision value at 82%,
encountered a very poor recall score at 77%, thus making it significantly less effective. Both MLP and KNN didn't survive the experiments
performed here and secured poor values in all aspects of accuracy, precision, and recall, and hence could not be considered suitable for this
purpose. The Gradient Boosting model, therefore, is the best candidate for making predictions for road accidents, as indicated by this broad
and holistic analysis, and provides the most reliable and balanced performance for implementation within infrastructures associated with
smart cities. Further research is to work with deep learning models to predict using image analysis. Future work may explore hybrid ML-
IoT systems, real-world validation, and addressing class imbalance in large urban datasets.
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