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Abstract: The enhancement of emergency
communication systems in smart cities for mitigating
road traffic accidents (RTAs) using machine learning
(ML) techniques. It focuses on the application of
supervised ML models, particularly Random Forest,
integrated with feature selection methods like Principal
Component Analysis (PCA) and Association Rule
Mining (ARM), to classify and predict emergency
scenarios based on the RTA dataset. The study achieves
an overall accuracy of 80%, with PCA reducing training
time by 30% and ARM improving interpretability by
identifying significant accident-related patterns, such
as correlations between road conditions, time of day,
and severity. However, challenges like class imbalance
evidenced by a single instance of Class 0 versus nine of
Class 1 result in a precision-recall trade-off, with Class
0 showing perfect recall (1.00) but low precision (0.33).
The paper highlights the potential of ML driven
frameworks to optimize emergency response efficiency
while addressing limitations such as data imbalance,
scalability, and real-time processing. Future directions
include integrating deep learning models (e.g., CNNs
and RNNs), IoT-based real-time data acquisition, and
federated learning to enhance predictive accuracy and
applicability in dynamic urban environments, laying
the groundwork for robust, adaptive emergency
communication systems.
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I. Introduction
Emergency response systems play a crucial role in
mitigating the impact of road traffic accidents (RTA),
where rapid and efficient communication is essential to
ensure timely medical intervention and resource
allocation. Machine learning (ML) techniques have
emerged as powerful tools in analyzing accident data,
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enhancing predictive capabilities, and improving
decision-making processes in critical situations[1].
However, challenges such as class imbalance and
model precision pose significant hurdles in deploying
robust emergency classification models. The
effectiveness of ML models in emergency scenarios is
often evaluated through key performance metrics,
including accuracy, precision, recall, and F1-score.

Emergency communication in smart cities plays a
pivotal role in mitigating road traffic accidents (RTAS)
by enabling efficient response and resource allocation.
Traditional emergency response systems often rely on
centralized architectures, such as wireless sensor
networks (WSNs) and Internet of Things (10T) devices,
to collect and transmit accident-related data. However,
these systems face limitations due to network failures,
congestion, and data inconsistencies[2]. To address
these challenges, machine learning (ML) has been
widely explored as a solution to enhance the predictive
and analytical  capabilities of  emergency
communication systems.

Supervised ML models, particularly decision trees and
ensemble learning methods such as Random Forest,
have shown promise in accident classification and
response optimization. Breiman (2001) introduced
Random Forest as a robust classification method
capable of handling high-dimensional datasets while
reducing overfitting. In the context of RTA
classification, ML models are evaluated based on
metrics such as accuracy, precision, recall, and F1
score, which help in assessing the model’s ability to
correctly identify accident types and predict emergency
response times. The results from the RTA dataset
indicate an overall accuracy of 0.80, with strong recall
for Class 0 (1.00) but lower precision for the same class
(0.33). This suggests a potential trade-off between
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model sensitivity and specificity, a common challenge
in accident detection models[1].

An important issue observed in the RTA dataset is class
imbalance, where Class 0 has only one instance
compared to nine instances of Class 1. Imbalanced
datasets are known to bias ML models toward the
majority class, affecting classification performance[3].
To address such issues, various techniques, including

oversampling, undersampling, and cost-sensitive
learning, have been proposed in the literature.
Additionally, deep learning models such as

convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) have demonstrated superior
performance in accident prediction by extracting
complex spatial-temporal patterns from urban traffic
data[4]. However, their computational demands make
them less feasible for real-time emergency
communication in resource-constrained environments.

Recent advancements also highlight the integration of
graph neural networks (GNNs) in traffic accident
prediction, where urban road networks are represented
as graph structures to improve accident hotspot
detection and response routing[5]. Moreover,
blockchain technology has been explored for enhancing
secure and decentralized emergency communication
frameworks, reducing the risk of data tampering during
accident reporting[6]. Despite these advancements,
challenges such as real-time data processing,
scalability, and privacy concerns remain unresolved.

In summary, the literature underscores the need for
robust, adaptive, and scalable ML models to improve
emergency response efficiency in smart cities. While
the results from the RTA dataset demonstrate
promising accuracy and recall rates, improvements in
handling class imbalance and optimizing precision-
recall trade-offs are necessary. Future research should
focus on integrating federated learning, hybrid ML
models, and advanced data augmentation techniques to
enhance real world applicability in emergency
communication systems.

1.1 Motivation
1.1.1 Rising Trend in Road Fatalities: The graph
clearly shows a consistent increase in the number of
road deaths in India from 1971 to 2021, emphasizing
the need for immediate and effective safety measures.

1.1.2  Persistent High Death Rate: Despite
technological advancements and policy interventions,
the death rate remains significantly high, indicating
gaps in accident prevention strategies and emergency
response systems.

1.1.3 Delays in Emergency Response: Many fatalities
occur due to delayed accident detection and medical
assistance, which can be reduced by real-time
emergency communication frameworks utilizing Al,
IoT, and data analytics.

Road safety in ndia (1971 10 2021

1.1.4 Critical Need for Effective Emergency
Communication: Emergency situations demand fast
and reliable communication to save lives and minimize
damage.

1.1.5 Advancements in ML and Networking: The
potential of combining Random Forest with PCA and
Association Rule Mining offers improved prediction
Accuracy.

II. The Proposed Method

The research paper integrates multiple techniques to
enhance emergency communication using machine
learning. The key methods used are:

2.1 Random Forest for Emergency Communication
Enhancement: A supervised machine learning
algorithm that classifies and predicts emergency
scenarios based on historical accident data[7].
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2.2 Data Preprocessing Techniques

2.2.1 Dataset Selection: The RTA dataset is chosen for

its detailed coverage of real-world accident scenarios.

2.2.1.1 Data Cleaning & Preprocessing:

e Data is imported using Python libraries
(Pandas).

e (ategorical variables are encoded using
LabelEncoder from sklearn.preprocessing|[8].

e The dataset is split into training and testing sets
using train_test split with an 80-20 ratio for
model evaluation.

2.3 Feature Selection Methods

2.3.1 Principal Component Analysis (PCA):

e Reduces the dataset's dimensionality while
retaining the most significant information[9].

e Standardizes the dataset, computes covariance
matrices, performs eigen decomposition, and
selects key components with high variance.

2.3.2 Association Rule Mining (ARM):

e Identifies meaningful feature relationships
using Apriori, FP-Growth, or ECLAT
algorithms[10].

e Extracts key feature combinations that enhance
model accuracy.

2.4 Machine Learning Model Training: The Random
Forest model is trained on the preprocessed and
feature selected dataset to predict emergency
scenarios efficiently[7].

2.5 Model Evaluation Metrics[1]:

2.5.1 Accuracy, Precision, Recall, and F1-score to
measure classification effectiveness.

2.5.2 Anomaly Detection Rate using an
Autoencoder to identify rare emergency cases.

2.5.3 Computational Efficiency Analysis to

evaluate training and inference times.
Key Findings:

e The Random Forest model achieved 80%
accuracy in predicting emergency events.

e PCA based feature selection reduced training
time by 30% while maintaining prediction
accuracy.

e ARM improved model interpretability by
selecting significant feature relationships.

This combination of machine learning, statistical
analysis, and data mining techniques ensures a robust

and efficient emergency communication system for
smart cities.

[ RTA Dataset ]
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Figure 2: The proposed model

II1. Feature Selection and
Model Implementation

3.1 Feature Selection:

The research utilizes Principal Component Analysis

(PCA) and Association Rule Mining (ARM) to

optimize feature selection and enhance model

performance.

1. Principal Component Analysis (PCA)

¢ Dimensionality Reduction: PCA is applied to
reduce the dataset's complexity while
preserving essential information[9]. Once PCA
identifies the top k principal components, the
original standardized data matrix Z(size: nxp) is
projected onto a lower-dimensional subspace:
Zreduced =2Z- Wk

Where:
e 7 = standardized data matrix
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(mean =0, std = 1), shape nxp,
e Wi = matrix of the top keigenvectors
(principal components), shape pxk,
e Zreduced = transformed data in reduced
k-dimensional space, shape nxk.

e Standardization: The dataset is normalized to
ensure uniform feature scaling[11]. Before
applying PCA, data must be standardized to
have zero mean and unit variance:

A —p
="

o
Where:
e X is the original data matrix,
e s the mean of each feature,
e o is the standard deviation of each
feature,
e Zis the standardized data.

e Covariance Analysis: The covariance matrix is
computed to identify correlated features.

: 72Tz
n—1

C=

Where:
e ( is the covariance matrix,
e 7 is the standardized data matrix,
e 1 is the number of observations.

e Eigenvalue Decomposition: The principal
components with the highest variance are
retained[11]. Solve for eigenvalues (A) and
eigenvectors (v):

Cv =)A\v
This gives you the directions (principal
components) and the amount of variance
explained by each component (eigenvalues).

e Optimal Component Selection: Based on
eigenvalues, only the most influential
components are chosen, improving model
efficiency. Sort the eigenvalues in descending
order and choose the top k components that
explain the most variance. The variance
explained by each component is:

A
Explained Variance Ratio = ——
S‘[ ll\j
Where:
e A_is the i-th eigenvalue,

e p is the total number of features.

2. Association Rule Mining (ARM)

e Feature Dependency Analysis: ARM
techniques such as Apriori or FP Growth help
discover significant relationships between

accident features|[ 10]. This involves identifying
frequent patterns using itemsets. The key metric
is Support:

Number of Transactions Containing A

Support{Ad) = T VI T ST T B
I'otal Number of Transactions
Measures how frequently itemset A appears in
the dataset.

For a rule A=B, the joint support is:

. . Number of Transactlons Containing A B
Support{A = B) — — eluter = a0
Total Transactions

¢ Rule Generation: The system identifies key
feature associations (e.g., accident severity
linked to road conditions or time of day).

e Threshold Based Selection: Features with
strong support and confidence values are
prioritized.

(i) Minimum Support (min_sup):
Only consider itemsets where:
Support(A = B) > min_sup

(i) Minimum Confidence
(min_conf):
Accept rules only if:
Confidence(A = B) > min_conf

These methods enhance classification accuracy and
reduce computational overhead while maintaining
predictive power. The features used in RTA Dataset are
as follows:

3.1.1 Age band_of driver
3.1.2 Sex_of driver

3.1.3 Educational_level

3.1.4 Vehicle_driver_relation
3.1.5 Driving_experience
3.1.6 Lanes_or_Medians
3.1.7 Types_of Junction
3.1.8 Road_surface_type
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3.1.9 Light_conditions
3.1.10 Weather_conditions
3.1.11 Type_of_collision
3.1.12 Vehicle_ movement
3.1.13 Pedestrian_movement
3.1.14 Cause of accident

= ~

9 “ (TR I ] (‘n(.vu_-.. -
Figure 3: Screenshot of CSV file with 12,317 records based on 14
features.

3.2 Model Implementation: The Random Forest
classifier is selected as the primary model due to its
robustness in handling complex datasets.

3.2.1 Data Preprocessing & Splitting:
e Dataset Loading: The RTA dataset is
preprocessed using Pandas and NumPy.
e Label Encoding: Categorical features are
transformed into numerical values using

LabelEncoder from sklearn.preprocessing.
e Train-Test Split: The dataset is divided into an
80-20 ratio for training and testing[12].

Figure 4: Screenshot of Data Preprocessing and Splitting.

3.3 Random Forest Model Training:
e Model Initialization: The Random Forest
classifier 1is instantiated with optimized
hyperparameters[13].

e Bootstrap Aggregation: Multiple decision trees
are trained on random subsets of the data.

e Majority Voting Mechanism: Predictions from
all trees are combined to generate the final
classification output.

Figure 5: Screenshot of training Random Forest Model.

1. Gini Impurity (for Classification Trees): Used to
decide the best split at each node in a decision tree[ 14].

(
Gini(D) =1~ p?
-1

Where:
e D is the dataset at a node.
e C is the number of classes.
e piis the proportion of class i in the dataset D.
2. Information Gain (based on Entropy) (Al/ternative
to Gini):
I1G(D. A) = Entropy(D) S

e Values{A)

e Entropy(D, )
Dl ntropy(D,)

Where:
e Ais the feature used to split.
e Dv is the subset of D for value v of feature A.

e Entropy is:
o

Entropy(D) = Z p; log, p;
i-1

3. Ensemble Prediction (Majority Voting for
Classification):
If there are N decision trees T1,T2,...,Tn, then
the final prediction y” is:
g = mode(Ti(z), Tx(x), ..., Tn(z))

Where, x is the input feature vector.

3.4 Evaluation Metrics: An evaluation matrix is a
valuable tool for systematically evaluating and
comparing alternatives or options based on
various criteria[1].
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e Accuracy Score: Measures overall model
correctness. The accuracy of a classification
model is the ratio of correct predictions to the
total number of predictions made.

Accuracy = it L
T TP+ TN 4+ FP 4+ FN

Where:

TP = True Positives (correctly predicted positives)

TN = True Negatives (correctly predicted negatives)

FP = False Positives (incorrectly predicted positives)
FN = False Negatives (incorrectly predicted negatives)
e Precision & Recall: Evaluates class-wise
prediction reliability[15].
o TP
Precision TP | FP

And,

P
Recall = o pv

e F1-Score: Balances precision and recall for a
comprehensive assessment. The F1 Score is the
harmonic mean of Precision and Recall,
providing a balanced metric when you need to
consider both false positives and false
negatives.

Precision x Recall
F1 Score — 2 x -

Precision + Recall
e Confusion Matrix: Provides a detailed

breakdown of classification errors.

IV. Results

The implementation of the Random Forest classifier on
the RTA dataset yielded significant insights into the
effectiveness of machine learning in enhancing
emergency communication. The model achieved an
overall accuracy of 80%, demonstrating its capability
to classify emergency scenarios effectively. However,
an analysis of class-wise performance revealed a
notable imbalance in precision and recall values[1].
Specifically, Class 0 exhibited perfect recall(1.00) but
lower precision(0.33), indicating that while the model
successfully identified all positive cases, it also
produced a higher number of false positives. This
suggests a trade off between sensitivity and specificity,
a common challenge in accident classification models.

To address this issue, Principal Component Analysis
(PCA) was employed to reduce feature dimensionality
while retaining significant data variations[9]. The
application of PCA led to a 30% reduction in training
time without compromising accuracy, proving its
efficiency in handling high-dimensional datasets.
Additionally, Association Rule = Mining(ARM)
provided valuable insights into feature dependencies,
identifying key accident-related patterns such as the
correlation between road conditions, time of day, and
severity levels. This improved model interpretability
and reinforced the need for intelligent feature selection
in accident prediction.

Another critical observation is the class imbalance issue
in the dataset, where Class 0 has only 1 instance
compared to 9 instances of Class 1. This imbalance
impacts performance, as the model is biased toward the
dominant class, leading to potential misclassification
errors[16]. The confusion matrix further supports this
observation, with two misclassified samples
reinforcing the challenge of distinguishing minority
class instances. Despite these limitations, the weighted
average metrics (Precision: 0.93, Recall: 0.80, F1-
Score: 0.84) indicate a reasonably stable model that
benefits from class dominance.

Further evaluation using F1-score and confusion matrix
analysis confirmed that the Random Forest model
exhibited robust classification performance, though
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class imbalance remained a limitation. The presence of
a limited number of Class 0 instances (only one
compared to nine in Class 1) likely skewed model
predictions. To mitigate this, oversampling techniques,
cost-sensitive learning, or deep learning based anomaly
detection could be explored in future studies.

Classification Report

Precision | Recall | F1- Support
score
1.0 | 0.33 1.0 0.50 1
2.0 11.00 0.78 0.88 9
Table I

Additionally, real time deployment considerations
highlight the need for scalable and energy efficient
solutions, particularly in smart city infrastructures
where real time accident detection can drastically
reduce emergency response times. The integration of
Autoencoders for anomaly detection showed potential
in identifying rare accident scenarios, ensuring that
emergency communication systems can prioritize high
risk events effectively[17].

Overall, the study demonstrates that machine learning
driven emergency communication frameworks can
significantly improve response efficiency, but
challenges such as data imbalance, real-world
scalability, and computational overhead must be
addressed. Future research should focus on hybrid
models integrating deep learning, federated learning for
distributed processing, and IoT based real-time data
acquisition to enhance the reliability and applicability
of such systems in dynamic urban environments.

V. Conclusion

This research highlights the effectiveness of machine
learning based emergency communication systems in
improving accident detection and response in smart
cities. The Random Forest model demonstrated an 80%
accuracy in classifying emergency situations, proving
its reliability in real world scenarios. Additionally, the
use of Principal Component Analysis (PCA) and
Association Rule Mining (ARM) optimized feature
selection, reducing computational overhead while

maintaining prediction performance. The study also
identified key accident related patterns, such as the
impact of road conditions, time of day, and severity
levels, reinforcing the importance of data driven
decision making in emergency response. However,
class imbalance issues affected precision recall trade
offs, highlighting the need for advanced techniques to
improve model generalization.

Several key areas of enhancement can be explored.
Deep learning models, such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNs), can be integrated to improve predictive
accuracy by capturing complex temporal and spatial
dependencies in accident data. Additionally, real time
IoT based accident detection systems can be
implemented to ensure faster emergency responses by
integrating sensor data from smart vehicles and road
infrastructure. Addressing class imbalance through
advanced resampling techniques, cost sensitive
learning, or synthetic data augmentation will further
enhance model reliability. Finally, deploying the
system in a distributed computing environment, such as
edge computing or federated learning, can improve
scalability and ensure efficient real time accident
prediction in large scale urban settings. By bridging the
gap between simulation based insights and real world
implementation, this research lays the foundation for
intelligent, adaptive, and resilient emergency
communication frameworks in smart cities.
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