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Abstract: Smart transportation systems have become a important research area for safe, efficient, and 

sustainable traffic management. 5G-enabled Vehicular Ad-hoc Networks (VANETs) and Multi-Access Edge 

Computing (MEC) are emerging as the leading technologies to address the need for real-time and ultra-low latency 

communication in these systems. 5G-enabled VANETs and MEC offer new opportunities to support ultra-low 

latency applications in intelligent transportation systems. In this context, efficient route selection and accurate 

end-to-end (E2E) delay estimation are critical for real-time and reliable vehicular communication. In this study, a 

machine learning-based approach is developed using the 5G-VANET Real-Time Routing Dataset. Regression and 

classifications methods are applied to prediction of E2E delay, and to identify the most efficient routes, respectively. 

Experimental findings reveal that ensemble learning methods provide the highest performance in While low error 

rates were achieved in the regression phase, optimal route selection was achieved with accuracy rates of up to 99% 

in the classification phase. The obtained results are shown that regression and classification techniques with 

ensemble approaches offers strong potential for intelligent route optimization in 5G-supported VANET-MEC 

environments. 
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1. Introduction  

In smart cities, communication and low-latency data transmission between vehicles are made possible by 5G 
technology and Vehicular Ad-hoc Networks (VANETs). Delay-free delivery of real-time traffic information, 
safety messages, and services is crucial [1]. The constant movement of vehicles, their high speeds, and varying 
traffic densities lead to frequent changes in network topology, leading to performance issues in applications 
requiring reliable communication, low latency, and high data throughput [2], [3]. This makes it difficult to estimate 
end-to-end (E2E) delay and make optimal routing decisions. It is important to optimize routing protocols based 
on criteria such as delay reduction, link availability, and reliability. 

Various machine learning-based approaches have been developed in the literature to address these issues. 
Kandali et al. [2] proposed a new clustering algorithm based on density vertex clustering (DPC) and particle swarm 
optimization (PSO) to ensure network stability. In their study, PSO was used to find optimal solutions for cluster 
head selection, followed by DPC for clustering based on link reliability. Evaluated through simulations, the method 
achieved a 74% reduction in cluster handover rates, a 34% increase in intra-cluster data transfers, and a 47% 
increase in inter-cluster transfers, while also reducing average latency by 16%. 

Tang et al. [3] focused on latency reduction in heterogeneous VANETs using machine learning-based mobility 
prediction. In this study, a centralized architecture based on software-defined networking (SDN) was proposed, 
and advanced artificial neural networks (ANNs) were used to predict mobility based on vehicle location and speed. 
These predictions were used to determine optimal routes via roadside units (RSUs) and base stations (BSs). 
Simulation results revealed that the proposed method offers lower transmission delays and more stable 
performance, even at different vehicle speeds. 

Hota et al. [4], on the other hand, comprehensively examined the use of machine learning algorithms for 
optimization and intelligence not only in VANETs but also in various network types such as WSNs, MANETs, 
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VANETs, and USNs. The study examines how supervised learning, reinforcement learning (RL), and ensemble 
techniques are used in areas such as routing, resource allocation, error detection, attack prevention, and QoS 
enhancement. This highlights the importance of developing machine learning-based solutions tailored to the 
constraints of different network types. 

While existing work has addressed important problems in VANETs, such as delay reduction, clustering, and 
mobility prediction, holistic approaches that address both E2E delay prediction and route optimization are limited 
in the literature[5], [6], [7], [8]. A comprehensive comparison of the performance of different machine learning 
algorithms on these two problems on the same dataset has also not been sufficiently investigated. 

In this study, both E2E delay estimation (regression) and the most efficient route selection (classification) 
steps were performed using the 5G VANET Real-Time Routing Dataset. In the regression step, E2E delay 
estimation was performed using methods such as decision trees, stepwise linear regression, and Gaussian Process 
Regression. In the classification step, optimal routes were determined using Decision Tree, Random Forest 
(Bagging), RUSBoosted, Neural Network, Naive Bayes, and SVM algorithms. Additionally, the performance of 
different models was compared, and it was observed that ensemble approaches yielded superior results in both 
regression and classification steps. 

The article follows the following structure: Section 2 details the dataset, and the methodology section explains 
the regression and classification steps in detail. Section 3 presents the experimental procedure, results, analyzing 
model performance and discussing them. Finally, Section 4 contains the conclusions section. 

2. Materials and Methods 

2.1. Materials 

In this study, we used the open-access dataset called 5G-VANET Real-Time Routing Dataset [9]. The dataset 

was generated for real-time vehicular communication based on VANETs and MEC scenarios. It includes variables 

such as vehicle mobility (speed, location, direction), network conditions (delay, bandwidth, packet loss), and edge 

computing parameters (processing capacity, queue length). These parameters were generated under different 

traffic densities and network scenarios to simulate applications requiring ultra-low latency. The dataset contains 

approximately N samples, with each record representing a communication scenario. E2E delay estimation is 

regression step target and efficient routes is classification step target.  

 

 

 

 

 

 

 
 

 

 

 

 

 

Fig. 1: Correlation matrix of dataset 

2.2. Methods 

In this study, we perform E2E delay estimation and efficient route selection using the 5G-VANET Real-Time 

Routing Dataset. The study consists of two main steps: a regression step and a classification step. While the 

regression step performs E2E delay estimation, the classification step uses delay and resource utilization 

information to determine the most efficient routes. 
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2.2.1.  Regression Step 

Bagging (Bootstrap Aggregating) is an ensemble learning approach that works in parallel. Multiple sub-

datasets are created from the original dataset using bootstrap sampling, and independent predictors are trained on 

each sub-sample. The number of observations in each sub-sample is equal to the number of observations in the 

original dataset, and some observations may appear multiple times, while others may not appear at all. In 

regression problems, predictions are combined by averaging the sub-models, while in classification problems, the 

final decision is made using the voting (majority voting) method (in Equation 1). 

 

𝑦̂ =
1

𝑀
∑ ℎ𝑚(𝑋)
𝑀
𝑚=1              (1) 

 
The Random Forest algorithm combines independent decision trees using the bagging approach. In regression 

problems, the final result is obtained by averaging the predictions of each tree, while in classification problems, 

the class with the most votes is selected. This structure reduces the overfitting tendency of a single decision tree 

and increases generalizability. Random Forest provides high accuracy and consistent performance, particularly in 

classification and regression problems. 

Boosting algorithms, unlike ensemble learning methods, focus on each weak model correcting the errors of the 

previous model. A series of weak models are trained sequentially, and each model is weighted to compensate for 

the shortcomings of previous models (in Equation 2). This optimizes the final prediction based on the contributions 

of all weak models. The boosting approach relies on the collaboration of weak models within the ensemble to 

increase predictive power, rather than obtaining a single strong model. This method reduces errors in classification 

and regression tasks, resulting in higher accuracy and enhanced model generalizability. 

 
𝑦̂ = ∑ 𝑎𝑚ℎ𝑚(𝑋)

𝑀
𝑚=1               (2) 

 
Stepwise linear regression is an extended version of the classical linear regression model (in Equation 3). In 

the stepwise approach, statistical criteria are used to determine which variables to include or exclude from the 

model. This method ensures that the model includes only variables that contribute significantly, reducing the risk 

of overfitting and improving interpretability. It is an effective method for controlling model complexity, especially 

in high-dimensional datasets. 𝛽0, 𝛽j  are constant and the regression coefficient respectively, 𝑥𝑗  represents 

independent variables. 

 

𝑦̂ = 𝛽0 + ∑ 𝛽𝑗𝑥𝑗
𝑝
𝑗=1                     (3) 

 

Gaussian Process Regression (GPR) is a nonparametric regression method that offers a flexible and 

probabilistic approach to modeling nonlinear relationships. GPR assumes each observation is derived from a 

common Gaussian process and makes predictions by modeling the dependencies between data points via 

covariance functions (kernel functions (in Equation 4)).  

 

𝑦̂∗ = K∗
𝑇(K + 𝜎𝑛

2𝐼)−1𝑦                  (4) 

  

Here 𝐾 is the covariance matrix for the training data, K∗ is the covariance vector between the test data and the 

training data, 𝜎𝑛
2 and I represent the observation noise, the identity matrix respectively. 

2.2.2.  Classification Step 

Decision trees are frequently used in solving classification problems because they can create a hierarchical 

structure by repeatedly dividing the dataset according to features. At each node, purity metrics such as information 

gain or Gini index are calculated to select the most appropriate split point, and leaf nodes represent specific classes. 

While this method offers high interpretability, it is often supported by pruning strategies because it is prone to 

overfitting. Ensembles, a powerful extension of decision trees, aim to produce more stable and highly accurate 

results by combining multiple weak classifiers. In this context, RUSBoost (Random Under-Sampling Boosting) 

was developed to learn the minority class more effectively in imbalanced datasets. The algorithm performs 
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balancing by randomly extracting samples from the majority class and updates the weights of the sequentially 

trained classifiers using AdaBoost logic (in Equation 5).  
                (5) 

  

 

Artificial neural networks are multilayered structures inspired by biological neurons and can provide high 

accuracy in classification problems. The features in the input layer are transferred to the hidden layers via weights 

and activation functions. The output of each neuron is obtained by applying activation functions such as sigmoid, 

ReLU, or tanh to the linear combination (𝑧 = ∑𝑤𝑖𝑥𝑖 + 𝑏).The training process is based on minimizing the 

prediction error using a backpropagation algorithm and gradient descent. It offers an effective solution, especially 

for complex and nonlinear classification problems. 

Naive Bayes classifiers are probability-based methods based on Bayes' theorem. In this approach, independence 

is assumed between the features, and conditional probabilities are calculated for each class. Bayes Theorem in 

Equation 6: 

𝑃(𝐶𝑘|𝑥) =
𝑃(𝑥|𝐶𝑘)𝑃(𝐶𝑘)

𝑃(𝑥)
             (6) 

 

is implemented using the formula.The posterior probability for the class 𝐶𝑘 is calculated, and the class with the 

highest probability is predicted. This computationally efficient method is widely used due to its fast results, 

especially on high-dimensional data. However, the assumption of independence between features can limit 

accuracy performance on some datasets. 

Support vector machines are powerful supervised learning algorithms used in classification problems. The main 

objective is to find the hyperplane that maximizes the separation between classes. The decision boundary for 

binary classification is defined and SVM solves the following optimization problem to maximize the margin 

between classes as follows (in Equation 7): 

 

𝑓(𝑥) = 𝑤𝑡𝑥 + 𝑏 

𝑚𝑖𝑛
1

2
‖𝑤‖2   𝑦𝑖(𝑤

𝑡𝑥𝑖 + 𝑏) ≥ 1     (7) 

where 𝑤 represents the weight vector and 𝑏 represents the bias term. For non-linearly separable datasets, the 

data is transformed into a higher-dimensional space using kernel functions (e.g., polynomial, RBF) to make it 

separable. 

3. Results and Discussions 

In this section, the performance of the proposed approach is evaluated in terms of both regression-based E2E 
delay estimation and classification-based optimal route selection. The experiments were conducted on the 5G 
VANET Real-Time Routing Dataset, and the results obtained for the validation and test data are presented 
separately. RMSE, MSE and MAE, which are most frequently used in the literature, are used in performance 
evaluation (in Equation 9-10). 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ 𝑦𝑖 − 𝑦𝑖̂

2𝑛
𝑖=1             (8) 

 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1                         (9) 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖̂|
𝑛
𝑖=1                                  (10) 

Tables I and II show the results obtained on the validation and test datasets in the regression step. Among the 
methods, the boosting-based ensemble model yielded the lowest error values in both stages. It achieved the best 
performance on the validation set with RMSE=22.78, MSE=518.96, and MAE=18.69, while it outperformed the 
other methods on the test set with RMSE=23.88, MSE=570.18, and MAE=20.54. These findings demonstrate that 
the boosting method can better capture the variability in dynamic VANET conditions by sequentially improving 
the errors of weak learners. Furthermore, the closeness of both the validation and test results demonstrate that the 
model has a low tendency towards overfitting and strong generalization. While the differences between the error 
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values are not significant, the fact that it yields the lowest error, especially on the test set, indicates that the 
boosting-based approach can provide more reliable predictions over the long term and under varying traffic 
densities. These results demonstrate that ensemble learning methods have stronger generalization capabilities 
compared to individual learners (such as decision trees, linear regression, and GPR). While the absolute error 
differences are not very large, boosting methods appear to provide more reliable results in dynamic VANET 
conditions. 

TABLE I: Obtained Results for Regression Step (Validation) 

Methods 
RMSE 

(Validation) 

MSE 

(Validation) 

MAE 

(Validation) 

Tree (Coarse) 23.67 560.43 19.30 

Ensemble (Boosted) 22.78 518.96 18.69 

Ensemble (Bagging) 23.05 531.45 18.80 

Stepwise Linear Regression 23.01 529.63 18.93 

Gaussian Process Regression 23.06 531.74 18.96 

 

TABLE II: Obtained Results for Regression Step (Test) 

Methods RMSE (Test) MSE (Test) MAE (Test) 

Tree (Coarse) 24.53 601.72 20.19 

Ensemble (Boosted) 23.88 570.18 20.54 

Ensemble (Bagging) 24.42 596.42 20.73 

Stepwise Linear Regression 24.09 580.23 20.93 

Gaussian Process Regression 24.28 589.28 20.93 

Table III presents the results of the classification methods used in optimal route selection. The decision tree 
and RUSBoosted ensemble methods demonstrated nearly perfect classification performance. The decision tree 
achieved 99.88% accuracy in validation and 99.44% in testing, while the RUSBoosted method achieved the 
highest accuracy with 99.68% accuracy in validation and 99.98% in testing. Artificial neural networks also 
demonstrated competitive performance with 96.98% accuracy in validation and 99.04% accuracy in testing. 
However, Naive Bayes (93.88% test accuracy) and SVM (96.11% test accuracy) were seen to lag behind. The 
confusion matrix and ROC curves for the best result are shown in Figure 2. Experimental findings reveal that 
ensemble methods outperform individual learners in both regression and classification steps. The boosting 
approach produced the lowest error values in E2E delay estimation, while the RUSBoosted method achieved the 
highest accuracy in route selection classification. 

TABLE IIII: Obtained Results for Classification Step  

Methods 
Accuracy 

(%)(Validation) 

Accuracy 

(%)(Test)  

Tree 99.88 99.44  

Ensemble (RUSBoosted) 99.68 99.98  

Neural Network 96.98 99.04  

Naive Bayes 95.86 93.88  

SVM 94.51 96.11  
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Fig. 2: Confusion matrix and ROC curve for obtained result 

The results show that the proposed approach demonstrates high performance in both E2E delay estimation and 

efficient route selection. In the regression phase, while all methods produced results with similar error levels, 

ensemble methods were observed to provide lower MAE and RMSE values compared to the other models. This 

supports the ensemble approach's ability to produce more balanced and generalizable results by combining 

different model predictions. Test results are also consistent with validation results, demonstrating that the model 

is not prone to overfitting. 

In the classification phase, accuracy rates are quite high. Decision tree-based models and ensemble methods 

achieved success rates above 99%. The RUSBoost algorithm's 99.98% accuracy in the testing phase demonstrates 

its high performance even with unbalanced data distributions. While Neural Network and Naive Bayes classifiers 

also exhibit satisfactory performance, the superiority of ensemble-based methods is clearly evident. These findings 

show that ensemble learning methods provide a reliable solution to the problem of delay estimation and route 

optimization. 

4. Conclusion 

In this study, a machine learning-based framework for E2E delay estimation and efficient route selection was 

developed using the 5G-VANET Real-Time Routing Dataset. Regression analyses reveal that the ensemble 

learning methods, including boosted and bagging, outperform other models; for example, the boosted ensemble 

method achieved RMSE = 22.78 on the validation set, and RMSE = 23.88 on the test set, providing reliable 

predictions with a low error rate. 

Accuracy rates exceeding 99% in the classification step confirm that ensemble-based algorithms exhibit 

superior performance in optimal route selection, particularly despite unbalanced data distributions. The findings 

from this study demonstrate that ensemble learning approaches provide solutions for both delay estimation and 

route optimization in 5G-supported VANET-MEC environments. The results demonstrate the capability of this 

approach for developing real-time data processing and decision support mechanisms in 5G-supported VANET-

MEC environments. By verifying the superiority of ensemble learning methods in delay estimation and optimal 

route selection, they can contribute to the design of scalable, reliable, and low-latency communication strategies 

in intelligent transportation systems. Future work may include modeling more complex traffic scenarios, applying 

different machine learning approaches, and testing the methods in real-time simulation environments. 
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