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Abstract—Increasing the number of vehicles and their commu-
nications in smart cities is a critical issue that leads to road and
network traffic. Traffic prediction with high accuracy and less
complexity is a challenge in Intelligent Transportation System
(ITS). In Artificial Intelligence (AI), Machine learning (ML)
algorithms are promising solutions to prediction problems, and
Deep Learning (DL) algorithms are used for more complicated
issues. In this paper, we propose a comparative analysis of the
prediction performance of the most five common AI algorithms
used to solve classification problems. Different evaluation metrics
are employed to analyze algorithms and get the most accurate one
for selecting such problems. Simulation results on the Vehicular
Ad-Hoc Network (VANET) dataset revealed that Random Forest
(RF) as a traditional ML algorithm performed better than other
algorithms in terms of accuracy (96%) and execution time (0.73
minute) for traffic prediction.

Keywords—Vehicular Ad-Hoc Network, network traffic pre-
diction, Artificial Intelligence, machine learning method, neural
network, Intelligent Transportation System

I. INTRODUCTION

One of the most common technologies deployed in smart
cities is ITS, which VANET is a crucial part. This latter
consists of wireless communication between Vehicle-to-Road
Side Unit (V2R) and Vehicle-to-Vehicle (V2V). Different
types of AI algorithms are applied for discovering the pattern
and extracting valuable knowledge for prediction [1]. Several
studies address network traffic prediction but finding the best
algorithm with the highest prediction accuracy and minimum
error is still a challenge. Consequently, this challenge can
affect the network performance in terms of delay and accu-
racy. Regarding the importance of accuracy of prediction and
execution time based on increasing the volume of data, we
need to implement the most precise algorithm considering its
execution time.

In this paper, we implement four different machine learning
algorithms including RF [2], K-Nearest Neighbors (KNN) [3],
Support Vector Machine (SVM) [4] and Naive Bayes (NB) [5].
Moreover, we try a Multi-Layer Perceptron (MLP) [6], which
is a class of feed-forward Artificial Neural Network (ANN).
MLP algorithm is used for solving classification problems,
and it relies on a neural network. It uses the back-propagation

technique for training, which can produce a single output from
a set of inputs.

Moreover, we use a real dataset collected from Global Posi-
tioning System (GPS) and is taken from V2R communication
based on packets that are sent by vehicles to the Road Side
Units (RSUs). Our main target is finding the best classification
algorithm to predict the network traffic based on the ”packet
receiving” parameter. We define traffic situations as when the
packet has not been received and in non-traffic situations, the
vehicles will receive the packet. We compare the prediction
results of the five above listed AI algorithms for classification
problems. The main contribution of this paper is to show that
RF is the best AI algorithm in terms of accuracy, execution
time and error.

The rest of this paper is organized as follows. Section II
presents related work on different machine learning and deep
learning algorithms for traffic prediction. Section III explains
the proposed method for implementing KNN, RF, SVM, NB
and MLP algorithms. The evaluation results are illustrated in
Section IV and the conclusion is drawn in Section V.

II. RELATED WORK

With the growth of the number of vehicles and their
communications in smart cities, network traffic prediction
becomes a major issue. A wide range of related work has
focused on deploying various AI algorithms, in order to
propose an accurate and accelerated traffic prediction model. A
large number of these works adapted ML algorithms [7], [8],
plenty of them presented DL algorithms [9], [10] and some
works combined DL and ML algorithms together to propose
a prediction model [11], [12].

A novel prediction model was proposed in [13] with the
aim of predicting network traffic accurately. They combined
three different algorithms: (1) Local Mean Decomposition
(LMD) for decomposing the network traffic time series to
get components of product function, (2) Bidirectional Long
Short-Term Memory (BiLSTM) algorithm for predicting the
network traffic data and (3) the Bayesian optimization al-
gorithm to optimize the hyperparameters in BiLSTM. They
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implemented their proposed model on two actual datasets and
used some evaluation metrics including Root Mean Square
Error (RMSE), Relative Root Mean Square Error (RRMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage
Error (MAPE), Square Sum Error (SSE), Theil Inequality
Coefficient (TIC), Index of Agreement (IA), and Coefficient
of Determination (R2). The prediction results showed that
their model outperformed Auto Regressive Integrated Moving
Average (ARIMA), Empirical Mode Decomposition (EMD),
BiLSTM, SVM and MLP algorithms.

Lim et al. [14] performed network traffic classification
by implementing Convolutional Neural Network (CNN) and
Residual Network (ResNet) for classifying network traffic.
Their main objective was to fit unseen packets by enabling a
deep learning model. They implemented the proposed model
on the generated packet-based dataset and analyzed the per-
formance of the network traffic classification model using the
F1− score.

A framework on a Long Short Term (LSTM) neural network
algorithm to perform the network traffic prediction at a short
time scale (i.e., <30 seconds) was used in [15]. The authors
compared their results with RNN and ARIMA algorithms
by using Normalized Root Mean Square Error (NRMSE) as
an evaluation metric. Therefore, the results showed that the
proposed model performed better than compared algorithms.

An improved Support Vector Machine algorithm called
Cost-Sensitive SVM (CMSVM) has been proposed in [16].
This proposed algorithm is based on multi-class SVM algo-
rithm. The authors used active learning for every single class
of traffic and considered weight values, in order to solve the
imbalance problem in network traffic recognition. They did the
implementation by using two imbalanced datasets. The exper-
imental results showed that the proposed CMSVM algorithm
was able to overcome the imbalance problem, decrease the
computation cost and enhance the accuracy of classification.

A method for predicting the Long-Term Evaluation (LTE)
network edge traffic was proposed in [17]. They implemented
three algorithms including the SVM, RF and Bagging on the
public cellular traffic dataset. They used the RMSE, MAE
and R2 as evaluation metrics. Based on these metrics, the
Bagging algorithm has the lowest error, but its training time is
116s, while the SVM takes 6s for training. Therefore, SVM is
significantly better than the Bagging and the RF which have
both the worst error and training time. Thus, the algorithm
that has the best performance in case of error evaluation is the
most training time-consuming.

In [18], the authors attempted to solve the network traffic
prediction problem by implementing various Recurrent Neural
Network (RNN) architectures like simple RNN, LSTM and
Gated Recurrent Unit (GRU) algorithms. They focused on
three problems including packet distribution prediction, vol-
ume prediction and packet protocol prediction. To evaluate
the performance, they used the Mean Squared Error (MSE),
metric and compared the various architectures of the RNN
algorithm with ARIMA, Naive Method (NM) and Moving
Average (MA). The experiment results showed that the simple

RNN, LSTM and GRU outperformed other algorithms in terms
of accuracy error evaluation.

III. PROPOSED MODEL FOR NETWORK TRAFFIC
PREDICTION

In this section, we present a comparison between various
traditional ML algorithms (i.e., KNN, RF, SVM and NB) and
one of the most common AI algorithms based on the neural
network called MLP for network traffic prediction. Fig. 1
depicts the architecture of our proposed prediction model to
compare the five selected algorithms.

A. Dataset

We used a real dataset based on VANET communications
[19], where the type of network is 802.11 Ad-Hoc. It contains
two kinds of communication data based on V2V and V2R for
measuring short-range communications. The authors installed
a GPS antenna on each vehicle and collected the longitude,
latitude, speed and heading every two seconds. In our com-
parison work, we focused on V2R communication where 1470
bytes of packets had been broadcasted via the senders at an
average rate of around 150 packets/s.

In the preprocessing step, we did data cleaning and scaling
using the MinMaxScaler method for normalizing and scaling
the data.

Moreover, for network traffic prediction based on V2R
communication, we labeled data into class 0 for not receiving
packets in a traffic situation and class 1 for receiving packets
in a non-traffic situation. Then, we split data into 75% for
training and 25% for tests. We implemented five different
AI algorithms (i.e., KNN, RF, SVM, NB and MLP). Finally,
we evaluated their performance based on various evaluation
metrics, in order to find the most suitable algorithm for
network traffic prediction in VANET.

B. Implementation

To implement the KNN, RF, SVM, NB and MLP algo-
rithms, we used Python version 3.7 [20] and some libraries
including Sklearn, Pandas, NumPy, Matplotlib and Mlxtend.
For implementing the MLP algorithm, Adam was utilized as
an optimizer and we chose ReLU as an activation function
including 300 iterations. All the implementations took place
in Google colab using GPU accelerator to have better perfor-
mance and improve the processing time.

C. Selected AI Algorithms

This section presents the five selected AI algorithms for
network traffic prediction: KNN, RF, SVM, NB, and MLP.

• KNN: one of the straightest algorithms in ML is the
nearest neighbor used for both regression and classifi-
cation problems. The KNN classification has two stages:
(1) searching the nearest neighbors and (2) defining the
classes that used those neighbors. Selecting the k nearest
neighbor is done by distance metric [3]. Although the
KNN is simple and easy to implement, finding sample
take a long time to perform.
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Fig. 1. The architecture of proposed comparison model.

• RF: includes a set of decision trees selected randomly
from the training set, then for finding the final class, the
votes will aggregate to make the final decision. The RF
can decrease the overfitting in decision tree algorithms
and enhance the accuracy [2].

• SVM: can be used for both binary and multiclass classi-
fications or regression problems with high accuracy. It is
based on separating data by a hyperplane in an optimal
way to make classes by considering training samples,
which exist at the edge of each class [4].

• NB: is a powerful algorithm for binary and multiclass
classification problems and works based on Bayes theory
that connects the different conditional probabilities of
random events. The NB is a scalable and fast algorithm
but it cannot learn the feature’s relation.

• MLP: is an appropriate prediction algorithm in labeled
data and regression problems. The MLP is a feed forward
class of ANN algorithm that adjusts suitable connection
between input and output data. It consists of an input
layer, a hidden layer including a certain number of
neurons called perceptron and an output layer, where each
of these layers has a full connection with the weighted
connection to the units in the previous layer and the
output will go through a nonlinear activation function
designated by (1) [6]:

y = φ(

n∑
i=1

wixi + b) = φ(WTX + b) (1)

where W denotes the weights, X represents the vector

of inputs, b is the bias and φ is the activation function.
The training part of the MLP tries to adapt the weights
and biases to their ideal value for minimizing the error,
which is denoted by [6]:

E =
1

l

l∑
i=1

(Ti − Yi)
2 (2)

where Ti denotes the predicted value, Yi is the actual
value and l is the training set size. The architecture of
MLP network is illustrated in Fig. 2 [6].

Fig. 2. The architecture of MLP network.

The MLP algorithm is an adaptive neural network algo-
rithm that can learn to do the different tasks based on
the training dataset. Moreover, it is a fully connected
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algorithm, which has too many parameters that might
cause inefficiency.

In this paper, we implemented four traditional ML algo-
rithms and one simple neural network algorithm for network
traffic prediction to solve classification problems. We used
some evaluation metrics, in order to evaluate the performance
of these algorithms. The RF algorithm gives the best result in
network traffic prediction in terms of accuracy and execution
time.

After implementing these five algorithms considering traffic
happening in the network based on packet receiving, we need
to evaluate them using various evaluation metrics.

D. Evaluation Metrics

Intending to compare the performance of different algo-
rithms, we used various evaluation metrics (e.g., Receiver
Operating Curve (ROC) curve, Precision-Recall (PR) curve,
calculating the execution time, etc.) [21]. Moreover, we tried
four other classification metrics including Precision, Recall,
F1− score and Accuracy which are calculated, respectively,
by (3), (4), (5) and (6) [22].

Precision =
TP

TP + FP
(3)

Recall =
TP

TP + FN
(4)

F1− score = 2× Precision×Recall

Precision+Recall
(5)

Accuracy =
TP + TN

(TP + TN + FP + FN )
× 100, (6)

where Tp is True Positive (when actual = 1, predicted = 1), FP

is False Positive (when actual = 0, predicted = 1), TN is True
Negative (when actual = 0, predicted = 0) and FN is False
Negative (when actual =1, predicted = 0). Indeed, comparing
various algorithms for network traffic prediction can get us
more insight about the performance of them in classification
problems.

Finally, we compared the execution time that each algorithm
takes to perform the network traffic prediction. Based on all
these above evaluation metrics, we can decide which algorithm
has better performance in network traffic prediction.

IV. SIMULATION RESULTS

In the VANET network, vehicles have different wireless
communications like V2V and V2R, where we consider the
sending packets as the parameter for these communications.
We assume traffic and non-traffic situations in the network
based on packet receiving and compare the results of the five
selected algorithms (i.e., KNN, RF, SVM, NB and MLP) for
predicting it in V2R communication. Then, by investigating
the performance of each algorithm, we find the most per-
formed algorithm for network traffic prediction in classifica-
tion problems.

To measure the performance of algorithms in classification
problems, we used one of the most prevalent graphical tools
called the Receiver Operating Characteristics (ROC) curve.
Then, we calculated the Area Under the Curve (AUC), where
the large size of this area is a good indication of the perfor-
mance of each algorithm. Different probabilities of prediction
are shown by the ROC curve, where the False Positive Rate
(FPR) indicates on the X-axis and the True Positive Rate
(TPR) on the Y-axis. The nearest curve to the top left corner,
related to the biggest AUC, has the best performance in
prediction. Fig. 3 depicts the performance of the five different
algorithms based on the ROC curve and the calculated AUC.

Fig. 3. ROC curve for KNN, RF, SVM, NB and MLP.

The red dotted line, which separates the whole area into two
parts, is a classifier that acts on a random level. The curves
located above it have better performance than the ones that
are placed under it. As shown in Fig. 3, the blue and orange
curves that belongs to KNN and RF, respectively, are the
nearest curves to the top left corner and have the biggest AUC
that shows their satisfying performance. The SVM, which is
represented by the green curve, performs worse than all other
algorithms. The NB and MLP, which are illustrated by the
red and purple curves, respectively, have almost the same
performance, specifically when TPR is ranging from 0.8 to
1.0.

There are other metrics like accuracy, precision, recall
and F1−score that can get more insight into the performance
of the different algorithms for network traffic prediction and
we calculated them, as illustrated in Table I.

The KNN with 97% has the highest accuracy, the RF and
MLP have the same accuracy with 96%, and the SVM and
NB with 95% and 89% have the lowest accuracy accordingly.

Furthermore, we used another evaluation metric name
precision-recall (PR) curve to show the balance between
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TABLE I
CLASSIFICATION REPORTS

Algorithm Accuracy
(%)

Label
(packet

receiving)
Precision Recall F1-

score

KNN 97 No 0.95 0.89 0.92
Yes 0.97 0.99 0.98

RF 96 No 0.99 0.81 0.89
Yes 0.95 0.99 0.97

MLP 96 No 0.99 0.81 0.89
Yes 0.95 0.99 0.97

SVM 95 No 0.87 0.88 0.87
Yes 0.97 0.96 0.97

NB 89 No 0.68 0.88 0.77
Yes 0.97 0.89 0.93

precision and recall, which are pointed out at the Y-axis and
X-axis, respectively. We compared the PR curves of the five
selected algorithms, as illustrated in Fig. 4.

Fig. 4. PR curve for KNN, RF, SVM, NB and MLP.

The red dotted line, which is displayed horizontally, is a
baseline classifier for more insight into the performance of
algorithms in a way that the algorithms placed above this line
and near the right top corner have better performance.

The comparison results present that the KNN (i.e., the
blue curve) and RF (i.e., the orange curve) algorithms have
better performance. The NB algorithm, which is related to
the red curve that even crosses the baseline, has the worst
performance. The MLP algorithm (i.e., the purple curve) acts
better than the NB and the SVM (i.e., the green curve)
algorithms.

We tried different evaluation metrics for network traffic
prediction in classification problems. However, there is another
important parameter to find out the most performed algorithm
which is the execution time. Based on the growth of the

volume of data in wireless communications, the time that each
algorithm takes to be executed could be a challenge. Though,
we calculated the execution time for each of the five selected
algorithms, as shown in Fig. 5.

Fig. 5. Execution time for network traffic prediction using KNN, RF, SVM,
NB and MLP.

The KNN algorithm, which has the best performance
in other evaluation metrics, is considered the most time-
consuming algorithm for network traffic prediction. As de-
picted in Fig. 5, the KNN takes 6.47 minutes, which is the
highest time compared with other algorithms. Therefore, it
could not be the most performed algorithm for our prediction.
The SVM and MLP take 3.95 and 3.2 minutes, respectively.
The NB is the fastest algorithm with 0.07 minute, but in other
evaluation metrics, it has poor results. Finally, the RF has
satisfying results as the KNN in other evaluation metrics. It
takes 0.73 minute as execution time, which is an acceptable
result for prediction.

Therefore, based on all the results obtained from different
evaluation metrics to compare the performance of different
traditional machine learning algorithms and one simple neural
network algorithm for network traffic prediction, the RF is the
most performed algorithm in terms of accuracy, execution time
and prediction error.

V. CONCLUSION

In this paper, we investigated the performance of four
traditional machine learning algorithms (i.e., KNN, RF, SVM
and NB) and tried MLP as a neural network algorithm for
network traffic prediction in VANET. We used a real dataset
based on V2R communication and we implemented these five
algorithms to find the most performed one for classification
problems. We considered packet receiving as a network traffic
parameter and we assumed in a non-receiving packet situation
that traffic is happening, and when the packet is received, there
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is no traffic in the network. We analyzed the performance
of various evaluation metrics, such as ROC curve, PR curve,
classification report and execution time. The evaluation results
show that the KNN with a slight difference from the RF,
performs better than other algorithms, but its execution time
for network traffic prediction remarkably takes higher time
(6.47 minutes). It is enough that we do not consider the KNN
as the best algorithm. The fastest algorithm is NB with 0.07
minute of execution time, but it performs weakly in other
evaluation metrics. The MLP algorithm gives better results
in evaluation metrics than SVM, even in execution time they
take 3.2 minutes and 3.95 minutes, respectively. Based on all
evaluation metrics, we can conclude that the RF is the most
performed algorithm for network traffic prediction in VANET
with a good execution time (0.73 minute) and reasonable
results in other evaluation metrics.
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