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Traffic congestion leads to wasted time, pollution, and increased fuel
consumption. Traffic congestion prediction has become a developing research
topic in recent years, particularly in the field of machine learning (ML). The
evaluation of various traffic parameters is used to predict traffic congestion
by relying on historical data. In this study, we will predict traffic congestion
in Amman City, specifically at the 8™ circle, using different ML classifiers.
The 8™ circle links four main streets: Westbound, Northbound, Eastbound,
and Southbound. Datasets were collected from the greater Amman
municipality hourly. The logistic regression (LR), k-nearest neighbor (KNN),
decision tree (DT), random forest (RF), support vector machine (SVM), and
multi-layer perceptron (MLP) classifiers have been chosen to predict traffic
congestion at each street linked with the 81" circle. The waikato environment
for knowledge analysis (WEKA) data mining tool is used to evaluate chosen
classifiers by determining accuracy, F-measure, sensitivity, and precision
evaluation metrics. The results obtained from all experiments have

demonstrated that SVM is the best classifier to predict traffic congestion. The
accuracy of SVM to predict traffic congestion at Westbound Street,
Northbound Street, Eastbound Street, and Southbound Street was 99.4%,
99.7%, 99.6%, and 99.1%, respectively.
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1. INTRODUCTION

As cities grow and people move from rural to urban areas, traffic congestion may increase, leading to
decreased productivity, air pollution, and increased fuel consumption [1]. Congestion is a major transportation
concern in industrial countries, costing $121 billion in the US alone. Inefficient transportation, greenhouse gas
emissions, and a lower quality of life for city dwellers are all consequences of traffic congestion [2].

Congestion has been characterized in a variety of ways by researchers. The most common concept of
traffic congestion is when the demand for transport exceeds the capacity of the roads. Despite significant
improvements in transportation infrastructure, traffic congestion continues to be a major societal and policy
problem [3]. In general, traffic congestion can be classified into two types: recurrent congestions, which are
usually caused by a mobility demand, and intermittent congestions, which are usually caused by a lack of
mobility that surpasses the road network's capacity, including nonrecurring traffic jams caused by incidents or
special events [4]. To reduce congestion, three options are suggested: enhancing infrastructure, promoting
public transportation in large cities, and predicting future road segments' status. However, these options may
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require significant investment and may not always be feasible [5]. Air pollution and sustainability are both
badly impacted by traffic congestion on road networks. Efficient traffic control can aid in lowering pollution
levels. The proliferation of internet of things (10T) devices provides data sets for intelligent, environmentally
friendly transportation options. Depending on the design of the roads, long short-term memory (LSTM)
networks can forecast the spread of congestion over a network of roads with an accuracy of 84-95%. This may
be a crucial part of traffic modeling in the future for smart cities [6]. Traffic congestion prediction has grown
significantly in recent decades due to big data from sensors and new artificial intelligence (Al) models.
Machine learning (ML), a part of Al, is used to evaluate traffic parameters and predict short-term congestion.
Al has made significant advances in ML, data mining, computer vision, expert systems, natural language
processing, and robotics. Prediction issues can be classified as ML classifications or regression models [7].

Moumen et al. [8] shows how combining Al and 10T road traffic data might enhance urban mobility
through traffic prediction in smart city settings. The LSTM model enhances real-time vehicle count estimates
and projects future traffic patterns using 10T sensors and deep learning algorithms, allowing for well-informed
decision-making. The potential benefits of integrating 10T and Al are enormous, including improved urban
mobility, less traffic, less congestion, and effective traffic management. In this study, LSTM accuracy achieved
91%, whereas linear regression, k-nearest neighbor (KNN), and support vector machine (SVM) accuracy
reached 41%, 43%, and 46% of the total, respectively. Najm et al. [9] identified several ML algorithms in order
to predict the best congestion control for 5G 10T wireless sensors. This study suggests a novel ML model based
on the decision tree (DT) method. Over 92% accuracy and recall were attained by the model after it was trained
on atraining dataset. In Helsinki, Finland, a study introduced the critical path method using convolutional long
short-term memory (CPM-ConvLSTM), a spatiotemporal model that predicts congestion levels in each road
segment in the short run outperforms six rivals in prediction accuracy based on traffic data [10]. Using a driver
model that uses SVM to anticipate traffic congestion without relying on traffic flow monitoring technology.
The model uses steering, throttle, and speed input frequency changes in driving simulators, requiring no
additional sensors or infrastructure [11].

A traffic congestion prediction model is developed using random forest (RF), a robust and high-
performance ML approach. The model, incorporating weather, period, special road conditions, road quality,
and holidays, achieved an accuracy of 87.5% and a low generalization error [12]. Congestion matrices using
different methods are developed on regional traffic networks using relative positions for road nodes. They used
a convolutional long-short-term memory network to predict congestion in all sections of the network. The
approach outperformed baseline models and accurately captured traffic's temporal and spatial characteristics,
demonstrating its interpretability for congestion prediction [13]. Another study used seven ML algorithms to
predict traffic congestion using a binary classification problem. The algorithms included KNN, DT, artificial
neural network (ANN), stochastic gradient descent (SGD), fuzzy unordered rule induction algorithm (FURIA),
Bayesian network (BN), and SVM. Ensemble learning algorithms like bagging, boosting, piling, and PTS were
used to enhance the prediction accuracy [14]. Using the logistic regression (LR) technique in [15] reveals that
it has a 91% accuracy rate in traffic analysis, providing the quickest and most direct route to desired locations.
This method reduces travel time, noise pollution, carbon dioxide emissions, and fuel consumption. Linear LR
predicts probability values using a linear combination of features, with chances ranging from zero to infinity
[15]. The predicting of traffic congestion using regression models are becoming increasingly ineffective as the
amount of data and its complexity rise. Mapping nonlinear data to a high-dimensional linear space where it
may be linearly categorized using hyperplanes is the fundamental concept of SVM [16], [17].

Modern ML algorithms and data preprocessing tools are arranged in an orderly manner on the Weka
workbench. Using these methods from the command line is the primary method of interacting with them. But
there are also easy-to-use interactive graphical user interfaces available for data exploration, large-scale
experiment setup on distributed computing platforms, and streamed data processing configuration design.
These interfaces provide a sophisticated setting for data mining experiments. The GNU general public license
governs the distribution of the Java-written system [18].

This study aims to predict congestion using Al techniques, especially machine and deep learning,
using the Weka tool for data that was collected from Greater Amman Municipality. The data were cleaned,
processed, and inserted into the WEKA tool using the selected classifiers. Using a variety of statistical metrics,
including accuracy, specificity, sensitivity, and the F1-measure, classifiers were employed to find the best one
to predict traffic congestion on all roads that enter the eighth circle in Amman City. These matrices make it
possible to identify congestion more precisely. Then the best classifier will be determined according to the
highest accuracy, reliability, perception, and F-massure to predict traffic congestion precisely.

In order to improve the prediction, a novel approach involves utilizing a huge amount of traffic data
from four approaches that entering study area. Additionally, by using six classifiers including LR, KNN, DT,
RF, SVM, and multi-layer perceptron (MLP) an extensive review and twenty-four experiments are carried out
to identify the best classifier with the highest performance. On the other hand, the data was collected over a
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one-year period, and an ML model was constructed using WEKA data minig which is different from previous
research.

2. METHOD
2.1. Traffic congestion prediction system architecture

The proposed model aims to predict traffic congestion at Amman's 8th circle intersection using
different ML algorithms. Weka will be utilized to develop ML models in this methodology section. At the
beginning, the dataset was obtained from Greater Amman Municipality, then it was preprocessed and converted
to a comma-separated value (CSV) to be readable by WEKA.Then, the dataset is fed to WEKA to build the
required model using SVM, MLP, LR, DT, RF, and KNN classifiers. Random sampling with a 70% training
and a 30% testing set size was able to get a good result because there were a lot of records (8640) in the dataset
for each bound. Also, 10-fold cross-validation is applied to increase the performance. Using the confusion
matrix that results from WEKA, the dataset is evaluated in terms of accuracy, f-measure, precision, and recall
after the trained model has been constructed. Furthermore, a comparative analysis will be conducted to
ascertain which ML model exhibits the highest performance indicators. Findings show which ML algorithms
are the best to predict traffic congestion, among others. Figure 1 depicts the traffic congestion prediction system
architecture.

Collect Data from
Greater Amman
Municipality

East Bound West Bound North Bound South Bound
Street Street Street Street

Data Cleaning

Data Preprocessing

Logistic K-Nearest Decision Random | Support Vector Multilayer
Regression Neighbors Trees Forest Machine Perceptron

Results

Figure 1. Traffic congestion prediction system architecture

2.2. Dataset

The dataset, obtained from the Greater Amman Municipality for the period from 1/1/2019 to
31/12/2019, was chosen for efficient and precise traffic congestion prediction. It includes traffic volume for
each lane, density, speed, occupancy, width, and distance. Traffic volume is determined for each approach on
each lane using detectors and sensors. Traffic volume was listed for each approach for 24 hours, every month,
for the year 2019. The list of attributes for congestion prediction analysis and attribute list visualization are
shown in Figure 2. However, the dataset includes the data of all approaches entering the 8th circle, as shown
in Figure 3, including westbound, northbound, eastbound, and southbound.
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Figure 3. Study area [19]

The next step is data cleansing, which involves correcting or deleting incorrect, corrupted, improperly
formatted, duplicate, or incomplete data from a dataset. In our traffic congestion prediction system, redundant
data was removed using the remove duplicates feature in Excel. Structural errors were fixed by adding a new
rule using conditional formatting to correct incorrect classifications. The third step is data preprocessing, which
is the crucial first step in the development of an ML classifier, ensuring the data meets the analysis needs. The
preparation module in WEKA handles this process, typically saving the traffic dataset as a CSV file. Figure 3
depicts a list of attributes and classes for congestion prediction analysis; Figure 4 shows the attribute list
visualization of WEKA.

2.3. Machine learning classifiers

ML is a technique for teaching machines to handle data better. ML is increasingly popular due to the
abundance of datasets and is used in various businesses to extract important data [20]. ML has been crucial in
smart transportation, investigating complex interactions between roadways, traffic, environmental elements,
and traffic crashes. ML is used in applications like data mining, image processing, and predictive analytics as
algorithms learn to complete tasks independently [21].

2.3.1. Logistic regression

LR is a fundamental classification technique, a linear classifier that uses probability to categorize data
into binary groups [22]. It is a simple and quick method for data analysis, allowing for easy understanding of
findings. It primarily focuses on binary classification but can also solve multiclass issues [23]. The basic model
of the LR estimation is as (1):

Probi=h) — 2L — o( B0+ B1 X1+......+ Bk Xki) 1)

Prob(Yi=0)  1—Pi

where e is the exponential constant, (1-Pi) is the chance that Y takes a value of 0, and Pi is the probability that
Y takes a value of 1 [24].
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2.3.2. K-nearest neighbor

A KNN classifier is a reliable data classification algorithm, but its accuracy depends on the choice of
nearest KNNs [25]. It ignores the k-environment distribution, making constant k numbers unsuitable for
irregular datasets. Dynamic k selection is suggested, but maximizing performance is challenging for large
datasets [26]. KNN excels in classification due to its simplicity. However, large sample sizes and feature
attributes can hinder its performance. The parameter k, which determines the number of KNNSs, significantly
impacts the algorithm's diagnostic performance, requiring a balance between overfitting and underfitting [27].

2.3.3. Decision tree

DT classifiers are widely used data classification methods in various domains, including ML, image
processing, pattern recognition, and traffic congestion prediction. They consist of nodes and branches and use
various classification algorithms to manage missing values' continuous and periodic properties [28].
Interpretable models (DT) are widely used for categorization and decision-making, but their myopic induction
algorithms lead to poor predictive performance and fundamental biases when intricate interactions between
input features occur [28], [29].

2.3.4. Random forest

RF classifier is a random method that creates multiple DTs using a random vector to eliminate
correlations and improve accuracy. Each DT is divided into a subset of characteristics, with the number of
traits considered affecting the tree variety. The ideal global function is found at each break, allowing for similar
trees. The goal is to create a mixture of decision-making trees for different forecasts [30]-[32].

2.3.5. Support vector machine

SVMs are supervised learning algorithms that may be applied to both classification and regression
applications. The basic goal of SVMs is to discover the hyperplane that best separates the classes in the feature
space while decreasing the amount of misclassifications. This is accomplished by solving an optimization
problem that aims to identify the best hyperplane that balances the margin (the distance between the hyperplane
and the nearest data points) and the error rate. Therefore, SVMs excel at handling high-dimensional data and
are frequently favored over other ML algorithms when working with non-linearly separable datasets [33], [34].

2.3.6. Multi-layer perceptron

MLP is a deep learning neural network with a three-layer structure, including the input layer, hidden
layer or layers, and output layer or layers, in which every neuron is coupled to every other neuron in the layer
above, which is beneficial for MLP, as Figure 4 illustrates. MLP using back-propagation and error gradient
propagation techniques for data transfer and error gradient propagation for training highlights that MLP produces
high-quality models with short training times but requires a modular model for multiple output values.
Independent training evaluates all architectures, increasing the chances of finding a superior prediction
model [35]-[37].

Inputs layer Hidden layer Qutput layer

Figure 4. Multilayer perceptron neural networks architecture [38]
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2.4, WEKA tool

ML and data mining can be facilitated by using the open-source WEKA toolbox. The University of
Waikato in New Zealand developed WEKA, a user-friendly graphical user interface offering a full array of
training, assessment, and data preparation tools as shown in Figure 5. Researchers and practitioners may extract
useful insights and information from their data using WEKA's ability to handle a wide range of data types and
sources, such as databases, spreadsheets, and text files. WEKA also supports a number of ML methods, such
as SVM, DT, and neural networks, giving users the option to choose the one that best suits their requirements.
For examining and evaluating large, complicated data sets, WEKA is an all-around strong and adaptable
platform [39]. There are a number of features available in WEKA's graphical user interface (GUI), such as the
Explorer that lets researchers access different facilities, the experimenter that compares the predictive
performance of learning algorithms on a large scale, the knowledge flow interface that lets users layout
components like filters, classifiers, and evaluations interactively, the workbench that combines all other WEKA
GUIs, and the simple CLI that lets users execute WEKA commands directly [40], [41]. Figure 5 depicts the
WEKA tools GUI.

&3 Weka GUI Chooser = a X
Program Visualization Tools Help
Applications
Explorer
W E KA Experimenter
Q WAIKATO KnowledgeFlow
; NEW ZEALAND

Workbench
Waikato Environment for Knowledge Ansalysis
Version 3.8.8
e Simple CLI
The University of Waikato
Hamilton, New Zealand

Figure 5.WEKA tools GUI

3. CLASSIFICATION AND RESULT IMPLEMNTAION

The 8th Circle connects four main streets in Amman, with each street running as a separate
experiment. The first experiment consists of three approaches from Westbound Street (1, 2, and 3), collected
from the greater Amman Municipality hourly from 1-1-2019 to 31-12-2019. The second experiment uses three
approaches from Northbound Street (4,5,6), collected from the greater Amman Municipality hourly from
1-1-2019 to 31-12-2019. The third experiment uses three approaches from Eastbound Street (7, 8, and 9),
collected from the greater Amman Municipality hourly from 1-1-2019 to 31-12-2019. The fourth experiment
uses one approach from the airport (10).

3.1. Performance matrices

The following metrics are used to assess the efficiency of the traffic congestion prediction model: true
positive(TP), true negative (TN), false positive (FP), and false negative (FN) as shown in Table 1. To evaluate
the results of the confusion matrix, accuracy, precision, and recall are methods for summarizing the results
[42], [43]. The confusion matrix of SVM using the WEKA interface is shown in Figure 6.

Table 1. Confusion matrix

Predicted
Congested  Uncongested
Actual Congested TP FN
Uncongested FP TN
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Figure 6. Result of SVM using WEKA interface

The classification accuracy statement serves as the fundamental criterion for assessing the suitability
of a classification system for its intended purpose. Accuracy statements are also employed in various
applications, such as classifier evaluation, where particular emphasis is placed on discerning variations in the
accuracy of data classification [44]. In other words, it's a measure of how well a model performs across all
targets. It’s calculated by dividing the number of right predictions by the total number of predictions, as shown
in (2) [45]. Table 2 shows the accuracy comparison of each experiment for different ML classifiers. Figure 7
demonstrates the accuracy of the representation of all classifiers for all experiments.

A _ TP+TN
CCUraACY = TN+ FP4FN
Table 2. Accuracy comparison of all classifiers for all experiments
DT (%) SVM (%) RF(%) KNN(%) MLP(%) LR (%)

Westbound Street 97.7 99.4 97.5 98.0 94.5 96.6
Southbound Street 96.3 99.1 96.9 98.5 95.7 97.1
Eastbound Street 97.2 99.6 97.1 98.3 96.3 96.6
Northbound Street 97.2 99.7 96.2 98.7 95.4 97.6

Percentage

100.00%
99.00%
98.00%
97.00%
96.00%
95.00%
94.00%
93.00%
92.00%

RF

Classifiers

EWestbound Street B Southbound Street  HEastbound Street B Northbound Street

Figure 7. Accuracy comparison of all classifiers for all experiments
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In terms of precision, it can be determined by the ratio of correctly identified positive (congested) to
total positive (either congested or uncongested), as shown in (3) [46]. Table 3 shows the accuracy comparison
of each experiment for different ML classifiers. Figure 8 demonstrates the accuracy representation of all
classifiers for all experiments.

TP
TP+FP

Precision =

®)

Table 3. Precision comparison of all classifiers for all experiments
DT (%) SVM (%) RF(%) KNN(%) MLP (%) LR (%)
Westbound Street 98.4 99.4 98.7 98.6 97.0 99.2
Southbound Street 95.2 98.8 97.2 98.3 96.9 97.8
Eastbound Street  100.0 100.0 100.0 100.0 99.9 100.0
Northbound Street 96.9 99.8 97.0 99.0 98.4 97.7

100.00%

99.00%

98.00%

97.00%

96.00%

Percentage

95.00%

94.00%

93.00%

92.00%

Classifiers

EWestbound Street ~ E Southbound Street B Eastbound Street B Northbound Street

Figure 8. Precision comparison of all classifiers for all experiments

Sensitivity is another performance evaluation used in this study, which is computed as the ratio of
correctly identified positive values to the total number of positive values. The sensitivity matrix determines
how well the classifier can discover positive values, as shown in (4) [47]. Table 4 shows the accuracy
comparison of each experiment for different ML classifiers. Figure 9 demonstrates the accuracy of the
representation of all classifiers for all experiments.

TP
TP+FN

(4)

Sensitivity =

Table 4. Sensitivity comparison of all classifiers for all experiments
DT (%) SVM (%) RF(%) KNN(%) MLP(%) LR (%)

Westbound Street 98.4 99.8 97.8 98.6 95.3 96.0
Southbound Street 97.2 99.3 96.5 98.1 94.2 96.3
Eastbound Street 97.2 99.6 97.1 98.3 96.4 96.6
Northbound Street 97.6 99.5 95.4 98.5 925 97.5

WEKA-based machine learning for traffic congestion prediction in Amman City (Areen Arabiat)



4430 O3 ISSN: 2252-8938

100.00%
99.00%
98.00%
97.00%
96.00%
95.00%
94.00%
93.00%
92.00%

Percentage

&
)
\
\
\
\
\
\
\
\
\
\
\
\
\
\
Q

DT
Classifiers

B Westbound Street EHSouthbound Street H Eastbound Street HNorthbound Street
Figure 9. Sensitivity comparison of all classifiers for all experiments

The last performance of the result evaluation that is used in this paper is the F-measure, which is
determined by taking the harmonic mean of precision and sensitivity and assigning equal weighting to each as
shown in (5) [48]. Table 5 shows the accuracy comparison of each experiment for different ML classifiers.
Figure 10 demonstrates the accuracy of the representation of all classifiers for all experiments.

2xPrecision*Sensitivity
()

F — Measure = — —
Precision+Sensitivity

Table 5. F-measure comparison of all classifiers for all experiments
DT (%) SVM (%) RF(%) KNN(%) MLP (%) LR (%)
Westbound Street 98.4 99.6 98.3 98.6 96.2 97.6
Southbound Street 96.2 99.1 96.8 98.2 95.6 97.0
Eastbound Street 98.6 99.8 98.5 99.1 98.1 98.3
Northbound Street 97.2 99.7 96.2 98.8 95.3 97.6

100.00%
99.00%
98.00%
97.00%
96.00%

95.00%

Percentage

94.00%

93.00%

92.00%

Classifiers

B Westbound Street EHSouthbound Street HEastbound Street B Northbound Street

Figure10. F-measure comparison of all classifiers for all experiments
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3.2. Results of westbound street

This experiment was conducted using traffic data from Southbound Street. The results were evaluated
based on the LR, KNN, DT, RF, SVM, and MLP classifiers. According to the result, the accuracy of the SVM
classifier was the highest of all classifiers; it reached 99.8%. In contrast, the lowest accuracy was for MLP,
with 94.5%. Table 6 shows the results of west-bound street performance matrices.

Table 6. Westbound street results
DT (%) SVM (%) RF(%) KNN (%) MLP (%) LR (%)

TP 0.984 0.998 0.978 0.986 0.953 0.960
FN 0.016 0.002 0.022 0.014 0.047 0.040
FP 0.040 0.016 0.032 0.035 0.074 0.021
TN 0.960 0.984 0.968 0.965 0.926 0.979
Accuracy 0.977 0.994 0.975 0.980 0.945 0.966
Precision 0.984 0.994 0.987 0.986 0.970 0.992
Sensitivity ~ 0.984 0.998 0.978 0.986 0.953 0.960
F-measure  0.984 0.996 0.983 0.986 0.962 0.976

3.3. Results of northbound street

This experiment was conducted using traffic data from Northbound North. The results were evaluated
based on the LR, KNN, DT, RF, SVM, and MLP classifiers. According to the result, the accuracy of the SVM
classifier was the highest of all classifiers; it reached 99.7%. In contrast, the lowest accuracy was for MLP,
with 95.4%. Table 7 shows the results of the north-bound street performance matrices.

Table 7. Northbound street results
DT (%) SVM (%) RF(%) KNN(%) MLP (%) LR (%)

TP 0.976 0.995 0.954 0.985 0.925 0.975
FN 0.024 0.005 0.046 0.015 0.075 0.025
FP 0.031 0.002 0.030 0.010 0.016 0.023
TN 0.969 0.998 0.970 0.990 0.984 0.977
Accuracy 0.972 0.997 0.962 0.987 0.954 0.976
Precision 0.969 0.998 0.970 0.990 0.984 0.977
Sensitivity ~ 0.976 0.995 0.954 0.985 0.925 0.975
F-measure  0.972 0.997 0.962 0.988 0.953 0.976

3.4. Results of eastbound street

This experiment was conducted using traffic data from Eastbound East. The results were evaluated
based on the LR, KNN, DT, RF, SVM, and MLP classifiers. According to the result, the accuracy of the SVM
classifier was the highest of all classifiers; it reached 99.6%. In contrast, the lowest accuracy was for MLP,
with 96.3%. Table 8 shows the results of east-bound street performance matrices.

Table 8. Eastbound street results
DT (%) SVM (%) RF(%) KNN(%) MLP (%) LR (%)

TP 0.972 0.996 0.971 0.983 0.964 0.966
FN 0.028 0.004 0.029 0.017 0.036 0.034
FP 0.400 0.300 0.300 0.200 0.500 0.300
TN 0.600 0.700 0.700 0.800 0.500 0.700
Accuracy 0.972 0.996 0.971 0.983 0.963 0.966
Precision 1.000 1.000 1.000 1.000 0.999 1.000
Sensitivity ~ 0.972 0.996 0.971 0.983 0.964 0.966
F-measure 0.986 0.998 0.985 0.991 0.981 0.983

3.5. Results of Southbound Street

This experiment was conducted using traffic data from Southbound South. The results were evaluated
based on the LR, KNN, DT, RF, SVM, and MLP classifiers. According to the result, the accuracy of the SVM
classifier was the highest of all classifiers; it reached 99.1%. In contrast, the lowest accuracy was for MLP,
with 95.7%. Table 9 shows the results of the south-bound street performance matrices.

WEKA-based machine learning for traffic congestion prediction in Amman City (Areen Arabiat)
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Table 9. Southbound street performance results
DT (%) SVM (%) RF (%) KNN (%) MLP (%) LR (%)

TP 0.972 0.993 0.965 0.981 0.942 0.963
FN 0.028 0.007 0.035 0.019 0.058 0.037
FP 0.046 0.011 0.027 0.012 0.028 0.021
TN 0.954 0.989 0.973 0.988 0.972 0.979
Accuracy 0.963 0.991 0.969 0.985 0.957 0.971
Precision 0.952 0.988 0.972 0.983 0.969 0.978
Sensitivity 0.972 0.993 0.965 0.981 0.942 0.963
F-measure 0.962 0.991 0.968 0.982 0.956 0.970

4. DISSCUSSION

Traffic congestion prediction using ML has great benefits for reducing time waste, fuel consumption,
and saving money. In this paper, LR, KNN, DT, RF, SVM, and MLP classifiers were used in the prediction
process, and according to the results, SVM had the highest classification accuracy, but MLP had the lowest
accuracy. In contrast, SVM has the highest precision score of 98.8%. In terms of sensitivity and F-measure,
SVM also has the highest rating score. Finally, by balancing all measures of these classifiers on westbound,
northbound, eastbound, and southbound, it can accurately predict both positive and negative classes. SVM had
the best accuracy on Northbound (99.8%). On the other hand, the accuracy demonstrated in this paper is shown
to be superior to the previous research. Research by Majumdar et al. [6], the accuracy rate was 84-95%; in
Di et al. [10], the accuracy rate was 87.5%; in Moumen et al. [8], the maximum accuracy rate was 91%; and
in Lakshna et al. [15], the accuracy rate was 91%. However, in this study, the best accuracy rate is around
99.7% for Northbound Street.

5. CONCLUSION

This study investigates several classification techniques for predicting traffic congestion in Amman
City, the capital of Jordan, specificly the 8th circle area. Four datasets, each one contains approximately 8640
records, were split up and processed for each street. The dataset was gathered from the greater Amman
Municipality. In order to predict traffic congestion at each bound connected to the 8th Circle, WEKA data
mining is used. The dataset was fed to WEKA to find the confusion matrix in order to determine the best
classifier for predicting traffic congestion. LR, KNN, DT, RF, SVM, and MLP classifiers was used in this
paper, the accuracy, precision, sensitivity, and F-measure assessment measures have been determine for all
selected classifiers to evlautate classifiers prrformance. The findings showed that the SVM is the best classifier
for predicting traffic congestion for all bounds. SVM accuracy was 99.4%, 99.7%, 99.6%, and 99.1%,
respectively. However, in this research, the best accuracy rate for SVM on Northbound Street was 99.7%.
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