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ABSTRACT 

In recent years, traffic congestion prediction has led to a growing research area, especially of 

machine learning of artificial intelligence (AI). With the introduction of big data by stationary 

sensors or probe vehicle data and the development of new AI models in the last few decades, 

this research area has expanded extensively. Traffic congestion prediction, especially short-

term traffic congestion prediction is made by evaluating different traffic parameters. Most of 

the researches focus on historical data in forecasting traffic congestion. However, a few 

articles made real-time traffic congestion prediction. This paper systematically summarises 

the existing research conducted by applying the various methodologies of AI, notably 

different machine learning models. The paper accumulates the models under respective 

branches of AI, and the strength and weaknesses of the models are summarised. 

1. INTRODUCTION 

Artificial intelligence (AI) is the most 

important branch of computer science in 

this era of big data. AI was born 50 years 

ago and came a long way, making 

encouraging progress, especially in 

machine learning, data mining, computer 

vision, expert systems, natural language 

processing, robotics, and related 

applications [1]. Machine learning is the 

most popular branch of AI. Other classes 

of AI include probabilistic models, deep 

learning, artificial neural network systems, 

and game theory. These classes are 

developed and applied in a wide range of 

sectors. Recently, it has been the leading 

research area in transportation engineering, 

especially in traffic congestion 

prediction.Traffic congestion has a direct 

and indirect impact on a country’s 

economy and its dwellers’ health. 

According to Ali et al. [2], traffic 

congestion causes Pak Rs. 1 million every 

day in terms of opportunity cost and fuel 

consumption due to traffic congestion. 

Traffic congestion affects on individual 

level as well. Time loss, especially during 

peak hours, mental stress, and the added 

pollution to the global warming are also 

some important factors caused due to 

traffic congestion. 
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Ensuring economic growth and the road 

users’ comfort are the two requirements 

for the development of a country, which is 

impossible without smooth traffic flow. 

With the development in the transportation 

sector by collecting traffic information, 

authorities are putting more attention on 

traffic congestion monitoring. Traffic 

congestion prediction provides the 

authorities with the required time to plan 

in the allocation of resources to make the 

journey smooth for travellers. Traffic 

congestion prediction problem discussed 

in this paper can be defined as an 

estimation of parameters related to traffic 

congestion into the short-term future, e.g., 

15 minutes to a few hours by applying 

different AI methodologies by using 

collected traffic data. There are usually 

five parameters to evaluate, including 

traffic volume, traffic density, occupancy, 

traffic congestion index, and travel time 

while monitoring and predicting traffic 

congestions. Depending on the nature of 

the collected data, a variety of AI 

approaches are applied to evaluate the 

congestion parameters. This article 

systematically discusses the models and 

their advantage and disadvantages. The 

primary motivation of this review is to 

gather the articles focusing solely on 

traffic congestion prediction models. The 

keywords used in the search process 

included ―traffic congestion prediction‖ 

OR ―traffic congestion estimation‖ OR 

―congestion prediction modelling‖ OR 

―prediction of traffic congestion‖ OR 

―road congestion forecast‖ OR ―traffic 

congestion forecast.‖ For efficient 

screening, research paper search was done 

according to year using search engines like 

Scopus, Google Scholar, and Science 

Direct.  

2. GENERAL LAYOUT 

Traffic congestion forecasting has two 

basic steps of data collection and 

prediction model development. Every step 

of the methodology is important and may 

affect the results if not done correctly. 

After data collection, data processing plays 

a vital role to prepare the training and 

testing datasets. Case area differs for 

different research. After developing the 

model, it is validated with other base 

models and ground true results. Figure 1 

shows the general components of traffic 

congestion prediction studies. These 

branches were further divided into more 

specific sub-branches and are discussed in 

the following sections. 

 
Fig :The layout of traffic congestion 

prediction system. 

3. Data Source 

Traffic datasets used in different studies 

can be mainly divided into two classes, 

including stationary and probe data. 

Stationary data can be further divided into 

sensor data and fixed cameras. On the 

other hand, probe data that were used in 

the studies were GPS data mounted on 

vehicles.Stationary sensors continuously 

capture spatiotemporal data of traffic. 

However, sensor operation may interrupt 

anytime. Authorities should always 

consider this temporary failure of the 

sensor while planning by using this data. 

The advantage of the sensor data is that 

there is no confusion on the location of the 

vehicles. The most used dataset was 

Performance Measurement System 

(PeMS) that collects highway data across 

all major metropolitan areas of the State of 

California of traffic flow, sensor 

occupancy, and travel speed in real-time. 

Most of the studies used dataset from the 

I-5 highway, in San Diego, California, 
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every 5 minutes [3–6]. Other systems 

included the Genetec blufaxcloud travel-

time system engine (GBTTSE) [7] and the 

Topologically Integrated Geographic 

Encoding and Referencing (TIGER) line 

graph [8].On the other hand, probe data 

has the advantage of covering the entire 

road network. A network consists of 

different structured roads. Therefore, 

studies, especially those that considered 

the network wide area, used probe data. 

The most used dataset was GPS data 

collecting every second from 

approximately 20000 taxies of Beijing, 

China. Data included the taxi number, the 

latitude-longitude of the vehicle, 

timestamp when sampling, and whether 

there was a passenger or not. Data 

updating frequency of this dataset varies 

from 10 s to 5 min according to the quality 

of GPS device [4, 5, 9]. Other probe data 

included low-frequency Probe Vehicle 

Data (PVD) [10] and bus GPS data 

[11, 12]. However, sometimes probe data 

show significant fluctuation. Besides, map 

matching is usually a must for probe data. 

But data can minimize this limitation. 

Probe data collected from one city cannot 

be used directly for modelling other city 

networks. This is because the data 

collected from Beijing, China, includes 

latitude-longitude of the vehicle, which is 

unique. However, a generalised model 

using probe data can be generated for 

different cities.Other data sources, e.g., 

data from tolling system and data provided 

by transportation authority, will add more 

reliable data as the sources are dependable. 

However, a lot of the times, study area 

needs to be adjusted as in most cases, 

tolled road information is not available. 

Tracking cellular phone movements 

without privacy breach can also be a 

source of data. However, the heterogeneity 

of the vehicle distribution will be hard to 

determine from this dataset, if not 

impossible. Besides, due to pedestrian or 

cyclists travelling through the sidewalk, 

there might be many outliers in the dataset 

if modelling is done for a road network. 

Data collected from a questionnaire to the 

general public/drivers may provide a 

misleading result [13]. 

3.1. Clustering Algorithms 

Some studies use clustering the acquired 

data before applying the main congestion 

models of prediction. This hybrid 

modelling technique is applied to fine-tune 

the input values and to use them in the 

training phase. Figure 2 shows the 

commonly used AI clustering models in 

this field of research[12][13][14]. The 

models are described briefly in this 

section. 

 

 

Figure 2  

Commonly used AI clustering algorithms. 

Fuzzy C-Means (FCM) is a popular 

nondeterministic clustering technique in 

data mining. In traffic engineering 

researches, traffic pattern recognition plays 

an important role. Besides, these studies 

often face the limitation of missing or 

incomplete data. To deal with these 

constraints, FCM has become a commonly 

applied clustering technique. The 

advantage of this approach is, unlike 

original C-means clustering methods, it 

can overcome the issue of getting trapped 

in the local optimum [14]. However, FCM 

requires setting a predefined cluster 

number, which is not always possible 

while dealing with massive data without 

any prior knowledge of the data 

dimension. Besides, this model becomes 

computationally expensive with data size 

increment. Different studies have applied 

FCM successfully by improving its 

limitations. Some studies changed the 

fuzzy index value for each FCM algorithm 

execution [15], some calculated the 

Davies-Bouldin (DB) index [10], while 

https://www.hindawi.com/journals/jat/2021/8878011/fig2/
https://www.hindawi.com/journals/jat/2021/8878011/fig2/


18 
 

others applied the K-means clustering 

algorithm [6 ][7]. 

K-means clustering is an effective and 

relatively flexible algorithm while dealing 

with large datasets. It is a popular 

unsupervised machine learning algorithm. 

Depending on the features, cluster number 

varied from two to 50 Like FCM, K-means 

clustering requires a predefined cluster 

number and selecting K original cluster 

centres. GAP and WEKA toolboxwere 

used to define the value. For large datasets, 

as the sample distribution is unknown in 

the beginning, it is not always possible to 

fulfil these two requirements. A few 

studies used adaptive K-means clustering 

overcoming the limitations and exploited 

the pattern using principal component 

analysis (PCA) [15][16] 

DBSCAN is more of a general clustering 

application in machine learning and data 

mining. This method overcomes the 

limitation of FCM of predefining the 

cluster number. It can automatically 

generate arbitrary cluster shapes 

surrounded by clusters of different 

characteristics and can easily recognise 

outlier. However, it requires two 

parameters to preset. A suitable parameter 

determination method, e.g., trial and error 

method [8] and human judgement [26] 

makes the model computationally 

expensive and requires a clear 

understanding of the dataset. 

From the above discussion, it is concluded 

that only 16 out of 48 studies have done 

clustering before applying prediction 

models. Several time-series models and 

shallow machine learning (SML) 

algorithms have used clustering approach. 

However, deep learning algorithms can 

process input data on different layers of 

the model, thus may not need clustering 

beforehand. 

4. Applied Methodology 

Traffic flow is a complex amalgamation of 

heterogenous traffic fleet. Thus, traffic 

pattern prediction modelling could be an 

easy and efficient congestion prediction 

approach. However, depending on the data 

characteristics and quality, different 

classes of AI are applied in various studies. 

Figure 3 shows the main branches—

probabilistic reasoning and machine 

learning (ML). Machine learning 

comprised of both shallow and deep 

learning algorithms. However, with the 

progress of this article, these sections were 

subdivided into detailed algorithms. 

 
Fig:Branches of artificial intelligence in 

this article. 

CONCLUSIONS 

Traffic congestion prediction is getting 

more attention from the last few decades. 

With the development of infrastructure, 

every country is facing traffic congestion 

problem. Therefore, forecasting the 

congestion can allow authorities to make 

plans and take necessary actions to avoid 

it. The development of artificial 

intelligence and the availability of big data 

have led researchers to apply different 

models in this field. This article divided 

the methodologies in three classed. 

Although probabilistic models are simple 

in general, they become complex while 

different factors that affect traffic 

congestion, e.g., weather, social media, 

and event, are considered. Machine 

learning, especially deep learning, has the 

benefit in this case. Therefore, deep 

learning algorithms became more popular 

with time as they can assess a large 

dataset. However, a wide range of machine 

learning algorithms are yet to be applied. 

Therefore, a vast opportunity of research 

in the field of traffic congestion prediction 

still prevails 
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