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Abstract

Road traffic management is necessary for smart cities. Lately, Intelligent

Transport System (ITS) has become an important area of research to solve

different road traffic related issues for making smart decision. It links peo-

ple, roads and vehicles together using communication technologies to in-

crease safety and mobility. Moreover, accurate prediction of road traffic is

also important to manage traffic congestion. In this thesis work, we give a

brief survey of recent researches on road traffic prediction and propose an

innovative approach to estimate road traffic flow using regression analysis

for the roads of Porto city (capital of Portugal). The 22 inductive loop traf-

fic detectors (loop sensors) were used to collect traffic data around VCI (Via

de Cintura Interna) motorway. Initially, we have applied data preprocessing

and feature selection techniques on the traffic data and then applied several

regression models (Linear Regression, SMO Regression, Multilayer Percep-

tron, M5P Regression Tree and Random Forest) to predict future traffic

flow. Finally, we apply regression models including an ensemble model

proposed in the study to predict road traffic flow in long-term based on his-

torical traffic data and compare their performance. The experiment results

show that prediction generated by M5P based regression tree tend to get

the closest to actual traffic flow for different roads of Porto city, Portugal.
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Chapter 1

Introduction

Traffic management has been a big issue since the beginning of road transportation,

specially, in the busy cities. In present time, Los Angeles, New York, Moscow, San

Francisco, Beijing and London are some of the most traffic congested cities around the

world. Our Dhaka city is also struggling with the problem of traffic congestion, which,

is literally frustrating for the people of the city. The increased number of vehicles on the

road also adversely affect people’s health. There are several tools and techniques have

been used to solve this problem, such as, monitoring the traffic with modern techniques

or using traditional light controls but, nothing seems good enough. It is required more

research into this area to come up with better solutions to mitigate losses.

1.1 Motivation

The problem of traffic congestion affects the world’s economy, environment and people’s

life. It also increases the stress level of people by making travel delays. Not only that,

the stopping and initiating cars back again burns fuel at a greater level. This creates

air pollution and thus, increases global worming. This fuel consumption also costs a

lot of money. Proper investigation and monitoring are must to make smooth traffic

flow. Intelligent Transport System (ITS) over the last decade, have been dealing with

the management of road traffic flow to make the travel safer and more comfortable.

ITS involves researchers to work with road traffic data. The information extracted

from traffic data are obtained by using different sensors, such as, Pneumatic Road tube

counting, Video Vehicle Detection, Piezoelectric Sensor, Magnetic Sensor etc. These

1



1.1 Motivation

sensors get placed on the road along roadside and constantly observe roads and store

the information into database. So, the database gets quite a huge volume and thus,

involves the researchers to deal with big data. In our previous work, we built a traffic

data visualization tool (TDO) that involved real world road traffic Big data [1].

The road traffic data can be used to understand the behavior of vehicles to manage

the road traffic. These data can also be used to predict traffic flow for different roads

in a city. The prediction of traffic flow can be a real help to manage the road traffic.

An amount of research have done to predict the traffic flow in short-term. But, only a

handful of researches are there regarding long-term traffic flow prediction. Nevertheless,

many researches and approaches for observing and predicting road traffic are required

because, the situation and environment are different in different parts of the world. The

involvement of big data makes this research area quite rich and creates opportunity for

extensive future research. Making prediction for long-term traffic flow is going to have

massive impacts by saving people’s time and money.

1.1.1 Intelligent Transportation System (ITS)

ITS provides smart ways to improve traffic condition with the help of intelligent trans-

portation technologies, such as, navigating cars, controlling traffic signals, recognizing

number plates of cars, speed or CCTV systems etc. For efficient management of traffic,

man have been providing solutions for decades to prevent commuters driving in the

wrong direction to avoid congestion [2]. In recent times, ITS opened a gateway to find

solutions to this problems using the cutting edge technologies. Floating car data (FCD)

and GPS trajectory data has became an important data source for traffic data mining,

which enables researchers to understand the traffic patterns [3], [4]. These understand-

ings are important for better traffic management. Data scientists of modern time use

these techniques to apply different machine learning methods to improve human life,

such as, reducing road noises [5], forecasting the traffic demand [6] and even prediction

of road accidents [7]. Also, prediction of road traffic congestion has become an emer-

gent part in the field of ITS [8]. These predictions can be used later on for efficient

route planning to help people plan their trip [9]. It is very clear that approaches of ITS

through cutting edge technologies able transportation engineering to produce better

mobility and safety. Therefore, ITS can make difference in saving lives and creating

transportation infrastructures and technologies for the better future.

2



1.1 Motivation

Figure 1.1: Traffic Data Mining - Extracting knowledge from the road traffic.

1.1.2 Mining Traffic Big Data

Big data is the new architectural shift of the modern world’s enterprise computing.

The massive increment of computed data everyday from different sources is the reason

behind the origin of big data. These different sources include, social media data, retailer

databases, financial data, health data, data generated from IoT (Internet of Things)

etc. A solid big data platform makes it faster and easier for people to create unique

data intensive products and services to improve people’s lives. In most cases, parallel

processing technique (Hadoop MapReduce) is used for handling or manipulating big

data. The characteristics of big data is often referred to as 3V’s or 5V’s:

• Volume

• Velocity

• Variety

• Veracity

• Value

Traffic data mining in most of the cases involves dealing with big data. Because, it

requires high volume of historical data to analyze the overall traffic pattern. And even

for the prediction of traffic flow, it is better to gather a higher volume of previous road

data for better prediction in short-term and in long-term [10]. The dataset that is used

3



1.2 Objectives of the Thesis

in this study was also a big data. It was a continuous observation of the roads of a city

and thus, created enormous volume of data which was complex to analyze. Variety in

data types were also present in the dataset. The details of our dataset is mentioned in

Chapter 3.

1.2 Objectives of the Thesis

ITS related researches enable researchers to use road traffic data for forecasting road

traffic flow. This is very necessary for cities with busy traffic. Our work aims to

contribute in this field of ITS for making smart cities. This work studies the field of

traffic data mining in recent times, and the recent approaches for prediction of road

traffic. This work also presents an innovative approach of using regression models for

long-term traffic flow forecasting. And also the study introduce an ensemble regression

method and compare the performance of different regression models with a real world

traffic data. The real world dataset was collected from Porto, Portugal. We applied

the same regression models on different roads of the city to accurately identify the best

performed regression model in terms of long-term traffic flow prediction. The major

objectives of this thesis are summarized below:

1. Visualize and analyze the traffic big data.

2. Find the traffic pattern from historical traffic data.

3. Apply the data preprocessing and feature selection techniques on the traffic data.

4. Apply regression analysis methods (e.g. Linear Regression, SMO Regression,

Multilayer Perceptron, and M5P regression tree) and compare their performance

real time traffic data.

1.3 Thesis Contributions

The contributions of this thesis are summarized as follows;

• Recent works regarding the road traffic prediction and traffic data mining in the

field of ITS have been reviewed with an organized manner.

4



1.4 Organization of the Thesis

• The study presented a new approach for forecasting the road traffic in long-term

using a real world traffic dataset.

• Applied regression analysis for accurate traffic flow prediction.

• Proposed an ensemble approach combined with three regression models to predict

traffic flow.

• This work also compared the performance of different regression models including

the proposed approach and identified the best regression model to forecast road

traffic for the city of Porto, Portugal.

1.4 Organization of the Thesis

The thesis is organized as follows:

Chapter 2 provides related works.

Chapter 3 presents the traffic data that was collected from city of Porto, Portugal.

Chapter 4 Discusses several regression models

Chapter 5 presents the experimental analysis.

Chapter 6 presents conclusion and future works.

5



Chapter 2

Related Work

Traffic data mining in the domain of ITS is providing the fundamental platform for

managing and analyzing road traffic information to improve decision making. This

enable researchers to propose solution for cities and communities to optimize their

performance. Many studies focus to train different machine learning algorithms (e.g.

Deep Learning, K-Nearest Neighbour, Support Vector Machine etc.) to build models

for forecasting traffic flow in short-term and in long-term. However, this field also study

to predict traffic velocity, gap distance and traffic oscillation to improve the road traffic

condition in smart cities around the world. This chapter presents recent studies on

traffic flow prediction and some other works regarding the field of traffic data mining.

2.1 Traffic flow prediction

Predicting road traffic flow is important for better regulation of road traffic. A basic

traffic flow prediction approach considers previous time-series traffic flow as input to

generate a location prediction and trains machine learning methods. Different machine

learning methods are being consistently used to improve prediction performance. The

most recent ones will be discussed in this section.

2.1.1 Deep Learning / Neural Networks

Yisheng et. al. [11] presented a traffic flow forecast method based on deep learning

approach with a stacked diabolo network or auto-encoder. This stacked auto-encoder

was used to build a SAE (Stacked auto-encoder) model where, a logistic regression was

6



2.1 Traffic flow prediction

applied on the top layer as standard predictor. Which helped the network to learn about

its traffic flow features. The study collected three months traffic data of California using

PeMS database. The last month’s data was considered as test dataset. Their model

performed significantly good in comparison with BP NN (Backpropagation NN, RW

(Random Walk), SVM, and RBF NN (Radial basis function based NN model).Yanjie

et. al. [12] extend the work with further evaluation of the auto-encoded SAE model at

day and night time. The result show that the performance of the model is not similar

for day and night time, indicating requirement for further improvement. Teng et. al.

[13] came up with a boosting up scheme to eliminate the shortcomings of SAE. In this

work, an algorithm using replication strategy was proposed to train multiple SAEs.

The result indicated better forecasting performance.

Arief et. al. [14] studied correlation between parameters of weather conditions and

traffic measurement and incorporated that insight into DBNs (Deep Belief Networks)

to bring accuracy in prediction of traffic flow. A traffic dataset from the Bay area

of San Francisco was analysed for correlation study. The study evaluated that DBNs

predict better but takes more time in comparison with ARIMA and ANN. As a deep

learning approach LSTM (Long short term memory networks) models can also be used

for predicting road traffic. Like, Zheng et. al. [15] and Hongxin and Boon-Hee [16]

both build LSTM models using deep learning approach to predict short-term traffic

flow. The error rate were relatively low for both models. The capability of learning

the architecture from non linear traffic data and the ability of capturing dependencies

in long-term from time series data make LSTMs suitable for traffic forecast. The

performance of deep learning model with linear vector autoregressive was compared by

Nicholas and Vadim [17]. The study collected dataset from Chicago metropolitan area

and applied several data pre-filtering techniques to compare the performance. DLM8L

(Deep learning with median filtering processing lasso) performed the best among them.

ANNs (Artificial Neural Networks) uses human brain principles perceive informa-

tion or pattern from unknown data sources. Many studies continuously applying Neural

Networks (NNs) combined with other techniques for non-linear traffic flow prediction.

Such as, Rui et. al. [18] used LSTM and GRU (Gated Recurrent Units) for training

neural networks. LSTM and GRU both had forgetting units. Both neural networks out-

performed ARIMA model in terms of predicting traffic flow of Alameda and Oakland,

California. A Mallat wavelet analysis based back propagation NN was proposed by

7



2.1 Traffic flow prediction

Chai et. al. [19]. Their model produced better result for the traffic flow of Chongqing,

Chengdu in comparison with moving average prediction model. Se-do et. al. [20] also

trained a neural network applying back propagation with Levenberg Marquardt (LM)

algorithm for traffic flow prediction. The study used data from Suwon city, South

Korea. An innovative multifactor pattern recognition model (MPRM) was introduced

to determine the weights of each variables. Which, later gets integrated with GMM

(Gaussian mixed model) clustering and an ANN was applied on each cluster for the

prediction.

2.1.2 Nearest Neighbour

The ability of K-NN (K nearest neighbor) algorithm often gets optimized for short-term

traffic flow prediction. Meng et. al. [21] proposed a short-term traffic flow prediction

model by improving the traditional KNN algorithm. The study have utilized pattern

recognition 2 times when searching for matches in the case database. The case database

was created with the self balanced binary tree technique called AVL (Adelson-Velsky

and Landis). The efficiency of their model (AKNN-AVL) has been proved using dataset

from North 3rd Ring Road, Beijing. Marcin et. al. [22] improved traditional KNN for

prediction with data segmentation method that is capable of selecting useful input

data. Usefulness of the data was validated through a similarity check and by ranking

of the prediction error for traffic flow. Their model was evaluated with the traffic flow

of Gliwice, Poland. Dawen et. al. [23] proposed an innovative Map Reduce based

nearest neighbor framework and performed an empirical study on the road traffic flow

of Beijing. Pietro et. al. [24] also tried to strengthen nearest neighbor regression

with multivariate and a time awareness approach. Performance of their method was

examined over the dataset collected from California Highway. A new hybrid multiple

metrics based KNN called HMMKNN model was introduced by Haikun et. al. [25]

for traffic forecasting. The model had the ability to extract intrinsic property from

data. The accuracy of HMMKNN was better than the other traditional models. Jing

and Shiliang [26] incorporated KNN algorithm with gaussian process dynamic model

for efficient traffic flow prediction. Basically, KNN algorithm was introduced for the

prediction of latent variables. The predictions generated by the 4th order gaussian

process dynamic model and KNN were averaged for the forecast estimation.

8



2.1 Traffic flow prediction

2.1.3 Support Vector Regression

Support Vector Regression (SVR) and Support Vector Machine (SVM) use pretty much

the same learning methods in terms of classifying data. With some modification SVM

and SVR can perform better traffic flow prediction and they are highly applicable for

better parameter selection. Xianyao et. al. [27] developed an algorithm using Multi

kernel Support Vector Machine (MSVM) to predict road traffic flow in short-term. To

optimize the parameter for MSVM the study also proposes an Adaptive particle swarm

optimization algorithm. Mean squared error was used to calculate fitness value among

the particles of the given dataset. The dataset was collected through roadside units

from PeMS system. Five days data from a week (monday to Friday) were collected to

examine the performance with comparison to other proposed SVM methods. Yanyan

et. al. [28] prepared an urban traffic flow forecasting model by training SVR on some

weighted predictors. The predictors were selected using multivariate adaptive regression

splines which is a non parametric regression approach. The model was experimented

over the traffic flow of Shanghai, China and the model had a good accuracy. Xiaobo

et. al. [29] developed an algorithm SHGA (sparse hybrid genetic algorithm) to handle

variable selection problem of LSSVR (least squared SVR). A hybrid encoding scheme

was prepared with a sparsity constraint to limit number of variables engaged in LSSVR.

This approach helped to gain better performance in predicting traffic flow providing

fewer spatiotemporal variables to deal with.

Jinyoung et. al. [30] presented a real time road traffic forecasting model using

Bayesian classifier and SVR. The flow of traffic and their relation was modeled using

3D Markov random field (MRF). The study defined some cliques based on those re-

lations which get estimated utilizing multiple linear regression and SVR. The study

colled traffic dataset from Gyeongbu expressway, South Korea and the traffic flow was

predicted based on the traffic speed for the next time-stamp. Afterwards, E Y Kim

[31] further evaluates the model’s generalisation efficiency by comparing it with some

existing works.

2.1.4 Other approaches

Many different approaches have been proposed in recent times to predict traffic con-

gestion. Many proposes new techniques to process data to help machine learning algo-
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2.1 Traffic flow prediction

rithms to predict better.

Bayesian Networks:

Bayesian networks are very promising to undearstand relationship between scattered

variables. Shiliang et. al. [32] structured a Bayesian network based on the links of

adjacent road from a road traffic network. Then, the Bayesian network was utilized

to predict values of the target nodes. Which, then get expanded by GMM (Gaussian

mixed model) and PCA (Principal component analysis) for assessing the probability

joint. The performance of their expanded Bayesian network was better than AR (Au-

toregressive) method over an incomplete data of Beijing City. Xun et. al. [33] also

used Bayesian algorithm to build a hybrid model to improve performance of SARIMA

(Seasonal autoregressive integrated moving average) model for traffic flow prediction.

With a real time dataset from New York their proposed model outperformed some

existing schemes. Zheng et. al. [34] combined LCG (Linear conditional Gaussian) and

Bayesian network to forecast traffic. Both of the models accept continuous and dis-

crete variables. This allow categorical variables to consider for forecasting. Comparing

with other approaches resulted good possibility of their model for a simulated traffic

network.

Autoregression:

Dong-wei et. al. [35] combined ARIMA (autoregressive integrated moving average)

model with Kalman filter to build a traffic forecasting algorithm. The algorithm is

capable to detect optimal parameters from historical traffic flow. Traffic dataset was

collected from Beijing, China and the algorithm performed better over ARIMA and

Kalman filter models.Hubert and Jerome [36] also proposed a private traffic estima-

tion algorithm which was based of Kalman filtering. Afshin et. al. [37] developed

an adaptive autoregressive model based traffic forecasting algorithm. The study used

dynamic traffic simulator where an OD (Origin-destination) matrix was used for data

completion. Link to like driving ratio was used by the algorithms to perform prediction

over the traffic flow of San Francisco, California. Another traffic flow forecasting model

using Topology regularized vector autoregression named TRU-VAR was proposed by
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2.1 Traffic flow prediction

Florin et. al. [38]. The study used traffic datasets of Melbourne, Australia and Califor-

nia freeway. The model outperformed ARIMA and CMSD (Contextual mean seasonal

difference) baseline model for different datasets.

Logistic Regression:

Suguna and Neetha [39] came up with an algorithm that can predict traffic conges-

tion by training machine learning algorithms. This was based on the grouping data

generated after examining the average speed of the road. Paper showed that logistic

regression performed the best for their algorithm. Dick et. al. [40] estimated road

traffic volume using Linear and Logistic regression models for Wyoming, US. The in-

consistency of error variance was taken care of by the log transformation of response

variable. Both models were cost efficient and had a high accuracy.

Ensemble methods:

Yalda et. al. [41] combines HW (Hall White) Model and EV (Extended Vasicek) Model

together for better performance in traffic flow forecasting. The work used datasets from

Tehrans highway and an open access PeMS database. The HW model considers both

short-term and long-term data to generate a baseline prediction. The prediction with

HW model did not perform good for an occasional day. Therefore, they introduced a

new step by applying EV model to predict the residuals. EV model is a stochastical

process which uses a drift function and variance to perform mean characterization.

The performance of their proposed model was better than HW model and some other

machine learning methods.

Zhiyuan et. al. [42] collected four years data from Phoenix, US to build an adaptive

traffic forecasting model using ELM (Extreme learning machine). The initial prediction

was of the model was good for large data but not reliable for small dataset. To overcome

the problem a new scheme using OSELM (Online Sequential ELM) was proposed into

the paper to structure a new ELM network from a small dataset. This helped the

model to produce better accuracy. Ridha et. al. [43] proposed a short-term traffic flow

prediction framework that used data fusion to manage data heterogeneity. The study

incorporated weather and traffic data and also used social media data (such as, tweets)

to propose a DBN (Deep belief networks) model. The model was experimented using

dataset of San Francisco from PeMS database.
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2.2 Traffic flow optimization

Athanasios et. al. [44] proposed a model for short time traffic flow prediction

considering both normal and abnormal road traffic events. They identified traffic pat-

tern occurred on particular VDS (Vehicle detection stations) from State of California.

Then, using that knowledge the data was transformed into 3D feature vectors and a

density-based data clustering algorithm was applied to find clusters. Afterwards, they

applied their technique over ARIMA, SVR and kNN which outperformed the existing

prediction models. Asif and Ming [45] also proposed genetic algorithm (GA) based

locally weighted regression models (GA-LWR) and compared the performance with an-

other GA based ANN. GA algorithm was used to optimize input dataset collected from

Beijing, China. Their model outperformed GA based ANN models.

2.2 Traffic flow optimization

The main objective of ITS is to control the flow of vehicles on roads for better trans-

portation system. Therefore, many scholars propose traffic control policies to regulate

traffic congestion.

A traffic control policy for an assumed large scale vehicular network was proposed

by Alfred et. al. [46]. The network outflow was designed using the NFD (Network

Fundamental Diagram) approach. And the network inflow followed the admission con-

trol policy. The goal was to maximize the network throughput maintaining the balance

between the external network and the internal network. The work used three differ-

ent controllers (PI controller, MPC controller and relaxed controller) over a test model

based on Stockholm, Sweden. The experimental result indicated that PI controller per-

forms better until the external network saturate. Relaxed controller performs better

when constraints are conflicting in the internal network. This result can improve the

flow of the vehicles by enhancing network throughput for road traffic. Sasan et. al.

[47] analyzed the needs of big data architecture for controlling road traffic and propose

a new architecture. The architecture divides the publishers and the subscribers from

ITS actors (camera, Bluetooth etc) by implementing kafka. Kafka basically is a cluster

also known as Apache kafka helps to manage stored information or messages between

producers and customers. Kafka helped to handle the vast bandwidth of incoming data

stream. The architecture also stores information in a Hadoop file system for further

analysis. They have performed a case study on a freeway of north of Munich, Germany.
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2.3 Traffic Information Extraction

The study used SUMO (Simulation of urban mobility) for better representation of the

experiment. Using python programming they provided control logic for opening and

closing of a hard shoulder (emergency stand for cars at a breakdown on the road). Ri-

cardo et. al. [48] and Samuel et. al. [49] both study presented traffic control approaches

based on traffic flow prediction models with the collected datasets from different states

of United States.

Mofan et. al. [50] aimed to use recurrent neural network (RNN) to predict road

traffic oscillation. They investigated that insufficient data and inaccurate measure-

ments cause the neural network to perform bad to predict traffic oscillation. However,

with sufficient field data the model produced highly accurate results. The dataset

was collected from Emeryville, California using Next Generation Simulation (NGSIM).

Data preprocessing was performed using moving average smoothing. Utilizing their

investigation a new recurrent neural network architecture (RNNa model) was proposed

at the trajectory level to improve neural networks performance. The study tests their

models performance with traditional car flowing model IDM (Intelligent Driver Model)

and their model outperformed the IDM model in predicting the behavior of different

type of drivers.

2.3 Traffic Information Extraction

Improving road traffic condition requires proper understanding of road traffic. Data

scientists consistently applying different techniques to extract information from the

roads, such as, analyzing drivers choice behavior, travel behavior, predicting vehicles

speed on the road and so on.

2.3.1 Road Traffic Condition

Nik et. al. [51] tried to study the overall outflow of three major highways of Malaysia.

The work used different traffic stream models over the provided data and understood

the behaviour of one parameter to another in terms of speed, density and traffic flow.

Trans logarithmic function was used to analyze data for understanding the congestion

level of each route. Ibai et. al. [52] characterizes the road traffic flow of Madrid, Spain

using a density based clustering algorithm. The study tried to find commonalities

among the instances by making clusters. Then, it used the clustering technique to
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2.3 Traffic Information Extraction

improve traffic prediction performance. Although, the study concluded with room for

improvements but, the approach was capable to identify patterns for an urban road

scenario. Chao et. al. [53] proposed an algorithm to observe and select parameters

from traffic flow models. The main approach of their work was assimilating Eulerian

(road sensors data) and Lagrangian (GPS data) observation models data and interpret

them. Their model was able to estimate traffic state for shorter range traffic flow. But,

further improvement was required for wider range traffic flow.

Alireza et. al. [54] put together Percolation theory and linear string stability analy-

sis to understand the effect of information availability for better traffic flow. Continuum

Percolation models often get used in wireless communication which is connected to dis-

crete percolation model to find critical density. The study investigated this approach

to find critical density among the vehicles on the road by using two lemmas. The

average distance among k-components was calculated using these lemmas considering

a Poisson distribution for road vehicles. Finally study establishes the significance of

using Percolation theory in vehicular ad-hoc network. The study also identified the

relationship the critical density and communication range.

2.3.2 Behavior Analysis for Road Traffic

Mauro and Mario [55] proposed a possibility theory based model to evaluate the drivers

behavior of choosing en-routes. Possibility theory is related with fuzzy sets theory

which has a mathematical tool to examine the possibility of occurring any incident.

Their proposed model uses the available information from ATIS (Advanced traveler

information system) and it updates drivers perception considering a time-dependant

possibility distribution when finds a new information. They evaluated their model using

a driving simulator for computer (UC-win/Road) at Polytechnic University of Bari. The

experiment took place for 6 months. RMSE for the proposed model was found to be

respectively 5.36% and 10.0% for queue message and accident message which proved

the model to be effective. Cynthia et. al. [56] introduces the similarities between

the travel behavior analysis with the big data analysis. This work shwed researchers

from travel behavior analysis and researchers from big data analysis have some cross-

disiplinary ideas. To achive their goal both areas develop models with similar idology,

analyze behavioral factors with movement patterns. Collaboration of these two fields

is important for the efficient analysis of road travel behavior.
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2.4 Summary

2.3.3 Vehicular speed prediction

Zheyuan et. al. [57] introduced a vehicle speed prediction algorithm based on big data

and deep learning. Data from different fields were considered such as, route informa-

tion, driver behavior, traffic and weather data. The study used supervised learning by

training an adaptive Nero fuzzy network with 5 layers. the algorithm was tested by a

driver where, data was collected using GPS device. Jinjun et. al. [58] also trained a

fuzzy neural network (FNN) which they have used to predict traffic speed of Beijing

city using one trigonometric regression function. Input samples in the clusters were

partitioned using K means. Then, Gaussian fuzzy membership function was utilized to

measure the cluster centers. A weighted RLS (Recursive least squares) filter algorithm

used to optimize parameters of fuzzy rules. Afterwards, the trigonometric regression

fitted the periodic patterns to improve performance of FNN. Changhee et. al. [59] pro-

posed a traffic speed prediction model for main roads of Seoul, South Korea. A CNN

(Convolutional Neural Network) model and two MLP (Multilayer perceptron) models

were build to estimate the traffic speed. CNN model was created with 5 input layers

and it outperformed the other two models based on their experimental result.

Baozhen et. al. [60] developed a short term traffic speed prediction model along

with a single step prediction model using SVM model. The model calculates the arrival

time from one route to the next and also estimates speed on the next road link. Thus,

computes the destination arrival time. Another traffic time prediction model was pro-

posed by Matej et. al. [61]. Their methodology and system architecture was based on a

multivariate hybrid method. The study used PPCA (Probabilistic principal component

analysis) to identify correlation patterns among the links of Stockholm, Texas.

2.4 Summary

Different traffic flow prediction models are required for different types of environment.

One approach producing good result at any particular area might not produce similar

result in another area. Therefore, it is not possible to conclude any universal model that

would fit everywhere in the world. So, this research area of forecasting traffic should

be explored more. And, we can see, most of the studies are based on short-term traffic

flow prediction which, generally indicates 5 to 30 minutes. Therefore, more models

should be build focusing on long-term traffic flow prediction.
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Chapter 3

Dataset

Accurate collection of road traffic data is inevitable for better ITS to help make smart

cities. Since the last decade, technologies give access to real world traffic data through

different methods and applications. This chapter will discuss about the traffic dataset

collected for this study and the processing techniques applied for real world traffic flow

prediction.

3.1 Data collection

The real-time road traffic data was collected from Porto city, Portugal. Porto is the

second largest city of Portugal with a population of 2.4 million. The city has several

one way roads and the roads are fairly congested. However, the loop sensors to collect

the road traffic data were mostly placed in VCI (Via de Cintura Interna), Porto. It

is a ring shaped motorway signposted as IC23. VCI is 21 km long and it encloses

municipalities of Porto and Vila Nova de Gaia together. Vila Nova de Gaia is known

as the most affluent suburb with a population of more than three hundred thousand.

Therefore, everyday a large number of vehicles circulate this motorway. Loop sensors,

also known as inductive loop detectors are very widely used for collecting information of

road traffic. And the installation process is fairly easy. There were 22 sensors to sense

vehicular information from the road. Each row of the dataset is calculated for every

five minutes. After sensing the vehicular data from the roads through loop sensors the

information get stored in a PostgreSQL database. This is a strong, reliable and SQL

standard open-source database management system. The data is accessible for research
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3.2 Data Visualization

purposes. Our initially collected traffic data had three years of road traffic information,

from the year 2013 to 2015. Table 3.1 describes the columns or features of the traffic

dataset. The primary objective of this study was to forecast road traffic flow based on

the historical traffic data. The month considered in this paper was April, 2014 which

had 23 attributes with 10,39,077 instances.

Table 3.1: Feature description of the traffic dataset.

Name Description

EQUIPMENTID Sensor ID

LANE NR Lane number

LANE DIRECTION Lane direction

TOTAL VOLUME Number of vehicles

AVG SPEED ARITHMETIC Arithmetic average speed of vehicles

AVG SPEED HARMONIC Harmonic average speed of vehicles

AVG LENGTH Average length of the vehicles

AVG SPACING Average spacing between vehicles

OCCUPANCY Occupancy

INVERTED CIRCULATION No. of vehicles pass through

with opposite direction.

LIGHT VEHICLE RATE The % is the ratio of light vehicles

VOLUME CLASSE A No. of vehicles of class A

VOLUME CLASSE B No. of vehicles of class B

VOLUME CLASSE C No. of vehicles of class C

VOLUME CLASSE D No. of vehicles of class D

VOLUME CLASSE 0 No. of unidentify vehicles

AXLE CLASS VOLUMES No. of vehicles per vehicle axis number.

AGGREGATE BY LANEID Is a unique ID fusing two IDs,

the Lane ID and the Lane Direction.

AGG PERIOD LEN MINS Is the time between each measurement

the sensors made. It is always 5 minutes.

AGG PERIOD START Time interval

NR LANES No. of lanes in the street of the event.

AGGREGATE BY LANE BUNDLEID Similar to AGGREGATE BY LANEID

AGG ID Street ID

3.2 Data Visualization

The study has used two most popular programming languages for statistical data com-

puting, ”R Programming” and ”Python” to draw different graphs based on the at-
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3.2 Data Visualization

tributes, such as, histogram, density graph and pie chart to understand the traffic

data.

3.2.1 Frequency Analysis of Attributes

Histogram of some of the attributes of the traffic data are shown below in figure 3.1:
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(a) Histogram for Average

Length of the cars.
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(b) Histogram for Light Vehicle

Rate.
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(c) Histogram for Occupancy.
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(d) Histogram for Total Volume.

Figure 3.1: Histogram for some of the attributes.

Density graph of some of the attributes of the traffic data are shown below in figure
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3.2 Data Visualization

3.2:
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(c) Density graph for Occupancy.
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(d) Density graph for Total Volume.

Figure 3.2: Density graph for some of the attributes.
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3.2 Data Visualization

Figure 3.3: Pie Chart (left) and Bar Chart (right) describing percentage of traffic in

different time slots of the month April, 2014.

Figure 3.4: Pie Chart (left) and Bar Chart (right) describing average speed of the vehicles

in different time slots of the month April, 2014.

3.2.2 Road Traffic Flow Visualization

We have plotted different pie charts and bar charts to perceive information about the

traffic condition of the city. These diagrams are shown in figure 3.3 and figure 3.4.

Figure 3.5 shows a bar chart of Total Volume with other Volume Classes for April,

2014. And Figure 3.6 Describes total number of vehicles pass through each sensor of

the city for the whole month.

Figure 3.5: Number of vehicles along with car classes for the Month April, 2014.
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3.3 Data Preprocessing

Figure 3.6: Equipment Id vs Total Volume of vehicles of the Month.

Figure 3.7: Month April, 2014.

Additionally, The overall traffic flow of the month for a particular road with equip-

ment id: 121725 is showed in figure 3.7:

3.3 Data Preprocessing

Data Preprocessing is one of the major steps of data mining to extract knowledge. Our

goal was to prepare the collected dataset to apply regression models for predicting the

road traffic flow. This study focused on the month April, 2014 and predict the fourth

week’s traffic flow based on previous three weeks of traffic flow of VCI, Porto city. As

mentioned earlier, the dataset had more than one million instances and the randomness

in the real world traffic data made it difficult to visualize it properly. Therefore, we
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3.3 Data Preprocessing

followed some fundamental steps of data preprocessing to understand and prepare our

collected traffic dataset for prediction.

3.3.1 Data Cleaning

Data cleaning or data cleansing is indispensable for accurate and reliable prediction

of data. Our data cleansing process was attained using pandas library from Python

programming. The library contains loads of data manipulation techniques for real world

data analysis. The traffic data of VCI, Porto city had no missing values. We serialized

the dataset utilizing the data sorting technique to clear the randomness and smoothing

the data.

3.3.2 Data Integration

Data integration depends on the principles of how one want to sync the data. We

wanted to gain knowledge from the collected traffic dataset and instruct different re-

gression models to perform the predictions. The collected dataset had already been

integrated with the vehicular information sensed by 22 different sensors on the roads.

Each sensor has an unique equipment id. Figure 3.5 shows a 3D graph representing

the EQUIPMENTID vs the LANE NR vs the TOTAL VOLUME for April, 2014. This

figure reveals a valuable information for the study, that is, the number of lanes differ

for each of the equipment ids placed on different roads of the city.

Figure 3.8: EQUIPMENTID vs LANE NR vs TOTAL VOLUME - April, 2014,

Porto city.
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3.3 Data Preprocessing

3.3.3 Data Transformation

The study wanted to predict the traffic flow on different roads of the city separately.

We mapped the features of our dataset to plan the aggregation approach. As each road

has multiple lanes, therefore, we summed up the vehicular flow of lanes for each of the

roads. We also summed up the total volumes of the traffic flow for each day of the

month to make it easier for the regression models to forecast the flow of future road

traffic.

3.3.4 Data Reduction

Real world data contains loads of redundant information. Data Reduction is a must

done step to reduce the complexity of analyzing real world data without hampering

the target experiment. We analyzed the features of our traffic dataset to find dis-

pensable attributes. Table 3.2 reveals some non-essential features of the traffic dataset,

like, INVERTED CIRCULATION, AGG PERIOD LANE MINS. We also analyzed the

correlation coefficient between two attributes. In Table 3.3 we try to understand the

correlation each attributes has with Total Volume. In this study, we focus on forecast-

ing the total volume of the traffic flow on each road. Therefore, we excluded other

volume classes from our consideration as well.

3.3.5 Data Discretization

In machine learning or statistics, data discretization is the method of converting con-

tinuous data or features to a number of discrete or nominal counterparts. This process

reduces noise in the data also minimizes size and smooths the dataset. Decretization

methods can be performed manually with distribution analysis or automatically using

binning, regression analysis, cluster analysis etc. Although, it is a useful process but in

some cases reforming the data into chunk of bins can distort real data. Fitting para-

metric models using standard statistical principal, such as, maximum likelihood can be

applied in those cases. However, this study avoid any manipulation of traffic data to

test the accuracy of the regression models on traffic flow prediction.
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3.4 Feature Selection

Table 3.2: Feature Statistics

Attribute Name Min Value Max Value Mean Value STD Value

EQUIPMENTID 121725 121756 121737.683 8.639

LANE NR 1 9 3.621 2.036

TOTAL VOLUME 0 233 47.62 42.125

AVG SPEED ARITHMETIC 0 255 82.615 25.553

AVG SPEED HERMONIC 0 255 81.098 25.491

AVG LENGTH 0 2540 470.569 151.101

AVG SPACING 0 4642.06 348.129 454.89

OCCUPANCY -1 100 6.221 7.459

INVERTED CIRCULATION 0 0 0 0

LIGHT VIHICLE RATE 0 100 89.104 23.521

VOLUME CLASSE A 0 62 0.324 0.832

VOLUME CLASSE B 0 233 44.905 40.105

VOLUME CLASSE C 0 34 1.812 3.134

VOLUME CLASSE D 0 13 0.238 0.619

VOLUME CLASSE O 0 110 0.341 1.6

AGGREGATE BY LANEID 14903478 16000350 15460586.469 312787.274

AGG PERIOD LANE MINS 5 5 5 0

AGG ID 94373 1589493 1005673.608 359072.851

3.4 Feature Selection

Feature reduction process has already been mentioned earlier in this chapter. We

concluded with four major features with one class feature to train the regression models.

The features are: i. EQUIPMENTID, ii. AGG PERIOD LANE MINS, iii. LANE NR,

and iv. TOTAL VOLUME. The study used these features to train regression models

that fit a pattern based on the historical traffic flow and use the pattern to forecast the

future traffic.

3.5 Summary

This section briefly described the traffic data that we have collected for our study. This

was collected by 22 loop sensors, that constantly sensed vehicular information from the

roads of VCI motorway, city of Porto, Portugal. We have considered the roads data

of the month April, 2014 for this experiment. We have also discussed about the data

visualization and data preprocessing steps concisely in this section.
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3.5 Summary

Table 3.3: Correlation Coefficient of Attributes with Total Volume

Name of Attribute Correlation with TOTAL VOLUME

EQUIPMENTID -0.0771

LANE NR 0.01148

TOTAL VOLUME 1

AGG PERIOD START -0.01551

AVG SPEED ARITHMETIC 0.0121

AVG SPEED HARMONIC 0.011005

AVG LENGTH 0.138

AVG SPACING -0.57067

OCCUPANCY 0.79149

LIGHT VEHICLE RATE 0.282436

VOLUME CLASS A 0.345309

VOLUME CLASS B 0.996278

VOLUME CLASS C 0.47663

VOLUME CLASS D 0.281426

VOLUME CLASS 0 0.133457
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Chapter 4

Regression Analysis

Regression analysis is a well known method for understanding the dependency among

variables. This variables can indicate to features or attributes. The dependency or rela-

tionship among attributes is estimated by a set of statistical process. The mathematical

relation within the variables is then used by the regression models for estimating value

for an independent data point.

4.1 Linear Regression

Linear regression is a supervised learning algorithm which uses linear approach for

prediction problem [62]. Linear regression try to fit a line that explains the relationship

between the independent variable and the dependent variable. If dependent variable

increases with the increment of the independent variable then it is refereed as positively

related. And if the relationship is opposite then it is called negatively related. The

goal of a linear regression line is to have minimum error for all the data points.

Figure 4.1: Linear Regression - Prediction with best fit line.
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4.2 SMO Regression

Calculation of Linear Regression:

Simple linear regression follows the traditional equation of a line,

y = mx+ c (4.1)

If the mean of x values is x̄, and the mean of y values is ȳ, then the slope m is calculated

with the formula given below,

m =

∑n
i=1 (xi − x̄)(yi − ȳ)∑n

i=1 (xi − x̄)2

And the y-intercept c is calculated by subtracting the mean of y values with the mean

of x values multiplied with m:

c = ȳ −mx̄

Therefore, equation (4.1) can be used to predict any data point of x. Linear regression

is simple to implement and it is used to predict numeric values.

4.2 SMO Regression

Sequential minimal optimization or SMO regression is used to train SVM (support

vector regression). In 1998, the idea of breaking the large quadratic programming (QP)

problem for training SVM was first proposed [63]. Afterwards, this concept was taken

into account for solving regression problem as well [64]. With time many researchers

have suggested approaches to improve the performance of the SMO algorithm for SVM

classifier [65]. SMO algorithm optimizes two variables at a time on each iteration which

finds the optimum analytically without using numerical optimization techniques. So,

a major part of the algorithm works on choosing the two variables for each iteration.

This made easy and fast to solve SVM or QP optimization problems.

Quadratic Programming Problem:

A general quadratic programming problem has a quadratic objective function with

linear constraints. A basic form is shown below:

minimize
X

1

2
∗XT

i ∗ C ∗Xi + gT ∗Xi

subject to 0 ≤ Xi ≤ H, i = 1, . . . ,m.
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4.3 Multilayer Perceptron

Where, X =

[
x1
x2

]
is a vector of the decision variables, H =

[
h11 h12
h21 h22

]
contains the

constant coefficients that would multiply the squared terms and the x1 times x2 terms.

So, the H needs to get multiplied two time by the column vector X. The linear terms

in the model is defined by g =

[
g1
g2

]
, the coefficients are g1 and g2 in the vector. 0 is

defining the lower bound and H is the higher or upper bound in the constraint. The

linear constraints also get defined in the model.

Calculation of SMO Regression:

SMO regression can be considered as an improved algorithm for SVM. Dual SVM

optimizes all the n variables (α1, α2, α3, . . . αn) with applying the kernel trick. Here,

yi = ±1, which refers to the class that each xi is assigned.

Dual SVM Optimization,

minimum
α

1

2

∑
i

∑
i

αiαjyiyjx
T
i xj −

∑
i

αi

subject to
∑
i

αiyi = 0, and αi ε [0, C]

SMO algorithm instead of optimizing all the n variables only optimizes two variables

(αa and αb) at each iteration. Kij here representing the kernel function,

minimum
αa,αb

1

2

∑
i

∑
i

αiαjyiyjKij −
∑
i

αi

subject to
∑
i

αiyi = 0, and αi ε [0, C]

SMO Algorithm basically works with two steps:

1. Find the most promising pair (αa and αb).

2. Optimize αa and αb keeping other α’s fixed.

Until convergence the algorithm keeps repeating these steps in each iteration.

4.3 Multilayer Perceptron

Multilayer Perceptron also known as MLP is the idea of linking multiple perceptrons

together to generate numerous outputs. Perceptron takes inputs into the processor

along with weights and a bias to create a weighted sum. The weighted sum gets passed
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4.3 Multilayer Perceptron

through an activation function which generate the output. A single perceptron can

only solve the linearly seperable problem [66]. MLP has the ability to solve real world

problem that are not linearly separable [67]. The activation function mentioned above

is a sigmoid function denoted by σ and the formula is described below:

f(x) =
1

1 + e−x

Or, f(x) =
ex

ex + 1

For a typical multilayer perceptron x is the weighted sum calculated from the bias

and the connection of inputs.

Calculation of Multilayer Perceptron:

The inputs (X1, X2 . . . Xn) can be considered as a 1-dimensional vector. And the

weighted matrix W = (W11,W12 . . .WNn) gets multiplied with input and summed up

with the bias (B). 
W11 W12 . . .W1n

W21 W22 . . .W2n
...

WN1 WN2 . . .WNn

 ∗

x1
x2
...
xn

+


B1

B2
...
Bn


This equation can be expressed as,

(Wij ∗ I +B) (4.2)

Where, I is the input vector and i = 1, 2, . . . n, and j = 1, 2, . . . n.

The activation function or sigmoid function σ is applied to over the weighted sum (4.2).

This produces the output which in the case of multiple layers processes some hidden

outputs (H).

Hidden outputs, H = σ(Wij ∗ I +B) (4.3)

These hidden outputs from the equation (4.3) then processed through neurons or per-

ceptrons to execute the final output. A different bias along with the sigmoid function

executes the final output.

Final output, O = σ(Wij ∗H +B) (4.4)
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4.4 M5P Regression Tree

4.4 M5P Regression Tree

M5P model tree uses M5 algorithm to create base routine for the regression tree. A

single linear function cannot always give better prediction. In some cases multiple

functions are required to generate prediction. Regression tree can model the non-linear

behavior of data by making multiple patterns to generate a proper prediction. Regres-

sion trees generate values at their final leaf nodes. However, in 1992, a new approach

was proposed by Quinlan of having linear models at the leaf nodes of regression trees

instead of values using M5 [68]. Divide-and-conquer technique was used to make tree

models. And linear models were created using standard regression technique after test-

ing the error rates for attributes using standard deviation reduction (SDR). The detail

calculation of the process is mentioned in this section. Moreover, an improved version

of the model M5’ has been proposed later on for handling missing features data [69].

The models generated by M5 are strong and relatively comprehensible.

Calculation of M5 Based Regression Tree:

If, T is the set of assumed training examples, and Ti = T1, T2, T3 . . . Tn are the subset

of divided nodes or branches of selected values, then, the error reduction is calculated

using divergence metric called SDR. The formula is describe below:

Standard deviation reduction (SDR) = SD(T )−
n∑
i=1

|Ti|
|T |
∗ SD(Ti) (4.5)

In equation (4.5) standard deviation (SD) is used for calculation the error reduction.

M5 algorithm then selects the attribute for which the calculation suggests maximum

error reduction. Next, the algorithm does pruning the tree by examining each non

leaf nodes. Based on the error rate the algorithm either provides a linear model to

the leaf or makes it a sub-tree. Each linear models are simplified with parameter

estimation to reduce error. Finally, a smoothing process is applied to improve the

models performance.

Prediction Smoothing, P’ =
ni ∗ P (Ti) +K ∗MP (T )

ni +K
(4.6)

Here, Ti are the braches of the subtree T. And, ni refers to no. of training examples.

P(Ti) is the predicted value passed to the node and MP(T) is the model predicted value

at T. A smoothing constant is given with a default value of 15, denoted as K.
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4.5 Random Forest

4.5 Random Forest

Random forest generates a lot of decision trees to make prediction for classification and

regression problems. It uses ensemble learning technique, that is training several models

or learners and combining their decisions to make an estimation. The first algorithm

of creating forest with multiple trees was proposed by Tin in 1995 [70]. The algorithm

enhanced generalization accuracy for decision tree based classifier and the performance

of the algorithm was very promising for recognizing hand written digits. An improved

random forest algorithm was developed by Leo to enhance its performance [71]. The

study suggests good performance of the algorithm in classification and regression with

random features and inputs. Random forest applies bagging technique for training or

learning models. This technique is also known as bootstrap aggregating.

Calculation of Random Forest:

Feature bagging is an ensemble learning method that is used by random forest algo-

rithm. Given an example or training set, S = s1, s2, s3, . . . sn and responses, R =

r1, r2, r3 . . . rn. The algorithm randomly selects samples with replacement by repeating

bagging (T times).

For, t = 1, 2 . . . T :

- Select St, Rt samples from S and R.

- Train the regression tree, ft over St, Rt.

After the learning process predictions can be performed based on the regression

trees on s′.

f̂ =
1

T

T∑
t=1

ft(s
′) (4.7)

And, for classification the algorithm considers the majority votes based on the generated

trees. Additionally, a standard deviation (SD) based on the predictions from generated

trees can be calculated to learn about the prediction uncertainty.

SD =

√∑T
t=1(ft(s

′)− f̂)2

T − 1

T is an independent parameter representing the number of trees which can be deter-

mined through cross-validation. After fitting a number of trees the training and testing
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4.6 Proposed Ensemble Model

error starts to saturate. Random forest can also be used for unsupervised learning by

generating a predictor that can distinguish between observed data from synthetic data

[72]. The ability of handling mixed attribute types and implicit variable selection make

the algorithm suitable for large amount of data.

4.6 Proposed Ensemble Model

In this study, we propose an ensemble model by combining three regression algorithms

that we have found most promising for predicting the traffic flow of Porto city. These

regression algorithms are: i. SMO algorithm, ii. M5 algorithm and iii. Random Forest.

Essentially, the model calculates the average predicted value of these regression models

and make estimation for future traffic of the city. Figure 4.2 explains the overall method

for the proposed model.

Figure 4.2: Proposed model based on Ensemble Learning Technique.
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Chapter 5

Results

This study investigate the eligibility and capability of regression model on long term

traffic flow prediction. Regression models that were considered are: i. Linear Regres-

sion, ii. SMO regression, iii. Multilayer perceptron, iv. M5P based regression tree

model, v. Random forest and vi. Proposed Model.

5.1 Experimental Setup

This study applied different machine learning algorithms using Waikato Environment

for Knowledge Analysis (WEKA) [73]. This software is written in java and it is widely

popular for data mining tasks. The software is open source and it also gives the ability

to call machine learning algorithms through java code using weka library. An additional

package called ’timeseriesForecasting’ was installed into the workbench to generate an

environment for time-series prediction. This package transforms the original data into

a large number of attributes to apply standard propositional learning algorithms.

The real time traffic dataset was already prepared to forecast according to the

package requirement. We input first three week’s traffic volume of the month April,

2014 to train the regression models. This study use these models to forecast the fourth

week’s traffic flow of the city. Therefore, the no. of units to forecast was set to 7. We

also set the models to forecast on a daily basis. The linear model that was used for

prediction was associated with M5 method for selecting attributes along with a rigid

parameter set to default 1.0e−8. For SMO regression, we set the filter type as normalise

training data for better data integrity. Other parameters were set as the default setup
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5.2 Timeseries Forecasting Package

Figure 5.1: Basic configuration panel.

of the workbench. The lag variables were generated for better traffic flow prediction by

the time series package itself.

5.2 Timeseries Forecasting Package

As mentioned earlier, timeseriesForecasting is an additional package of WEKA soft-

ware that is capable of building time series forecasting models using machine learning

algorithms and evaluate their performance. The basic and advanced configuration of

the package have been briefly discussed below:

5.2.1 Basic Configuration

Basic configuration allows to select the target attribute to forecast from dataset at-

tributes. Additionally, the package let user set the necessary parameters such as, Num-

ber of units to forecast, Time stamp, Periodicity and Confidence intervals. Figure 5.1

shows the basic configuration panel.

5.2.2 Advanced Configuration

More critical and essential settings are configured in advanced configuration to acute

the forecast performance.
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5.2 Timeseries Forecasting Package

Figure 5.2: Base learner panel in advanced configuration.

Figure 5.3: Lag creation.

Base Learner

Base learner is the platform to select a particular algorithm to build model based on

the time series. Figure 5.2 gives a detail picture of the panel.

Lag Creation

Lag variables define the relationship between the previous and present values. Based

on the Periodicity parameter from Basic Configuration some default lagged variable

values are generated. The package allows to use custom lag lengths with minimum and

maximum lag values. Detail is in figure 5.3.

Periodic Attributes

This platform allows to adjust the date derived variables. The function is available

only for the dataset containing datetime stamp.
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5.2 Timeseries Forecasting Package

Figure 5.4: Evaluation panel.

Figure 5.5: Output Panel.

Overlay Data

The data that are not supposed to be forecast can be specified as overlay data. The

package by default do not use any overlay data. But, it can be customized for special

cases (e.g. random incidents, market crash) as per user’s requirement.

Evaluation

The evaluation platform provides a set of metrics (e.g. Mean absolute error, Mean

squared error, Root mean squared error, Mean absolute percentage error, Direction

accuracy, Relative absolute error and Root relative squared error) to measure the per-

formance of the forecasting model. Figure 5.4 demonstrates the overall system.

Output

The final output can be produced in both textual and graphical representation. Check-

ing the box ‘Output prediction at step’ outputs the forecasted and real value for any

particular single step. Figure 5.5 provides a detail view of the process.
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5.3 Experimental Results

Each algorithm mentioned before generated model based on the training data. The

study applied these regression models to forecast the pattern of total vehicle flow for

the next seven days. Figure 5.1 shows the line graphs predicted by each of the regression

models along with the actual traffic flow and the previous historical traffic flow. The

actual traffic flow was used to measure the accuracy of the generated models. Figure

5.2 gives a much clear view of the predicted lines along with the actual traffic flow.

The study have also compared the performance of the models using mean absolute

percentage error (MAPE).

MAPE =
1

N

N∑
i=1

|Actuali − Predictedi|
Actuali

∗ 100 (5.1)

Here, N = 7, the number of days for prediction, and Actuali and Predictedi repre-

senting the actual traffic volume and the predicted traffic volume respectively.
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Predicted by Random Forest
Predicted by Proposed Model

Figure 5.6: Traffic flow forecasting - with historical traffic data.

From Table 5.1 we can see the error rate generated for each of the regression models

for a particular road of the city with the equipment id 121725. MAPE is given in the

last row of the table for each regression model. This table concludes that M5P based

regression tree has the lowest error rate among these regression models. It is clear from

the table that even though our proposed model did not show better accuracy than M5P

based model tree however, the model has ascertained its efficacy by having the second

most lowest error rate. Although, we have shown the prediction accuracy for one road
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5.4 Summary

Figure 5.7: Traffic flow forecasting (zoomed in) - without historical traffic data.

of the city, the same approach been applied over other roads of the city as well and

M5P resulted better accuracy than other algorithms.

Table 5.1: Result.

Day Linear SMO Multilayer M5P Random Proposed

Regression Regression Perceptron Model Tree Forest Model

22nd Apr 3.08% 3.26% 18.48% 1.28% 5.08% 1.03%

23nd Apr 16.12% 8.32% 4.12% 1.60% 7.32% 5.74%

24nd Apr 17.34% 15.67% 11.51% 1.40% 14.24% 9.50%

25nd Apr 29.69% 16.68% 8.84% 1.35% 10.19% 1.71%

26nd Apr 15.12% 9.86% 16.26% 0.78% 6.96% 0.70%

27nd Apr 27.69% 10.10% 10.81% 11.60% 8.19% 4.50%

28nd Apr 24.98% 11.63% 11.95% 2.16% 11.51% 8.43%

MAE 19.15% 10.79% 11.71% 2.88% 9.07% 4.52%

5.4 Summary

Detail summary of the experimental setup and results are discussed in this chapter.

The figures shown in this chapter provides a clear view of the experimental result. The

results suggest that M5P based regression tree has better accuracy than all the other

algorithms.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

It is not far away that intelligent transportation will transform our regular transporta-

tion safer, greener and more convenient. ITS can reduce the number of traffic acci-

dents, prevent injuries and severities, ensure better traffic flow and better fuel efficiency.

Therefore, we need to come up with profound ideas to make the future transportation

infrastructure stronger and more efficient. This study provide a brief survey of traffic

flow prediction in recent time and uncover a simple yet effective approach to predict the

future traffic flow for Porto city, Portugal. In this paper, we have prepared the traffic

data of the month April, 2014 that was collected from different roads using 22 loop

sensors. We pre-processed road traffic data to apply regression models for forecasting

road traffic flow. This work, took first three weeks traffic data of the month to train

the models and test prediction performance of the models for the fourth week. Each

model generated patterns to predict the future traffic flow for different roads. We have

compared the performance of five different regression models. M5 based regression tree

performed the best among them including the ensemble model proposed in the study

with the lowest error rate.

6.2 Future Work

Further researches can be done to improve the performance of our approach, such

as, by reducing the time interval to produce more meaningful results. Moreover, this

approach can even be further used to predict traffic flow for more than just one week,
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6.2 Future Work

e.g. for a whole month or more. However, it is not obvious that same regression model

can give the same accuracy for all over the world. It may vary depending on different

circumstances on different roads. But, the approach presented in this study definitely

works for predicting the real world road traffic. Although, the proposed ensemble

model did not outperform other models but, it should be considered that this kind of

ensemble model along with a learning parameter or weight can produce better result in

some other environment. In future, we would like to make road traffic visualizing and

forecasting model for some of the roads of the capital of Bangladesh, Dhaka city.
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Appendix A

Appendix A: Additional

Experiments

A.1 Traffic Forecast on Other Roads of The City

We have experimented the capability of regression models on traffic flow prediction by testing

the models on different roads of the city.

A.1.1 Prediction for Road: A (Eq Id: 121726)

Figures and table are given below:
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Predicted by Random Forest

Figure A.1: Traffic flow forecasting for Equipment id: 121726 - with historical

traffic data.

A.1.2 Prediction for Road: B (Eq Id: 121735)

Figures and table are given below:
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Appendix A. Data A.1 Traffic Forecast on Other Roads of The City
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Figure A.2: Traffic flow forecasting for Equipment id: 121726 (zoomed in) -

without historical traffic data.

Table A.1: Prediction result for equipment id: 121726

Regression Models Error Rate (%) Calculation

22nd Apr 23rd Apr 24th Apr 25th Apr 26th Apr 27th Apr 28th Apr MAE

Linear Regression 5.16% 23.07% 21.52% 36.91% 21.36% 37.82% 35.40% 25.89%

SMO Regression 0.025% 12.60% 16.47% 18.48% 10.53% 18.54% 16.48% 13.30%

Multilayer Perceptron 25.62% 12.85% 9.13% 8.21% 31.36% 17.56% 14.48% 17.03%

M5P Model Tree 0.49% 2.69% 0.61% 5.13% 0.26% 4.48% 3.76% 2.49%

Random Forest 1.82% 9.12% 19.83% 5.74% 0.009% 5.94% 16.07% 8.36%
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Figure A.3: Traffic flow forecasting for Equipment id: 121735 - with historical

traffic data.
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Appendix A. Data A.1 Traffic Forecast on Other Roads of The City
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Figure A.4: Traffic flow forecasting for Equipment id: 121735 (zoomed in) -

without historical traffic data.

Table A.2: Prediction result for equipment id: 121735

Regression Models Error Rate (%) Calculation

22nd Apr 23rd Apr 24th Apr 25th Apr 26th Apr 27th Apr 28th Apr MAE

Linear Regression 21.74% 23.75% 24.59% 14.61% 24.47% 27.35% 37.15% 24.81%

SMO Regression 6.02% 17.71% 18.71% 19.52% 23.27% 21.77% 27.84% 19.26%

Multilayer Perceptron 3.60% 23.80% 14.41% 9.57% 22.31% 3.50% 15.89% 13.30%

M5P Model Tree 8.79% 15.97% 15.35% 8.08% 18.40% 13.61% 17.75% 13.99%

Random Forest 15.95% 16.85% 22.47% 15.80% 4.40% 14.53% 21.57% 15.94%
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Appendix A. Data A.1 Traffic Forecast on Other Roads of The City

A.1.3 Prediction for Road: C (Eq Id: 121754)

Figures and table are given below:
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Figure A.5: Traffic flow forecasting for Equipment id: 121754 - with historical

traffic data.
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Figure A.6: Traffic flow forecasting for Equipment id: 121754 (zoomed in) -

without historical traffic data.

Table A.3: Prediction result for equipment id: 121754

Regression Models Error Rate (%) Calculation

22nd Apr 23rd Apr 24th Apr 25th Apr 26th Apr 27th Apr 28th Apr MAE

Linear Regression 10.46% 33.64% 14.83% 38.92% 0.41% 37.71% 46.92% 26.13%

SMO Regression 12.29% 18.87% 24.19% 21.99% 25.30% 50.11% 43.53% 28.04%

Multilayer Perceptron 18.52% 22.20% 30.57% 14.44% 11.32% 6.43% 43.56% 21.01%

M5P Model Tree 7.59% 0.83% 12.83% 9.15% 10.40% 3.03% 22.72% 9.51%

Random Forest 26.66% 21.73% 29.84% 7.36% 4.01% 12.32% 29.05% 18.71%
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Appendix A. Data A.1 Traffic Forecast on Other Roads of The City

A.1.4 Prediction for Road: D (Eq Id: 121756)

Figures and table are given below:

0 5 10 15 20 25
Date

20000

25000

30000

35000

40000

45000

50000

55000

To
ta

l V
ol

um
e

Traffic Forecast on April, 2014 for Equipment Id: 121756

Previous Historical Traffic Data 
Actual Traffic Flow
Predicted by Linear Regression
Predicted by SMO Regression
Predicted by Multi Perceptron
Predicted by M5P
Predicted by Random Forest

Figure A.7: Traffic flow forecasting for Equipment id: 121756 - with historical

traffic data.
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Figure A.8: Traffic flow forecasting for Equipment id: 121756 (zoomed in) -

without historical traffic data.

Table A.4: Prediction result for equipment id: 121756

Regression Models Error Rate (%) Calculation

22nd Apr 23rd Apr 24th Apr 25th Apr 26th Apr 27th Apr 28th Apr MAE

Linear Regression 8.09% 31.28% 25.08% 45.15% 17.20% 31.96% 49.64% 29.77%

SMO Regression 11.31% 14.88% 25.42% 25.60% 33.24% 42.00% 37.62% 27.15%

Multilayer Perceptron 13.30% 8.90% 26.41% 0.71% 19.59% 13.76% 28.85% 15.93%

M5P Model Tree 8.65% 4.54% 14.48% 8.68% 15.28% 15.08% 26.73% 13.35%

Random Forest 20.41% 15.24% 25.72% 15.06% 4.66% 12.75% 24.83% 16.95%
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