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Machine learning applied to tra Lc fbrecasting

Linus Aronsson

Aron Bengtsson

Department of Computer Science and Engineering
Chalmers University of Technology

Abstract

Forecasting future tra Lcsltuations is of great importance for improving existing In-
telligent Transportation Systems (ITS). The forecasts allow the various ITS technolo-
gies to function proactively. This provides safer roads with less accidents and lower
congestion levels. Forecasting urban road tra Lc_ib challenging as it often follows
complex nonlinear temporal patterns. Traditional statistical forecasting techniques
therefore struggle to achieve accurate predictions. In recent years the computing
power and available historic tra [c data has increased drastically. These are two of
the main ingredients required for the field of Machine Learning (ML) to work. Many
ML techniques have been shown to be capable of capturing nonlinear patterns in
data, which makes it a good candidate for tra [cfbrecasting. This thesis therefore
explores various ML technologies and applies them to time series forecasting. Ad-
ditionally, some traditional approaches to time series forecasting are evaluated as
baselines for comparison. The experiments conducted used tra [c data from central
Gothenburg, which was manually gathered throughout the project. The conclusion
was that the best ML techniques provided a higher forecasting accuracy for both
short-term and long-term predictions. More advanced hyperparameter optimization
and feature engineering would further improve the ML models.

Keywords: machine learning, artificial neural networks, LSTM, forecasting, tra [C_1
flow, time series.
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Introduction

This section gives some background on tra ¢ forecasting and motivates the im-
portance of Intelligent Transportation Systems. Additionally, the objectives and
limitations of the report are described.

1.1 Background and Motivation

The transportation industry was responsible for 28% of global carbon dioxide emis-
sions in 2014 [1]. The number of tra c-related deaths in 2013 was 1.25 million [2].
Additionally, tra ¢ congestion at peak hours reaches unacceptable levels in many
parts of the world. These are all serious issues caused by current transportation
systems, and optimization through the usage of modern technologies is necessary
for the required improvements. A lot of the innovation that is part of the solution
already exists and is what makes ujntelligent Transportation Systems(ITS). Di-
rective 2010/40/EU of the European Parliament and of the Council of 7 july 2010
de ned ITS in the following way [3]:

ITS integrate telecommunications, electronics and information technologies
with transport engineering in order to plan, design, operate, maintain and
manage transport systems.

This de nition indicates that any information technology that aids transportation in
one way or another can be included as one of the many innovations under the term
ITS. Applications that provide travel times or the most e cient route to a given
destination are examples of such technologies. Traditionally, these technologies func-
tioned based on simplistic evaluations, and could only be reactively updated based
on occuring events. However, proactive adaptation to the ever changing dynamics
of urban tra c can be achieved. This is done through approximative forecasting
of future tra c patterns. Naturally, this would greatly improve the performance of
existing ITS technologies. Achieving this, however, requires historic measurements
of the parameters to be forecasted. Such parameters could include the trac ow
and speed at some location. Measurements of these parameters can be done in many
ways, such as video detection, inductive loops and magnetic sensors [4]. Addition-
ally, possession of historic data of tra c incidents and various weather parameters
may also be useful, as these often impact the tra c quite heavily. Subsequently,
this data can be analyzed and may reveal various tra ¢ patterns. In turn, these
patterns could make it possible to forecast future tra c situations.
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Figure 1.1: Trac congestion.

Forecasting the future based on historic data dates back to 1805 with techniques
like linear regression [5] and is a well studied area [6]. These studies have given rise
to many statistical models for predicting some future parameter based on historical
data. However, trac ow as a function of time is not entirely deterministic due

to various random events that a ect the trac. There exists a countless number

of these events but examples of the most impactful ones are the current weather,
tra c incidents and holidays. In many cases it is therefore di cult for the tradi-
tional forecasting models to produce good results as they are unable to capture the
nonlinearity in the data [7].

Due to the recent advancements in the eld ofArti cial Intelligence (Al) and an
exponential growth in historic data, forecasting has experienced great improvements.
More speci cally, the Al sub eld called Machine Learning (ML) has a speci ¢ set
of algorithms that have proven to be capable of capturing nonlinear relationships
between input and output data [8]. These algorithms typically go under the name
Deep Learning[9] and involve Arti cial Neural Networks (ANN), which are loosely
inspired by the functionality of the biological neurons in the brain.

1.2 Objectives and Scope

This report primarily aims to research di erent machine learning algorithms capable
of producing accurate trac ow forecasts. A few traditional statistical forecast-
ing techniques will also be researched in order to establish a baseline for prediction
accuracy. This baseline can then be compared with the results given by the ML
algorithms to decide their potential success.

The goal is to answer the following questions.
1. Which datasets are needed to generate tra c forecasts?
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2. How to make tra c forecasts with machine learning?
3. Which method for producing tra ¢ forecasts works the best?
4. Which data features are the most important in making tra ¢ ow forecasts?

1.3 Delimitations

The project will not involve the development of any product. Instead, the primary
focus will be put towards research about tra ¢ forecasting. The forecasts will be
produced for a limited number of road segments in central Gothenburg. Conse-
qguently, the project will be limited to dealing with tra ¢ data from a static road
network which is described in Section 3.2. As a result, the performance of the various
forecasting techniques presented in the report may not necessarily apply to other
urban road networks in other cities. Additionally, applying the same techniques on
entirely di erent types of road networks such as freeways, could potentially fail as
well. The reason for this is that the tra c patterns in di erent parts of the world
may vary.

Also, this project will mainly focus on forecasting the trac ow at a single road
segment. Forecasting multiple segments simultaneously is however quite straight-
forward for the ML models. This was in fact done in a previous project that this
thesis is a continuation of, and is described in Section 2.6. The previous project as
well as this thesis was done in collaboration with Cybercom Sweden AB.

1.4 Syntax Convention

The report will follow a certain syntax convention when it comes to describing
various mathematical data structures. These are summarized in Table 1.1.

Variable Description
lower case letter (e.gx) scalar
bold lower case letter (e.gx) vector
bold upper case letter (e.gX) matrix

Table 1.1: Report variable convention.
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Theory

The main objective of the thesis is to forecast the tra c of various road segments.
Section 2.1 therefore brie y introduces the meaning of trac ow. Subsequently,
Section 2.2 introduces forecasting as a general concept. This includes the format
of the data used as a basis for making forecasts with mathematical models. Now,
because the forecasting capabilities of machine learning is to be explored, Section 2.3
introduces some relevant concepts within machine learning. Section 2.4 introduces
the theory behind the used forecasting models. Section 2.5 talks about the type of
database used as this may help understand some of the decisions regarding the data
management. Finally, Section 2.6 mentions a few past projects that touched on a
similar topic.

2.1 Trac Flow

In much of the tra c forecasting literature, the tra c follows a very particular pat-

tern for week days, and is shown in Figure 2.1. In the morning you can see the
tra c increasing and eventually reaches a peak (rush hour). After this, the trac
slowly decreases throughout the day, and then eventually increases back up again
in the afternoon when people are driving home (rush hour).

When dealing with tra ¢ forecasting there are two types of correlations that must be
considered. Namelytemporal and spatial correlations. Both of these are explained
below.

2.1.1 Temporal Correlations

Temporal correlations correspond to relations between past measurements of the
trac ow with the current or future measurements. In other words, the time
dependent correlations. The plot in Figure 2.1 displays temporal pattern

2.1.2 Spatial Correlations

When forecasting the tra c ow at a single road segment, it would be possible to
simply consider historic tra ¢ ow from the same segment. However, it may be the
case that tra c parameters (ow or speed) from other nearby road segments are
good predictors as well. These are spatial correlations. For example, a lot of trac
at segmentX may be an indicator of incoming tra c at some other segmenty .
This may especially help forecasting far into the future.

4



2. Theory

Figure 2.1: Expected trac ow pattern for one weekday.

2.2 Forecasting

Predicting a future circumstance has been a big part of human nature since the be-
ginning of our species. Humans ability to foresee future events and act proactively
has put us ahead of other species. For example, being able to predict the position
of predators or locations of food and water used to be key for survival. Making
predictions is something that humans, to this day, do on a daily basis. For instance,
when reading a sentence it is normal to be capable of predicting the ending of the
sentence because it follows a familiar structure. This is possible because of the pos-
session of past knowledge that allows one to make educated guesses about the future.

In the modern professional world, forecasting has many areas of application. Some
examples include stock market forecasting, weather forecasting, earthquake predic-
tion, and of course tra c forecasting. When no historic data features exist, fore-
casting is usually done subjectively through intuition, logic and experience. This
is performed by experts in a given eld and is referred to agualitative forecasting
[10]. Conversely,quantitative forecastingmodels are used to forecast future data
based on existing historic data. This data made it possible for mathematicians to
develop various mathematical models that could potentially produce more accurate
predictions. However, these forecasting techniques are usually made for short- to
medium-term predictions. The reason being that long-term predictions are harder
to model. It is especially hard if the variable being predicted depends on many ran-
dom events, and if the historic data is limited in quantity [10]. Instead, one usually
uses qualitative forecasting if this is the case.

The historic data corresponds to a number of features that arrive in a time se-
guence. This type of data is referred to as aime series and analysis of this data
format is a well studied area [10]. This concept is further described in the upcoming
sections.



2. Theory

2.2.1 Time Series

A time series is a sequence of measurements of some observable variableat suc-
cessive points in time with anequaltime interval between every point [10]. Equation
(2.1) mathematically describes a time series with T time steps. The subscript of
each element represents the time step at which the variable was measured.

X = fXq;X2; X710 (2.1)

This time series is a vector with dimension§ 1. The order of the elements is of
importance because it de nes the temporal structure of the data points. Further-
more, when only one feature is measured in each time step, it is calledravariate
time series. Now, as already mentioned, forecasts are more commonly generated
based on multiple historic features. For example, in this project the tra c ow is to

be forecasted based on several features such as tra ¢ speed and trac ow (spatial
correlations). In that case amultivariate time series is necessary. This is essentially
just multiple univariate time series concatenated. This would give a matrix, which

is described in equation (2.2).

2
X121 X120 X1z i XaT
X21 X222 X2z I XoT
X=8 . . . (2.2)
XN1 XN2 Xn3 sii XNT

Each column of this matrix contains all the features of each time step in the time
series. Therefore, the column vectors of the matrix corresponds to feature vectors.
There are N features and T timesteps which means that the dimensions Xf is

T N. The matrix X can alternatively be described as follows,

X = fxq; X2, u1; X109 X¢ RN

where each element is a feature vector of sikk

A time series that can be predicted must consist of repeating temporal patterns that
can be modeled. There are three important components of a time series that often
needs to be taken into account. Namely, theeasonality trend and noise [10]. The
trend describes the overall increase and decrease of the measured variableln
Figure 2.2 (a), the blue line plots the time steps of a time series, and the orange line
visualizes its trend. The seasonality describes the repeating short-term periodicity,
which can also be seen in the plotted time series. Figure 2.2 (b) has captured the
seasonality of the time series and visualizes it independently of trend and various
noise. The noise correspond to random variation in the time series.

2.2.2 Time Series Forecasting

In most forecasting literature the involved variables are denoted as described in
Table 2.1. This report will follow the same convention. Now, given a time series of
historic data featuresfxi; X»; :::; X710, the idea is to produce a prediction of some

6
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(a) Real time series (blue) and its trend (or- (b) Seasonality of the time series in (a).
ange).

Figure 2.2: Time series components.
feature(s) h time steps into the future. h is called the forecasting horizon The

prediction is denotedy;. , and the generation of this can be described as shown in
(2.3).

Variable Description
historic data feature (input)
predicted value (output)
actual value
forecasting horizon
total time steps in time series
arbitrary time step in time series
number of features

Z ~ o< | X

Table 2.1: Forecasting variable convention.

Yron =T (X1, Xo; 25y x7); f:RTNT R? (2.3)

The function f is unknown and is only used as a way to represent the various
forecasting models described in Section 2.4. Now, because certain models are capable
of producing a multivariate output, it could also be expressed as follows,

Yron = F(Xy Xg; iy xg); £ RTNTRM
where the output off this time is a vector. This was used in the previous project
(see Section 2.6), because multiple road segments were forecasted simultaneously.

2.2.3 Time Series Split

It is common for various forecasting models (and ML models in general) to split
the data set into multiple parts [11]. In this project, the time series was split into

a training set and a test set. The training set is used for the forecasting model to
learn the temporal patterns throughout the time series. The test set is then used

7
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Training set (80%) Test set (20%)

00 0 0 0000000000000 00006 0O O 0O 00— time(Xy)

Figure 2.3: Visualization of how the time series was split into a training and test set.

to measure how well therained model can produce forecasts on previously unseen
data. The forecasting performance achieved on the test set is then what can be
expected when actual forecasts are to be made for future time steps. It is common
to have 80% of the original time series for the training set, and the remaining 20%
for the test set. This is illustrated in Figure 2.3, where each dot corresponds to a
time step in a time series.

It is important that the time series is not shu ed, as this will remove its temporal

structure. Also, the test set must arriveafter the training set to avoid forecasting
the past. The upcoming section will talk more aboutiow the accuracy of a model
Is evaluated on the test set.

2.2.4 Evaluating a Forecasting Model

Before a forecasting model can be employed for real-world usage, its accuracy must
be evaluated. This is done by comparing the forecasted valgewith its actual
observed valuey. The problem with this is that the actual value does not exist yet

as it will take place h time steps into the future. The solution is to make forecasts
for existing values that are already in the time series. For example, in a time series
with T time steps, one could make a prediction for the last value in the time series
based on all the previous ones as shown in (2.4).

$r = F(Xe X2 5 X7 1) (2.4)

In this case the predicted value ig};, which is at a time step within the limits of
the time series. The actual value at this time step is accessible from the time series
asxr, and is denotedy . However, in order to get a good estimation of how well a
model is performing, many forecasts are necessary. This is done by moving through
the entire time series and iteratively produce forecasts. There are two methods that
accomplish this. The rst method consists of arexpanding windowof time steps
that each forecast is based on [12]. This is illustrated in Figure 2.4 on a time series
with T =12 time steps. The black dots correspond to the features that are used as
the basis for a forecast. The pink dots correspond to the time step being forecasted.
The white dots are unused features. Notice that the rst forecast is made fots.
This is because some minimum number of time steps is needed to base the forecast
on. In this particular case, the rst three time steps are considered the minimum
requirement for producing a good forecast. The number of forecasts therefore be-
comesT 3 =9. The second method is anoving windowof constant size that each

8
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Figure 2.4: Visualization of producing forecasts using theexpanding window  method.

forecast is based on [12]. This is similarly illustrated in Figure 2.5.

Out of the two methods, neither is superior in general. Both of them come with
a number of pros and cons, which was discussed by Clagk al. [12]. In short,
selecting the optimal window size is not easy. It depends on the overall structure of
the available data. If the entire time series follows a similar pattern, then the bigger
the window size the better. Conversely, if old time steps are of very little relevance
in predicting more recent time steps, then a shorter window size may be preferable.
Also, if the time series used is very large, using an expanding window will lead to
an unfeasible computational complexity. As a consequence, tting the forecasting
model as well as generating forecasts will be very time consuming.

Accuracy Metrics

When a large number of forecasts has been generated, by using either of the two
methods above, the next step is to evaluate the accuracy. In this report, the accuracy
metric used is calledViean Absolute Error (MAE) and is de ned as shown in (2.5).

X .
MAE = = Iy ¥l (2.5)
i=1

MAE measures the average magnitude of the errors across all predictions magie.
corresponds to tha:th forecast, andy; is its actual value. An error of 0 means that
all forecasts were equal to the actual value, which is the best case scenario.
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Figure 2.5: Visualization of forecast production using the moving window method
with window size = 3.

2.2.5 Multi-step Forecasting

Single-step forecasting corresponds to= 1, and is generally quite simple to per-
form. Most forecasting models produce very accurate results for single-step fore-
casting, since the value to be predicted is usually similar to the current time step.
However, multi-step forecasting is of course much more interesting since this in-
volves predicting further into the future. As expected, forecasting models have a
much harder time doing this accurately. Dierent methodologies for forecasting
multiple time steps into the future was explored by Bontempiet al. [13], two of
which are presented below.

Direct Strategy

Out of the suggested methods, the one that was the most appropriate for this
project, is called theDirect Strategy. This is the most intuitive one since it
simply consists of training one forecasting model for each prediction horizon
h that is of interest. This is expressed in (2.6) .

Prea = Fa(Xq; Xo; i X7)
Prao = fo(X1; Xo; 2215 X7)

(2.6)
Pren = fn(Xe; Xo; 5 X7)

Adapting a given forecasting model to a certain value df is done by for-
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matting the data accordingly. This is further explained in Section 2.3.5. The
downside of the direct strategy is that separate models must be trained for
each value ofh, which takes a lot of time. As this project is mainly about
comparing the results of di erent forecasting models, this was su cient.

Multiple Output Strategy

If one is interested in producing forecasts for multiple time steps simultane-
ously from one model, theMultiple Output strategy could be used. Not all
models are capable of this, but this is done by producing a vector output of
the model as shown in (2.7).

P
9‘T+2
g = f(xq X2 i1 X71) (2.7)

Here a prediction for all time steps up until the horizon is given. This is similar

to producing a multivariate output of a model as discussed in Section 2.2.2,
except there the output was a vector of multiple features at the same time
step. However, the same principle is applied.

In the previous section, Figure 2.4 and 2.5 displayed how a single-step forecasting
model is evaluated. The evaluation of a multi-step forecasting model using the direct
strategy is done in an equivalent manner, and is shown in Figure 2.6 for the moving
window method. The forecasting horizon used in the example lis= 2. Notice how
the last (¥1,) lands outside of the time series. Consequently, this forecast is unusable
since there is no expected value for the given time step. The number of forecasts
therefore become§ (h 1) 3 = 8. In general, for a time series withT time
steps, a window size oh and a forecasting horizon oh, the number of forecasts
becomesT h n+1.

2.3 Machine Learning

Many researchers in the eld of Arti cial Intelligence (Al) are trying to gure out

how Al systems can reach, at a minimum, the same level of general intelligence as
humans. This is often referred to aévti cial General Intelligence (AGI) [14]. Now,

as previously mentioned, making predictions is a very important part of human cog-
nition. This means that having Al systems capable of producing accurate forecasts
is of great importance to the goal of reaching AGI. Thus far the Al sub- eldMachine
Learning (ML) has had some interesting successes in doing just that. This section
introduces ML and describes how it can be applied to making time series forecasts.
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Figure 2.6: Visualization of multi-step forecast production with forecasting horizon
h = 2, using the moving window method with window size = 3.

2.3.1 Introduction

Machine learning is the study of algorithms and data which a computer system uses
to improve its knowledge of a given task. In order to understand machine learning
better, the following quote by Thomas M. Mitchell gives a good de nition of the
subject [15]:

A computer program is said to learn from experience E with respect to some
class of tasks T and performance measure P, if its performance at tasks in T,
as measured by P, improves with experience E.

The performance measure P is a measurement of how well the computer system has
learned the given task T. An example of evaluating the performance of a machine
learning algorithm was introduced in Section 2.2.4, namely using the accuracy metric
MAE. Examples of the experience E and the task T will be discussed in the next
section.

2.3.2 Types of Learning Algorithms

The experience E refers to the type of data available to the machine learning al-
gorithm during the learning phase. Expectedly, the training data must be large in
guantity if the system is expected to generalize its learned knowledge to previously
unseen data [11]. Generally, the type of available data comes in two categories. The
rst type applies supervised learningand the secondunsupervised learning

12
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Supervised learning

In order to apply supervised learning, the data must consist of predetermined
mappings between input signalsx) and their corresponding output /) [16].
The structure of the data given to the ML model must be a set gb pairs like
shown in (2.8).

Fx®; y®); (x@5y@); o (xPry®Pg x Xy Y (28)

These pairs correspond to the mappings between input and output that the
model is meant to learn. By studying all of these pairs, the goal of the ML
model is to nd a function f : X ! Y that correctly maps each input to the
corresponding output as shown in (2.9).

yO=f(x)); 8 f1;:::pg (2.9)

Interestingly, some models are powerful enough to produce the correct output
y() even if the input is only roughly equal tox¢ ). This means that the model

is resistant to noise that might occur when deploying the model for real-world
usage [17].

The task T refers to what the used learning algorithm is supposed to achieve.
For supervised learning the two most common tasks amdassi cation and re-
gression[11]. For classi cation the target outputs (Y ) correspond to a number

of discrete classes. Each input() must be mapped to one of these classes.
Multiple inputs may be mapped to the same class. A typical use case of classi-
cation is object detection [18]. In this case the model is given a large number
of images and learns to classify some speci ed object in each image. For ex-
ample, with the output classesy = f"cat"; "dod'; "piano"g, an example of
input/output pairs is given in (2.10).

f(x®; "piano”); (x@;"cat’); (x®;"dod); (x¥;"cat"); ;g (2.10)

For regression on the other hand, the output signals are continuous numbers
such thatY R. Another way of thinking about regression is approximating
a real valued function [15]. In this project, the output of the model will be
the predicted tra ¢ ow for some time step. The trac ow is a real number
between 0 and 10, thus regression will be used.

Unsupervised learning

For unsupervised learning only the input data is given, and the machine learn-
ing algorithm is expected to nd eventual patterns in the data on its own [15].
For unsupervised learning the tasks include clustering and association. This
technique of learning was not utilized in this project and will therefore not be
explained in more detalil.
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2.3.3 Over tting and Under tting

When a machine learning model learns unique features to the training set, and
consequently can't generalize well to new data (i.e. the test set), the model is said
to overt the training data [11]. Various ML models use di erentregularization
techniques to avoid over tting. Conversely, when the model can't learn from the
training set at all, it is instead under tting [11]. In this case the model will perform
poorly on both the training set as well as the test set. In the case of avoiding
under tting, the quality of the training data must be considered. For example, the
data must contain relevant features for the learning objective, and various noise and
outliers must be removed. Note that removing noise also helps against over tting.
The reason being that the model risks learning the noise of the training data, which
of course does not exist in the test set. Additionally, adding random noise in each
iteration during the learning phase can also help against over tting. This is possible
because it prevents the model from learning some existing noise in the training
set really well. These problems are considered in more detail in the following two
sections.

2.3.4 Feature Engineering

Providing relevant features for a given task is of course crucial for a successful ML
model. For example, trying to predict the trac ow based on the current price

of gold is likely not going to be very successful. Intuitively, these two variables are
entirely unrelated, which makes it impossible for the model to achieve anything in-
teresting. The process of uncovering the most relevant and useful features is called
feature engineering[11].

A common way to decide which feature to utilize is by using aorrelation matrix
[11]. For a feature vector with 10 features = [X1; Xo; :ii ; X10], @ correlation matrix

is usually plotted using a heatmap as shown in Figure 2.7. This heatmap visual-
izes the correlation between all features. The correlation ranges from -1 to 1. A
correlation of 1 represents maximum correlation, whereas -1 represents maximum
inverse correlation. In both of these cases, the correlation is considered high and
such features may be useful for the training phase. In contrast, a correlation of 0
represents no correlation at all. Note that all values across the diagonal are equal
to one because each feature is fully correlated with itself. Now, lets say that the
featurex; is to be predicted. According to the rst column of the heatmap, only the
featuresxig, Xs, X4, @and Xz are strongly correlated withx;. Using these four features
for training the model may be a good place to start. However, deciding which of the
features to use as predictors is however not as simple as picking the most correlated
ones. The reason being that some nonlinear and more complex models may be able
to nd temporal patterns among these features that the correlation matrix will not.

There are di erent types of correlations that could be measured. The type used
in this project is called the spearman correlation A high spearman correlation
(+1) is achieved when two variables consistently decrease and increase at the same
time steps. A high inverse spearman correlation (-1) is achieved when one variable
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decreases when the other increases. [19]

Figure 2.7: A correlation matrix of 10 features. The subscript illustrates the di erent
features, not time step.

2.3.5 Data Preparation

Next up is preparing the data appropriately for a given model. The rst part to
consider is the quality of the data. Secondly, for a time series forecasting context,
the data must be organized in a particular way. These two steps of data preparation
are discussed below.

Data Preprocessing

If a feature consists of a few abnormal measurements (e.g. due to problems with
a measuring sensor), these may have to be removed. If they are kept in the data,
the model might be tricked into learning patterns that it should not, and therefore
over t the training data. Because of this, it is important to visualize the data in
various ways such that these abnormalities can be discovered and xed.

Additionally, many ML models have certain expectations of the data. For example,
all features of the dataset may need to be scaled to a given range (e.g. all values
between 0 and 1). This is done as shown in (2.11), wheb&,in ; Xmax) IS the speci ed
range.
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X Xmin
Xmax Xmin (2.11)
Xscaled = Xstd  (Xmax ~ Xmin ) ¥ Xmin

Xstd =

Time Series Forecasting as a Supervised Problem

Existing attempts at applying machine learning techniques to time series forecasting
have been done through supervised learning. As a result, the data must be format-
ted in a particular way before feeding it as input to some machine learning model.
Achieving this was described in 2002 by Dietterich [20], where he refers to it as a
sequential supervised learning problemFurthermore, Bontempi et al. [21] gave a
more detailed explanation in a paper from 2012. A brief description of how this
works is given below.

In order for supervised learning to be applied, the data must be structured such
that it follows the structure explained in Section 2.3.2. In other words, multiple
mappings between inputs and outputs must be explicitly given to the model. As
described in Section 2.2, predicting a value in a time series is done based on many
previous values in the same time series, e@s = f (X1; X2 ; I ;X1 n). Therefore,

in order to give the model some temporal context, the inputs must be sequences of
feature vectors and not just a single feature vector as explained in Section 2.3.2.

Since the machine learning model expects many pairs of inputs and outputs, the
moving window approach is applied during the learning phase as well. The number
of pairs p corresponds to how many windows the time series is split up into, which
was already evaluated in Section 2.2.5to b8 n h+ 1. Because of this, the
window sizen and forecasting horizonh are two parameters that must be chosen
before the data is formatted accordingly. Training di erent models for each value of
h is how the direct strategy for multi-step forecasting is applied. Table 2.2 visualizes
these mappings for a given time series = fXxi; Xp; :ii; XTg with T time steps, a
window size ofn and a forecasting horizon ofi. Note that y, is synonymous with
x¢ 8t fl1,::5;Tg.

input output
fX1; X2; 20 Xng® y@
Fx2; X3y oy Xn+1g(2) ygi)+1)+ h
fX3; Xay o Xn+29(3) yg)+2)+ h
fXT n het) XT n he2) o0 X7 hg(p) ygrp)

Table 2.2: Mappings between input and output for time series forecasting as a supervised
problem. p=T n h+1.
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The model will now iterate through these mappings window by window and learn the
temporal patterns throughout the time series. By the end of the learning phase, the
model will be an approximation of the functionf shown in (2.12) (i.e. regression).
f requires new inputs to also be sequences of size

Yieh = (Xt ne1s Xt na2s 25 Xe); 8t fnpn+1; 00T hg (2.12)

When a new sequence afinputs is fed into the model, it will produce an output that
roughly resembles the output that it was trained to produce for a similar sequence
during the learning phase. If the input sequence does not look like anything given
during the learning phase, the results will of course be inaccurate. This is a sign
that the training data was not informative enough for generalizing to the data in
the test set.

2.3.6 Hyperparameters

Machine learning models often depend on many parameters. Some parameters used
do not directly belong to the model itself, and remain constant throughout the
learning phase. These are calldayperparametersand instead belong to the ML al-
gorithm (which is what trains the ML model) [11]. Tuning the hyperparameters is a
crucial step in avoiding a poorly performing model. Some examples of hyperparam-
eters are given in Section 2.4 when the used models are presented. Optimizing the
hyperparameters is usually a di cult task, as it requires a trial and error approach.

A technique calledgrid searchis often used to automate the process of empirically
nding the best combination of hyperparameters [11].

2.4 Forecasting Models

This section introduces the underlying techniques behind all of the used forecasting
models in this project. How the techniques were adapted to a forecasting context will
be explained in Chapter 3. In existing forecasting literature, the types of forecasting
models are often split into two categoriesparametric and non-parametric. The
former consists of models that depend on a nite number of parameters. The latter
consists of models where the number of parameters is unspeci ed [22], and may grow
as the amount of data grows [23]. The parametric models include the traditional time
series models originally introduced by Box and Jenkins [6]. This type of forecasting
has been named théox-Jenkins method and is an important part of time series
analysis. One of these models includautoregressive Integrated Moving Average
(ARIMA) and is introduced brie y in Section 2.4.2. Nonparametric models include
Support Vector MachinegSVM) (with RBF kernel) and Arti cial Neural Networks.
Both SVM and ANN are machine learning algorithms, meaning that their basic
functionality follows that explained in Section 2.3. One SVM model and di erent
types of ANNs are introduced in Sections 2.3.3-5. The nonparametric models are
known to perform better on nonlinear data [24]. This would in theory make them
good candidates for tra ¢ forecasting due to the stochastic nature of urban tra c.
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2.4.1 Baseline Methods

In order to establish a benchmark for the more complex models, four baseline meth-
ods will be used. They are described below.

Naive Method

Sets prediction equal to the most recent time step.

Yren = X7

Seasonal Naive Method

Sets prediction equal to the corresponding time step one seasonality cycle back
in time. The period of the seasonality is denoted as and k is the smallest
integer greater than™ 1. T must be greater thanm.

Yren = XT4h Kkm
Seasonal Historical Average

Sets prediction equal to the average of corresponding time steps of all previous
seasons.T must be greater than m.

_ X1+h km T X1+n @ kmp T F X74h (T k)
§ren = e

m

242 ARIMA

Two traditional forecasting techniques areAutoregression(AR) and Moving Aver-
age (MA). Combining these two methods into one model was introduced in a 1951
thesis by Peter Whittle, and is calledAutoregressive Moving AveragéARMA). In
short, this technique uses past values of a time series and linearly maps it to an
output that could be used as a forecast. Because it is a linear model, certain ex-
pectations must be put on the time series if the coe cients of the model are to be
trusted. In other words, properties of the time series, such as mean and variance,
can not depend on the time at which the series is observed. A time series that
follows these properties is calledtationary. Ensuring a constant mean and variance
of a time series is done by removing the trend and seasonality, respectively. There
are various data transformation techniques that achieve this. One method is called
di erencing, and involves subtracting the previous observatior; ; with the current

Xt. Sometimes the time series may need to be di erenced several times before reach-
ing a stationary point. The number of times it is di erenced is called the degree
of di erencing. For ARMA the time series must be made stationary before usage. [6]

ARIMA is a generalization of ARMA that does not require the time series to be
stationary upon input. Instead, the model accepts a parameter that denotes the
required degree of di erencing, and performs the appropriate transformation auto-
matically. [6]
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2.4.3 Feedforward Neural Network

An Arti cial Neural Network (ANN) is a type of machine learning technique, and
was the primary use in this project. ANNs are inspired by the biological neural
networks that make up our brains. The biological neural networks consist of a large
number of neurons interconnected by synapses. These neurons receive and output
information in the form of electrical signals [17]. In an arti cial neural network,

a neuron is represented by a real number. Each connection in the network has a
weight associated with it, and in a sense decides the importance of a given input.
The output of each neuron is evaluated as a weighted sum of all the inputs passed
into some nonlinear activation function [8].

Di erent types of ANNs were historically the rst type of ML models used for the
purpose of time series forecasting [23]. Peedforward Neural Network(FFNN) is
one of these, and also the simplest kind. In an FFNN all the connections between
the neurons do not form any cycles (see Figure 2.8), meaning that the ow of infor-
mation is straightforward through the network [16]. How a neural network is used in
the context of supervised learning will be explained below, using the simple network
in Figure 2.8 as an example.

An FFNN accepts input data in one dimensiorx () R" and generates an output

in a potentially di erent dimension $#(’ R™ based on a set of parameters. The
superscript shows that the network is fed multiple input/output mappings that it

Is meant to learn (supervised learning). For each pattern the output is compared

to the expected valuey() R™, and updates the network parameters in case of
eventual errors. The hope is that the next time the same pattern is given as input,
the network will produce an output that is slightly closer to the expected value.
Repetition of this process is what corresponds to the network learning over time
[16]. The learning process is described below based on the network given in Figure
2.8.

Forward Propagation

The rst step is to evaluate the output valuesy( ) based on the given inputx( ).
This is done by propagating forward through the network [16]. In the given network
shown in Figure 2.8, there are two hidden layers. The rst step is to evaluate the
states of the neurons in the rst hidden layer. This is done by taking the weighted
sum of all input signalsx| ’ based on the connection weights{” and the thresholds

i(l) as shown in (2.13).

X
h = o wPxO O (2.13)
j=1

With the states of the neurons in the rst hidden layer, the states of the neurons
in the second hidden layer can be evaluated in a similar fashion. This is shown in
(2.14).
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Input layer Hidden layers Output layer

Figure 2.8: The structure of a (fully connected) Feedforward Neural Network with
two hidden layers. x; represents the input signals,hi(l) and h(kz) represent the states of
the neurons in the rst and second hidden layers. ¢ represents the output signals.wi(jl)
represents the weights of the connections betweer; and hi(l). |((1) are the thresholds
of the neurons in the rst layer. The other weights and thresholds in the network are

represented equivalently between the two other layers.

X
h = o wdh® @) (2.14)
i=1
Finally, the outputs are evaluated based on the neurons in the second hidden layer,
as shown in (2.15).

>M
9= o wh? 9 (2.15)
k=1

1.2:3 are the activation functions. The most common activation function is called
ReLU and is de ned as (x) = max(0; x) [25]. Using nonlinear activation functions
is what give neural networks their nonlinear characteristics [16]. The three activation
functions used in each layer may not necessarily be the same [25]. Note that forward
propagation is used both during training and also when the network is to make
predictions after the learning phase.

Cost Function

With the outputs ¢ ) evaluated, the next step is to compare them with the expected
valuesy( ). This is done using acost function An example of a simple one is the
guadratic cost function [25], and is de ned as shown in (2.16) for the given network.

=2 gy (2.16)
=1
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It is clear from (2.16) that the cost functionH is minimized (equal to zero) precisely
when () = yO) which is exactly the learning objective of the network. The goal
is then to employ various mathematical optimization techniques for minimizing the
function H.

Backpropagation

E ciently minimizing the cost function of an ANN was originally described by
Rumelhart et al. [8], using an algorithm calledbackpropagation This is done by
propagating backwards through the network after the error is evaluated, and updat-
ing the various parameters that de ne the network (weights and thresholds). When
deciding how the parameters are to be updated, a mathematical technique called
gradient descentf26] is utilized. In short, the partial derivative of H is taken with
respect to the weights and thresholds, separately. This derivative then reveals in
which direction the parameters are to be updated in order to move one step closer to
minimizing H. After each update, forward propagation is done again, which results
in a new value of¢{ ). The hope is that this new value gives a slightly smaller value
of H. This process is then repeated until the cost function is minimized. If the
input data was quantitatively large enough and accurately representative of future
inputs, the network will be able to generalize its learned knowledge to entirely new
data.

Hyperparameters

Thus far several parameters used by the model have been mentioned, e.g. the weights
and thresholds. These parameters change over time as the model is trained. There
are, however, a few additional parameters that must be chosen. These conversely
remain constant throughout the learning phase, and are called hyperparameters.
There are no general values to assign the hyperparameters, as it is highly situa-
tional. Instead, one must use a trial and error approach in deciding the optimal
values. Examples of important hyperparameters associated with ANNs are listed
below.

Number of hidden layers

Adding more hidden layers to the model may allow the network to recognize
more complex mappings between the input and output layers. A network with
two or more hidden layers is often consideratkep learning[9], and is currently
the most successful technique in machine learning. Adding many layers could
improve the accuracy of the model, to a certain degree. Adding too many lay-
ers might make the network too complex, and consequently over t the training
data. Too many layers may also make the training time too long. [17]

Number of neurons in each hidden layer
The number of neurons in each layer is in a similar fashion dependent on
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how complex the given problem is. Too few neurons make the network un-
able to capture all the information. Logically, the more training data and in-
put/output mappings the network must learn, the more neurons are required.
However, too many neurons make the network more prone to learning unique
features of the training set, and may thus start over tting. [17]

Number of epochs

One epoch correspond to one iteration through all pairs of input/output map-
pings. This is rarely enough for minimizing the cost function. The network
may therefore need many epochs of training before all knowledge has been
learned. Too many epochs, however, may lead to over tting. [17]

Learning rate

During the learning phase the weights and thresholds are iteratively updated
in order to minimize the cost function. The learning rate decides how quickly
these parameters are to be updated, by limiting the amount of change by a
certain factor. A learning rate that is too low makes the training very slow. A
learning rate that is too high makes the algorithm overshoot, which increases
the risk of missing the global minima of the cost function. [17]

2.4.4 Recurrent Neural Network

While the simple type of FFNN introduced in the previous section has some re-
ally interesting use cases, it does have a few limitations. An FFNN is really good
at learning mappings between di erent inputs and outputs. However, each of the
mappings are entirely independent of each other since information ows in one di-
rection. Consequently, when an FFNN moves through a time series trying to learn
its dependencies, it lacks temporal context. A dierent type of ANN was intro-
duced as a solution to this and goes by the naniRecurrent Neural Network(RNN).
RNNs allow cyclic weights (see left in Figure (2.9)), which allows information to
ow backwards. This gives the network a type of memory, such that it can remem-
ber past input features when considering newer ones. Achieving this is done by
unrolling the recurrent network over time. This yields a new structure that follows
that of an FFNN, which can then be trained with the backpropagation algorithm as
described in the previous section. More speci cally, an algorithm calleBlackprop-
agation Through Time (BPTT) [27] is used. All of this means that RNNs are very
good at dealing with data that arrives in a time sequence, because it can remember
past time steps. A typical use case of RNNs is therefore time series prediction, as it
can, compared to FFNNs, much better nd the temporal patterns of a time series.
Other applications of RNNs include machine translation, which involves translating
text or speech from one language to another. Sentences can be seen as a sequence
of words. When trying to understand the meaning of the sentence, it is crucial to
remember the past words when trying to understand the context of new ones. This
Is something that, for instance, Google uses in their service Google Translate [28].
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A problem with ANNSs in general is something called th@anishing gradient problem
[29]. In short, this means that the network stops learning when you introduce many
layers in the network. An RNN especially su ers from this since the number of
layers depends on how many time steps are used when unrolling the network. For
large amounts of time steps, the network stops learning. A particular type of RNN
was therefore introduced by Hochreiter as a solution, and is callédng Short-Term
Memory (LSTM) [29]. LSTM networks are the primary forecasting model used in
the project.

¢ 1 ¥ ¥3 %
W
( I
h} unro hy w h, w hs h
X X1 X2 X3 Xt

Figure 2.9: RNN architecture. Each square in the gure represents one or more neurons,
and each arrow corresponds to a fully connected layer between the neurons on either side
of the arrow. Left: RNN with cyclic weights. Right: The same network unrolled over time
(which corresponds to a FFNN).

2.4.5 Convolutional Neural Network

A Convolutional Neural Network(CNN) is essentially an improved version of regu-
lar FFNNs. This means that CNNs also excel at mapping inputs to outputs, with
use cases such as object recognition. In 2014 Krizhevsityal. [30] won the Ima-
geNet challenge [18] with a CNN. ImageNet is a competition where people try to get
the highest classi cation accuracy of objects in a large database of images. After
this breakthrough, CNNs have become very popular. Note that CNNs are similarly
trained using the backpropagation algorithm as described in Section 2.4.3.

What allows CNNSs to achieve higher accuracies is their abillity to reduce over tting
through di erent regularization techniques [31]. A big cause of over tting in ANNs

Is having too many neurons. The more neurons you have, the more information can
be learned. Consequently, when the network encounters features that are unique
to the training set (considered noise), the network will be more a ected by this.
The reason for the improvement using a CNN lies primarily in the usage of feature
maps and max pooling layers. Feature maps allow the network to share weights and
thresholds between neurons connected to di erent parts of the input. This means
that less neurons are considered, and thus generalizing each feature in the network
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better, which reduces over tting. A max pooling layer will down-sample the feature

maps so that they are just an approximation of the feature. This will decrease the
local noise that may appear in the training set, which also helps against over tting.

[31]

2.4.6 Support Vector Regression

Support Vector Machines were originally introduced by Vapnilet al. [32] as a su-
pervised learning algorithm in the context of classi cation. Druckeet al. created a
version of SVM that could also handle regression problems, named Support Vector
Regression (SVR). This technique is utilized in this project.

In short, SVR functions as many other regression techniques; tting a line to some
data by minimizing a cost function. However, as historic tra ¢ ow data is nonlin-
ear, a simple line will not work. SVR o ers a solution to this called the kernel trick
which allows the algorithm to solve nonlinear regression problems. SVR has been
used in the past speci cally for tra ¢ ow forecasting [23], [24].

2.5 Database Management

To manage data, a database is required to store the data. There are a number of
di erent database models, such as relational databases that most often use SQL as
the query language to operate. This project uses a non-relational database which,
in contrast to relational databases, doesn't use SQL as the query language and is
therefore referred to as NoSQL [33].

251 NoSQL

Instead of using tabular relations of columns and rows used in relational databases,
NoSQL databases use other means to model the storage and retrieval of data.
NoSQL is mainly divided into four types of models: key-value stores, document-
oriented databases, wide-column stores and graph stores [33]. Document-oriented
databases store data as document objects, normally in JSON (JavaScript Object
Notation) format (see Figure 2.10). Each document is paired with a key and each
document may consist of multiple key-value-pairs or key-array-pairs [33]. Documents
can be queried and retrieved using their key, but also by their other properties [34].
This enables the ability to retrieve and update parts of a document. Some common
characteristics shared among NoSQL databases is that they have high performance,
are highly scalable and have low complexity [34].

2.5.2 MongoDB

This project uses the document-oriented model of MongoDB which is a document-
oriented database program. The database uses collections [35], which is a grouping of
documents and is essentially equivalent to tables in relational databases. MongoDB
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{
"road": "E6",
"location": {
"city": "Gothenburg"
"country": "Sweden"
H
"segments": |
{ "segment": "1", "flow": "4.5" }
{ "segment": "2", "flow": "2.5" }
{ "segment": "3", "flow": "7.5" }
¥
"direction": "+",
}

Figure 2.10: Example of JSON format of a road.

uses a binary representation of JSON called BSON (Binary JSON) to store JSON
documents. JSON consists of the following data types: string, number (signed
decimal number), boolean, null, object (unordered set of name-value-pairs) and
array [36]. BSON expands the representation of JSON to include other data types,
such as int, long, date and oat [37]. MongoDB provides drivers for Python (which
Is used in this project) among other programming languages. It also o ers the
possibility to store database collections in the public cloud with MongoDB Atlas
[38].

2.6 Previous Work

There exists a lot of literature on time series forecasting, including in the context of
road tra c predictions using machine learning. The projects mentioned below are
just a small portion of the existing work on the subject.

To begin, the project that this thesis is a continuation of will be described briey.
The previous project mainly consisted of learning about general ML concepts as well
as tra c forecasting. The only ML technique used was LSTM networks. These were
utilized for forecasting the tra c ow of an entire road network in Gothenburg. In
other words, all road segments were forecasted simultaneously. The reason for doing
this was because the forecasted tra c of the entire road network was to be visualized
on a map in a web application. This project, however, does not include a web appli-
cation and instead focuses on forecasting the ow levels at individual road segments.

Ahmed et al. (2010) [39] conducted an experiment in which they compared the
time series forecasting capabilities of various di erent ML techniques. The models
used in the experiment were multilayered FFNNs, Bayesian neural networks, radial
basis functions, generalized regression neural networks, K-nearest neighbor regres-
sion, CART regression trees, support vector regression and Gaussian processes. The
models that gave the best results were multilayered FFNN, Gaussian processes and
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support vector regression.

Gerset al. (2002) [40] investigated the suitability of applying LSTM networks to
time series forecasting. The conclusion was that LSTM networks do have capabil-
ities of solving certain time series tasks that FFNNs can't solve. However, when
it comes to time series forecasting, it may not necessarily be the case that LSTM
networks beat simpler techniques. This includes the statistical approaches such as
ARIMA. They suggest that LSTM networks should only be applied when simpler
traditional methods fail. Makridakis et al. (2018) [41] came to similar conclusions
regarding other ML models such as FFNN and SVR.

Schimbinschiet al. (2015) [7] investigated tra c forecasting in complex urban net-
works using big data and machine learning. As perhaps expected, they concluded
that more data results in better predictions for the ML models. They also concluded
that spatial dependencies between road segments ardetter predictor compared

to temporal patterns. They mention that the accuracy could be further improved if
the biggest source of invariance in the data is removed; weekends. Finally, they say
that ARIMA based models have trouble forecasting based on spatiotemporal data
and are unable to capture complex dynamics. This would make it a bad candidate
for tra c forecasting, and a motivator for instead utilizing machine learning.

Lv et al. (2015) [24] investigated tra c ow prediction with big data using deep
learning. They mention that statistical methods such as linear regression, HA,
ARIMA and SARIMA perform well during normal tra c conditions. However,
when abnormal tra c patterns appear they do not respond well (i.e. they can't
capture the nonlinear nature of urban tra c patterns). They utilized a deep learn-
ing technique called stacked autoencoders, and concluded that this method was able
to capture the nonlinear spatial and temporal correlations of the tra ¢ data.

Yang et al. (2010) [42] investigated short-term tra ¢ ow predictions using a FFNN
while considering weather parameters as features. They concluded that predictions
based on weather parameters are more accurate than those without.

Guo et al. (2010) [43] expectedly con rmed that historical data is less useful in
forecasting tra ¢ during abnormal conditions.

26



3

Method

This chapter describes how the project was executed, and Section 3.1 begins by
listing the software technologies used. Now, since machine learning was utilized in
this project, a large amount of relevant data was crucial. The rst part therefore
consisted of gathering data, and is described in Section 3.2. The next step was
to analyze the data in order to nd patterns or potential complications. This is
presented in Section 3.4. Once a good understanding of the data had been estab-
lished, an iterative process of evaluating di erent forecasting models could begin.
This process consisted of picking a forecasting model, preparing the available data
accordingly for the chosen model (Section 3.6), deciding various hyperparameters,
t the model and nally evaluate it (Section 3.7). If the results could be improved,

a step back was necessary in order to update the hyperparameters and re-evaluate
the model. Three di erent forecasting experiments were conducted and evaluated
separately. These are described in Section 3.5. Implementation details of all the
models and various optimizations that were performed are discussed in Appendix
A.1l. When all models had been evaluated, the nal step was to compare the results
and draw conclusions. This is done in Chapter 4 and 5, respectively. Figure 3.1
gives an overview of the work ow described above.

3.1 Software

The data analysis and implementation of various forecasting models were done with
the programming languagePython 3.7 [44]. The primary development environment
used wasJupyter Notebook[45]. This provided a convenient and structured way of
implementing the various steps in the working procedure described in the previous
section. Several python libraries were utilized in di erent ways, and are summarized
below.

PyMongo [46]. Enables drivers for Python to use MongoDB. Contains tools
for working with database management.

NumPy [47]. Enables convenient handling of large multi-dimensional lists
and matrices. Consists of several mathematical functions for easy manipula-

tion of these data structures.

" Pandas [48]. Used for data analysis and statistics. It was built with the
intention of implementing and improving on existing data manipulation tools
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Gather data

Analyze data

Next model

Prepare data
for models

Pick forecasting model

Prepare model

Fit model

Evaluate

Improve model

model

All model results established

|

Compare results

Possible improvements?

Figure 3.1: Visualization of the work ow throughout the thesis project.
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found in statistical programming languages such as R. Additionally, it o ers
good support for manipulation of time series data which is the data format
used in this project.

Scikit-learn [49]. A library for manipulation of data sets and implementation
of di erent machine learning algorithms.

Matplotlib  [50]. A 2D plotting library which has been used to create graphs
that visualize the data in di erent ways.

TensorFlow [51]. A library consisting of low level implementations of various
machine learning algorithms, such as neural networks.

Keras [52]. A library used for conveniently implementing various deep neural
network architectures. It consists of an API that lies one abstraction layer
above another library with low level implementations of neural networks (e.g.
TensorFlow or Theano). In this project, TensorFlow was utilized as the back-
end for Keras. The implementation of all neural networks in this project
(FENN, LSTM, CNN) used Keras.

3.2 Data Collection

The data needed for the project was collected using two of HERE Technologies APIs
[53]. The tra ¢ data was collected using the Tra ¢ API [54] and the weather data
was collected using the Destination Weather API [55].

All the data was stored using the cloud database MongoDB Atlas. There are di erent
tiers to choose from when setting up a project in the cloud with di erent price ranges,
including a free tier which this project used. The tier properties di ers in network
performance and storage capacity.

3.2.1 Trac Data

The Tra c API from HERE was used to collect data of vehicle tra c in Gothen-
burg. This was performed with an HTTP request of tra ¢ data within the area
shown in Figure 3.2. The request returns the data in BSON format, where the rel-
evant parameters can be saved. The parameters were separated into two di erent
collections in the databaseRoadsand Trac . The PyMongo library was used in
Python to access and make insertions to the collections in the database.

The collection namedRoads saves the static parameters of every road and its seg-
ments within the proximity. There are 245 roads and a total of 811 road segments
creating 245 documents in the collection. Every road has a xed number of segments
containing information (see Figure 3.3) such as the name and an array of coordinates
creating a shape of the road segment. Since these parameters are static, they only
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need to be saved once. This collection was used to visualize a map of all the road

segments, including a function to click on the segments to see their information (see
Figure 3.4).

Figure 3.2: Proximity of the collected tra ¢ data.

Figure 3.3: One document in the collection Roads

30



3. Method

Figure 3.4: Map of all the road segments and the information of one segment.

The collection namedTrac saves the dynamic parameters of every road segment,
where each of the 811 segments consists of two arrays (see Figure 3.5) creating 811
documents in the collection. The rst array saves the jam factor (level of trac
congestion) for the segment which is a value between 0.0 and 10.0, where 0.0 in-
dicates no tra c congestion and 10.0 indicates full tra ¢ congestion. The second
array saves the average vehicle speed in kilometers per hour. These two parameters
were collected and appended to the arrays of each segment every 10 minutes.

To create a time series of the data from thdrac collection, a third collection
named Timestamps was created that saves the date and time every time data is
collected (one time step every 10 minutes).

Figure 3.5: One document in the collectionTrac .

3.2.2 Weather Data

The Destination Weather API was used to collect weather data in Gothenburg. As
with the tra ¢ data, this was performed with an HTTP request. However, instead

of using a proximity, the request was done by specifying a latitude and longitude
of central Gothenburg. The assumption made was that the weather condition of
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central Gothenburg is the same as in the proximity of the tra ¢ data.

The parameters selected were: sky description, wind speed, temperature and pre-
cipitation (see Figure 3.6). The parameter for the sky description calleskylnfo is

an integer in the range of 1 to 34 representing a description of the sky. For instance,

1 indicates that the sky is sunny and 17 indicates that the sky is cloudy. Wind
speed is saved as a value in kilometers per hour. Temperature is saved in degrees
Celsius. Precipitation is an integer in the range of 0 to 77 representing a description
of the precipitation. For instance, O indicates that there is no precipitation and

9 indicates that it is raining. Both the sky description and the precipitation are
discrete enumerations. A higher value does not necessarily mean more clouds/rain.

The weather data is collected every time there is a new weather observation from the
HTTP request, indicated by the date and time. Weather observations most often
occur once every 30 or 60 minutes. To match the time series of the tra c data,
the weather data was extended. This means that if there were 30 minutes between
two weather observations, the rst weather observation is duplicated twice to match
the time series of one time step every 10 minutes. The assumption here is that the
weather stays the same between two given weather observations.

Figure 3.6: One document in the collection\Weather.

3.3 Data Format

The time series of data that was gathered had 9202 time steps when it was used by
the models to forecast. The time interval between each time step is 10 minutes, and
thus correspond to roughly 9 weeks of data. As explained in the previous section,
each time step contains four weather parameters, and one measurement of the tra c
ow and average speed of 811 road segments. In total, each time step contains a
feature vector of4 + 811 + 811 = 1626 features. The time series therefore has the
dimensions9202 1626 and can be described as shown in (3.1).

X = X1 X2 11 Xop020; X¢ R (3.1)

The data can be retrieved from the database and formatted into a Pandas DataFrame
object with the code shown below.

1|>> X = getDataFrame () # Custom function ‘
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2 |> print(X.shape())
: (9202, 1626)
L

3.4 Data Analysis

This section aims to visualize the various data features in di erent ways to identify
various patterns. Figure 3.7 shows the trac ow of segment 58 (Falutorget) for

a one week period (2019-03-11 to 2019-03-17). Each day corresponds to 144 time
steps, i.e. 24 hours. The top plot shows the raw data, which is evidently quite noisy.
The bottom plot is the exact same data, except some of the noise has been removed
by using a rolling window of size 10. This makes it easier to see the temporal pat-
terns throughout the time series. It also allows the forecasting models to nd the
patterns much more e ectively. The rst ve days (Monday through Friday) seem

to be following the expected tra c pattern as explained in Section 2.1. Saturday
and Sunday, however, expectedly do not follow the same tra ¢ pattern. This mo-
mentarily breaks the seasonality made up of the rst ve days, which immediately
makes forecasting harder.

Figure 3.8 displays the tra ¢ ow of the same period for segment 6 (Eriksbergsmotet),
31 (Surbrunnsgatan) and 355 (Andsmotet). It seems that segment 6 and 355 follow
a similar pattern (except segment 6 has low weekend tra c). On the other hand,
the tra c of segment 31 seems to be relatively random, and is therefore signi cantly
harder to forecast. Now, while there are some segments like this with no clear sea-
sonality, the average trac ow for all 811 road segments does show the expected
pattern (see the top plot of Figure 3.7). Therefore, it is likely that most of the
811 segments can be forecasted with good accuracy. Additionally, if weekends are
removed from the time series, the forecasting accuracy would likely rise dramatically.

Figure 3.9 (bottom) shows the average tra c speed of all 811 segments. It seems
that the tra c speed changes in the opposite direction of the jam factor. This makes
sense since a lower jam factor (i.e. less tra ¢ congestion), the faster the cars will be
able to go. The tra c speed is therefore inversely correlated with the jam factor.
Using the tra c speed as basis for predicting the trac ow may therefore be a
good idea.

Finally, Figure 3.10 plots the tra ¢ ow of segment 58 for the last 20% of the time
series. This part of the data will be used as the test set for evaluating the trained
models. The top plot shows the original data. The fth day, which is a Wednesday,
seems to almost be following the tra c pattern that is seen during the weekends.
The reason for this is because this Wednesday corresponds to the rst of May, which
happens to be a holiday in Sweden. Since the model does not encounter this pattern
in the training set, it will be di cult to accurately predict the test set. The training

set is therefore not informative enough to forecast the test set. Also, the training set
includes a few Easter holidays which the test set does not. This may additionally
lead to over tting. The bottom plot of Figure 3.8 displays the test set with holidays
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removed. Note that the rst week now instead consists of only four weekdays, which
may also lead to various issues. During the experiments, the forecasting models will
be tried both with the holidays included and when they are removed, for comparison.

Figure 3.7: One week of tra c ow for segment 58 between 2019-03-11 and 2019-03-17.
Top : Raw data. Bottom : Same data with some noise removed.
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Figure 3.8: One week of trac ow for segments 6, 31, 355 between 2019-03-11 and
2019-03-17.
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Figure 3.9: One week of average trac ow (top ) and average speed i{ottom ) from
all 811 road segments between 2019-03-11 and 2019-03-17.
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Figure 3.10: Top: The trac ow of segment 58 for the last 20% of the time series
(test set). Bottom: Equivalent plot but with holidays removed from entire time series
(including 2019-05-1 in test set as can be seen).
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3.5 Experiments

Three di erent experiments were conducted in this thesis and are explained below.
For each forecasting experiment the same horizons were used. Section 3.5.1 begins
by presenting the chosen forecasting horizons.

3.5.1 Forecasting Horizon

The forecasting horizons chosen are 10 minutes, 1 hour, 6 hours, 12 hours and 24
hours. This gives a good idea of how well the models can produce short-term,
medium-term as well as long-term forecasts. The 10 minutes and 1 hour are con-
sidered short-term, 6 hours medium-term, and 12 and 24 hours long-term. All of
which may be of interest when used in applications that utilize tra c forecasting.

3.5.2 Experiment (1): Univariate input forecast

The rst experiment consists of forecasting the trac ow of one segment. The
forecast will be based only on historic trac ow data from the same segment
that is being predicted. The segment to be forecasted was arbitrarily chosen to be
segment 58. The experiment will be tried on both the original dataset, and with the
holidays removed.

3.5.3 Experiment (2): Univariate input forecast (without
holidays)

The second experiment will be equivalent to experiment (1) except that all holidays
will be removed from the data set.

3.5.4 Experiment (3): Multivariate input forecast (without
holidays)

The third experiment also consists of forecasting the trac ow of segment 58.
However, the forecast will this time be based not just on the historic tra c ow of
segment 58, but also other correlated features. This may include the tra c speed of
segment 58, and/or tra ¢ parameters of other nearby road segments. This means
that spatial correlations are considered. Section 3.6.1 presents which features will
be used. Note that holidays were removed for this experiment as well.

3.5.5 Expectations

The main expectation for all experiments is that the machine learning models will
outperform the statistical approaches. In particular, the LSTM network is expected
to provide the superior results as it is well suited for time sequence problems. In
experiment (3) it is expected that the forecasting accuracy improves quite drastically
when holidays are removed from the data set. Furthermore, it is highly plausible that
experiment (2) will further improve the results when considering spatial correlations.
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