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Abstract

In this thesis, two different types of bus passengers are identified. These two types, namely
current passengers and passengers-to-be have different needs in terms of arrival time pre-
dictions. A set of machine learning models based on recurrent neural networks and long
short-term memory units were developed to meet these needs. Furthermore, bus data from
the public transport in Ostergotland county, Sweden, were collected and used for training
new machine learning models. These new models are compared with the current predic-
tion system that is used today to provide passengers with arrival time information.

The models proposed in this thesis uses a sequence of time steps as input and the ob-
served arrival time as output. Each input time step contains information about the current
state such as the time of arrival, the departure time from the very first stop and the current
position in Cartesian coordinates. The targeted value for each input is the arrival time at
the next time step. To predict the rest of the trip, the prediction for the next step is simply
used as input in the next time step.

The result shows that the proposed models can improve the mean absolute error per
stop between 7.2% to 40.9% compared to the system used today on all eight routes tested.
Furthermore, the choice of loss function introduces models that can meet the identified
passengers need by trading average prediction accuracy for a certainty that predictions do
not overestimate or underestimate the target time in approximately 95% of the cases.
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Introduction

Public transport is and will be an important part of modern cities. More and more people
move to densely populated areas and reliable, accurate public transport is something that
benefit us all.

In 2018, approximately 1.6 billion boardings were made in the regional line traffic in Swe-
den [1]. These boardings include transport by bus, train, tram and ship. The bus was the
most used means of transport and accounted for about 52% of all boardings. People use
public transport to get to work, school and leisure activities, making it an important part of
society from economic, environmental and social perspectives.

Ostgotatrafiken AB (OT) is responsible for the public transport in Ostergotland county,
Sweden. They want to provide an easy, comfortable and reliable alternative to taking the
car. One step in that direction is to provide accurate information about the estimated time of
arrival for their means of transportation.

Recent work shows that Machine Learning (ML) approaches can predict arrival times for
buses with promising results [2] [3] [4]. OTs buses are equipped with a 1 Hz GPS transmitter
that can be tracked in real-time trough an interactive map [5]. This data can be used as a
basis for learning to predict the arrival time at various bus stops. Pang et. al [3] showed that
a recurrent neural network (RNN) with a long short-term memory (LSTM) block together
with static information about the world and GPS data, can predict arrival times with higher
accuracy than previous methods, even for several bus stop s ahead of the current one. They
used GPS data with ~0.033 Hz from buses in Beijing.

In this thesis we propose an ML approach to arrival time prediction for OT which per-
forms better on multiple accounts compared to the current prediction system in use by OT.

1.1 Motivation

There are some aspects that are interesting to take into consideration regarding public trans-
portation today and in the future. For instance, Sassen [6] describes that urbanization looks
different in different parts of the world, but the general trend is the same. People move to
denser areas which will put demands on smart transport solutions in our cities to cope with
the increasing concentration of people. There are also environmental reasons for making the
public way of travelling more attractive. Public transport is a good way to reduce emissions
of fossil fuels compared to individual car journeys. A recent study [7]] shows that the service

1



1.2. Aim

quality has a direct effect on peoples intention to utilize public transport. Waiting time is
identified as one of the most valued variable in determining the quality of service [8]], and
good arrival time predictions will facilitate the planning of the trip for travellers.

What a good arrival time prediction is depends on the situation. For instance, passengers
already on board a bus might be interested in a prediction closer to the worst case. Such
predictions can give a time of when the passengers reach their destination at the latest, so
that the plans after the arrival can be adjusted accordingly. People who are planning to go by
a bus on the other hand, might be interested in a prediction that does not overestimate the
time until departure to prevent being abandoned at the bus stop. Also, being too conservative
with the arrival time predictions at bus stops risk causing people to wait unnecessarily long.
Today, OT base their arrival time predictions on statistical models from historical data. More
data, available in real-time, and progress in the ML research area opens up for improvements
and new approaches to the problem of arrival time predictions for buses.

This thesis has been conducted with Attentec in collaboration with OT. Attentec is a con-
sultant firm specialized on new technology in the domains of internet of things and streaming
media. Attentec’s interest in problem solving with modern techniques align well with OTs
need to provide better arrival time predictions.

1.2 Aim

The goal of this thesis is to study how better arrival time predictions can be made compared
to existing systems by using modern techniques and recent progress in the field of machine
learning. It includes and requires investigating what better arrival time predictions actually
means and for whom.

1.3 Research questions

Considering the aim of the thesis and the current research in ML in general and arrival time
predictions for buses using ML techniques in particular, the following set of research ques-
tions are studied in this thesis.

1. How well can a recurrent neural network model predict arrival times compared to the
existing prediction system used by Ostgotatrafiken?

2. What cost functions and validations are suitable for arrival time predictions?

3. The current passenger and the passenger-to-be have different needs in terms of predic-
tions. How can this be facilitated?

1.4 Delimitations

The answers to the research questions might be delimited to external factors that ultimately
influences the results. This is the section where such delimitations should be discussed. One
such delimiting factor is the time span of the dataset, which only includes approximately
two months of the whole year. Analysis made on this dataset will therefore not capture how
the prediction system performs with respect to seasonal events, such as vacations during the
summer or the first heavy snowfall of the year.

Eight routes were selected as a result of the discussions with OT to span a variety of highly
interesting settings. The results in this thesis is based solely on these eight, which may limit
the scope of the conclusions.



Background

Arrival time predictions using learning techniques is an ongoing research area, and there are
different ways to approach the problem. The purpose of this chapter is to provide context
and definitions to important concepts related to the research questions.

2.1 Arrival time predictions

Predicting when a bus will be at a certain location is a severe task because of the many
stochastic variables involved and their complex relations. Weather, traffic intensity, road
work, accidents, intersections and the number of passengers are some examples of factors
that can affect how long it takes to reach a destination. It can be reasonably assumed that the
arrival time is the output from a function with the affecting variables as input. Yu et al. [9]
describes how a support vector machine (SVM) regression model could be used to predict
arrival times for buses in Hong Kong back in 2011. The authors used travel times together
with weather data as a basis for their model.

SVMs are not able to fit a non-linear function unless the kernel trick [10] is introduced as
shown by Boser, Guyon and Vapnik [11]. One problem with their model is the scaling ability
to large problems, since the kernel matrix grows quadratically with the number of training
samples [12].

Models based on historical data are not very adaptive, and unexpected events in traf-
fic can not be taken into consideration by models based on historical events. One idea to
overcome this problem is to weigh in the current state of the world in the prediction. Zhou,
Zheng, and Li [13] used data from mobile phone application users connected to their predic-
tion system in order to gain information about the worlds current state, and combined it with
historical information. To overcome the problem of the prediction system being dependent
on active, travelling users, Gong, Liu, and Zhang [14] utilized an automatic vehicle location
(AVL) system with global positioning system (GPS) data as a basis for their three proposed
models.

AVL data makes it possible to build models based on measured historical conditions. An
alternative approach is to use simulations as a basis for prediction models. For instance, Ben-
Akiva et al. [15] proposed such a prediction system back in 1998. However, models based on
historical data have become the more popular alternative, where particularly deep learning
models have shown promising results [16].



2.2. Linear regression

In this thesis, a regression approach toward the problem is taken. Particularly, a variant of
Neural Networks (NNs) is used to capture long-range dependencies over time, namely Recur-
rent Neural Networks (RNN). The RNN model will be approached in this chapter by starting
to examine the concept of linear regression.

There are mainly two reasons for why NN are of interest to this thesis. The first one is the
previous success in multi-step ahead prediction (MSAP) models for arrival time predictions
in the past. Chien, Ding, and Wei [17]] proposed two models back in 2002 based on NNs where
one model accumulates the travel times throughout the trip while the other method only con-
sidered data between two consecutive stops. Another study on a transit bus route in Houston
by Jeong and Rilett [18] suggests that the NN model outperformed the multi-variable linear
regression approach as well as using a simple historical average approach. In a more recent
study, Chen [19] proposes an approach where several NNs is randomly trained with promis-
ing results, indicating that the NN are still indeed useful in this domain. The second reason
for why NN are of interest to this thesis is that it is a good basis for understanding RNNs as
well as the variant of RNNs that eventually became the basis for the models in this thesis.

2.2 Linear regression

One way to approach NNs and understand them, as suggested by Goodfellow, Bengio and
Courville [20], is to start off by considering linear models such as linear regression. This sec-
tion intends to follow that approach by providing sufficient background on linear regression
so that the limitations as well as ways to overcome them becomes evident.

Linear regression aims to solve a regression problem, such that a system is able to produce
a scalar prediction § € R on the output y € IR, given the vector of input features x € R". Each
individual feature is associated with a weight w so that the influence or importance of that
particular feature could be adjusted. For instance, the weight w; could be a positive number,
suggesting that a large value of the feature x; would increase the final prediction. Similarly,
a negative value reduces the prediction for larger values of the feature. A value close to zero
for w; would reduce the importance of the feature x; [20]. This is how the importance and
influence of features are adjusted. The problem now is to decide the values of the weights
that gives the best result, which will be examined later on. For now, the output could be
defined as

y=w/x+b. (2.1)

As anticipated based on the task of predicting y, the prediction is expressed by § = w’x + b.
The bias term b introduces the possibility for the model to skip passing the line trough the
origin [20]. Note that bias in this case refers to the model being biased towards b when no
input is present as opposed to the statistical interpretation of the bias term.

Now, Bishop [21] suggests that the simplest linear regression model is the one modelling
the input variables as a linear combination of the inputs expressed by

y(x, W) = wg + w1xq + ... + WXy (2.2)

where x and w is the n-dimensional vectors previously described. The parameter wy is
the equivalent of b in Equation Bishop [21] further describes the linear combina-
tion of the adjustable weights w as the most important property of the linear regression
model. This implies that the model is a linear combination of the input variables x as well.
This linearity could however be expressed through a non-linear basis function ®(x), where
® = (¢o,...,¢n—1)T and N is the number of parameters in the model. If a non-linear basis
function is used, the function y(x, w) becomes non-linear to the input while the linearity in w
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remains. Equation [2.3illustrates how y(x, w) is expressed using a basis function. Note that
wy is not present in the equation and the bias is instead handled by defining ¢g = 1.

N-1

y(x,w) = Z wipi(x;) = wl D (x) (2.3)
i=0

There are some alternatives when it comes to choosing a suitable basis function. As an exam-
ple, Bishop [21] describes a basis function termed the Gaussian basis function defined as

)2
i) = exp(~ OB @4

where p is a vector with points in the feature space with ¢ adjusting their scale.

Recall that the weight vector is a crucial part of the model. In theory, the weights should
steer the input to the target output. This is were the learning part of the algorithm is in-
troduced. First of all, some kind of penalty, loss or cost function should be defined so that
each prediction could be evaluated towards the target output, and there are a few alterna-
tives. Goodfellow, Bengio and Courville [20] suggests mean squared error (MSE) defined by
Equation [2.5|for n predictions.

MSE — Zzn:l(]/ri —9i)? (2.5)

The cost of the model should be minimized. Since MSE now represents the cost and evaluates
the model, the goal now is to maximize the performance of the model by minimizing the cost
function. Recall that 7 can be expressed similar to Equation which means that the MSE
can be rewritten as in Equation [2.6]

MSE = ie1 (i — (WTe(x:)) 2.6)
n

The reason for rewriting MSE is to end up with an equation for which MSE could be mini-
mized with respect to w and b. One way to do so is to solve the gradient for zero with respect
to w and b [20] if all the points are present at the time of evaluation. Alternatively, n points at
a time is considered, creating a continuous stream called sequential learning. The weights are
then updated step by step with a method called stochastic gradient decent (SGD) [21]

w(™) = w(® — 4y VMSE, 2.7)

where T denoted the iteration and 7 the learning rate. Note that this works for other cost
functions satisfying the requirements even though MSE is specified in Equation SGD is
explained and used further in this chapter so let us consider how the MSE could be minimized
by solving the partial derivatives equal to zero with respect to w and b as in Equation 2.8}

OMSE _ OMSE _

ow - b 0 (2.8)

Solving Equation 2.8|for w and b results in Equation 2.9/and Equation respectively. The

bar in the equations denotes the mean value. Thus, ¥ = xﬁnﬂ and 7 = w Similarly,
— 2 2
the notation xy = w and x2 = w for n points.
T — %7
w= Y"1 2.9)
x% — ()2
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b= ws (2.10)

The weight and bias could then directly be calculated for a set of input and targeted output
data.

To make it concrete, consider the simple linear regression example with one assumed
independent variable x in Figure Figure depicts the data used in this example. The
data is randomly divided into two sets, namely train and test. The train set consists of 75%
of the data points while the remaining 25% of the points is considered to be test points. The
purpose of creating two different sets is to be able to test how well the model performs on
previously unseen data or in other words, how good the model generalizes [21].

Figure illustrates a linear regression model using the following basis function

pi(x) = x' 2.11)

withi = 0and i = 1, creating a constant and a first order polynomial, respectively. Intuitively
the first degree polynomial is better to capture the pattern in the data which also is confirmed
by the R? score. R? is a useful statistical measure for measuring how close the fitted regression
line is to the data [22] defined as

n A \2
R2(y, ) = 1 — 2i=1 (Vi = ¥i) 212
v.9) i (i —7i)? 212

<

Il
S| =
VMS

Yi- (2.13)
1

Not surprisingly, the first degree polynomial fits the data much better than the constant ac-
cording to the R? score.

@ Train points oo Se m— Degree 1, RZ,, = 0.95, RZ, = 0.92
el % Test points e PO == = Degree 0, RZ,, = 0.0, R = -0.16
1 o ° ree 7 s
x © ° 81 @ Train points e o °
% x  Test points X
x
6 00 ® 61
% o
> X >
. x o X®
o® ° 4
e L
x
2 X o
2
o0 ®
0, x
ol @ ol ©
2 4 6 8 10 12 0 2 4 6 8 10 12
x x
(a) Training and test data for the example. (b) Fitted on the training data.

Figure 2.1: Linear regression with made up data.

The tiny fluctuation present in the data could perhaps be captured even better with greater
polynomials utilizing the same basis function as in Equation It appears that a poly-
nomial of degree four perhaps could capture the two oscillations quite well. Recall that the
model still is based on linear regression while the input is expressed as all polynomial combi-
nations up to a specified degree. Let us as an experiment and to test the hypothesis, express
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the input data as all polynomial combinations up to a few interesting polynomials. The re-
sult is illustrated in Figure [2.2) where the train data is visible to the left in Figure while
the test data is present on the right hand side in Figure[2.2b] As expected, the polynomial of
fourth degree is able to fit both the train and test data best of the variants considered, closely
followed by the third degree polynomial.
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(a) Train data visible. (b) Test data visible.

Figure 2.2: Linear regression with the input expressed as all polynomial combinations to
different degrees.

Before moving the focus towards NNs one more important phenomena present in the exam-
ple is worth to mention. One of the goals with machine learning is to generalize and perform
well on previously unseen data [20]]. For that purpose, the dataset was divided into a training
set and a test set. Now, if the model performs poorly on the training data, just as the constant
line in Figure[2.1b} the model is said to be underfitted and is not able to capture the patterns in
the data. Furthermore, if the performance on the train data is fine while the test data is poor,
the model is overfitted. It means that the model is too heavily biased toward the training data
that it will perform bad on new data [20]. Both underfitting and overfitting is important to be
aware of so that the model is able to learn something without just becoming an expert on pre-
dicting already seen data. Commonly, the training set consist of about 80% of all data while
the test set holds the remaining 20% [20]. Thus, the model can observe an gain experience
from around 80% of the available data.

2.3 Neural Networks

By starting to consider linear regression, a handful of useful concepts in machine learning
were taken up along the way. This section about NNs builds on that previous knowledge.

The term NN is broad and covers a wide set of models [21]. However, the most typical
set of NN models is called deep feedforward networks or multilevel perceptions (MLPs). They are
called feedforward since the information flow goes from a certain input x, through intermedi-
ate computations to the target output y without feeding output back to itself [20]. Networks
with feedback on the other hand is included in the concept of RNNs and is further described
in section.2.4]

In the previous section where linear regression was considered, it was stated that the
model were limited to functions as linear combinations of the input. The non-linear basis
function makes the regression model non-linear. However, the model is still linear in the
model parameters. Another problem is that a linear regression model can not recognize in-
teraction between two input variables [20]. In order to represent linear models as non-linear
functions of x, Goodfellow, Bengio and Courville [20] describes two approaches. The first

7
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one is similar to what was presented previously using a transformed input ®(x). The sec-
ond equivalent way is apply the kernel method [21] to gain the non-linearity for our learning
algorithm where the ® mapping is implicit. Now, the challenge is to figure out how the map-
ping ® should be done. One way is to use a very generic ® of high dimension so that there
are enough parameters to fit a function against all points in the training data. However, this
approach turned out to cause problems with generalization as shown in section2.2] Another
idea is to let humans engineer a good mapping which was the dominant approach before
deep learning. It turns out that finding a suitable mapping ® is domain specific and requires a
lot of work in each domain. Instead, the idea of deep learning is to learn using a very flexible
class of @ [20].

Recall from section 2.2]that Equation [2.3]describes how the linear regression model could
utilize a non-linear basis function ®(x). Now, the aim is to extend that equation so that the
basis function contains adjustable parameters together with the already adjustable weights.
The values of these parameters and the weights will be decided during the training stage later
on [21]]. Equation [2.14] describes the first step in a NN which is the M linear combinations of

the inputs x4, ..., xy for j = 1,.., M. The weights in the first layer is denoted as w](ll ) and the
(1)

biases as wj,’. The result from Equation [2.14/is passed through a function and then propa-

gated forward and used as input. This can be thought of as layers, since the methodology
repeats itself all the way to the last layer where the output is produced. The number of layers
is dependent on the type of problem. For instance, only two layers are necessary if the input
is linearly separable. However, the NN could easily be extended with another layer which
introduces the possibility to capture non-linear patterns.

a; = ; wix; + wly (2.14)

The result from Equation is called activation and is passed through a non-linear activation
function ¢ show in Equation to create the output from the hidden units.

h] = (p(ll]) (2.15)

Similarly, the output from the hidden units is passed to the next, second layer of the network
to once again create linear combinations as described by

M
=" w}j)z]- +wl). (2.16)
j=1

This time, the variable k refers to the total number of outputs, such that k = 1,...,K. The
(2) (2)

weights and biases in this second layer is denoted by w; j and w,,’, respectively. The activa-
tion function ¢ in the regression case is usually the following identity

Yk = (2.17)

so that values can be unbounded throughout the network [21].

Figure 2.3 depicts an NN structure, with three dimensional input, one hidden layer and
one output layer with one output to give an intuition of how a NN architecture could look
like.



2.3. Neural Networks

Figure 2.3: Example of a feedforward NN with one hidden layer. n=2, M =3 and K=1.

Furthermore, the technique to introduce en extra input to represent the bias could be used
here once again. Therefore, xg = 1 is defined and Equation is then rewritten to

aj = Z w](.il)xi. (2.18)
i=0

So far, the idea behind NNs has been addressed as well as the over all structure. The next
challenge is to find values for the parameters and weights introduced in the network that
minimizes the cost function. A popular method for doing so is SGD [20]. In fact, the authors
states that SGD is the most common optimization algorithm in deep learning. SGD uses the
gradient to learn weights by using the chain rule [23]. Expressing the gradient mathematically
is relatively straight forward, as also shown below. Neverthelss, evaluating the terms can be
computationally demanding. The backpropagation algorithm [24] solves this issue by an
efficient, iterative and recurrent approach.

An alternative algorithm to SGD is Adam. Adam is also a stochastic gradient based op-
timizer proposed by Kingma and Ba [25]. The algorithm has proven to be effective and is
essentially a combination of the algorithms Adagrad [26] and RMSProp [27]. Adam utilizes
a fixed size moving window of past gradients to calculate an exponential moving average,
reducing the impact of older gradients step by step. Reddi, Kale and Kumar [28] identified
a problem with undesirable convergences for algorithms similar to Adam and proposed a
solution where they introduced a long-term memory part to overcome the problem.

In summary, an optimizer utilizes the gradient calculated with the backprogation algo-
rithm to minimize the objective function. The objective function could be a loss function of
any sort and the error is accumulated for every point in the training set [21] as shown by

Equation [2.T9]

L(w) =) Ly(w) (2.19)

r=1

Furthermore, each activation or input a; is a weighted sum as described by Equation
l/'l]‘ = Z wﬁhi (2.20)
i

The goal now is to derive the loss L for weight wj; in the first and second layer. Recall that
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the loss is only dependent on the weight through 4; and the hidden unit j. This is where the
chain rule is applied, resulting in Equation[2.21]

oL, 0L, 0aj
=1 (2.21)
awﬁ atl] Ow]'i

For the reason of simplicity the following notation in Equation is introduced since they
will be helpful later. The variable z; is the input or activation that is sent to the hidden unit ;.
Recall that the activation function in the case of regression is linear.

(911]-
" 2.22
o (2.22)

1™ Ja:

da;

Equation can now be rewritten with the help of Equation to
aLr

— =0iz;. 2.23
o =0 (2.23)

Now, each §; unit is dependent on k units in the next layer which means that the following
expression describes how §; will be calculated for unit j given the k units in the next layer
which results in the formula for backpropagation.

(7Lr o“ak /
o = Zk: o a7 (ﬂj)zklwkﬁk (2.24)

Thus, the final expression for adjusting the weights in the example from Figure 2.3l with two
layers is

oL,

o'V — o

e (2.25)
oL _ Oz .
O

6wkj

Finally, the gradient of the objective function can be efficiently [21] evaluated using the back-
progation algorithm so that the gradient can be used in an optimizer to minimize the loss.

2.4 Recurrent Neural Networks

A RNN s a variant of NN, introducing a neat way of handling time series data and learn long-
term dependencies [29]. Variants of RNNs has proven to work well in applications such as
speech recognition [30] [31], human action recognition [32] and predicting short-term traffic
flow [33]. However, learning long-term dependencies using gradient has been empirically
shown to be a difficult task [34]. The gradient either grow or shrink at each time step, causing
the gradient to either explode or vanish while propagating several time steps [29]. To facilitate
the learning and overcome the problem with the gradient, Hochreiter and Schmidhuber [35]
proposed the long short-term memory (LSTM) design back in 1997. In a traditional NN,
each input feature has its separate, own parameters so there is no concept of time or memory
between the input samples. A RNN on the other hand shares the weights across several
time steps [20]. In fact, a RNN can map the entire history of previous input sequences to
each output compared to a NN which maps an input to an output without remembering
calculations from previous inputs. Remembering calculations refers to the internal state kept

10
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by a RNN which introduces the ‘'memory’ of previous inputs which can affect the output of
the network [36]. Figure illustrates a standard [36] RNN unrolled in time, meaning that
each individual node is associated with a time step [20]. The input vector at time step ¢ is
denoted as x(*) while U, V and W are weight matrices. The hidden state in the network at
time t is expressed as h(*). Similarly, o(*) is the output at time t. Finally, the bias vector is
denoted as b.

V
4
. :} Unfold W} B w Ko ’W, h(z+1)__,I_/K
5

Figure 2.4: An unfolded RNN.

As illustrated in Figure the hidden state depends on the current input step as well as the
hidden state from the previous time step. This is expressed by

a) = Ux) + wh(=1 1 p (2.26)

where a(®) is passed though an activation function f to acquire 1) such that

h®) = f(a"). (2.27)

Goodfellow, Bengio and Courville [20] suggest the hyperbolic tangent as activation function,
but this can of course be any suitable activation function. For instance, Pang et al. [3] utilized
the sigmoid function hyperbolic tangent in their model. The sigmoid function is expressed in

Equation and the hyperbolic tangent in Figure

1
)=o) = = (228)
eX _ X
) = tanh(x) = (S 229)
The output value o() at step ¢ is described by
o) = vh®) 4 ¢ (2.30)

where c is the bias vector. The output vector could be fed to a softmax function if the task is to
output a vector of normalized probabilities or be used directly §(*) = o). An interesting note
is that a RNN uses the same weight matrices U, V and W for all time steps. This means that

11
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the difference between two time steps is the input and the hidden state. The same weights
are applied which keeps the number of parameters the the model needs to learn low.

The structure of the RNN in Figure [2.4) produces an output at each time step. However,
there are alternatives to this approach. For example, the output at time step ¢ could be shared
with the hidden state at t + 1. The correlation between the number of inputs and outputs
can also be adjusted to suite a specific problem. The examples below are divided into three
common approaches [20].

* Many-to-many Similar to what is illustrated in Figure A new input vector is fed at
each time step producing a corresponding output.

* Many-to-one This approach takes several time steps before an output is produced.

* One-to-many One input step results in several outputs.

Training a RNN is similar to training a NN. The loss function L) is accumulated across the
time steps as described by Equation [2.31]

I — Z L (y(i),y(i)) (2.31)

Recall that the weights and biases are shared across all time steps so that the gradient has to be
calculated for each time step. This algorithm is called backpropagation through time (BPTT) [37]
and is relatively straight forward to apply in a RNN [20].

2.4.1 Long short-term memory

As previously described, LSTM recurrent networks are special variants of RNNs. LSTMs
and gated recurrent units (GRUs) [38] are both approaches for creating sequential models
without suffering from an exploding or vanishing gradient [20]. Figure[2.5]is a block diagram
of a LSTM unit which replaces the hidden unit /() in an ordinary RNN.

h(t—l) , c(t—l) h(t+1) , c(t+1)

h(l)

Figure 2.5: Block diagram of a LSTM unit.

12
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Now, for a training set x = {(x(!),y)), .., (x(7),y(D)} where t = 1, ..., 7. Let x(*) and y{*) be
input and targeted output vectors at time ¢, respectively. The forward propagating equation
for the forget gate fi(t) is defined as

7O = U(Uf MO wfh(tfl) n b{ ), (2.32)

for time step f at LSTM unit i. The subscript i is useful for specifying the LSTM unit in a deep
LSTM architecture where several hidden layers are stacked. A good example of deep RNNs
is proposed by Graves, Mohamed and Hinton [31], where they used a stack of two hidden
layers for speech recognition purposes.

The forget gate was introduced by Gers, Schmidhuber and Cummins [39] as an addition
to the standard LSTM architecture with a huge success [20]]. The input weight matrix for the
forget gate is denoted as U/ and the weight matrix for the recurrent weights is represented as
w/. Finally, b/ is the bias for the forget gate. Equation is also visible in Figure where
italso is described that the input vector x*) at time t forms a sum with the hidden layer vector
h(*=1), the bias and of course, the corresponding weights. Furthermore, the forget gate feeds
the most important component [20], the cell state ct), with a value between 0 and 1 because
of the sigmoid function. The cell state ¢(®) is a sum of two element wise matrix products
calculated as

(= od™+il" © tanh(UXYD + Win=D 4 1) (233)

with the matrices U and W as input weights and recurrent weights to the LSTM unit, respec-

tively. The bias to the LSTM cell is denoted by b, as expected. Note that il(t) is another gate
named the input gate. The input gate is calculated similar to the forget gate but with its own
parameters as presented by Equation

iz(t) — (T(fo(t) + Wéh(t—l) + b;) (2.34)

The hidden state is propagated through the output gate 6(*) which once again utilizes its own
parameters U?, WP and b?. The output gate is calculated by

51@ — (T(U?x(t) 4 W?h(tfl) + b?). (2.35)

Thus, the hidden state for time step f is expressed as

hY =6 @ tanh(c"). (2.36)

i i
Finally, the output o' is calculated by

o = voh(t) 4 p° (2.37)

RNNs with LSTM units can take many different forms. For instance, a recent paper authored
by Peters et al. [40] suggests that a bidirectional LSTM network performs well in the context
of word representation. One reason behind the success is that networks based on L5TM have
shown to learn long-term dependencies [35] and challenging sequence processing tasks [41]
better than ordinary RNNs [20]. This makes models based on LSTM units an attractive alter-
native to evaluate and test for problems of similar nature.

13
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2.4.2 Weights and bias initialization

A crucial part in terms of performance in a RNN is to initiate the weight matrices and the
bias properly. The approach used by Pang et al. [3] is based on a common idea expressed by
Glorot and Bengio [42]. The idea is to draw sampled from a truncated Gaussian distribution
centred around zero, where the standard deviation is expressed in Equation [2.38] where N,
and Ny is number of input and output units to the neuron, respectively.

/ 2
g = _— 2.38
Nin + Nout ( )

Similarly, He et al. [43] proposes an idea with a slightly different standard deviation described

in Equation

(2.39)

2.5 Regularization

Recall that a core problem in machine learning is to make the models perform well on pre-
viously unseen data. Regularization refers to modifications made to the learning algorithm
with the intention to reduce the generalization error. [20].

A common strategy to avoid overfitting is to apply early stopping. Early stopping is a
technique where the training and test error is observed during training. In the normal case,
both errors initially decreases during the training phase. However, instead of iterating the
training data until the error on the training data has converged, early stopping stops the
iteration when the observed test error has worsened for the last p times. The parameter with
the lowest test error is kept and return by the time early stopping kicks in instead of returning
the parameters that happened to be there at the end of the iterations.

Another powerful regularization method is dropout which has been successfully applied
to LSTM units in two ways by Gal and Ghahramani [44]. Dropout was proposed as a tech-
nique for reducing overfitting by Srivastava et al. [45] by randomly dropping out units in the
network. This breaks co-adoptions in the network during the training phase since no unit is
taken for granted. Another point of view is to think that dropout trains several models con-
sisting of sub networks [20]. One way to apply dropout to LSTM networks as described by
Gal and Ghahramani, is to apply it to the inputs and /or the outputs. The other approach is to
apply dropout to the connection between the LSTM units, meaning that connections between
time steps is randomly broken.

2.6 Gaussian processes

Another regression approach with promising results [46] [47] is based on a Gaussian pro-
cesses (GPs) [48], which is a Bayesian non-parametric approach to model distributions over
functions. An appealing feature of GPs is the fact that they naturally capture uncertainty of
the model since they produce a distribution for the targeted value rather than a solitary value
which a standard NN does, for instance. Uncertainty could however be captured in NN type
models by utilizing dropout as a Bayesian approximation [49]. Rasmussen [48] describes
how a function f is distributed as a GP where f constitutes of a mean function m(x) and a
covariance function k(x, x") such that

f~GP(m(-),k(-,-))- (2:40)
Given that there is enough prior information on a given dataset the process of choosing suit-
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able functions m(x) and k(x, x’) is straight forward. This is not the typical case in machine
learning in general or GP regression in particular which means that there must be a way of
choosing suitable functions. This choosing process is referred to as training the GP model.
However, if there is a situation where prior knowledge is present it is convenient to code
in that knowledge by picking a covariance function that matches the needs [48]. The prior
knowledge is typically encoded in the structure of the kernels by for instance, combining dif-
ferent kernels by a sum or a multiplication. There are still parameters to learn even when
domain knowledge is present.

Rasmussen [48] describes some common covariance functions and their attributes. It is
interesting to consider a few of them to get an idea of how they work. For instance, the
squared exponential covariance function is defined as

x —x']?

) (2.41)

k(x,x") = exp(—

where / is the characteristic length-scale parameter of the GP, adjusting when two points x and
x" influences each other. A GP using the squared exponential covariance function is very
smooth since the covariance function has mean squared derivatives of all orders. Further-
more, yet another covariance function described by Rasmussen [48] is the rational quadratic
which is defined by Equation2.42]with a, £ > 0.

jx — x|

N —
k(x,x") = (1+ 5l

)—w (2.42)

The rational quadratic covariance function can be views as an abstraction of the squared
exponential function in a way that the rational quadratic add together many different squared
exponential functions of different length ¢. In fact, infinite many [48].

The two covariance functions presented here is perhaps a starting point for discovering
more sophisticated functions with other attributes. Some which are periodic, locally periodic,
linear or constant. There are of course more details to explore here where kernel also could
be combined by for instance addition or multiplication. However, the purpose of this section
is to introduce a highly feasible alternative approach for solving regression problems.

2.7 Evaluation techniques

In order to evaluate how regression models perform, some evaluation techniques are needed.
One interesting aspect to look at is how far away the predictions are from the true targets, on
average. Let the i-th observed value be denoted by y;, and the corresponding predicted value
by #;. The mean squared error (MSE) is then defined as

n )2
MSE(y,g) = 2i=1Wi — Y0 (ynl i) (2.43)

where 7 is the number of samples. Commonly, the root mean square error is used, which

expressed by
n . 17:)2
RMSE(y, §) = «/W = /MSE(y, 7). (2.44)

Willmott and Matsuura [50] suggested that RMSE should not be used because of the inap-
propriate representation of the average error. Instead, they suggest that the mean absolute
error (MAE), calculated with equation is a more natural representation of the average
error. However, Chai and Draxler [51] showed that RMSE can be more suitable than MAE

15



2.7. Evaluation techniques

in, for instance, the case where the error distribution is expected to be Gaussian. They also
proposed that a combination of several metrics, including RMSE and MAE should be used.

n PR— A.
MAE(]/,?) _ Zi:l |Zz y1| (2'45)
Furthermore, the mean absolute percentage error (MAPE), defined as

S, (B
n

MAPE(y,9) = 100% (2.46)

is yet another suitable metric for evaluating the quality of regression models [52].
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Data

This chapter introduces the data source used in this thesis. A good understanding of the
possibilities and limitations of the data is essential for conducting good analyzes.

Currently, OT has a system that collects AVL data, which essentially contain GPS infor-
mation about the position of the vehicle as described in chapter[2] This data is processed and
the resulting information is provided through the Nordic Public Transport Interface Standard
(NOPTIS) [53]. This information is then used by other local systems such as travel planners.
It is also used by the organization Trafiklab [54], which transform part of the available infor-
mation into the General Transit Feed Specification (GTFS) and GTFS Realtime (GTFS-RT) [55]
formats. They provide application programming interfaces (APIs) for a set of public trans-
port agencies in Sweden, including OT. Figure 3.1|depicts an overview of how the data flow
works. The data is transmitted with the internet protocol UDP, suggesting that some data
might get lost due to interference in the transmission.

Vehicle positions are updated approximately every second. Trip updates and service
alerts are updated around every 15 seconds, while the GTFS feed is updated on a daily basis.
Every update is a full version of the current state including the location of all vehicles and
status of all trips being active at the very moment of the update.

4
™
I ) (GD) ~1's
\) ) i —> Vehicle positions
g
~15s .
Trip updates
. oT —APIH Trafiklab ~API 15
() ~1o8 Service alerts ‘
o > TTUAVL >' B ~24 H
—> GTFS

Figure 3.1: Overview of the data flow. Each bus is equipped with a GPS transmitter esti-
mating the current position. This information along with calculated arrival, departure and
prognosis-information from OT is automatically propagated to Trafiklab, which in turn make
the information available through a set of APIs.
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3.1 GTFS

The GTFS format is a format developed by Google [56] and defines a way to express public
transport information such as schedules and geographic information. A GTFS feed consists of
a set of text files, where each text file encapsulate pieces of information separated by commas.
The following text files are available at Trafiklab:

® agency.txt

e calendar.txt

e calendar_dates.txt
e feed_info.txt

* routes.txt

* shapes.txt

® stops.txt

¢ stop_times.txt

e transfers.txt

* trips.txt

Figure [3.2]is a simplified schema over the relation between the individual files in the GTFS
feed. Foreign keys correspond to id’s that are used to identify an entry in a separate file.

calendar.txt agency.txt <€—— routes.txt transfers.txt —>  stops.txt

feed info.txt T T T

calendar da-
tes.txt

shapes.txt €—— trips.txt < stop_times.txt

Foreign key
_—

Figure 3.2: Simplified schema of the relations between individual files in the GTFS feed
available at Trafiklab.

The file feed_info.txt contains information about the GTFS feed itself and can be used to
determine whether the feed has been updated or not. Thus, data can conveniently be request
only after an update has been made to the feed.
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3.2 GTFS Realtime

In addition to the static traffic information provided by GTFS, GTFS-RT is an extension for
communicating traffic information in realtime. GTFS-RT consists of three main components
and supports information flows about trip updates, vehicle positions and service alerts.

Trip updates contain information regarding delays, changes in routes and cancellations.
The delay parameter can be speculative for future stops, i.e. a prediction, or represent the dif-
ference between the scheduled and actual arrival time for past stops. Vehicle positions on the
other hand contain the GPS coordinate information from the GPS devices onboard the buses.
Service alerts are used when there are disruptions in the traffic system. A traffic controller can
create service alerts messages with textual information about the problem. Ordinary delays
or cancellations is communicated through trip updates.

The GTFS-RT feed from OT is available through Trafiklab [54] via the protocol buffer [57]
file format which aims to be smaller, simpler and faster than ordinary XML. The data used
in this thesis was collected using the protocol buffer format and a third party library [58] for
reasons of performance and to facilitate the interpretation of the file content. Later on, the
content of the files were organized into a document oriented database. The database sorted
the information by trip and date which facilitates information retrieval since the data of a trip
is no longer spread out over a large number of files.

3.3 Stops

The geographic information of the stop locations can be extracted from the static GTFS feed,
and Figure illustrates all stop locations that OT operates. A stop is divided into three
categories. An ordinary stop, a station or a station entrance or exit. A station can consist of
one or more ordinary stops, and the station is a parent to the stops that belongs to the station.
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Figure 3.3: Illustration over the bus stop locations. Each red circle corresponds to a geo-
graphic location labelled as a type of stop. A stop in this figure is included in or several
means of transport, including bus, train, tram, or boat.

19



3.4. Trips

3.3.1 Timed stops

Recall that timed stops are stops for which the bus driver can not depart earlier than sched-
uled. They are stops of certain importance to keep a good traffic flow. The bus driver has to
wait for the departure time if the bus has arrived at a timed stop earlier than the timetable
indicates. It is therefore interesting to consider them in an analyzes since they perhaps can ex-
plain certain patterns in the data. For instance, they might be the reason why buses arriving
early end up in the same phase, complying with the timetable at the same time. Also, arriving
early to a timed stop does not necessarily have dull consequences for passengers-to-be if the
driver complies with the regulations while some passengers can be pleased about arriving a
bit earlier than planned if that particular timed stop is their final stop.

3.4 Trips

A trip in this thesis refers to a concrete instance of a bus journey from the first bus stop to
the very last one. More formally, a trip is a sequence of two or more stops (s = 1,...,S), that
follows the same predefined schedule. The arrival and departure times for the sequence of S
stops is denoted by the vectors defined in Equation 3.1a]and respectively.

a=(ap,..,4as) (3.1a)
d=(dy,..ds 1) (3.1b)

Thus, trip = [a,d, S] which is a triple with arrival and departure times for stops on the trip.
The first stop on a trip is only associated with a departure time because of the relevance to
the passengers. Similarly, only the departure time for the stop S — 1 is considered.

Figure 3.4illustrates the planned trajectory of a typical trip. This particular trip goes from
a major city to another one in the dataset, namely from Linkoping to Norrkoping. The trip
visits seven stops in the first city, then goes along a main road to reach the remaining seven
stops in the second city.
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Figure 3.4: Visualization of a trip. The blue line represents the planned trajectory. The red
and green circles are stops on the trip where red circles represents timed stops.
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3.4. Trips

So far, the static properties of trips have been investigated. The dataset contains information
about the actual arrival and departure times for all trips. As previously described, the arrival
and departure times at stops are continuously updated in the trip updates feed. A trip update
with the uncertainty parameter set to 0 for a stop is considered to be the observation for when
the bus arrived and left the stop. When the uncertainty parameter is missing, the stated
arrival time value is a speculation produced by a system of when the bus should arrive. The
bus driving is further investigated to get an idea of how good the schedule and observed
outcomes of a trip align. The schedule is as it should be, and it is evaluated how well the
driving does in-fact match the schedule. There are probably parts of trips where the schedule
for instance, matches the observed arrival times well most of the time. In such a situation, the
schedule alone works just fine for predicting the arrival time. On the other hand, there are
probably also parts of trips where the observations are quite far from the schedule, indicating
room for improvements. With this in mind, the MSE for arrival and departure times is utilized
as described in Equation and respectively. N is the number of times the trip has
been driven. af represents the arrival time for stop s on the i-th time the trip was driven.
Furthermore, 4. is a prediction of some sort on that particular stop. This prediction could be
based on human experience, the schedule, or as in this first case, the real world observation.
The same principles apply to the departure times as well.

N S i 41)2
R i _o(a;—a
MSEqpir(a,2) = = 1(25_25);, 2 (322)

ot (d —d)?
(S—1N

N
MSEdeparture(dr d) = Zl:l (3.2b)

A concrete example from the data is illustrated in Figure which shows an instance of a
trip following the stop sequence and trajectory in Figure On this particular day, the bus
departed around a minute after schedule from the first stop on the trip and arrived a few
minutes early at the last one. The one-minute deviation from the schedule is marked since
one minute is considered to be an acceptable deviation from the schedule for stops that are
not labelled as timed stops. Therefore, passengers has to be aware that a bus can departure
up to one minute before the schedule for bus stops that are not considered to be timed stops.

—— Schedule (as)

Observed arrival (ds)

o
o
1
1
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- One minute deviation from the schedule g e———— "

Travel time (min)
) w N
o o o
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i

-
o

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Start End
Bus stop

Figure 3.5: Observed arrival and departure times compared to the schedule for a trip from
Linkoping to Norrkoping, 16.00 local time 2019-02-18. Bold bus stops are timed stops.

To get one more perspective on how well a driven trip matches the schedule including the
acceptable deviation, a modification to the cost functions denoted with (*) is made. This mod-
ification yields an error of zero if the prediction appears to be within the acceptable region.
On the other hand, if the prediction is more than one minute wrong, the mean squared error
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3.4. Trips

function starts kicks in and gives an error similar to the ordinary MSE function. Equation[3.3|
shows how MSE* is calculated.

N S R
Dty Dep(as—as)?—1

if lag — as| > 1

MSE:rrival ({1, ﬁ) = (S-DN ’ (3.3a)
0, otherwise
SN S de—de 1,
MSE;eparture(d/ d,) = (SN ;i lds —ds > 1 (3.3b)
0, otherwise

Recall that the schedule is being predicted by the observed outcome in this first perspective.
Applying the MSE metrics in Equation [3.2]and the MSE* metrics in Equation 3.3]yields the
results in Table

| Trip \ | MSE | MSE* |
arrival 3.30 2.50
departure | 3.45 2.68

Linkoping - Norrkoping 16.00 local time 2019-02-18 (N =1, 5 = 14)

Table 3.1: MSE and MSE* for the example in Figure

Furthermore, the observed arrival and departure times for the same trip on a different day
varies as anticipated. For instance, Figure illustrates the observed time values for the
same trip as Figure 3.5/ on a different date. This time, the bus departed a bit early from the
first stop and experienced some kind of delay between the fifth and sixth stop, causing the
bus to experience a delay over the one minute mark for the rest of the journey.
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Figure 3.6: Observed arrival and departure times compared to the schedule for a trip from
Linkoping to Norrkoping, 16.00 local time 2019-02-26.

The delay seen in Figure [3.6|gives, as expected, a greater error in the cost functions as shown

in Table

| Trip [ | MSE | MSE* |
arrival 34.56 | 33.77
departure | 34.90 | 34.05

Linkoping to Norrkoping 16.00 local time 2019-02-26 (N =1, S = 14)

Table 3.2: MSE and MSE* for the example trip in Figure

The cost functions gives an error for the whole trip and it can be difficult to identify what
causes the numbers without any further information. To give a more detailed view of how the
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3.4. Trips

error develops and where, Figure 3.7]illustrates the MSE for the two example trip instances.
The figure confirms the measured values in Table 3.1 and Table[3.2] by showing that the error
was much greater on the date 2019-02-26. It also reveals that the departure error usually is
greater, indicating that the bus mostly was late. One exception is bus stop number five in
Figure[3.7a] where the arrival error is greater than the departure error. On this particular day,
the driver complied with the requirements for timed stops and awaited the departure time,
which can be concluded since the departure error from the same stop is zero.
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(a) MSE per stop 2019-02-18. (b) MSE per stop 2019-02-26.
10
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g 4 7101
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(c) MSE* per stop 2019-02-18. (d) MSE* per stop 2019-02-26.

Figure 3.7: MSE and MSE* for the trip from Linkoping to Norrkoping 16.00 local time at two
different dates.

So far, the only perspective considered is how well the observed arrival and departure times
predict the schedule by using MSE and MSE* for a single day. Before considering the perfor-
mance for a trip based on several days, i.e. N > 1, a couple of complementary cost functions
are defined. The first one is MAE, which is calculated as described in Equation 3.4}

N S i pi
~ = = as—4a
MAE srival (Ll, a) = Zl 1(%5 21|)Iif s (3.4&)

SN S L di
(S—-1)N

MA Edepurture (d/ d/) = (3.4b)

Once again a variant to the cost function is introduced with the purpose of taking the allowed
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3.4. Trips

one minute deviation from the schedule into account. This time the cost function is denoted
by MAE* and is defined in Equation[3.5|

N S ~
: —dg—1 . N
Ziz Z(:?g:_zlll;;\] 2| ’ if ‘ﬂs - ﬂs| >1

MAE:rrival(a' a) = ) (3.5a)
0, otherwise
21111 255:711 |ds_dAS|_l : 4
MAE;epurture(d/ d,) = (S-1N ! if |ds d5| >1 (3.5b)
0, otherwise
Finally, the RMSE is just the square root of the MSE defined by Equation
RMSE srival (11, ) = A/ MSEgyival (”r a) (3.6a)
RMSEdepurture (d/ d) = \/MSEdeparture(dr d) (36b)
For the same reason as for the previously defined metrics, RMSE* is introduced and calcu-
lated as in Equation 3.7}
RMSE} i.i(a,8) = /MSE* . (a,) (3.7a)
RMSEyarture(d,d) = £\ MSEZ 0 () (3.7b)

Now, the next interesting step is to consider how the observed arrival and departure times
predict the schedule over a set of different dates to be able to distinguish any patterns. Fig-
ureB.§illustrates the observed arrival and departure times for the example trip in the period
2019-02-11 to 2019-03-04. The corresponding MSE per stop for all occurrences in the dataset
is depicted by Figure

60 o Observed arrival time (as) °

o Observed departure time (&5)
Schedule + one minute

Travel time (min)
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—_
o

o

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Start End
Bus stop

Figure 3.8: Observed arrival and departure times compared to the schedule for a trip from
Linkoping to Norrkoping, 16.00 local time during the period 2019-02-11 to 2019-03-04, N =
13.
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Figure 3.9: MSE for a trip from Linkoping to Norrkoping, 16.00 local time during the period
2019-02-11 to 2019-03-04, N = 13.

To make the example complete and to get an idea of how good the schedule can be predicted
with the observations based on the cost functions defined thus far, Table|3.3|shows the results
of applying the error functions.

\ Trip [ [ MSE [ MSE* | MAE | MAE* | RMSE | RMSE* |
Linkdping to Norrkdping 16.00 | arrival [ 23.96+21.92 [ 23.12+21.87 [ 3.73+1.95 | 2.84 +1.91 [ 436 +2.23 | 422 +2.30 |
local time (N =13,5=14) [ departure | 2419 +21.90 | 23.34+21.84 | 374+ 1.95 | 2.85+1.89 | 439+222 | 426=2.29 |

Table 3.3: Error function results for the example trip with N = 13 and § = 14.

A set of basic cost functions is now defined. There are positional observations on approxi-
mately 6320 bus trips and 156 routes in the dataset. Thus, there are many situations and trips
to investigate more closely. In this this thesis, a set of routes out of these 156 were hand-picked
to reduce the scope and enable fruitful, more in-depth analyzes. A set of routes with slightly
different characteristics have been selected to include different types of routes. For instance,
the selected routes ranges from relatively short city-routes with a few stops to routes which
are among the longest in the dataset with many stops. The trips belonging to a selected routes
will be included in the continued analysis.

3.5 Routes

A route is a set of one or several trips that appears to the passengers as one unit identified
with a route number. Each trip belongs to exactly one route. Let a route R be a set of T trips
such that R = {tripy,..., tripr}. The dataset contains 156 such bus routes. Table shows
more information about the whole dataset available in this thesis as well as a comparison to
the dataset used by Pang et al. [3]]. Note that approximately 95% of their routes are located in
central Beijing, which appears to be a more busy area with more trips per route compared to
the dataset in this thesis. On the other hand, the dataset in this thesis includes a larger number
of routes. The routes also has more varying lengths and stop counts to be considered.

Route length (km) Trips per route Stops per route
Min | Max | Mean+¢ | Min | Max| Meanxoc | Min | Max | Meanxo
Pang et al. [3] 47 542 | 2458 | 12.02+4.92 718 | 3009 | 1606.53 + 527.62 6 39 18.08 + 6.28
This thesis 156 0.96 | 81.89 | 23.92 + 15.66 1 307 40.56 + 54.76 2 60 | 23.76 + 13.50

Dataset Routes

Table 3.4: Comparison of characteristics between two datasets.
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3.6 Baselines

A new model proposal must be comparable to existing ways of predicting the arrival in order
to be able to reason about the quality of the predictions. There are currently two reasonable
types of predictions available in the dataset. The first one is to predict the arrival times by
using the scheduled time for each individual stop. That means that the only information used
to predict arrival times is the schedule without taking the current state or historical events
into account. Let this method, based on readings from the timetable be denoted as Timetable
Based Predictions (TBP). Secondly, the dataset contains arrival time predictions produced by
a prediction system. The implementation of that particular system is not publicly available.
However, the system is mainly based on statistical models on historical data and it is currently
used in production. Let this second method be denoted as the Current Prediction System (CPS).
The CPS is associated with stops along the trips. The current configuration starts with all
the remaining stops getting a predicted arrival time from the first stop. However, the CPS
can be configured to start predicting arrival times actively already from the first stop, but
this is not the case today. When the bus arrives at the next station, the actual arrival time is
observed and the CPS produces a new set of arrival time predictions for the remaining stops.
FigureB.10]illustrates how the CPS works when the bus travels along a trip.
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Figure 3.10: Illustration of how the CPS operates.

In order to capture the quality of the predictions, from the first stop to the second last one,
the cost functions defined earlier needs to be modified slightly. Let A be the set of remaining
stops, such that A = {1,...,S — s}. Thus, 4, is the predicted arrival time at stop s, for a set
A of ahead stops. Furthermore, the MSE for evaluating predictions is therefore defined as in
Equation[3.8|

Note that these values are calculated per route, and the number of trips on a route is
varying depending on how many trips the route consists of.

N vS—1 1 <S—s/.i i \2
_ 2iis1 21 55 A:S1(“§+A )

MSE(a,2) DN (3.8)
Similarly, the RMSE is defined in Equation 3.9}
SN S e ST (A, — i )2
RMSE(a, i) = ==~ %(; _f);] SE (39)
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Finally, the MAE is defined by Equation[3.11}

N S—15S—s | i Ai
i a a
MAE(a,d) = Zim1 s_l(SZA_ll)J\ISSJFA o (3.10)

Another useful perspective is introduced by the metric MAPE, which describes the mean
absolute percentage error. This metric is defined as

N S—1 S— -
2im1 251 ZA:Sl A st |

MAPE(a,d) = ETINS B8 4100 (3.11)

The baseline results can be found in Chapter 5
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Method

Being able to replicate a study is perhaps one of the more important aspects in order to make
the conducted work relevant for others. This chapter describes the method used in this thesis
with the aim to be as precise and clear as possible.

4.1 Data selection

In the work by Pang et al. [3] one LSTM model was trained for each route. That approach was
followed in this thesis. Thus, a set of routes were selected to build models on for practical
reasons. The goal was to construct a set of routes with different characteristics such as length,
number of stops and type of route. Some routes in the large dataset are city routes while
some others are driven on main road between cities or even on minor roads. The data used
in this thesis was collected during the dates 2019-02-11 to 2019-03-29. Figure [4.1| depicts the
trajectories of the routes that were selected for further investigation. Table |4.1| gives more
details about the selected routes one by one, including three route types. A city route type
is considered to be a route where a majority of the trajectory is located in densely populated
areas. Inter-city routes are driven between two densely populated areas. Finally, inter-city
express routes are also driven between two densely populated areas but with fewer stops in
order to reduce travel times.
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Figure 4.1: Trajectory for the routes for which LSTM models were developed.
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4.2. Loss functions

Route number | Route length (km) | Trips per route | Stops perroute |  Route type
70 44.26 32 14 Inter-city express
303 10.07 63 25 City
616 32.97 50 32 Inter-city
20 6.59 20 6 City
119 13.59 191 29 City
3 7.15 307 17 City
450 21.73 40 28 Inter-city
45 18.76 43 8 Inter-city express

Table 4.1: Hard measures on the selected routes from the large dataset.

4.2 Loss functions

The loss function is responsible for giving feedback in terms of cost so that the weights can
be updated to reduce the cost in the next iteration. In other words, the loss function controls
what the model should strive for in terms of predictions. This idea was used to construct two
customized loss functions. One for penalizing underestimations and another for penalizing
overestimations. This refers to the two use-cases for passengers and passengers-to-be. Recall
that an overestimated arrival time for passengers-to-be is much worse than an underesti-
mated time since it can cause passengers-to-be to be left behind. Similarly, underestimated
arrival times for passengers already on the bus can be inconvenient if it is of importance to
be on time. Underestimated arrival times in such situations makes it more difficult to plan
ahead. Passengers who expected to be there at the given time to, for example, catch up with
another bus or attend a meeting are probably disappointed. Hence, there are situations when
overestimations and underestimations are unwanted and should be avoided. Chen, Keng
and Moreno [59]] proposed a solution for their dataset when they wanted to penalize overes-
timations more heavily. One LSTM network architecture was trained per route. In the case
where underestimations and overestimations are to be penalized, the loss is represented by
the Equations in and respectively. Note that the coefficients % and % were empirically
found to be suitable for this domain by evaluating the distribution of errors during the design
phase. They are interesting design parameters and subjects to optimization and customiza-
tion in order to achieve the desired goal. The following loss function defines U

S—1S5—s
Lu(YssarTs4a) = loss(Ysia — Psta) (4.1)
s=1 A=1
where
51, ifx <0
loss(x) = ¢ Pohomxs o (4.2)
et —1, otherwise

Similarly, O is defined by

S—1S5-—s
Lo(Ys+a, Js+a) = Z Z 1055(Ysa — Js+a) (4.3)
s=1 A=1
where i
loss(x) = ‘. c-l dfx< 0. . (4.4)
e3 —1, otherwise

The notations U and O represents the loss functions where the errors are desired to be biased
towards overestimations and underestimation, respectively. It turned out empirically that
smaller values could be used so that erroneous predictions is more heavily penalized. How-
ever, the loss became large and the function may need to be relaxed for even longer sequences
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to prevent the loss from exploding. However, the principle that one side is more penalized
should remain the same.

Another way of calculating the loss, as suggested by Pang et al. [3], is to use the abso-
lute value together with a smoothing around the origin. Their loss function is described by
Equation4.6|and it was also used in this thesis.

S—1S5—s
ﬁPang(ys+Ar yAs+A) = Z Z ZOSS(]/SJrA *yAs+A) (4.5)
s=1A=1
where "
e if 1
loss(x) = { 2’ if ] <. (4.6)
|x| — 0.5, otherwise

As the authors also describe, their loss function is less sensitive to outliers than for instance
O and U because of the wider span.

Another loss function considered, perhaps more commonly used for regression problems,
is the MSE. The purpose of including the MSE in the set of loss functions is largely to be used
as a reference to the other functions. Finally, the last loss function investigated was MAE*.
This function builds upon the loss proposed by Pang et al. [3] with resilience to outliers as
well as the assumption that one minute error is an accepted range. Figure .2]shows the loss
functions that were further investigated.

— Pang et al.

2 4

Figure 4.2: A plot of the loss functions examined.

4.3 Models

The selection of model architectures is influenced by the work of Pang et al. [3]], which used a
two stacked LSTM network with an input vector with eight features. The reason for following
their approach is that it is tested with good results on a different dataset in a similar domain
and it limits the number of possible constellations. After all, there might be a various set
of architectures giving interesting results and it is outside the scope of this thesis to dive
deeply into specific design choices. The focus will instead be directed towards different loss
functions and their effect on the predictions. Recall that the predictions are made from two
perspectives. Passengers already on the bus and passengers yet to board with their respective
needs. With that in mind, five different loss functions are proposed. The network architecture
is the same and the loss function is the only difference between the trained models. Table
shows the loss functions evaluated in this thesis. Recall that the loss functions MSE and Lpang
is mainly picked to act as a references. The loss functions £y and Lo are intended to address
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the needs of the two identified passenger types. Finally, MAE* is intended to represent the
one-minute acceptable deviation and give feedback based on that idea. Futhermore, the loss
function MAE is very similar to Lpang and is therefore not included. The same applies to
MSE* which basically is a combination of MAE* and MSE. The only difference is that MAE*
gives an absolute error outside of the one minute accepted region instead of a squared error,
as MSE* does.

Loss functions

MSE
Pang et al. [3]]
U
MAE*

@)

Table 4.2: Loss functions evaluated in this thesis.

The dimensions of the weight matrices associated with the input vector was defined by
U e R!¥% indicating that the input vector at each time step consists of 13 features and
64 units. The 13 features are further described in section[f.4] Furthermore, the weight matri-
ces associated with the hidden state was assigned the dimension W e R®*¢* while the last
matrix simply holds the V € R®*! dimension. All of the weight matrices were initialized
with the method as described by Glorot and Benigo [42] and defined in Equation The
biases were initialized to zero. Note that the biases as well as the weights are shared across
all time steps. The activation functions were the same as in Figure

It was empirically found while training that the models tended to overfit. To overcome
this issue and prevent the models from overfitting, recurrent dropout of 30% was applied.

Figure[4.3|depicts a graphical representation of the LSTM network architecture. The figure
shows how a feature vector is fed to the network at each time step. The attentive reader will
question why the sequences does not include the very last stop of the route. The last time
step in Figure [4.3| represent the input vector associated with stop S — 2, and the output 052
represents the prediction for the next stop, S — 1. It is indeed a good question and there are
mainly two reasons why. The first one is that there simply is a considerable amount of missing
data on only the last stop for many trips, which greatly reduces the number of available
sequences to train and test on. This has probably to do with how the APIis configured. Some
missed values are expected during a trip since the data is sent with UDP. The problem here
is that information on the very last stop often is missing. However, missing data becomes a
problem because of the fixed sequence length. The approach taken in this thesis requires the
sequences to be of equal length T without missing information.

1 output per time step 0(1) 0(2)
| 4 V |4
. w w
64 units LSTM1 ——> LSTMI ———>  LSTMI
30% recurrent dropout P
U U U
13 input features x(l) x(z)

Figure 4.3: Network architecture of the examined models.
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4.4 Training

For all routes, a training set were produced with input and target sequences X = {xy, ..., Xs—2}
and Y = {ap,...,ag_1}, respectively. The training procedure is outlined with pseudo code in
Algorithm (I} Note that the mini-batch setting causes the model update to occur after the
whole batch has been considered. As a point of reference, Masters and Luschi [60] proposed
a mini-batch between batch_size = 2 and batch_size = 32. This is in line with what Be-
nigo [61] suggested in an earlier study by stating that a batch size of 32 is a good default
value. Therefore, the batch size were set to 32 when the models in this thesis were trained.
Line nine to twelve in Algorithm [I| goes trough each of the sequence pairs and produces
an output which is compared to the target value. The loss is accumulated until line 13 is
reached. At this point, the gradient is calculated with respect to all weights in the LSTM
model. The result is fed to the Adam [25] optimizer which updates the weights of the model.

Algorithm 1 Training procedure

1: T « seq_length

2: §§ < learning_rate

3: Training set: x — {(X;, Y;), ..., (X;, Yi)}
4: Recurrent state: hy < initialized(hy)
5: repeat

6 batch «— batch_size samples from x
7: Loss: [ <0

8 LSTM network LSTM < hg

9 for sequences in batch do

10: fort=1totdo

11: yAt “«— LSTM(Xt)
L(y:,7

12: ] 1+ (yTtyz)

13 YweLSTM: 4L « BPTT(I,w,7)
14: Vw e LSTM : Adam(w, %,17)

15: Vhyl < BPTT(Z, hy, T)

16: Adﬂm(ho, Vhol, 77)

17: until convergence

The training algorithm is executed until convergence according to Algorithm [1} but can be
halted earlier because of the use of early stopping. This is achieved by allowing many epochs
and utilizing early stopping to gain the weights resulting in the lowest validation score. How-
ever, it turned out empirically that the parameters for the early stopping as well as the learn-
ing rate 17 needed to be adjusted depending on the model to reach convergence in a good
way. A good way here refers to a controlled decline in training and test error without going
unnecessarily slow or oscillating between each epoch. For an overview of the static training
variables and their values, see Table

Parameter | Value
Batch size 32
Optimizer Adam [25]

Epochs 20 000 (Early stopping)

Table 4.3: Static training parameters and their values.

The training parameters adapted to the characteristics of the route are shown in Table
including the patience (p) parameter used in early stopping. The values were empirically
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found during the training phase by manual tuning. All training parameters were based on
the training data.

Parameter

Rotue
Ui P

70 0.001 | 150
303 0.001 | 150
616 0.0001 | 200

20 0.01 | 150
119 0.001 | 150

3 0.0001 | 200
450 0.001 | 150
45 0.001 | 150

Table 4.4: Training parameters grouped by route.

4.5 Feature vector

The input feature vector x; is constructed for each stop s = 1,...,S — 2 and consists of a total
of 13 features. The features can be arranged in three categories, spatial, temporal and static.

In the category spatial, there are information included about the position of the current
stop and the stop ahead. Let the position of the current stop be denoted as p; and the position
of the stop ahead as p;1 such that

ps = [Xs, Ys, Zs). 4.7)

The positions were converted from latitude and longitude coordinates to a Cartesian coordi-
nate system with help of the equation

Xs = Rep = cos(lats) = cos(lons) (4.8a)
Ys = Rg * cos(lats) = sin(lons) (4.8b)
Zs = R = sin(lats) (4.8¢)

where lats and lons is the latitude and longitude position of stop s and Rgy = 6378100 m,
which is the nominal earth equator radius. Furthermore, the route distance in kilometers
from the current stop to the next was also included in the feature vector as d. The distance
information was extracted from the GTFS feed.

For temporal measurements, the departure time from the very first stop d; is included
as well as the arrival time at the current stop. The reason for only including these is that
there under no circumstances can be information about future observations included since
the model would easily find and exploit this pattern. Moreover, the model would be use-
less because it would require giving the model information about future events which is not
present during the prediction phase. For instance, the departure time at each stop could
not be included since that would give the model invaluable information about future events
which is unknown until the event occurs.

Finally, the static variables included are the direction dir of the trip, whether the stop s is a
timed stop ts or not, the number of routes 7 that operates the bus stop, as well as the timetable
time for stop s in seconds from midnight. These variable introduces notions of time of the
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day, direction and facts information about the bus stop. For instance, # becomes a popularity
measure on the stop, suggesting that stops serving many routes may be more busy than less
popular stops. The input vector x; can be described by

Xs = [d1,as, Ps, Psi1,dsi1, dirs, tss, Fs, timetableg) 4.9)

4.6 Predictions

A crucial part is that the models must be able to make predictions in a way that is useful in
reality. Recall that it is of interest to predict all remaining stops at every stop and this is the
way the CPS works. When a bus has been registered at a bus stop, a new set of predictions is
created based on the arrival time. The predictions made by the LSTM models works similarly.
The prediction at time step f is encoded as the arrival time in the feature vector for time step
t + 1. This is repeated recursively until the last input time step 7.

Some of the variables have numerically large values with different scales while some are
binary. The binary variables are dir; and tss and they are fed to the network as zero or one.
The rest of the features were normalized with Equation[4.10|which simply subtract each vari-
able i with the mean and divide by the standard deviation for that particular variable using
the entire dataset.

Xsi = L; i (4.10)
1

This approach is similar to Pang et al. [3] where they also found empirically that there was no
real difference compared to a max-mean normalization. However, the normalization causes
a problem during the iterative prediction cycle. Recall that the target time and the output
is the arrival time in minutes. This was solved by normalizing the predicted arrival time
before it is used as input in the next time step. The mean and standard deviation used in the
normalization step is calculated from all arrival times in the whole dataset pertaining to the
particular route being predicted. The prediction algorithm is described in further detail in
Algorithm 2|

Algorithm 2 Prediction algorithm

1: Load LSTM model: LSTM <« weights and biases
2: Test set: x «— {(Xi/ Yl'), ey (X,’, Yi)}

3: for all trips in x do

4 predictions at stop < 0
5 forsinS—2do

6: if s == S — 2 then
7

8

9

Predict last: §s_1 < LSTM(xs_2)
predictiong_p «— Js_1

else
10: Predict rest of the trip
11: repeat
12: Js+1 < LSTM(xs)
13: Us1 < w
14: Xs41[@s41] < Ps11
15: predictions < §s1
16: until last stop

This method will thus predict the rest of the stops for the trip at each stop. The CPS and TBP
predictions are organized in the same way. The output from CPS is simply collected from
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the data and organized per stop. The TBP is constructed by always predicting the scheduled
arrival time at each given stop.

4.7 Frameworks and hardware

All models built in this thesis were developed in Keras 2.2.4 [62] which is a high-level neural
network library written in Python built on top of Tensorflow [63]. The actual training were
performed on an Amazon EC2 instance with the following hardware specification:

* An NVIDIA Tesla K80 Accelerator running a NVIDIA GK210 GPU 12 GiB
e AWS version of Intel’s 2.7 GHz Broadwell CPU
* 61 GiBRAM

The weights were stored and transferred from the EC2 instance to a local machine where the
predictions were made.
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Results

This chapter presents the results so that the research questions can be answered. Thus, the
models that have been built and trained in this thesis are continuously compared with the
performance of the baselines. These comparisons are carried out on the test data which was
randomly selected for each individual model. The test data is the same per route in order to
later be able to compare the impact of the loss functions and address answers to the research
questions. Evaluation metrics have been computed and will be presented for each route.

5.1 Arrival time predictions

The following section will include the results for the set of routes considered. Each route is
introduced by a presentation of how well the observations predict the schedule. The figures
and tables are associated with an explanation of what is factually shown.

5.1.1 Route 70

Figure[5.Tand Figure[5.2illustrates the MSE when the timetable is predicted by target values
on route 70 for trips in two directions. In each direction, the percentage of observations
pertaining to each category is shown. Note that the figures are based on both training data
and test data pertaining to route 70 and the respective direction. It provides an opportunity to
understand how well the observed target times align with the schedule and thus, illustrates
where and how large the potential areas of improvements are. For instance, the bus is either
in time or late in a predominant majority of the times the route is driven, in both directions.
It is also clear that stop number seven holds the greatest average error for late arrivals and
departures, as depicted in Figure[5.2] Also, the stops between stop four and eight in the same
figure has no observation where the bus is at most one minute late.
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Figure 5.1: MSE for trips from Linkoping to Norrképing when the schedule is predicted by
observations.
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Figure 5.2: MSE for trips from Norrkoping to Linkoping when the schedule is predicted by
observations.

The next illustration, Figure 5.3 depicts a boxplot of the MAE prediction error per stop with
all three predictions methods included. The CPS, TBP as well as the LSTM model with the
loss function MSE. For each stop, a set of predictions are created for the remaining stops.
Those predictions are evaluated against the target values and the accumulated error for each
method is shown from the stop where the predictions were made. The dashed lines marks
the 95th percentile, indicating that 95% of the accumulated prediction errors falls below those
lines. Figure[5.3|shows that both CPS and the LSTM model manage to overall reduce the error
more than TBP.
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Figure 5.3: Prediction errors on the test set with 159 sequences as measured in MAE. The
LSTM model is trained with MSE as loss.

A full comparison of all considered metrics is showed in Table Note that LSTM improve-
ments compares the best LSTM model with TBP and CPS, respectively. The LSTM model in
each metric with the lowest mean error is marked bold. All predictions are divided into three
categories. Those are correct, underestimated and overestimated. A prediction is considered to
be correct if and only if |a — 4| <= 1. Furthermore, a prediction falls into the underestimated
category if and only if the prediction is underestimated more than one minute. Similarly,
the overestimated category contains predictions overestimated more than one minute. The
percentage shows how many of the total number of predictions that ends up in each category.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under Over-
estimated | estimated
TBP 2.86+147 | 265+153 | 255+1.46 | 1.67+140 | 880+336 | 254 57.9 16.7
CPS 129+0.74 | 095+0.78 | 1.14+0.63 | 0.50+0.57 | 3.86+1.33 | 52.4 24.1 23.5
MSE | 1.03+0.75 | 0.69+0.79 | 0.91£0.63 | 0.34+056 | 2.83+1.33 | 619 18.0 20.1
Pang | 1.01+0.73 | 0.66 +0.78 | 0.89 £ 0.62 | 0.32+0.54 | 2.74 + 1.32 63.7 18.4 17.9
LSTM U 1.32+091 | 1.0+£096 | 1.16 0.77 | 0.55+0.69 | 3.35+1.62 52.7 43.5 3.8
MAE* | 1.17+0.71 | 0.82+0.76 | 1.02+0.61 | 0.44+053 | 319147 | 579 13.4 28.7
(€] 142+093 | 1.37+1.08 | 1.18+0.77 | 057 +0.70 | 3.45+1.64 | 439 5.4 50.7
LSTM [ TBP [ 647% | 751% | 651% | 80.8% [ 689% [150.8% | - [ - |
Improvements | CPS | 21.7% | 305% | 219% | 360% | 29.0% | 21.6% | - ‘ - |

Table 5.1: Evaluation results for route 70, N = 159.

The prediction categories shown in Table [5.1| shows how many of the total predictions that
falls into the acceptable range and thus, are considered to be correct as well as the distribution
of the errors for each method. This is illustrated further in more detail in Figure All the
arrival time predictions produced at each stop, starting from the very first stop, have been
evaluated against the target values. This makes it possible to follow how the ratio between
the three categories develops over time as a complement to the overall outcome.

The type of error at each stop for the whole route by the CPS and TBP is illustrated in
Figure Furthermore, the type of error with U and O as loss functions is depicted in
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5.1. Arrival time predictions

Figure The effect of the loss function is clearly visible as the predictions by U is either
correct or underestimated in 96.2% of the cases, while the predictions produced by O on the
other hand is either correct or overestimated 94.6% of the times.
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Figure 5.4: Type of error at each stop for the CPS and TBP on route 70.
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Figure 5.5: Type of error at each stop on route 70.

5.1.2 Route 303

Similarly to route 70, Figure [5.6 and Figure [5.7] depicts the MSE when the timetable is pre-
dicted by the target values for both directions. This time, it is the city route with number 303
that is evaluated.
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Figure 5.6: MSE for trips on route 303 when the schedule is predicted by target values.
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Figure 5.7: MSE for trips on route 303 when the schedule is predicted by target values.

Figure 5.8/ depicts how the CPS, TBP and the LSTM model with loss function Pang et al.
performs on route 303. Again, the model using that loss function managed to produce the
best results in all evaluation metrics as shown in Table[5.21
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Figure 5.8: Prediction errors on the test set with 409 sequences as measured in MAPE.
Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under Over-
estimated | estimated
TBP 1.83+1.05 | 1.53+1.14 | 1.69 +1.04 | 0.87 £0.93 | 9.18 +4.26 | 37.7 50.0 124
CPS 0.85+0.35 | 0.51+0.37 | 0.75+0.31 | 0.21 £0.23 | 431 £1.55 | 66.1 16.9 17.0
MSE | 0.74+0.36 | 0.43 +0.38 | 0.64 +£0.32 | 0.17 £0.22 | 3.52+1.47 | 70.9 17.2 11.9
Pang | 0.75+0.36 | 044+0.38 | 0.64+0.32 | 0.17+0.23 | 3.52+1.47 | 71.3 16.1 12.6
LSTM U 1.02+0.55 | 0.73+0.58 | 0.87 £0.49 | 0.35+0.38 | 4.67 £2.09 | 61.5 375 0.9
MAE* | 1.19+048 | 0.86 +0.52 | 1.02+0.41 | 0.36 £0.30 | 5.77 £ 2.46 | 54.6 6.4 39.0
[e] 0.86+0.39 | 0.55+042 | 0.74+0.35 | 0.23 +£0.26 | 423 £2.09 | 65.4 5.6 29.0
ISTM | TBP | 596% | 719% | 621% 80.5% 61.7% | 891% - -
Improvements | CPS | 129% | 157% | 147% [ 190% | 183% | 79% | - \ - \

Table 5.2: Evaluation results for route 303, N = 409.

The distribution of correct predictions and errors for the CPS and TBP is illustrated by Fig-
ure[5.9] while Figure depicts the distribution for the LSTM models with loss function U
and O, respectively. The figures shows that the predictions produced by the CPS on the first
stop underestimates a larger proportion than the rest of the predictions, where the errors gets
fairly evenly distributed. Also, O predicts more correct than U but also gets a minor portion

of unwanted prediction errors.
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Figure 5.9: Type of error at each stop for the CPS and TBP on route 303.
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Figure 5.10: Type of error at each stop on route 303.

5.1.3 Route 616

Figure[5.12]and Figure[5.1T|depicts the MSE when the timetable is predicted by target values
for both directions on route 616 between Linkoping and Borensberg. The figures illustrates
a similar trend as on the previous routes examined. The bus is either in time, a bit early on
a few occasions or quite late compared to the timetable. For all stops visited, the bus late to
approximately 74% of the stops in one direction and 63% in the opposite direction.
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Figure 5.11: MSE on route 616 for trips from Linkdping to Borensberg when the schedule is
predicted by target values.
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Figure 5.12: MSE on route 616 for trips from Borensberg to Linkoping when the schedule is
predicted by target values.

Figure 5.13|depicts how the CPS, TBP and the LSTM model with loss function Pang et al.
performs on route 616 as measured in MAPE. This time,
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Figure 5.13: Prediction errors on the test set with 108 trips as measured in MAPE.

Table 5.3 shows the evaluation metrics.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under- Over-
estimated | estimated
TBP 249+147 | 226+155 | 232 +148 | 1.45+14 | 855+449 | 26.6 65.3 8.1
CPS 0.79+0.42 | 042+0.45 | 0.69+0.32 | 0.17+0.25 | 265+0.92 | 73.0 13.6 13.4
MSE | 0.75+0.48 | 0.40+0.51 | 0.64+0.37 | 0.16 +0.28 | 2.32+1.01 | 73.7 15.9 10.4
Pang | 0.75+0.43 | 0.40+0.46 | 0.64 +0.33 | 0.15+0.26 | 2.41 + 0.96 72.7 8.8 18.5
LSTM U 1.02+0.62 | 0.73+0.66 | 0.86+0.46 | 0.34+0.38 | 3.04+132 | 628 36.4 0.8
MAE* | 1.49+054 | 1.20+0.59 | 1.30+0.45 | 059 +0.38 | 473 +1.67 | 43.2 34.5 22.3
O 090+048 | 0.57+052 | 0.77+0.37 | 023+0.29 | 285+ 121 | 66.6 5.6 27.8
[STM | TBP | 699% | 823% | 724% | 897% | 729% |1774% | - | - |
Improvements | CPS | 50% | 48% [ 72% [ 118% | 125% | 1.0% | - \ - \

Table 5.3: Evaluation results for route 616, N = 108.
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The distribution prediction categories per stop for CPS and the LSTM model with loss func-
tion Pang et al. [3] is illustrated by Figure[5.14] The predictions produced by CPS on the very
first stop is tilted towards underestimations while the rest of the prediction errors are evenly
distributed, compared to the LSTM model which is overestimating more than underestimat-
ing in the first set of predictions.
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Figure 5.14: Type of error at each stop for the CPS and the LSTM model loss function with
Pang et al. on route 616.

5.1.4 Route 20

Route 20 is a relativley short city route in Linkdping with few stops. Figure and Fig-
ure[5.16|depicts the MSE when the timetable is predicted by the target values for both direc-

tions.
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Figure 5.15: MSE on route 20, located in Linkoping when the schedule is predicted by target
values.
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Figure 5.16: MSE on route 20, located in Linképing when the schedule is predicted by target

values.

Figure depicts how the CPS, TBP and the LSTM model with loss function Pang et al. [3]
performs on route 20.
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Figure 5.17: Prediction errors on the test set with 145 trips as measured in RMSE.

Table 5.4] shows the evaluation metrics.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under Over-
estimated | estimated
TBP 1.28+1.12 | 0.86+1.23 | 1.22+1.12 | 0.51 +£0.98 | 16.25 +10.34 | 57.4 40.2 24
CPS 0.71+041 | 0.33+042 | 0.66+0.40 | 0.17+0.30 | 10.18 +5.85 | 75.6 17.4 7.0
MSE | 0.44+0.26 | 0.09 £0.22 | 0.40 £0.23 | 0.03 = 0.11 6.53+433 | 913 4.8 3.9
Pang | 0.42+0.23 | 0.08 £0.20 | 0.39 +0.21 | 0.03 + 0.09 6.33 +4.29 92.6 4.8 2.6
LSTM U 049 +031 | 0.15+0.28 | 0.45+0.27 | 0.06 = 0.14 7.07 +4.86 85.7 13.6 0.8
MAE* | 0.60+0.26 | 0.18 £0.21 | 0.56 £ 0.24 | 0.06 £ 0.09 | 10.74+7.87 | 81.0 2.7 16.3
[¢] 047025 | 0.12+0.19 | 0.43+0.23 | 0.04+0.08 | 7.50+6.05 | 86.6 25 10.9
LSTM TBP 67.2% 90.7% 68.0% 94.1% 61.0% 61.3% - -
Improvements | CPS 40.8% 75.8% 40.9% 82.4% 37.8% 22.5% - -

Table 5.4: Evaluation results for route 20, N = 145.
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5.1. Arrival time predictions

The distribution prediction categories per stop for CPS and the LSTM model with loss func-
tion Pang et al. [3] is illustrated by Figure[5.18] The amount of correct predictions is increased
by the LSTM model for all stops.
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Figure 5.18: Type of error at each stop for the CPS and the LSTM model with loss function
Pang et al. on route 20.

5.1.5 Route 119

Route 119 is a city route in Norrkoping. Figure5.19illustrates that 51.93% of the arrivals and
departures are within the one minute acceptable range but only 20.94% in the other direction,
as depicted by Figure The figures also show that the trend of increased errors towards
the end of the route for early and late arrivals and departures continues on this route as well,
indicating that the relevance of the timetable for those instances decreases as the target values
diverge more and more.
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Figure 5.19: MSE on route 119, located in Norrkoping when the schedule is predicted by

target values.
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5.1. Arrival time predictions
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Figure 5.20: MSE on route 119 for trips in Linkoping when the schedule is predicted by target

values.

Now when the conditions on the route is known, Figure 5.2T| depicts how the CPS, TBP and
the LSTM model with loss function MSE performs on route 119. This time, the evaluation
metric in the figure is RMSE. The usmmary of all evaluation metrics in Table |5.5{shows that
the LSTM models with loss functions MSE and Pang et al. [3] are quite even. They are also
able to put more prediction in the correct category than both TBP and CPS. One of the reasons
why is illustrated Figure where CPS heavily underestimates the arrival at the first stop

compared to the LSTM model.
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Figure 5.21: Prediction errors on the test set with 716 trips as measured in RMSE.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under- Over-
estimated | estimated
TBP 232+1.86 | 205+1.95 | 221 +1.85 | 1.38+1.74 | 8.87+589 | 33.3 62.0 4.7
CPS 0.88+0.43 | 0.53+0.47 | 0.77+0.38 | 024 +0.30 | 3.31 +1.23 | 66.9 17.8 153
MSE | 0.78+0.47 | 0.45+0.51 | 0.67+0.4 | 0.20 +£0.31 | 2.71 £1.30 721 15.3 12.6
Pang | 0.78£0.47 | 046+050 | 068+04 | 020+0.31 | 2.75+134 | 714 134 15.2
LSTM U 1.32+0.7 | 1.03+0.75 | 1.13+0.6 | 054052 | 437 +191 51.9 47.6 0.5
MAE* | 398 +0.87 | 3.81+0.89 | 344+0.75 | 255+ 0.72 | 139+354 | 15.1 6.8 78.2
O 1.07+05 | 0.76 £+0.54 | 0.93+0.43 | 0.37+0.35 | 3.81+1.69 | 57.0 48 38.2
[STM | TBP | 664% | 780% | 697% | 855% | 694% |1165% | - | - |
Improvements | CPS | 114% | 151% [ 13.0% [ 167% | 181% | 7.8% | - \ - \

Table 5.5: Evaluation results for route 119, N = 716.
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5.1. Arrival time predictions
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Figure 5.22: Type of error at each stop for the CPS and the LSTM model with loss function

MSE on route 119.

5.1.6 Route 3

Route 3 is a city route in Linkdping. Figure and Figure depicts the MSE when the
timetable is predicted by the observations for both directions. With this in mind, Figure
depicts how the CPS, TBP and the LSTM model with loss function MSE performs on route
3. The RMSE prediction error for CPS at the first stop is very similar to TBP. For the rest
of the stops, both CPS and the LSTM model with loss function MSE manage to reduce the
error over time, where the LSTM model is reducing the error the most. This is also shown in
Table which contains all evaluation metrics for route 3.
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Figure 5.23: MSE on route 3, located in Linkoping, when the schedule is predicted by target

values.
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Figure 5.24: MSE on route 3, located in Linkoping, when the schedule is predicted by target

values.
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Figure 5.25: Prediction errors on the test set with 1478 trips as measured in RMSE.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | Under Over-
estimated | estimated
TBP 1.82+124 | 1.5+133 | 1.72+1.26 | 090+ 1.15 | 12.56 + 6.23 35.1 54.6 10.3
CPS 0.74+033 | 0.36 035 | 0.66+0.30 | 0.15+02 | 517 +2.05 729 15.7 11.3
MSE | 0.58 +0.30 | 0.24 +0.30 | 0.51+0.26 | 0.09 +0.17 | 3.82 +1.94 80.5 74 12.1
Pang | 0.56+0.29 | 0.22+0.29 | 0.49+0.25 | 0.09+0.16 | 3.74 + 1.84 81.0 6.4 12.6
LSTM U 0.89+046 | 0.57+£049 | 0.77+0.39 | 0.26 +0.28 | 5.28 +2.30 64.9 34.6 0.5
MAE* | 1.19+0.49 | 0.85+0.53 | 1.06 +0.43 | 042 +0.32 | 8.42+4.33 50.0 10.3 39.7
O 0.69 +£0.35 | 0.35+0.36 0.6+0.3 0.14+0.19 | 447 +235 74.6 3.1 22.3
LSTM | TBP | 692% | 853% | 715% | 900% | 702% |[1571% | - | - |
Improvements | CPS | 243% | 389% | 258% | 400%% | 277% | 1.1% | - | - |

Table 5.6: Evaluation results for route 3, N = 1478.

The distribution prediction categories per stop for CPS and the LSTM model with MSE as
loss function is illustrated by Figure The figures shows that one of the reasons why the
best LSTM model manage to improve the number of correct predictions with 11.1% is the
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5.1. Arrival time predictions

fact that CPS underestimates a large proportion of the predictions produced at the first stop

compared to the LSTM model.
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Figure 5.26: Type of error at each stop for the CPS and the LSTM model with MSE as loss

function on route 3.

5.1.7 Route 450

Route 450 is a route between the cities Norrkoping and Soderkdping. Figure and Fig-
ure[5.28|depicts the MSE when the timetable is predicted by target values for both directions.
The figures show that 30.11% if all arrivals and departures are more than one minute earlier
than the schedule while the corresponding value for the other direction is 5.82%. Also, only
18.19% of all arrivals and departure are within the acceptable region according to Figure([5.27]
compared to the other direction, where 39.1% of all arrivals and departures are most one

minute early or late.
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Figure 5.27: MSE on route 450 from Norrkoping to Soderkdping, when the schedule is pre-

dicted by target values.
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Figure 5.28: MSE on route 450 from Soderkoping to Norrkdping, when the schedule is pre-
dicted by target values.

Figure[5.25|depicts how the CPS, TBP and the LSTM model with Pang et al. [3] as loss function
performs on route 450. CPS and TBP are identical on the first stop while the LSTM model is
able to reduce the accumulated MAPE error.
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Figure 5.29: Prediction errors on the test set with 104 trips as measured in MAPE.

Table[5.7lshows the evaluation metrics. It does not differ much between the best LSTM model
and the CPS although there is a slight improvement. Again, one reason for the difference
between the best LSTM model and CPS in correct predictions is illustrated in Figure [5.30}
which displays that the largest difference is at the first stop.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | nder Over-
estimated | estimated
TBP 3.05+214 | 2.84+222 | 288+218 | 1.99 £2.10 | 9.95 £ 6.02 23.8 52.8 23.3
CPS 1.14+048 | 0.80+0.53 | 1.00+043 | 0.39+0.35 | 3.71+1.27 | 58.0 222 19.8
MSE | 1.10+0.54 | 0.77+0.59 | 0.95+0.47 | 0.37+0.40 | 342+151 | 60.2 18.4 21.5
Pang | 1.07£0.59 | 0.75+0.63 | 0.92 +0.52 | 0.36 + 0.43 | 3.29 + 1.60 62.0 171 20.9
LSTM U 1.70+0.88 | 1.44+093 | 1.45+0.76 | 0.81 £0.65 | 4.88+2.14 | 472 51.4 14
MAE* | 1.84+0.68 | 1.57+0.73 | 1.58 +0.58 | 0.86 + 0.51 | 5.69 +2.27 | 39.7 9.4 50.9
O 1.18+0.51 | 0.86 £0.56 | 1.02+0.45 | 042+0.38 | 3.75+1.63 | 56.4 5.8 37.8
LSTM [ TBP [ 649% | 73.6% | 681% | 81.9% | 669% [169.6% | - \ - |
Improvements | CPS | 61% | 63% | 80% | 77% | 113% | 69% | - | - |

Table 5.7: Evaluation results for route 450, N = 104.
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Figure 5.30: Type of error at each stop for the CPS and the LSTM model with loss function
MSE on route 450.

5.1.8 Route 45

Finally, the last route included is route 45. This route is also located between the cities Nor-
rkoping and Soderkoping. One difference between this route and route 450 is that there
are fewer stops, indicating that the distance between each stop is longer. Figure and
Figure depicts the MSE when the timetable is predicted by the observations for both
directions.
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Figure 5.31: MSE on route 45 from Norrkoping to Soderkoping, when the schedule is pre-
dicted by target values.

52



5.1. Arrival time predictions

@ MSEqmyo carly arrivals, 1.81%
= 102 vl late arrivals, 23.03%
E E amval Schedule + 1 min, 25.16%
g “®  MSEqeparure early departures, 0.94%
N @  MSEgeparture late departures, 21.25%
o “®  MSEqeparure schedule + 1 min, 27.81%
o
o - o e s @
= . e o s
S 101/ ——— e ———
(<]
8
S e ————
=i —————==
P -
oy E—— -
n e—m===_ - S
ol =20 02 emmEE L Dam—m—aa -
g 107
@
(%]
-
-
2 == = e —— -
==
= ———— —o=
3 e
1 0—1 ] -
T T T T T T
1 2 3 4 5 6

Bus stop

Figure 5.32: MSE on route 45 from Soderkoping to Norrkoping, when the schedule is pre-

dicted by target values.

Figure depicts how the CPS, TBP and the LSTM model with Pang et al. [3] performs on
route 45. The figure shows that the LSTM model have a lower median error for all stops and
is able to produce more accurate predictions overall. This is supported by Table [5.8 which

shows the evaluation metrics.
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Figure 5.33: Prediction errors on the test set with 231 trips as measured in RMSE.

Evaluation metrics Prediction category (%)
Method Minutes %
RMSE RMSE* MAE MAE* MAPE | Correct | nder Over-
estimated | estimated
TBP 234+183 | 208+193 | 222+1.83 | 1.38+1.73 | 1247 +7.25 | 33.6 489 17.5
CPS 117 +05 | 0.82+0.54 | 1.07+0.47 | 042+ 038 | 7.02+2.62 54.4 21.1 24.5
MSE | 0.85+0.51 | 0.49+0.55 | 0.77 £ 0.46 | 0.23 £0.35 | 5.04 +2.49 67.6 l6.1 16.3
Pang | 0.84+0.52 | 0.48 £ 0.55 | 0.76 £ 0.47 | 0.23 £ 0.35 | 4.78 +2.35 69.8 17.7 12.5
LSTM U 1.04+0.65 | 0.70+0.71 | 0.93+0.59 | 0.36 +0.47 | 551 +2.68 61.0 35.3 3.7
MAE* | 0.97+0.51 | 0.60+0.54 | 0.89+0.46 | 028 +0.34 | 6.63 +3.34 59.8 11.0 29.2
O 094+053 | 0.58+0.57 | 0.86 +0.47 | 0.28+0.37 | 552+2.76 63.4 9.8 26.7
ISTM | TBP | 646% | 769% | 658% | 833% | 617% | 107.7% | - =
Improvements | CPS | 263% | 415% | 290% | 452% | 319% | 283% | - ]

Table 5.8: Evaluation results for route 45, N = 231.
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5.2. Summary

The distribution prediction categories per stop for CPS and the LSTM model with Pang et
al. [3] as loss function is illustrated by Figure This time, the LSTM model is able to
produce more predictions considered to be correct than the CPS for all stops.
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Figure 5.34: Type of error at each stop for the CPS and the LSTM model with loss function
Pang et al. on route 45.

5.2 Summary

Thus far, the results for a set of eight hand-picked routes have been presented in further
detail. The idea is that the selected routes should represent a wide selection of the different
characteristics of all routes. This section aims to give a better overview of the result and
present and present the improvements in a compact form. Table[5.9|shows a summary of the
results. The LSTM method refers to the LSTM model with the lowest error in the metric MAE

for each route.

. . Route
Evaluation metric Method 70 303 1513 50 119 3 50 s
TBP 255+146 | 1.69+1.04 | 232+148 | 1.22+1.12 | 221185 | 1.72+1.26 | 2.88+2.18 | 2.22+1.83
MAE (min.) CPS 1.14+0.63 | 0.75+0.31 | 0.69+0.32 | 0.66 +0.40 | 0.77+0.38 | 0.66 +0.30 | 1.00 £ 0.43 | 1.07 + 0.47
LSTM 0.89 £0.62 | 0.64 +0.32 | 0.64 +0.33 | 0.39 +£0.21 | 0.67 +0.40 | 0.49 +0.25 | 0.92 +0.52 | 0.76 + 0.47
LSTM Improvements TBP 65.1% 62.1% 72.4% 68.0% 69.7% 71.5% 68.1% 65.8%
CPS 21.9% 14.7% 7.2% 40.9% 13.0% 25.8% 8.0% 29.0%

Table 5.9: Summary of the results.
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Discussion

In this chapter, the applied method and the results are discussed. The first section is an
analysis of the results and the section elaborates on the outcome of the conducted experiments
for the selected routes. The applied methodology is also discussed in terms of replicability,
reliability and validity. Last but not least, a general discussion is included about how the
results can be put into practice.

6.1 Analysis of the results

The first overview analysis can establish that model based on a RNN with LSTM units works
well in this domain. Table [5.9|shows that the LSTM model improves the predictions on all
routes investigated. The model is able to find patterns and learn from past experience to
create useful arrival time predictions for a different set of routes. It is also clear that the
timetable generally is a quite bad predictor in terms of the evaluation metrics applied in this
thesis. The fear of giving out times that will allow the bus to visit stops earlier and thus,
possibly leave passengers behind, causes the timetable to underestimate the arrival times
quite a bit for some routes.

As seen in the figures illustrating the error type at each stop, the CPS usually predicts close
to the distribution mean since the error types often are fairly evenly distributed. Recall that
the CPS value is presented as the delay parameter in the GTFS-RT feed which represent the
scheduled arrival or departure time plus the delay. There might be underlying functionality
attached to the system producing the predictions that is not included in the GTFS-RT feed.

As expected, the TBPs are constantly biased towards underestimations on all routes con-
sidered. This means that the passengers are currently provided with two different types of
predictions. Either the time is underestimated or an attempt to hit the exact time of arrival.
Currently, there is no expected last arrival time presented to passengers. Only the expected
(mean) arrival time is. It means that the passengers best bet is to use the prediction produced
by the CPS since TBP underestimates the arrival time most of the time. However, the results
shows that if the CPS prediction deviated more than one minute from the target value, the
prediction is generally as likely to be underestimated as overestimated. That is exactly why
the LSTM model with loss function O is relevant. The results show that such a model is able
to steer the errors towards the desired error category and predict a time that seldom is an
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6.2. Loss functions

underestimation. Passengers can thus more easily make up plans if they have this worst-case
arrival time available.

The first set of predictions produced by the CPS is close to the TBP which has a negative
impact on the measurement result. However, the trend over all tested routes is clear when
the median per stop is considered. The LSTM model with loss functions MSE and Pang et
al. [3] is able to get a lower median error on most of the stops, regardless of the evaluation
method.

For route 70, Figure5.T|and Figure[5.2]indicates that the timetable and the observations are
not very well aligned and there are room for improvements, especially on the later sections
of the route in both directions. The bus is late to more than half of the stops. However,
Tableshows that both of the LSTM models with the loss functions MSE and Pang et al. [3]
manages to produce better predictions than CPS. The number of correct (within one minute
error) predictions is also increased from 52.4% to 63.7% while the errors are evenly distributed
as for CPS. Furthermore, the loss functions U and O manages to keep the percentage in their
respective error category low while the evaluation metrics are comparable to CPS, despite
the fact that their main task is to avoid overestimations and underestimations, respectively.
The errors have successfully been directed to the desired error category at the cost of less
accurate predictions. However, the metrics in Table [5.1 shows that both U and O produces
results similar to CPS. That trade-off turned out to be generally valid across all lines. The
safety margin that U and O entails us at the expense of less accurate predictions.

The largest improvement in percentage over the CPS was made on route 20 with a 40.9%
improvement. A large part of the explanation is the few number of stops together with the
fact that the bus often is late in one of the directions, as illustrated by Figure[5.15] Figure[5.18b]
shows how the CPS are heavily disadvantaged by predicting close to the timetable on the first
stop. However, the figure also shows that the LSTM model has a better median value for the
rest of the stops indicating an overall improvement even if the very first stop had not been
considered.

The smallest percentage improvement of 7.2% over the CPS was noted on route 616. This
is quite a a long route with relatively many stops where the bus often is late. Even though
the improvement is small compared to the CPS, the difference between the TBP and LSTM
is the greatest over all routes tested. It indicated the need for a prediction system in order to
provide passengers with a good service.

Route number 616 and 450 are considered to be of the route type inter-city. Table
shows that these routes were the hardest to improve compared to the CPS, with an 7.2%
and 8.0% improvement, respectively. The inter-city express routes on the other hand enjoyed
improvements of 21.9% on route 70 and 29.0% on route 45. The improvements over the CPS
on the city routes were quite spread. The short city route number 20 in Linkoping can be
improved with as much as 40.9% over the CPS, while route number 119 in Norrképing was
improved by 13.0%.

The analysis is based on data from a period in which it is winter. Slightly tougher road
conditions due to weather may partly contribute to the amount of delayed buses. It is there-
fore not unimaginable that for instance, the TBP has a less average error during the summer.

6.2 Loss functions

An interesting observation is that the loss function MAE* makes the model inconsistent.
The evaluation metrics is generally worse than both MSE and Pang et al. [3] and the predic-
tion category distribution indicates that the predictions are either correct or underestimated.
MAE* is, in the light of MSE and Pang et al [3]], more or less producing nonsense results.
One possible explanation for this behavior is the lack of feedback difference in the interval
between plus minus one minute. The relaxation of the acceptable region seems to make the
network confused or lazy rather than simplifying. It is perhaps not to surprising since the net-
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work is suddenly not given any incentives to strive for improvements when the prediction is
within the desired region.

6.3 Method

The parameters for training the models suggested in this thesis relies heavily upon the lit-
erature, as presented in Chapter [2l The only training parameters that have been empirically
tuned is the learning rate, patience and the constants in the loss functions U and O. Regard-
ing the training parameter values, these are not claimed to be optimal and more work can be
put into finding optimal training parameter values.

The structure of the LSTM RNNSs used as a basis for the models is also based on the liter-
ature, and the work conducted by Pang et al. [3]. Although the choice of network structure
and dropout is based on related work, it is interesting to continue exploring alternatives and
their impact on the result.

Using only complete sequences up to the very last stop means that the last stop on each
route is never evaluated. An alternative approach would be to include these sequences and
perhaps all complete sequences and evaluate them against corresponding sequences. The
data source would arguably be utilized more efficiently and more training sequences would
be available. However, there are only a few complete sequences available in the dataset which
reduces the impact of the chosen method.

An alternative to only consider predictions in conjunction with visiting bus stops is to
make predictions more often, i.e. between stops as well. The positions are updated with 1 Hz
and longer sequences can thus be constructed. Routes with long distances between stops
would benefit from detecting anomalies earlier. However, this is not how the CPS operates
and the models were thus adapted to today’s system. The approach in this thesis is easily
extendible to include more frequent predictions. In such case there might be good to know
that there is an upper limit to the length of the sequences where the gradient might have a
difficult time propagating properly without vanishing or exploding.

6.4 Applicability

The pervasive theme in this thesis is to solve a very practical problem. The goal is to provide
passengers and passengers-to-be with as accurate information as possible in order to provide
the best possible service. By studying bus lines over time, the results show that it is possible to
extract patterns and dependencies that can successfully be used to predict the time of arrival
several stops ahead. When a model for a line is trained, predictions can quickly be made
using the best found weights. Also, the two use cases studied in this thesis captures two real
needs that passengers and passengers-to-be have and that is not being met today.

Improved arrival time predictions on average is part of increasing the attractiveness of
public transportation in general, together with other important aspects such as as offering
shorter travel times and more frequent trips. An overall better service can attract new and
more passengers which in turn leads to increased revenue. Increased revenue makes it possi-
ble to continue with investments in the service with ultimately leads to a better public trans-
portation system. There are accurate predictions about the time of arrival part of being able
to give passengers a more attractive service.

From the driver’s perspective, predictions of arrival can certainly contribute to increased
stress if the times are perceived as a fact more than an estimate. Knowing the outcome of
how other, perhaps more experienced drivers have driven in similar situation before might
put some extra pressure on keeping the same pace. There is also a monitoring aspect to take
into consideration. Every decision taken by the driver has consequences that are not only sys-
tematically monitored and saved, but also actively used by the prediction system to provide
passengers with information. Also, different drivers probably have different driving charac-
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teristics affecting the arrival time. It is conceivable that, for instance, an anonymous driver ID
can capture these differences and for that reason is included in future, similar models. That
requires another discussion about what it is likely to have for consequences for ethical and
moral concerns.

An open question is how the models should handle new data. The world is a place of
constant change and some sort of robust online learning would be needed in order to keep the
models up to date in the long term. Such a solution should also consider the computational
power needed and find a computationally efficient way of keeping the models up-to-date.
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Conclusion

This chapter concludes the thesis and addresses answers to the studied research questions.
The research questions will be addressed and the goal in this thesis will be evaluated. Fur-
thermore, a section with future work is presented along with suggestions to further improve
the proposed models.

First, an everyday problem was identified. OT uses a system to predict arrival time for
buses which is presented to the passengers and passengers-to-be. It was unclear how well this
system performed and there was a need to investigate if it was possible to improve the arrival
time predictions on certain lines to ultimately facilitate the everyday lives for people affected.
Second, two types of passengers with different needs were identified for which models were
designed in order to meet their respective needs. Third, the result section showed that mod-
els based on RNNs with LSTM units are able to produce better results in all measurements
compared to the existing approach. Now only a lower error on average is achieved, but also
a higher proportion of the total predictions that are classified as correct on all routes tested.
Furthermore, two new ways of predicting the arrival time is presented. By selecting a loss
function that penalizes underestimations or overestimations more harshly, the results shows
a trade-off between precision and certainty that the predictions in most cases does not fall
into the unwanted prediction error category. With this in mind, the research questions below
can be answered.

1. How well can a recurrent neural network model predict arrival times compared to the
existing prediction system used by Ostgotatrafiken?

Answer: The results show that models based on recurrent neural networks can produce
more accurate arrival time predictions than the existing prediction system on all routes
tested. The LSTM model with the lowest median error on each route showed improve-
ments ranging from 7.2% to 40.9% compared to the existing prediction system used by
Ostgotatrafiken today.

2. The current passenger and the passenger-to-be have different needs in terms of predic-
tions. How can this be facilitated?

Answer: One way to facilitate their needs as shown in the results is to train a recurrent
neural network model with a suitable loss function for each need. Using loss function
U, we show that the predicted arrival times are overestimated in between 0.8% to 3.8%
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of the times on all routes tested. If we instead use the loss function O, we show that the
arrival times were underestimated between 3.1% to 9.8% of the times. The remainder
of the predictions are either within one minute from the target value or an underesti-
mation (U) or overestimation (O).

3. What cost functions and validations are suitable for arrival time predictions?

Answer: The results show that the loss function proposed by Pang et al. [3]] has the
lowest mean error in virtually all evaluation metrics. Furthermore, a loss function that
weights the errors depending on the type is suitable to address the identified needs.
The functionality was validated by running tests and then observe and compare the
predictions with the observations.

The answers to the research questions indicates that we did in fact manage to reach our goal
to study how better arrival time predictions can be made and for whom. Two cases were
identified with different needs. The current passenger and the passenger-to-be. Their needs
can be addressed by selecting a non-symmetrical loss function that punished either underes-
timations or overestimations more harshly. Also, the LSTM model with loss function Pang et
al. [3] can reduce the mean prediction error and produce more predictions within one minute
from the target time on all routes tested. Because the solution is relatively easy to expand
with more data or other data sources, we have a good basis for building and applying our
findings out in the real world.

7.1 Future work

The final section of this thesis will bring up interesting suggestions for potential improve-
ments and alternative approaches or solution in general. The following list is subject for
future work as it could possibly improve the proposed models:

* Perhaps one of the more interesting ideas is to shift focus from the standard regression
approach trying to predict the exact time to predicting an interval. Predicting the con-
fidence interval would have the great benefit of also providing a certainty value along
with the predicted arrival time. An interesting alternative can be to predict the param-
eters of a distribution which would facilitate the interpretability and make the model
more rigorous. In such case, the parameters for the loss functions U and O could be
calculated directly from the distribution which could replace both models with one.

¢ The dataset could be used more efficiently. One idea is to interpolate missing values
in the TripUpdates feed with AVL data from VehiclePositions to construct complete se-
quences of arrival and departure times at stop. That idea could be developed further
to construct sequences longer than the number of stops and one-hot encode the type
of the segment. Suitable classes could be for instance intersection, bus stop, or normal
road. The prediction system would then predict all segments to move the state forward
but only publish the predictions relevant to the passengers.

* Eachbus has a predefined schedule which can include several routes. It would therefore
be interesting to associate predictions with buses and include the entire trajectory, not
only the parts which is associated with a trip instance. In that way, information about
past events from other trips such as delays could then be conveyed faster to passengers.

* A closer interval between the predictions would propagate information to the passen-
gers at a faster pace. Since a new set of predictions is made in connection with a bus stop
visit, it might take a while before events become available. It is especially a problem on
lines with long distances between two adjacent stops. Updating the predictions more
often by dividing the lines into smaller sections would solve that particular problem
and the effect would be interesting to study further.
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* The parameters in the loss functions designed to avoid understimating and overesti-
mating the arrival times is an interesting design parameter. Instead of empirically find-
ing suitable constants, it would be interesting to go the other way around and calculate
the values based on the desired probabilities for avoiding underestimations and over-
estimations.

¢ The training parameters is heavily based upon the literature. Although the models in
this thesis is not claimed to be optimal, it would be interesting to further investigate
parameter optimization and study different network architectures, like stacked LSTM
models, for instance.

* Online learning to keep the models up-to-date so that they do not lose their accuracy
over time.
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