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ABSTRACT

ANALYSIS OF TRAFFIC NETWORK

NEAR BUS STOPS USING BUS GPS DATA

In congested cities where the commuting time doubles during peak hours, it
is crucial to identify every network problem. While it is costly to implement classic
sensor technologies that are used for identification all around the network, using
trajectory data of GPS (Global Positioning System) equipped bus fleet is suggested
in literature. In this study, it is aimed to analyze the traffic behavior of the buses
around the routes of these buses, and to express the effects of the selected parameters
on the buses near bus stops numerically using the bus GPS data in Istanbul (IETT).
The data consist of more than 5000 daily trajectory log files, including more than
25 million rows of location and time information during April 2016, of buses working
in 12 bus routes which are selected for the most variety. The influence distance,
wherein the buses affect traffic network while slowing down around the bus stops,
are measured for each bus stop by using Fused Lasso method on the speed patterns
of buses along the bus routes. Possible interruptions and the correlation of their
distances to the bus stops with the influence distances are investigated for the
surrounding network of 438 bus stops. M5P, random forest and extremely
randomized trees models are created to predict the influence distances using the bus
stop parameters. The models show that, although the passenger demand plays huge
role on the influence distances of the bus stops, the other parameters such as change
in the number of lanes and location of the traffic lights should be used to predict
the influence distances. The influence distance for the bus stops varies from 36 to

174 meters, with an average value of 98 meters.



OZET

OTOBUS GPS VERILERI ILE DURAK CEVRESINDEKI

TRAFIK AGININ ANALIZI

Zirve saatlerdeki trafigin, ise gelis gidis zamanlari iki katina c¢ikarabildigi,
Istanbul gibi, niifus yogunlugu yiiksek sehirlerde, ulasim agindaki en ufak sorunlarin
bile tespit edilmesi biiyliik 6nem tegkil etmektedir. Bu sorunlar1 saptamak igin
kullanilan sabit trafik sensorlerinin tiim aga kurulmasinin maliyeti yiiksek olabilir.
GPS (kiiresel konumlama sistemi) takilmig olan otobiis filolarinin giizergih
bilgilerinin, trafik analizinde kullaniminin 6rnekleri son zamanlarda literatiirde yer
almaktadir. Bu calismada, Istanbul'daki otobiis (IETT) GPS verilerini kullanarak,
otobiislerin giizergahlarindaki trafik davraniglarini analiz etmek ve secilen
parametrelerin otobiis duragina yakin otobiislere etkilerini sayisal olarak gostermek
amaglanmigtir. Otobiis verisi, gesitlilik hedef alinarak secilen 12 otobiis rotasinda
galigsan otobiislerin, Nisan 2016 boyunca kaydettigi 25 milyondan fazla yer ve zaman
bilgisi satir1 igeren 5000'den fazla giinliik yoriinge kaydindan olugmaktadir.
Otobiislerin, durak c¢evrelerinde yavaglarken trafik agini etkiledigi durak etki
mesafeleri, rotalar1 boyunca kaydedilmis hiz verilerinin {izerine Fused Lasso yontemi
kullanilarak, her otobiis duragi icin hesaplanmistir. Muhtemel etki faktorleri ve
bunlarin duraga olan mesafeleri ile otobiis duraklarinin etki mesafelerinin
korelasyonu, 438 otobiis duraginin gevresindeki agda arastirilmigtir. Otobiis durag:
parametrelerini kullanarak etki mesafelerini tahmin etmek i¢cin M5P, random forest
ve extremely randomized trees modelleri olugturulmugtur. Olusturulan modeller,
yolcu talebinin otobiis duraklarinin etki mesafeleri {izerinde biiyiik rol oynamasina
ragmen, serit sayisindaki degigiklikler ve trafik igiklarinin konumu gibi diger
parametrelerin de etki mesafelerini tahmin etmek icin kullanilmasi gerektigini ortaya
gikarmigtir. Otobiis duraklarinin etki mesafeleri 36 metreden 174 metreye degiskenlik

gosterirken, ortalamasi 98 metre olarak hesaplanmigtir.
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1. INTRODUCTION AND BACKGROUND

Traffic congestion in a city with large population can have severe economic
and social impact on both the community and the environment. A traffic network
with many highly congested regions in traffic network will cause the travelers to
complete their trip with a significant delay that can cause stress and boredom [1].
The issue is not experienced by private vehicle users only but also by public
transportation passengers as well. A solution, for resolving the regions with dense
traffic, is to increase the number of alternative modes and especially promoting

public transportation.

Istanbul, the study area, is one of the cities that has one of the most congested
traffic in the world [2]. With a population over 14 million [3] and nearly 4 million
vehicles in traffic, especially in the peak hours, the traffic comes close to a full stop
[4]. For this problem to be resolved proper transportation infrastructure must be
provided and public transportation must be promoted. Identifying and analyzing
problematic spots in the public transportation bus network is important for both

the passengers and the city authorities.

There are three main public transportation modes in Istanbul, road, rail and
sea transportation. Road transportation includes bus, bus rapid transit, minibus,
private service and minibus taxi. Rail transportation composes of metro, light rail
train, tram, Marmaray, funicular and cable car. Sea transportation contains ferry
and private sea boat. Ride shares of public transportation are presented in Figure
1.1. Daily 13 million passengers are carried with public transportation in Istanbul in
2016 [5]. The biggest pie is related to road transport with 78%, and 37% of road

transport is related to bus transportation.
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Figure 1.1. Mode share of Istanbul public transportation and public road
transportation.

This study focuses on the effect of an influence distance of a bus stop on an
arriving or departing bus. The influence distance lies between the points where the
bus starts to decelerate while arriving at the bus stop and starts to recover its speed
until it is uniform with the traffic flow. It can also be said that the influence distance
is expected to be correlated with the hotspots before and after the bus stops, due to
their impact on the arriving or departing busses. The detection of influence distance
is helpful in terms of detecting bus stops which requires special attention. This is an
important information for classifying bus stops and detecting any potential problems
at any bus stop. Combining this information with the other characteristic
components for evaluating the performance of the bus stop and classifying them,
such as dwell time, punctuation and so on, will provide a different perspective for
this matter. The detection of these uncommon bus stops makes the public
transportation planners to adjust their performance criteria accordingly, such as
punctuality threshold and so on. The obtained results, which are the main
contribution to the literature, will benefit both the public transportation planners,

policy makers and bus users in the future.



1.1. Problem Statement

Traffic congestion is a severe problem of the big cities beside harmful effects
on the environment. The most important one of the modes which have a significant
role in traffic jam problem is considered as private car. For this situation, one of the
most recommended solutions is to direct private car users towards public
transportation. However, even when public transportation modes are widely being
used, problematic spots in the road network, which can be found in many cities, can
still cause a significant traffic congestion. These spots in the network decreases

capacity significantly; therefore, it is important to analyze them in detail.

1.2. The Goal and Objectives

Bus GPS data can be useful in detecting problems on the network in order
to provide better service for public transportation users. Therefore, it is aimed to
extract information regarding the problematic spots experienced by buses from the

GPS data. To achieve this goal, the following research objectives are aimed:

(i) To detect the hotspots experienced by the buses along the bus routes in order
to find out possible parameters that have effect on the speed distribution of
buses,

(ii) To extract dwell time information of bus stops from GPS data in order to
correlate them with the network information near bus stops,

(iii) To provide an influence distance measure for the bus stops in order to
determine which bus stops have more influence on the speed distributions of
buses near the bus stops.

(iv) To create models to predict the influence distance of the bus stops using the

network information near bus stops.



1.3. Literature Review

Determining hotspots concerning the public transportation buses and dwell
times at a bus stop are both important information for evaluating the transit
reliability which is an important factor for travelers in making decisions, especially
in urban areas [6]. Using GPS data from the buses is the most common method for
achieving these objectives but can create some difficulties such as separating

movement and dwelling phases of the data obtained from vehicle tracking system

7).

Even then it is also crucial to have the knowledge to maintain and manage
large quantities of GPS data. An alternative method for determining dwelling times
and patterns is to use the characteristics of the bus stops, which requires much less

information than using a large chunk of GPS data extracted from busses [8].

ITS technologies and methods have been discovered many different issues and
their causality. These methods can be crucial for the improvement of all modes of
transportation in a city like Istanbul, if they are implemented properly. Studies for
sensor technologies have been made in order to improve the transportation
infrastructure. Over recent decades, new methods for modelling, estimating and
controlling traffic by using wireless sensor inputs have been presented [9, 10, 11, 12].
This type of technology has the capability of building a cognitive network in the
near future, so that information collected from various type of transportation
networks can be integrated and be used to benefit the drivers, creating an
autonomous environment, benefitting the entire network [13]. Currently not all types
of data can be used for all kinds of purposes. Generally, traffic data obtained from

private vehicles or trucks are more suitable for motorways and rural areas, while, in



case of urban traffic, taxi and bus fleets are particularly useful due to their high

number and homogeneous spread in the urban area [14].

Studies where private vehicles are used as probes, gives information about
the traffic state of a segment of a network. In a study, a method is proposed where
even a single vehicle is sufficient to determine the state of the traffic, which is
incredibly useful in the sense that the traffic environment is not affected significantly
while information is collected [15]. In the same way while studying on a method for
determining the expected queue length and its variance, it was discovered that last
probe vehicle is sufficient to estimate these values [16]. Similar to private vehicles,
there are studies for traffic estimation by using taxis as probes. An urban traffic
estimation method is presented using a huge amount of GPS data from over 5000
taxis that are within the city and with it, density levels are determined and a method
for automatically determining the capacity of roads is introduced [17]. While traffic
states can be estimated from the data provided from taxis and private vehicles, data
from public busses cannot be used for the same purpose due to the behavioral
difference of the private vehicles and taxis compared to public busses. Therefore,
combining this information with developed methods will provide a much broader

understanding of the overall network.

Bus stops are the most important component for the reason of the behavioral
difference of public busses compared to other vehicles. The bus stops are points
where the bus will definitely have an interaction with the bus stop, whether it will
stop completely or slow down because of the interaction. Providing accurate
information for arrival time of a bus to a bus stop and minimization of dwell time
at a bus stop are important performance criteria for public bus mode. All these

components will influence the most important value for a public bus system, which



is the travel time. There are many different studies, which makes the public
transportation mode a more attractive mode and makes the system to function even

more efficiently.

Where there is a bus stop, there will be also an influence on the traffic flow
near that stop. The road capacity for cars near any stop is a function of flow rates
of various streams and the dwell time of the busses [18]. Bus bays can be used if
there is sufficient space, in order to decrease the influence of the bus stop on the
traffic flow and it is advised to provide them where a 25% drop of general traffic
speed or even more is caused [19]. It is also crucial to determine the locations of
these bus stops and have the optimal space between them. A value important for
determining this distance is the total cost sensitivity to various parameters such as
value of users’ time, access speed, demand density and so on [20]. By adequate
planning of stop spacing and number of required busses for a sustainable level of
service the operating cost can be decreased as well [21]. An important factor for level
of service is the dwell time, which can influence arrival time of a bus to a bus stop
and travel time of a bus route. Detecting these value accordingly and minimizing

them as well, encourages more and more citizens to use public transportation.

Important parameters for dwell time consists of passenger activity, lift
operations, time of day, route type and so on [22]. As the dwell time increases the
average traffic speed decreases which causes increased travel times and delays [19].
So minimizing this dwell time as much as possible is an important step towards
normalizing the impact of a bus stop to the traffic flow. More details about the
causes of increase of dwell time are discovered such as a friction effect, which occurs
when two queues of passengers try to board the bus through a single door, crowding

effect, which is caused by passengers standing inside the bus and even compared the



performance of payment methods to determine the impacts of these factors on the
dwell time [23|. With increasing dwell time the delay of arriving to the next stop
will increase thus the total travel time will also increase. As the number of busses
increase at a given bus stop with high dwell time values, it is expected to observe

hotspots close to these bus stations.

While determining these hotspots, it should be noted that the hotspots valid
for public transportation busses, may not be experienced by private vehicles, which
can also be possible for other way around. Nevertheless there may be an
unintentional interaction due to these problematic spots for both the private vehicle
and public transportation busses, which must be prevented or at least minimized. If
necessary precautions are not applied, public transportation busses can experience
even further delays and congestion, which will make, the most eligible solution

against traffic congestion, an unattractive mode of transportation.

1.4. Thesis Outline

The remainder of this thesis is organized as follows: In the next section, the
background and theory of the methods which are used in this study are discussed.
Then, in Chapter 3, the methodology of every step of this study is explained with
examples as well as usage of the methods starting from how to obtain and store the
data to how to extract information from the data. It is followed by the data analysis,
the results of the analysis, and comparison of the model performances to predict
influence distances of the bus stops in Chapter 4. Finally, conclusions and

recommendations are provided in Chapter 5.



2. THEORY

In this thesis, some data mining and machine learning methods such as
clustering and tree algorithms, namely fused lasso, hierarchical clustering, and
decision trees, are used to detect the problems which buses experience along their

routes daily.

In order to determine the disparity in the speed distribution of buses near
bus stops, one dimensional adaptation of fused lasso is used. The drop in speed is
used to calculate influence distances of bus stops. The fused lasso automatically

separates the regular speed values and decreased speed values in a speed pattern.

Then, hierarchical clustering is explained because it is used to group bus stops
by their properties. Same bus stops are clustered again by their dwell times. The
comparison of group members shows that both groups have similar members, which

shows a correlation between bus stop characteristics and dwell times.

The background of decision trees are explained because all methods (M5P,
Random Forest and ExtraTrees) are improved versions of decision trees. In M5P, a
regression model is implemented on a decision tree. Random Forest and ExtraTrees
models ensemble multiple trees together to improve predictions. These three
methods are used to predict the influence distance values using the characteristics

of the bus stops.



2.1. Fused Lasso

The fused lasso is a method for spatial or temporal data structure to extract
data patterns separated with points where there is large changes in data. In a

prediction problem, the fused lasso objective function is shown in Equation 2.1.

%ﬁ(m - xip)? }

min
B

(2.1)
P p
subject t02|,8j| <s; and ZLBJ- - ,Bj—ll =5
j=1 j=2

where there is N cases having outcomes y from i to N, and features x from j to p.
The first constraint encourages sparsity in the coefficients; the second encourages

sparsity in their differences, i.e. flatness of the coefficient profiles B; as a function of

J-

Suppose that y has a 1-dimensional data that is the coordinates of y
corresponding to successive positions. The second constraint, s, of Equation 2.1
penalizes the absolute differences in adjacent coordinates of (8, and is known as the
1-d fused lasso [24]. This gives a piecewise constant fit. It is used in settings where
coordinates in the true model are closely related to their neighbors. Figure 2.1 shows
an example of the 1-d fused lasso applied to the speed distribution of a sample bus
GPS data. The red line represents the 1-d fused lasso result which is the flatten
speed distribution. The similar value trends are grouped with the same flatten value

separated at the significant changes.
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Figure 2.1. Fused lasso applied to the speed of a sample bus GPS data

2.2. Hierarchical Clustering

Clustering algorithms are used to find groups in a data set that share a
common pattern. The algorithms can automatically find clusters in an unsupervised
manner which means that the groups can be created without any predetermined
group or human inspection. The grouping continues until the data within the same

cluster are adequately similar to each other [25].

Hierarchical clustering generates a tree of clusters. The tree can be generated
by splitting clusters into smaller pieces starting from the root cluster which has all
the data, or by merging individual data pieces into larger clusters. A cluster becomes
parent when it splits, and creates child clusters. The deeper in the cluster tree, the
more similar members are in the clusters. The clusters which have same parent are

more similar than the ones that have not.

The process continues until the desired numbers of clusters are generated.

The farthest reached clusters for each branch are called leaves. Every cluster except
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root and leaves have parent and child clusters. This generated tree is often called as
dendrogram. An example dendrogram is shown in the Figure 2.2. At the top of the
tree, there is a root node which consists all members. Every three edge intersection

is a decision node which splits members into smaller groups.

2.2.1. Linkage Criteria

In constructing hierarchical cluster tree, the splitting approach is called
divisive, the merging approach is called agglomerative. Divisive clustering starts

from top to down, one cluster to multiple, agglomerative clustering is the opposite.

Figure 2.2. A dendrogram example

For each step of splitting or merging, similarities are calculated with linkage metrics.
According to linkage metrics, the least similar data are separated the most from
each other in a dendrogram. Three of most used linkage metrics are single link

algorithm, complete link algorithm and group average algorithm [26].
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Single Link Algorithm (SLA) measures the maximum of the pair-wise
similarity from each cluster to merge a pair of clusters [27].

SLA(C,,Cp) = xeéﬂ?}éc dist(x,y) (2.2)

B

where C4 and Cg are clusters having nodes x and y, dist is the chosen similarity

metric.

Complete Link Algorithm (CLA) measures the minimum of the pair-wise

similarity from each cluster [28].

CLA(Cp,Cg) = xe(llelinéCB dist(x,y) (2.3)

Group Average Algorithm (unweighted pair group method with arithmetic
mean (UPGMA)) measures the average of the pair-wise similarity of the documents

from each cluster [29].

szA(cA,cB)znL Z dist(x, y) (2.4)

i1
X€Cp,yECp

2.2.2. Similarity Metrics

The Euclidean distance and Cosine similarity measure are the most popular
similarity functions which are used to find the proximity between the clusters [30].
Fuclidean distance measures the distance between two datasets or a dataset and a
centroid projected in the Euclidean space. Euclidean distance is represented as D in

the Equation 2.5 where N is the total number of terms in the dataset.
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DY) = | ) (=)’ 05
i=1..N '

Cosine similarity can be used to find the similarity between two datasets,

shown in Equation 2.6.

xty

Cos@@y) = 1L (2.6)

where x and y are vectors, and ||x|| indicates the magnitude of the vector x. If two
datasets x and y are similar then the cosine similarity measure will be closer to 1

otherwise it will be closer to 0.

Although there are many other linkage metrics, Equation 2.2, 2.3, and 2.4 are
commonly used. These methods use similarity measures like Euclidean distance or

Cosine similarity matrix for their comparisons and measurements.

2.3. Decision Trees

Decision tree is a type of classifier which is used in supervised-learning tasks
which means the data have already been labeled or the target data exist so that the
models can be trained. Models can be built with supervised-learning when the
training dataset is labeled. Classifier algorithms are used to separate data rows into
some groups with labels which are called classes. Trees are special form of graph
structures which are collections of points and lines called “nodes” and “edges” in
mathematical terminology. In tree structure, there is no loops and circuits, and it

has only one path between any two nodes.



14

Decision trees are starting from a root node which contains all data rows.
Each node is a decision point that separates data rows with a rule. For example, a
dataset of bus stops can be split into two groups with a decision rule of whether bus
stops have pockets or not, shown in Figure 2.3. In decision tree structure, there
cannot be more than one rule that is set for a node. Thus, a node can be separated
only once and creates two new nodes under it. When new nodes are created under

the parent node, the depth that allows to track how deep the tree is, increases.

has(Pocket)
| no yes |
Count > 200
| no ' yes |

Figure 2.3. An example tree structure.

Every split of data creates a branch of tree. A branch cannot contain any
loops or cannot join into another branch. Splits of data set in decision trees continue
until a stopping condition like maximum depth limitation. When the split operation

finishes, the terminal nodes are called as leaves.

Selection of decision rules is the key point for a good decision tree. One

dataset can be represented by multiple different decision trees. In order to find the
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best decision rules, some measurements can be used to optimize decision trees. The
measure use given data points as training set to choose parameters of the best

decision rules.

The entropy is used as a measurement in decision making on the nodes. The
entropy is a measure of impurity that is the opposite of the purity that expresses
how less difference or classes the data have in a node. A node is considered the

purest when there is only one class of data in a node.

On the other hand, the entropy function reaches its maximum when the
probability of both classes being either classl or class2 is fifty-fifty so that it has
maximum uncertainty. The probabilities of zero entropy which is the lowest value
is p=1 or p=0 with complete certainty p(X = classl) =1 or p(X = class2) =0
respectively [31]. The definition of the entropy H(X) can be generalized for a discrete

random variable X with N outcomes as

N

HOO = = ) px)logs p(x) o
=1

where log, p(x;) is logarithm to base 2 of the probability of x for each outcome of

random variable X.

One metric which measures the degree of split is called information gain.
Information gain (I) is usually used for multiclass classification problems, and it can
be defined as

X

L=HE)- Y 7 D (2.8)
ke(L,R)
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where Xj is the set of training points at node j, H(Xj) is the entropy at node j before
the split, and |X ]-L| and |X jR| are the absolute values of the sets of points at the right

child and left child respectively of the parent node j after the split.

Training the parameters of node j involves maximizing the information gain
at the node. Each split node is associated with a binary split function that decides

which child of the node each data point traverses to next in the tree.

The advantages of decision trees are basically based on their simplicity, they
are easy to understand and interpret. The results of classification and regression
models can be explained by binary logic. They can easily be implemented
independent to the size of the data set. The decision trees can handle varying in

feature value types such as numeric, categorical values.

However, the optimal decision tree building problem is NP-complete, which
refers to "nondeterministic polynomial time" problem. For this reason, trees created
with greedy algorithms may not produce an optimized solution from a global
perspective. Another problem associated with individual decision trees is the
tendency to over-fit and generalize poorly. The combination of decision trees such
as random forests and extremely randomized trees or the use of different models

together such as M5P alleviate the problems [32].

The three important construction algorithms of decision trees (ID3, C4.5,
CART) in the background of the ensemble tree models are listed in the following

sections as well as the theory of the models (M5P, Random forest, ExtraTrees).
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2.3.1. ID3

Iterative Dichotomiser 3 (ID3) algorithm is one of the first decision-tree
construction algorithms [33, 34, 35|. In every iteration of ID3, a previously unselected
attribute having the biggest information gain is selected to split the set of data. The
iterations start at the root of the tree and continues until the following stopping

conditions.

e Every member of a node has the same label.
e All attributes have been previously selected.

e A subset after a split is empty.

2.3.2. C4.5

(C4.5 algorithm is a decision-tree construction algorithms as improvement to
ID3 [36]. The improvements made from ID3 include the ability of the algorithm to
handle continuous and missing attribute values in addition to discrete attribute
values in the training set. Attributes with missing values are ignored during the
process of the attribute selection process that best satisfies the separation criteria.
In addition, decision trees constructed with C4.5 are pruned which means that the
size of the decision tree is reduced so that it prevents overfitting and improves

accuracy.

2.3.3. CART

Classification and Regression Trees (CART) method [37] is another decision-
tree construction algorithm similar to the C4.5 method. A decision tree is first

constructed fully-grown, and then pruned sequentially back to the root. The optimal
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decision tree is selected from maximum size to fully-pruned. CART trees can be

optimized to perform classification or regression.

2.3.4. M5 model tree

M5 model tree is a numeric value estimator for given instances [38]. The
output feature needs to be numeric for the algorithm, whereas the input features
can be either discrete or continuous. Until a final leaf node is reached for a given
instance, the model tree is traversed from top to bottom. At each node a decision is
made based on a test condition for a feature assigned to that node. After the decision
is made that path is followed. At each leaf node a linear regression model is assigned

of the following form:;

y=Bo+ Pix1+ ... +Brxx (2.9)

where there is k number of regression coefficients £3i, and Po is the offset term. In the
regression model, y is the objective value, and there is k number of explanatory

variables x;.

By using standard regression, weights wy, wy,...,wy of input features are
calculated based on some of the input features a,, a,,...,a;. The fact that each leaf
node is containing a linear regression model for obtaining an estimation output is
the reason why this tree is being called a model tree. When the M5 algorithm is
applied on the bus stops example, a model tree with the form shown in Figure 2.4
will be generated. This sample model is split by three condition; those are passenger
demand, number of lanes and distance to intersection. Then, four linear models are

fitted for each created leaf.
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| Daily bus stop demand <= 200 |

| Lane Number <= 2| | Distance to intersection > 150 |

| Model1 || Model2 | | Model3 || Modeld4 |

Figure 2.4. An example M5 model tree for bus stop attributes data.

A set of training instances is used initially to build the model tree using the
algorithm. Divide and conquer method is used for this purpose. Starting with the
root node, each node reached with an instance set is assigned as a leaf or a test
condition. Subsets are formed based on the test outcome. A test is used to decide
which path to follow. These tests are based on features value and there are multiple
potential tests which can be used at a given node. For M5, the test that maximizes
error reduction is selected, which is found using the following formula where S is the
set of instance passed to the node, stdev(s) is the standard deviation;

|S;1

Aerror = stdev(S) — Z (mstdev(Si)> (2.10)

where there is N number of splits, and S; is the subset of S obtained from the split

at the node with ith outcome of the test. The process of creation of new nodes is
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repeated until there are very few instances to proceed any further or the variation

of the obtained values in the instances that reach the node is small.

A linear model, a regression equation, is constructed at each node after the
construction of the model tree has been completed. The used features in the equation
are the ones that are tested or are used in linear models that are in the sub-trees
below that node. The features tested above that node are not being used in the
equations due to the fact that their impact of estimating the output has already
been obtained at the nodes above. By eliminating more and more features in a built
linear model, it is being simplified even further. The error is defined as the absolute
difference between the output value estimated by the model and the actual output
value observed from a given instance. The features are removed if they lead to a

reduction in the overall error.

2.3.5. M5P model tree

The M5P or M5Prime algorithm is an improvement of M5 model which is a
regression-based decision tree algorithm [39]. M5P is based on M5 with some
additions. As the trees can become too much complex, they must be pruned in order
to make it simpler without the loss of base functionality. The error for each linear
model is calculated at each node starting from the bottom. If the obtained error
value for the linear model at a node is less than the model sub-tree below, then the

sub-tree for that node is pruned.

In case of missing values in training instances, M5P changes the expected

error reduction to the formula shown in Equation 2.11,
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|S| |S|

Aerror = = x B (i) x [stdev(S) — Z (ﬂstdev(si)ﬂ (2.11)

where m is the number of instances without missing values for that feature, S is the
set of instances at that node, B(1) is the factor multiplied in case of discrete attributes
and j takes values L and R with S, and Sr being the sets obtained from splitting at

that attribute.

2.3.6. Random Forest

Random Forest algorithm [40] is an ensemble method which performs better
than individual decision trees. Random Forest can be used for both classification
and regression. In Random Forest, multiple decision trees are grown independently
and can be grown in parallel. Each tree is built using all the training samples which

are sampled with replacement.

Random Forest can be used to optimize decision parameters of each tree. In
training process, nodes can only access randomly chosen features as a feature subset.
At each node, a decision feature is selected from the feature subset, which best splits

the data set. None of the trees is pruned, in other words, all trees are fully grown.

In testing process of classification, all decision trees in the forest classify the
test data. The most frequently selected labels are used for predictions of the final
model. In testing process of regression, average values of each tree are used for

predictions of the final model.

Random forests differ from other ensemble classification methods such as

bagging and boosting. Bagging, an acronym for “bootstrap aggregating”, is a method
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creating multiple versions of a decision tree predictor, which are used in

aggregation to form a decision by consensus [41]. Each decision tree is constructed

using bootstrap replicates of the training set, that is, each training set is constructed

by sampling uniformly from the original training set with replacement. The concept

of boosting, introduced by Friedman [42|, involves the sequential construction of

trees, where the structure of a decision tree depends on the structure of previously-

built trees. Random Forest algorithm can be listed using the following steps [43].

(i)

(i)

(iii)

Let C be a training set {Ci, ..., Cn} with Ci = (xi, yi) which is an independent
test case.

Sample the training set C with replacement to generate bootstrap resamples
Bi.w.

For each resample By, m = 1, ..., M, grow a classification or regression tree Th,
except for the following modifications. At each split, only randomly selected
predictors are considered. Let p indicate the total number of predictor variables
in C. Breiman suggested to use (p/3), which is the default value in the R package
randomForest. Each tree is grown until all nodes contain observations no more
than the maximal terminal node size, MTN, a pre-specified parameter. Unlike
CART, trees in RFs are not pruned.

For predicting the test case Co with covariate xo, the predicted value by the
whole RF is obtained by combining the results given by individual trees. Let the

RF prediction equation is

1 Moo for regression problems
=D o)
m=1

M A (2.12)
argmaxg{ E 1I [ (x0) = 9] } for classification problems
m=
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where Cp is the test case with covariate xo. f(x,) denotes the prediction of Co
by m'™ tree, M is the number of bootstrap resamples, I is information gain, and

g is category number.

2.3.7. ExtraTrees

ExtraTrees (Extremely randomized trees) is another method for randomized
ensemble of trees [44]. The method suggest that splits are selected completely at
random for both predictor variable and its cut-points. Extremely randomized trees
where instead of choosing the best split among a subset of variables under search
for maximum information gain, a random split is chosen. This improves the

prediction accuracy.

The notoriously high variance of decision trees partly finds its origins from
the high dependence of the splits with the random nature of the learning set [45].
The variance of the optimal cut-point v (in the case of ordered input variables) may
indeed be very high, even for large sample sizes. In particular, the cut-point variance
appears to be responsible for a significant part of the generalization error of decision

trees [46].

As a way to smoothen the decision boundary, it is proposed in Extremely
Randomized Trees (ETs) to combine random variable selection with random
discretization thresholds [44]. Extremely randomized trees can therefore be seen as
a way to transfer cut point variance from the variance term due to the learning set

to the (reducible) variance term that is due to random effects.
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3. METHODOLOGY

12 bus lines are selected for the most variety, which are shown on map in
Figure 3.1. These bus lines include ring and straight routes in congested and non-
congested regions, touristic/sea-side roads, highways, multi-lane and single-lane
roads. Buses of the selected bus lines are operating on both Asian and European

side, and two of them are crossing the Bosphorus.

ROUTE NUMBERS
U2

——— (D)7l
30A

— 40T(TAKSIM-ISTINYE)

—— 22(KABATAS-ISTINYE)
30D(YENIKAPI-ORTAKOY)

—— 43R(KABATAS-HISARUSTU)
559C(HISARUSTU-TAKSIM)

— E-3(SABIHA_GOKCEN-4.LEVENT)

— E-58(MECIDIYEKOY-ESENKENT_BASAKSEHIR) W E
—— 202(TAKSIM-BOSTANCI)
— 500T(CEVIZLIBAG-TUZLA) S

0 15,000 30,000 60,000 Meters
| | | ] | | ] | |

Figure 3.1. The selected bus routes
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Firstly, how to obtain the data and to store it in SQL database is explained.
The structure of the data is described with a sample. The processing is performed
using R-stats software to import into the SQL database. Geographic features of SQL

database are also explained.

The route information about the selected bus lines are obtained in the next
step. For this purpose, CitySDK, open source project is investigated. The project
contains digitalized version of shapes of the bus routes and bus stops. The

application interface of the project allows users to download this information.

Since the GPS data are noisy, the data points are matched with the shapes
of the bus routes using map matching methods. The section also gives a brief
methodology about map matching and fixing the shape of the bus lines, which is

necessary for smooth map matching.

After matching the data, time difference and distance of the consecutive data
points are calculated using R package called “geosphere” to determine the speed

information. This section includes a calculation example and R code for the package.

The next step shows the detection of hotspot using estimation of density of
data points. It shows the relationship between the number of data points and the

speed information, so that density of the points can be used to detect hotspots.

Then, for analyze chapter, the datasets are prepared. The dwell times are
calculated with the duration of bus stoppings. The bus stop characteristics are
observed and recorded using street view of the bus stops using Google Maps, Yandex

Maps and Istanbul Municipality Maps. Finally, for each bus stop, using Fused Lasso
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method, the influence distances for bus stops are defined and estimated. The

flowchart of the methodology is shown in Figure 3.2.
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Figure 3.2. The flowchart of the methodology

3.1. Data Storing Process

Trajectory logs of each bus are separated as data files for each day. Each data
file has approximately 5000 data rows with time and location information and size
of 250KB. Data of one month of all selected routes have more than size of 1GB.
Data files were downloaded with private API call from IETT website with the

permission of the officials in IETT.

HTTP request of a tool called CURL is used to download files. CURL is open
source software for transferring data in command lines or scripts. A script file is

prepared for bulk download. Each line downloads one file and names it with a route
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name, a vehicle number and a date. The example code, where the vehicle number is
“A-001”, the route name is “43R” and the date is April 1st, 2016, is

curl “http://.....&date=20160401&vehicle=A-001" -0 “43R__A-001 20160401.csv”.

Private API needs two query strings, which are date of the record and the
vehicle door number. The output file includes location and time data but there is no
information about route name without analyzing the trajectory data. In order to
simplify the analysis, the information of the bus assignments to the routes for the
selected dates are gathered from IETT. In other words, the door numbers of buses
working on the selected routes in each day of April are recorded by IETT and this

information is used while downloading data files.

The files are in CSV (Comma-separated Values) format. CSV format is
commonly used as data exchange format and widely supported by computer
applications. However, the flat-file format is not suitable for data storing and fast
querying the data. On the other hand, tabular format can be easily imported into
relational database management systems (RDBMS). Some of the most common
RDBMS systems are MySQL, Microsoft SQL Server, Oracle and DB2. Because of

familiarity of users to the product, SQL Server is chosen for storing the GPS data.

Before importing all data files into database, the files are analyzed
descriptively. In Table 3.1, randomly chosen 10 data files are shown. “Start” and
“End” columns represent logging time interval in UNIX timestamp format. UNIX
timestamps which are commonly used in computer science, are seconds since Jan 01
1970. “Id” is the primary key which is the information about that data file. The
primary key will create a connection between database tables. The table is imported

to the SQL server.
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1d Route Day Filename Start End Line
4779 500T 28 500T 28.4779 | 1461790812 1461877191 5430
751 500T 25 500T 25.751 1461531610 1461617998 5297
1811 202 1 202 _01.1811 1459458003 1459544386 5456
5156 500T 1 500T _01.5156 | 1459458005 1459544384 5492
4694 500T 26 500T 26.4694 | 1461618008 1461704388 5475
4672 30A 26 30A 26.4672 1461618002 1461704390 5488
2752 202 27 202 27.2752 1461704412 1461782945 4983
1813 43R 1 43R_01.1813 1459458000 1459544393 5202
3010 202 13 202_13.3010 1460494800 1460581185 5452
5284 500T 4 500T 04.5284 | 1459731519 1459803589 1026

Each data file has “Id” value that will be used to access the file information

via the “Route” table. The id value needs to be implemented to data points. Data

points inside the data files have 4 values: Bus vehicle door number, Date time,

Latitude and Longitude. The door numbers can be replaced with the id value since

the attributes of the data files have already this information.

SQL Server supports geography spatial data type. Utilizing this feature,

Geographic Information Systems (GIS) functionality can be used in finding nearest

point and coordinate transformation. All data files are bound together with their

route id number. Geography point objects of SQL Server are created using latitude

and longitude values of all data points. Time values are also transformed in

international format. Finally, all data are imported to the “Geography” table in the

database, which is shown in Table 3.2.




Table 3.2. The “Geography”

29

table in the database, which has trajectory

information.

Geo Id | Route Id Time Latitude | Longitude Geography Point

32633 1816 | 2016-04-01 22:31:59 | 41.055000 | 29.023607 | 0xE6100000010CD7A3703D0A874440E8F4BC1B0B063D40
32634 1816 | 2016-04-01 22:32:15 | 41.055733 | 29.022320 | 0xE6100000010C6B274A4222874440F60B76C3B6053D40
32635 1816 | 2016-04-01 22:32:30 | 41.056545 | 29.020860 | 0xE6100000010C4CEO0D6DD3C87444068CBB91457053D40
32636 1816 | 2016-04-01 22:32:46 | 41.057457 | 29.019165 | 0xE6100000010C90F63FC05A874440543 AS8FFE7043D40
32637 1816 | 2016-04-01 22:33:01 | 41.058190 | 29.017963 | 0xE6100000010C257A19C572874440BE89213999043D40
32638 1816 | 2016-04-01 22:33:17 | 41.058810 | 29.017235 | 0xE6100000010CC156091687874440B858518369043D40
32639 1816 | 2016-04-01 22:33:33 | 41.059840 | 29.016462 | 0xE6100000010COF7F4DD6A887444073A087DA36043D40
32640 1816 | 2016-04-01 22:33:49 | 41.061115 | 29.016054 | 0xE6100000010CC425C79DD287444051F86C1D1C043D40
32641 1816 | 2016-04-01 22:34:04 | 41.062298 | 29.015690 | 0xE6100000010C984D8061F9874440CEDF844204043D40
32642 1816 | 2016-04-01 22:34:20 | 41.063960 | 29.015303 | 0xE6100000010C47205ED72F884440DB87BCESEA033D40
32643 1816 | 2016-04-01 22:34:35 | 41.065323 | 29.014616 | 0xE6100000010C9B560A815C88444093FFCIDFBD033D40

To simplify the data structure, latitude and longitude columns can be

removed but they are kept for debugging purpose. SQL Server automatically creates

“Geopointld” column as the primary key of the database table. However, it may be

removed since the timestamp values are already unique for each bus, which can be

used as the primary key. To demonstrate spatial data functionality on SQL Server,

5000 data points are shown on coordinate system in Figure 3.3.

While importing data files into the SQL Server, R software is used and the

connection is established via an odbc driver with an R package named “RODBC”.

The driver provides a query mechanism in R-stats. Additionally, data tables of R

can be imported and exported from/to SQL Server. Data files are preprocessed as

data tables in R and transferred into SQL Server with the odbc driver. The script

is shown in Figure 3.4.



1 Tibrary(RODBC)

7
\\‘

& Spatial results 3 Messages

Select spatial column:

GeographyPoint

(None)

Select projection:

Equirectangular

Zoom:

0

Figure 3.3. Trajectory of 5000 data points

2 myconn <-odbcConnect ("BUS_GPS")

30

3 sqlsave(myconn, Route, "Route”, rownames=F, addPK='RouteId')

4

5~ apply(Route, 1, function(row){

6 dat <- read.table(row['filename'], sep="\t", skip=1, col.names = c("oTO0","TIME","LON","LAT",""))[-5]
7 dat$RouteId <- row['id']

8 sql <- pasteO("UPDATE Route SET DoorId = "'

9 as.character(dat[1,'0T0']) ,
10 "', Route = '",
11 as.character(row['hat']) ,
117 ' WHERE RouteId = ",
13 as.numeric(row['id"']) )
14 sqlQuery(myconn, sql )
15 sqlsave(myconn, dat[,2:5], "Geopoint"”, rownames=F, append = T)
16 1)
17

18 close(myconn)

Figure 3.4. R code that imports data files into SQL Server with the odbc driver.

In this script, the route information which is prepared above is imported (line

3). For each data file, data are parsed from csv format (line 6). Bus vehicle door

number is extracted and saved in the route information table (line 7-14). Only

necessary columns are imported in “Geopoint” table in database (line 15). The R

package does not support geography feature, so the necessary transformation is

performed in SQL Server Management Studio shown in Figure 3.5. Number 4326
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represents WGS 84 (World Geodetic System) which is most widely used standard

in cartography, geodesy, and navigation including GPS.

CREATE TABLE [dbo].[Geopoint]

[GeopointId] BIGINT NOT NULL PRIMARY KEY IDENTITY,

[RouteId] INT,

[Time] DATETIME NOT NULL,

[Latitude] float NOT NULL,

[Longitude] float NOT NULL

[GeographyPoint] AS [geography]::Point([Latitude], [Longitude], 4326)

Figure 3.5. Creating database table “Geopoint” with geography point.

Before processing the data in R software, a subset of the data can be queried

with the odbc driver. A query can use all the power of SQL language, such as

aggregating, joining, ordering functionality. R code querying all buses working on

30A route and getting all data points is shown in Figure 3.6. In the first code block

(line 4-8), a new connection to database is established. This retrieves route

information of “30A”. The second code block is creating clusters for parallel

computing. The third code block (line 14-20) is getting data of all the selected routes.

This method is much simpler and efficient than dealing with plain files.

Tibrary(RODBC)

Tibrary(magrittr)

Tibrary(parallel)

cc <- odbcConnect("BUS_GPS")

route <- "30A"

hatlar <- route
sprintf ("SELECT * FROM Route WHERE Route = '%s'",.) %%
sqlquery(cc, .)

WONOWVHEWNE

10 c1 <- makeCluster (40)
11 clusterevalQ(cl, library(magrittr))
12 clusterevalQ(cl, library(RODBC))

13

14 -~ data <- parLapply(cl, hatlar$rRouteld, function(routeId){

15 cc <- odbcConnect ("BUS_GPS™)

16 routeId %%

1l7/ sprintf ("SELECT Time, Latitude, Longitude FROM Geopoint WHERE RouteId = '%i'"
18 sqlQuery(cc, .) %%

19 return

20 1)

Figure 3.6. R code querying all buses working on 30A route to get all data points
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3.2. Bus Route

Processing bus GPS data requires the shape of the bus routes, the bus stops
that belong to each specific bus route, and the location of each bus stop. The data
provided by IETT does not include the bus route information. Therefore, necessary

data should be obtained from other sources.

Firstly, publicly shared data from “citySDK” are explored. CitySDK is a 5-
year-old project providing “service development kit” for cities and developers. 8 cities
have worked together, namely Amsterdam (Netherlands), Barcelona (Spain),
Helsinki (Finland), Istanbul (Turkey), Lamia (Greece), Lisbon (Portugal),
Manchester (UK), Rome (Italy). Istanbul has been piloted for mobility component
including general base layer of information and geography (OpenStreetMap), public
transport and schedules (IETT, Ulagim AS., Sehir Hatlar1 AS.) and Istanbul's

spatial data [47].

As a demonstration, a simple query is run on the citySdk API. A query asks
public transportation stops within 200-meter-circle from 41.083 latitude and 29.04
longitude. From the query, 4 stops are returned (2 stops in each direction) named
"CENGIZ TOPEL" and “BASIN SITESI”, shown in Figure 3.7. “ptstops” represents
public transportation stops, “lat” is latitude and “lon” is longitude. The response is
in JSON (Javascript Object Notation) format. General Transit Feed Specification is

denoted using “gtfs”.

The id of the first bus stop is selected (gtfs.stop.isth.183495) and used in
another query asking transportation lines containing this stop. As shown in Figure

3.8, 5 records are returned. The lines containing “Cengiz Topel” stop is 559C, 59K,
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59R, 59RS, 59UC. Each route information includes the terminals where the bus

coming from and going to, and also the ids which can be used for other queries.

ptstops?lat=41.083&lon=29.048&radius=200 v

| "status": "success",
"url™: “"http://apicitysdk.ibb.gov.tr/ptstops?
lat=41.083&lon=29.04&radius=200&geom&per_page=100",
"pages": 1,
"per_page": 1080,
"record_count": 4,
"next_page": -1,
"results™: [

"cdk_id": "gtfs.stop.istb.183495"
"name": “CENGIZ TOPEL",
° "node_type": "ptstop”,
o "layer": “"gtfs"
ETILER }'

.

"cdk_id": "gtfs.stop.istb.183497"
"name": "CENGIZ TOPEL",
"node_type": "ptstop”,

"layer": “"gtfs"

"cdk_id": "gtfs.stop.istb.183491"
"name"”: "BASIN SITESI",
"node_type": "ptstop”,
"layer"”: “"gtfs"

1, %

Map center: 41.0842, 29.0441 A

Figure 3.7. A query asking public transportation stops within 200-meter-circle

from the selected location in CitySDK API.

v.tr/ gtfs.stop.istb. 183495/select/ptlines v
+ A
= e e 3
& status™: "success",
"pages": 1,
"per_page": 5,
"record_count”: 5,
"results”: [
"cdk_id": "gtfs.line.1.559c-1",
"name": "1 bus 559C",
"node_type": "ptline”,
"layers”: {
"gtfs": {
"data": {
“route_id": "istb.280604",
. {02} "route_to": "RUMELIHISARUSTU",
[agithane “agency_id": "1",
"route_from": "TAKSIM",
"route_type": "3", .
R "route_long_name": “RUMELIHISARUSTU-
TAKSIM",
"route_short_name": "559C"
}
“modalities": [
sisli : bus
iktas
}
1, %
: Map center: 41.0933, 29.0952 A
Beyoglu

Powered by Leaflet — Map4iata & OpenStreetMap contributors

Figure 3.8. A query asking public transportation lines containing “Cengiz Topel”
bus stop in CitySDK API.
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Another way to select bus routes is to query it with names. In Figure 3.9, the
bus route is queried from its short name “DT2”. After accessing its cdk id, the API
can be asked to return all bus stops. Additionally, “&geom” can be added into query
in order to print all coordinates of polyline drawn on the screen. The coordinates of

the bus route is recorded to be used for map matching.

nodes?gtfs::route_short_name=DT2 v

"status": "success",
"url": "http://apicitysdk.ibb.gov.tr/nodes?
gtfs::route_short_name=DT2&geom&per_page=100",
"pages": 1,
"per_page": 100,
"record_count": 1,
"next_page": -1,
"results™: [
{
"cdk_id": "gtfs.line.1.dt2-0",
"name": "1 bus DT2",
IrugesT "node_type": "ptline",
"layers": {
pgtfs™: {
"data": {
"route _id": "istb.280778",
BESIKTASQ "route_to": "VADI",
"agency_id": "1",
"route_from": "VADI",
"route_type": "3",
"route_long_name": "ORTAKOY-DEREBOYU-

LI

TAKSIM",
"route_short_name": "DT2"
"modalities”: [
Kuzgun "bus” v
Map center: 41.0596, 29.0491 A

Figure 3.9. A query asking public transportation lines has a short name “DT2” in
CitySDK API.

Bus stops information of a selected route can be queried by adding
“/select /ptstops?geom” at the end of the id of the route. The API will return all bus
stops with id, names and coordinates in JSON format. The result can be parsed and
returned into a table with the following code, “respond.results.map(s=>s.name,s.
layers.gtfs.data.stop _id.concat(s.geom.coordinates))”. A sample result of “DT2” bus

route is shown in Table 3.3.



Table 3.3. The bus stops of “DT2” bus route.

Bus Stop Name Id Longitude Latitude
VADI istb.183403 | 29.02330 41.06119
GUL istb.183399 [ 29.02314 41.05694
VADI PARK isth.183146 | 29.02290 41.05579
DEREBOYU isth.183606 | 29.02286 41.05411
ZUBEYDE HN.KIZ LISES istb.183602 | 29.02463 41.05105
KABATAS LISESI istb.193246 | 29.02427 41.04809
GALATASARAY UNV. isth.193244 | 29.02093 41.04652
YAHYA EFENDI isth.193241 | 29.01832 41.04550
CIRAGAN isth.193240 | 29.01281 41.04342
BESIKTAS B.UNIVERSIT istb.183780 [ 29.00781 41.04239
AKARETLER isth.193238 | 29.00394 41.04165
INONU STADI isth.184410 | 28.99500 41.04030
D.BAHCE GAZHANE CD. isth.184415 | 28.99281 41.03995
TEKNIK UNIVERSITE isth.184168 | 28.99308 41.03791
GUMUSSUYU isth.184169 [ 28.99073 41.03691
TAKSIM isth.184160 | 28.98691 41.03728
ELMADAG isth.184153 | 28.98660 41.04228
HARBIYE isth.184151 | 28.98762 41.04871
PANGALTI isth.184149 | 28.98752 41.05186
OSMANBEY istb.184146 | 28.9871 41.05490
SISLI ETFAL istb.184142 | 28.987 41.05790
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Table 3.3. The bus stops of “DT2” bus route (cont.).

SISLI CAMII istb.184139 | 28.98956 41.06232
SISLI MERKEZ istb.184136 | 28.99222 41.06402
MECIDIYEKOY-VIYADUK isth.184114 | 28.99589 41.06637
GAYRETTEPE istb.184108 [ 29.00508 41.06752
ESENTEPE istb.184105 | 29.00843 41.06816
ZINCIRLIKUYU istb.184103 [ 29.01271 41.06952
LEVENT isth.183458 | 29.01743 41.07416
GUVERCIN isth.183482 | 29.02193 41.07677
BELEDIYE SITESI isth.183577 | 29.02474 41.07693
TALIM YERI istb.183579 [ 29.0282 41.07331
TURIZM SITESI isth.183581 [ 29.02969 41.07028
ULUS MAHALLESI isth.183583 [ 29.03032 41.06661
CAMLITEPE istb.183585 | 29.03069 41.06490
ESENEVLER isth.183588 [ 29.03117 41.05942
T.R.T. istb.183596 | 29.02979 41.05761
PORTAKAL YOKUSU isth.183598 | 29.02919 41.05564
KOPRU AYAGI isth.183600 [ 29.02867 41.05219
ZUBEYDE HN.KIZ LISES isth.183604 | 29.02644 41.05048
ZUBEYDE HN.KIZ LiSES istb.183603 | 29.02509 41.05065
VADI PARK isth.183147 | 29.02293 41.05579
GUL isth.183400 | 29.02335 41.05696
VADI isth.183404 | 29.02405 41.06022

36
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3.1. Map Matching

The GPS data rarely shows the actual position with high accuracy. Noises of
locations can reach more than 40 meters due to weather conditions and high
buildings [48]. Figure 3.10 shows 3 million observations in Kabatag district that
contain high level of noise. These faulty data may corrupt the analysis and mislead
some problems. In order to deal with it, incorrect data points should be either

removed or matched with the actual positions.

4106 - R ¢

41.05-

lat

41.04 -

41.03-

29.000 29.025 29.050
lon

Figure 3.10. Three million observations in Kabatag district that contain high level
of noisy data

Matching the data points to the most possible position on the roads is called
map matching. To find the most possible position; firstly, the road network should
be modeled. The roads can be represented as nodes and links. The nodes are the
smallest number of connection points which construct the shape of the road

smoothly.
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By the nature of shape files, curvy roads contain more nodes and shorter
links, straight roads contain less nodes and longer links. For the sake of consistency,
the link length is fixed around 20 meters. The long edges are split into 20-meter
pieces and nodes are created accordingly. If a link is less than 20 meters, it is merged

with the next link and split again. An example link splitting is shown in Figure 3.11.

After creating the network by arranging all nodes and links through bus
routes, the next step is to match the GPS data to the network. The most common
method suggested in literature is to find the Euclidian distance of the data points
to the nodes and match them with the nodes having the shortest distance. This

method is working fine with non-complex networks like straight one-way routes.

Intersecting roads is decreasing the accuracy of map matching because of
noise of the data points. Another method that increase the accuracy is to add
orientation (bearing) information. To apply this method, orientation of the links of
the network is calculated. Then, the data points are matched with the nearest nodes
that have similar orientation with data points. This method allows matching a data
point to the right side of the roads if the bus is using opposite side of the two-way

roads.

3.2. Calculation of Speeds

Each data log has 5 thousand data points on the average with a total of 2.1
million data points. Data points are collected approximately 4 times in a minute,
the median of the sample rate is 0.0625 Hz (16 second). Distance between geographic
(geodetic) coordinates of successive data points is calculated based on an ellipsoid
(spheroid) model of the world. WGS84 ellipsoid model is used in the calculation,

which is using inverse geodesic function in “Geosphere” package of R [49].
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Figure 3.11. Before and after route fixing for long roads (above) and curvy roads

(below).
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An example data set is shown in Table 3.4. Time, longitude and latitude
columns are given; time difference, distance and speed columns will be calculated.
Information of each row will be calculated using values in the previous row and itself.

First row will not be calculated because it does not have previous row.

Table 3.4. Speed calculation example

Time Time Diff Longitude Latitude Distance Speed
1| 2016-04-02 14:02:16 - 29.05036 41.08808 - -
2| 2016-04-02 14:02:33 17 29.05036 41.08808 0.00 0.00
3| 2016-04-02 14:02:51 18 29.05024 41.08787 25.01 4.74
4| 2016-04-03 14:03:08 17 29.05000 41.08689 111.50 26.76
51 2016-04-03 14:03:24 16 29.04966 41.08659 44.19 9.94
6| 2016-04-03 14:03:40 16 29.04886 41.08629 74.37 15.75
7| 2016-04-03 14:03:58 18 29.04792 41.08592 89.23 17.85
8| 2016-04-04 14:04:15 17 29.04736 41.08550 66.00 14.85
9| 2016-04-04 14:04:31 16 29.04732 41.08550 3.61 0.81
10 | 2016-04-04 14:04:46 15 29.04732 41.08550 0.00 0.00
11| 2016-04-05 14:05:03 17 29.04732 41.08550 0.00 0.00
12 | 2016-04-05 14:05:19 16 29.04717 41.08549 12.77 3.06
13 | 2016-04-05 14:05:34 15 29.04687 41.08538 28.16 6.76
14 | 2016-04-05 14:05:50 16 29.04567 41.08533 101.05 21.40

Firstly, time difference is calculated. Looking at time information of first and
second row, there are 2016-04-02 14:02:16 and 2016-04-02 14:02:33 values. The time
difference of them is 17 seconds. This value is written on time difference column of

the second row. The same process is repeated on the other rows.
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Distances between each data point are calculated using R package name
“geosphere” where geodesics algorithms are implemented. “distGeo” function of the
package asks 4 arguments: Longitude and latitude information of 2 points, major
(equatorial) radius of the ellipsoid and ellipsoid flattening. The default values of
WGS84, which is the commonly accepted ellipsoid model for Earth, are used for the

last two arguments. Example usage of “distGeo” function is shown in Figure 3.12.

pl = c( 29.05036, 41.08808 )

p2 c( 29.05024, 41.08787 )
geosphere: :distGeo (pl, p2, a=6378137, f=1/298.257223563)

>>> Distance: 25.40794 meter

Figure 3.12. Example code of using “distGeo” function

After calculation of time difference and distance, speed information can be
calculated by the formula, V,, = Ax/AT. Due to the fact that 1}, is in meter/second
unit, it needs to be multiplied by 3600 sec / 1000 meter to convert it into km/hour.
Then, the final formula which is used to calculate speed using distance and time

difference is V = Ax / AT X 3.6.

3.3. Detection of Hotspots

In this dataset, GPS data points are logged every 16 seconds. When a bus
logs with a constant frequency, it leaves same amount of logs in a defined amount
of time. That results in direct relationship between speed of buses and data points
in the area. The slower buses travel, the more data points they create in 1 km. This

means data points will be denser in the areas that have slower average speed.
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The relationship is shown in Figure 3.13. As an example, if a bus travels 40
km /h, it will leave 5 data points in 1 kilometer. The speed can be converted to 11.1
m/s and in 16 seconds it will travel 177.8 meter. 1 kilometer over 177.8 is 5.6 times.

It can be assumed that after 5 data points, the bus will leave the area.

20
|
e

Number of Data Points
30
|

Speed

Figure 3.13. Number of data points buses log in 1 kilometer changing with bus
speed

In order to identify the hot spots in the network, the data point density can
be used, since the more data points indicate the slower average bus speed. Firstly,
a sample bus route is selected for analysis. The selected route “40T” has mostly 1-2

lanes in one direction, it can be considered as a seaside route.

All data points (620,000) of buses working in this route are combined. The
data points are plotted as dots on the left side of Figure 3.14. To create a density
map two-dimensional kernel density estimation is used. The function is implemented
in R named “kde2d” in “MASS” package. The density estimation is drawn on map

with “ggplot” package.
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Figure 3.14. Data points of a sample route and its density map

3.4. Detection of Stopping of Buses

Threshold speed for determining whether a bus is stopping is needed, since
the bus can stop without having zero speed value, because only average speed can
be calculated from data. Since the median sampling time is 16 seconds, the highest

average speed which includes bus stopping can be calculated.

The threshold speed Vs is calculated with simple bus stopping simulation as
shown in Figure 3.15. The bus deceleration and acceleration rates are taken from
the literature [50] as 0.19¢ and 0.15g. In the shortest stopping interval case, it is
assumed that bus is stopping only 1 second. In 16 seconds period, which is median

sampling period of data, the average bus speed is calculated as 5.9 km/h.
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Figure 3.15. One second bus stopping simulation to calculate the threshold speed
Vs.

All data points, which have less speed value than threshold speed Vs, are
labelled as stopped. With longer stopping cases, average bus speeds will be
decreasing. Thus, it is claimed that data with less than Vg gives stopping of the

buses. Consecutive stopping point durations are summed up to determine durations

of moments when buses stop.

3.5. Calculation of Dwell Times

First of step of the dwell time calculation is to calculate stopping duration.
The data points are labeled as stopped if they are below the threshold speed Vs
which is calculated in the “Stopping Detection” section. Duration of a stopping is

calculated by summing up all time differences of successive “stopped” labeled points.

In the example Table 3.5, there are six data points. Starting from the 9th
row to the 12th row, the data points are labeled as “stopped” because their speed
are less than the threshold speed Vs. Due to the fact that they are consecutive, the
total stopping duration is calculated by summing their time differences: 16, 15, 17

and 16. The total stopping duration of this stopping is calculated as 64 seconds.



Table 3.5. Stopping duration calculation.
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Time T];r;(; Longitude | Latitude |Distance | Speed | Label
8| 2016-04-04 14:04:15 17 29.04736 41.08550 66.00 14.85 | Moving
9| 2016-04-04 14:04:31 16 29.04732 41.08550 3.61 0.81 | Stopped

10| 2016-04-04 14:04:46 15 29.04732 41.08550 0.00 0.00 | Stopped
11| 2016-04-05 14:05:03 17 29.04732 41.08550 0.00 0.00 | Stopped
12| 2016-04-05 14:05:19 16 29.04717 41.08549 12.77 3.06 | Stopped
13| 2016-04-05 14:05:34 15 29.04687 41.08538 28.16 6.76 | Moving

As the second step, the detected stopping points are needed to match to the

bus stops. Distances between every detected stopping points and bus stops on the

route are calculated. The shortest distances of them are calculated. If a stopping

point is in 100-meter radius of a bus stop, it is matched that bus stop.

For a demonstration purpose, the third bus stop (Barbaros Bulvari) is focused

on. All dwell times of the stop plotted with record time on x axis in Figure 3.16.

Bus operation hours starting from 6 AM and there is not much data after midnight.

The recorded times of the dwelling times is on the x axis and their duration

is on the y axis. In order to find the pattern LOESS (Local Polynomial Regression

Fitting) algorithm is used. This algorithm can be used with “loess” function in R.
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Figure 3.16. Stopping duration and hour and dwelling pattern.

3.6. Preparation of Bus Stop Characteristics Data

12 bus routes are selected for this study and they have total 451 bus stops.
All bus stops are investigated using Yandex Maps, Google Maps, IBB Sehir Rehberi
(Istanbul Municipality City Map). The maps have the ability to show the network
around bus stops from above and their street views. With a simple Excel formula,

coordinates of the bus stops are converted into 3 links of each map view.

14 information of each bus stop is recorded: Firstly, two of them are number
of lanes where the bus stops locate and whether pockets of the bus stops exist. Other
information are related interruptions to the network around the bus stops and how
far these interruptions are from the bus stops. These interruptions are drops in the
number of lanes, increase of the number of lanes, traffic light, crossroad, roundabout,
and significant entry. These are separately recorded whether they are before or after

the bus stops.

To measure the distance between the bus stop and the interruption, following
steps are applied. First, the existence of an interruption is observed in the street
view. The interruption is located in the map views. The bus stop has been already

located thanks to Excel link. The maps can measure distances by clicking two or
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more points on the map. The distance which is read on the measurement window

are recorded in the excel file shown in Figure 3.17.

| g - go Pocket? Lane num Lane drop (m)
Id Lat Lng Direction ‘Name - 8 (1-0) (oneway) Before After
ist_225151 41 29 Bostanci- Taksim jOéretmen Hayrullah  strest Soisk Harits 1 1 0 0
ist_225161 41 29 Bostanci- Taksim |Senesenevier Street Sokak Harits 0 2 0 25
ist_225181 41 29 Bostanci- Taksim |Bostanci Street Sokak Harits 0 2 0 0
ist_225621 41 29 Bostanci- Taksim Jsztepe Koprisu Street Sokak Harits 1 1 100 0
ist_225631 41 29 Bostanci- Taksim |Yenisahra Street Sokak Harits 0 2 0 0
ist_226251 41 29 Bostanci- Taksim |Siteler Street Sokak Harits 1 2 0 0
ist_226261 41 29 Bostanc - Taksim jUskUdar Caddesi Street Sokak Harits 1 2 0 0
ist_226302 41 29 Bostanci- Taksim |Yelkenli Degirmen Street Sokak Harits 0 2 0 0
ist_229681 41 29 Bostanci- Taksim istMedeniyet Unv.  Street Soksk Haritz 1 4 0 0
ist_303361 41 29 Bostanci-Taksim MecidiyekOy Viyaduk Street Sciak Harits 1 4 0 120
ist_305421 41 29 Bostanci-Taksim |GUmussuyu Peron Street Sokak Harits 1 2 0 0
ist_401181 41 29 Bostanci-Taksim |Ustbostanai Street Sokak Harits 1 1 0 0
ist_105561 41 29 Cevizlibag - Tuzla $ifa MahiPanorama 1453 Street Sokak Harits 1 3 0 92
ist_106071 41 29 Cevizlibag - Tuzla Sifa Mahi Topkapi Alt Gegit Street Sokak Harits 1 4 0 98
ist_107402 41 29 Cevizlibag - Tuzla Sifa MahiEdirnekapi Kaleboyu  street Soiak Haritz 1 3 0 117

Lane drop (m)

Lane increase (m)

Traffic light (m)

(a)

Crossroads (m)

Before After Before = After Before  After Before  After
0 0 Y 0 105 5 Y Y
0 25 Y 0 50 0 0 0
0 0 10 0 0 0 Y Y

100 0 0 70 0 0 0 0
0 0 Y 0 0 0 Y 0
0 0 0 0 0 60 0 0
0 0 Y 0 95 0 0 Y
0 0 Y 100 45 0 Y 0
0 0 Y 0 0 0 Y 0
0 120 Y 0 0 60 Y 0
0 0 Y 0 0 0 Y 0
0 0 Y 0 0 0 0 10
0 92 Y 0 0 0 Y Y
0 98 Y 0 0 0 0 0
0 117 20 0 77 0 Y Y

(b)

Roundabout (m) Significant Entry (m)
After |

_Before  After
0 0
0 0
0 0
0 0
Y 0
0 0
Y 0
Y 0
0 0
Y 0
0 0
Y 0
0 0
0 0
0 0

Before

0

OO0 0000 0o

coocooBgoouwvwooddooo

Figure 3.17. The first (a) and the last (b) 12 columns of the Excel file where the
measurements of the bus stops are recorded

3.7. Bus Stop Transit Card Data

Passenger demands of the bus stops are obtained as bus stops characteristics.

The demand is calculated using transportation smart card data (Istanbulkart) that

is used to get in buses all around Istanbul. The data consists of passengers boarding
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public transportation. A timestamp, user id and bus stop id are recorded when a
passenger uses the card while boarding a bus. It allows calculating demand for each

bus stop monthly, daily or hourly.

Transportation smart card data of April 2016 for the selected route is
obtained from IETT. The data aggregated by bus stop id and day. After aggregation,
a data table is generated with rows of bus stop ids, columns of dates, and values of
daily passenger demand of each bus stop on a determined day. All bus stop demands

of April 2016 are summed up to calculate total monthly bus use for each bus stop.

3.8. Bus Stop Influence Distance Measurement

Speed patterns around bus stops are examined to find out influence distance
of a bus stop. The purpose is to measure the distance between the position where
bus speed decreases significantly and the position where bus speed increases

significantly around bus stops.

Firstly, nodes are created along the bus route as in the map matching
methodology. Then, density measurements from hotspot detection method are
applied to find out any possible locations where speed decreases significantly. This
methodology is applied for each 15-minute time interval. An example route (Ul

Besiktas-Ulus-Zincirlikuyu ring route), is shown in Figure 3.18.

In this example route, data density increase around nodes number 10, 125,
350 and 425. The first (upper left) black zone shows evening traffic congestion in
the center of Besiktas. The other hotspot around the node number 125 that is in
Zincirlikuyu district is denser at the morning peak. The node number 350 is in

Ortakoy where the number of lanes decreases into one due to the historical buildings.
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The last bottleneck is also located in the center of Besiktas. Every 5 node numbers

and the bus stops of the selected route are represented on map in Figure 3.19.

Time

00:00:00 A

18:00:00 1

12:00:00 1

06:00:00

Figure 3.18. Data Density (nodes vs time) along the bus route.
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Figure 3.19. Every 5 node numbers (green) and the bus stops (blue) of Ul
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Speed of buses are calculated for each node and time interval. Aggregated
values are plotted in Figure 3.20 (a). Locations of the bus stops are drawn as vertical
blue lines. Because of intervals of the measurements are too detailed, there are some
spaces seen as white squares. Missing data are interpolated and the final version is

shown in Figure 3.20 (b).
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Figure 3.20. (a) Space time speeds and location of bus stops as vertical blue lines
(b) Space time speeds after fixed with interpolation

Red areas in the figures represent slow areas, and slow areas near vertical
blue lines are influence distances of bus stops. The vertical red patterns on space
time speeds graph show that the influence distances are not time specific, although

there are some irregularities in morning and evening peaks.

The next step is to measure the width of these influence distances for each

bus stop. For example, an off-peak hour of data is selected, and it is filtered with
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one dimensional generalized fused lasso method, shown in Figure 3.21. A trend

filtering model is chose by perform k-fold cross-validation.
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Figure 3.21. Off-peak average speed distribution along the selected route filtered
with one dimensional generalized fused lasso method

After filtering the speed data, the flatten data are split at the points where
speed data have a dramatic change. The split points before the bus stop location are
represented with vertical dashed red line, and the points after the bus stop locations
are with vertical dashed blue line. The process of the example route is shown in
Figure 3.22 with bus stop order numbers. Then, the differences between points
represented with red and blue lines are calculated and assigned to the near bus stops

as the influence distance.
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Figure 3.22. The split points where speed data have a dramatic change before
(vertical dashed blue line) and after (vertical dashed red line) the bus stop location
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4. ANALYSIS AND RESULTS

In this chapter, firstly, it is shown that the bus stops and the network
properties such as decrease in number of lanes affects hotspot of buses. Then, the
network properties such as pocket existence and number of lanes as well as passenger
demand of bus stops are correlated with waiting times in the bus stops. In light of
this information, these properties of the bus stops and of the network around the
bus stops are used to predict the influence distance of the bus stops using M5P,

Random Forest and ExtraTrees methods.

4.1. Hotspot Detection

GPS trajectory data of buses that are in service during one month (April
2016) are obtained from Istanbul Electric Tram and Tunnel Company (IETT) in
comma separated vector (CSV) format. A bus route, which has a variety of traffic
density and number of lanes, is selected. The selected bus route (43R) is analyzed
to identify single trips between stations for separating the data in time windows

using R-Stats software.

The raw input data consists of vehicle locations measured by GPS. Each
measured point consists of a time-stamped latitude/longitude pair. The roads are
also represented in a conventional manner using a graph of nodes and links. The
nodes are at intersections, dead ends, and changes in road names. The links represent

road segments between the nodes.

On the average, 12 different buses are working on selected route every day,

most of which are making around eight trips, and they generate more than 1.5
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million data points in one month. One weekday of a month is selected for a detailed

investigation in peak and off peak hours, shown in Figure 4.1.
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Figure 4.1. Number of lanes, bus stops and stopping points (bottlenecks) on
Barbaros and Nispetiye Boulevards.

The number of lanes on 43R line are indicated in Figure 4.1. The inscriptions
are pointed out by the black arrows show the location and the names of the stops.
The hotspots are drawn where the bus frequently stops. 5 hotspots can be observed.

The first one is after Dolmabahge stop, on the spot where the road is not 3 lanes
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anymore, but 2. The second one starts behind Begiktag Meydan, and goes up to
Yildiz Teknik Universitesi. The third one is around Zincirlikuyu stop. The fourth
starts with the drops in the number of lanes around the Carsi stop in Etiler area and
continues until Basin Sitesi stop. The least intensity is observed in Rumelihisariistii

area.

The nodes where buses are stopping the most, according to labelled data, are
plotted in Figure 4.2. The first row shows only off-peak hours, the second one shows
peak hours and the last row shows the cumulative. Additionally, locations of the bus
stops are plotted on each row in order to both differentiate the reason of stopping

and compare the rows easily.
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Figure 4.2. Stopping points on nodes of 43R route during peak, off-peak and
cumulative time windows
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Public transportation vehicles are expected to behave differently than private
vehicles; hence, their stopping behaviors are different. However, a detection of an
unexpected behavior of a bus outside bus stop zones may indicate a traffic problem
concerning all vehicles. For reaching a general conclusion for the network traffic, the
underlying reasons of the stopping behavior should be identified. For the sake of
brevity of this study, effects of bus stops and number of lane changes will be

investigated.

4.1.1. Bus stop effects on stopping points of buses

With more than 300 nodes, 43R’s route is divided into pieces whose link size
is 50m at maximum. The connection nodes between those pieces is provided in one
axis of Figure 4.2. The node which is close to all the locations where buses stop is
determined and shown as a bar chart. The number of stops made on a “node” is
divided by “n, that is the number of journeys on that node” shows the height of the
bar chart. The journeys made during off-peak hours (11 a.m.-12 p.m.), peak hours
(5-6 p.m.) and their cumulative is shown in 3 different graphics. The thin vertical

lines in different colors indicate the bus stops.

Bus stops are obvious reasons of stopping behavior of public transportation
vehicles. It is a primary discrepancy from private vehicles data, which needs to be
investigated in detail. As seen in Figure 4.2, there is a significant likelihood in the
data; a lot of stopping point peaks on bus stop indicators. However, there are
stopping point peaks that are located on places other than bus stops, even in off-

peak periods.
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4.1.2. Number of lane change effects on stopping points of buses

The reduction in the number of lanes causes bottleneck in the traffic. Public
transportation vehicles also experience the bottleneck conditions if they are not

separated from the road.

In Figure 4.3, peak, off-peak and cumulative stopping nodes’ distributions are
plotted if the occurrence is more than 50%. In other words, if a node is experiencing
any stopping frequently, a vertical line is drawn on the plot. The stopping data are
filtered by 0.5, and if both peak and off-peak data intersect on a node, it is labelled

as “Both”. Black dots represent the bus stops.

Figure 4.3. Number of lanes of route lines and stopping points during peak and off-
peak hours with corresponding node points.

The areas where the buses stop the most are shown with the bus stops and
the number of lanes. If there were frequent stops both in peak and off-peak hours,
they were shown in red; if there were frequent stops only in off-peak hours, with
green; if only in peak hours, with blue. Frequent stops are taken from the graphics

in Figure 4.3, and the frequency of the stops in nodes are filtered with a minimum

of 50%.
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The number of lanes decrease 8 times on the route. Hotspots, namely stopping
points of the buses, are mostly located near drops in the number of lanes as seen in
Figure 5. The first congestion area started at the beginning of the route is ended just
after the location where the number of lane decreases from 3 lanes to 2 lanes, likewise
hotspots near the third such place near Balmumcu stop and sixth hotspot after
Akmerkez. It is reasonable to conclude that the traffic slows down due to the number

of lane reductions near these areas and the traffic lights.

On the other hand, bus behavior is different on other locations where the
number of lane is reduced in the route. For example, the second such place before
Besiktas Meydan stop and the fourth one before Zincirlikuyu do not seem to cause
any hotspots before that. However, it can be seen that there are stopping points near
the bus stops that are some of the most congested bus stops on the bus route and

near the traffic lights.

The hotspot area between Carsi and Etiler is in a congested region where the
hotspots are at the peak hours only. In this location, the reduction in the number of
lane has no adverse effect on the traffic condition except during peak hours due to
lack of capacity. Clearly, 1-lane road is not sufficient for that specific traffic demand

on peak hours. That is why a new subway system is recently built for this area.

4.2. Dwell Pattern Clustering

The bus route 30A is selected for this analysis because it consists of a variety
of traffic density and the number of lanes. It is a ring route between two densely

populated areas, namely Mecidiyekoy and Besiktas, passing through a network,
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consisting of 3-lane arterial, 1- and 2-lane local roads. The selected ring route and

its bus stops are shown on Figure 4.4.
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Figure 4.4. The selected bus route (Besiktag-Mecidiyekdy) and its bus stops.

The selected bus route is analyzed using R-Stats software. 421 data files of
single daily bus logs are recorded in 30 days. On that specific route, mostly 14
different buses are operating each day. Each data log has five thousand data points
on average, and in total, there are 2.1 million data points. Data points are collected
approximately 4 times in a minute, the median of the sample rate is 0.0625 Hz (16

second).

Distance between geographic (geodetic) coordinates of successive data points

is calculated based on an ellipsoid (spheroid) model of the world. WGS84 ellipsoid
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model is used in the calculation, which is using inverse geodesic function in
“Geosphere” package of R. Then, using the time and position differences, average

speed values are calculated for each data point.

All data points, which have less speed value than threshold speed Vs that was
calculated as 5.9 km /h, are labelled as stopped. With longer stopping cases, average
bus speeds will be decreasing. Thus, it is claimed that data with less than Vg gives
stopping of the buses. Consecutive stopping point durations are summed up to

determine durations of moments when buses stop.

The explained analysis are applied to all bus trips. Then, the stoppings are
matched to bus stops to find dwelling patterns. The data of each bus stop is
smoothed with LOESS (Local Polynomial Regression Fitting) model. Polynomial

surfaces are fit using local fitting to find out the dwelling patterns of each bus stops.

All dwelling patterns of bus stops on selected route are plotted starting from
6AM to midnight in Figure 4.5. The first plot (a) shows dwell patterns of all bus
stops on the selected route. The bus stops are selected as outliers when their dwell
time is exceeding one minute at any time (b). Figure 4.6 shows regular bus stop

patterns except outlier ones.

Most of the stops have increased dwell times in the evening peak starting
from 4PM to 7TPM, and they also have peak dwell times around 6PM. When some
of them have saddle point of dwell times around 1PM, some others reaches their
peak points. Although a significant increase of dwell pattern is observed on one bus

stop at the end of the day, the rest of them have decreasing pattern around 11PM.
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Figure 4.5. (a) Dwelling patterns of bus stops on selected route (b) Dwell patterns
of outlier bus stops

Dwelling pattern similarities are determined using hierarchical clustering
method. Euclidian distances shown in Equation 4.1 among bus stops” patterns are
calculated for each moment. The patterns are clustered using maximum of the

calculated distances, shown in Equation 4.2.
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Figure 4.6. Close up to dwell patterns after extracting outlier bus stops

la = bll, = /Z(ai ~ by)? @)

max{d(a,b):a € A,b € B} (4.2)

The dendrogram of the clusters is shown in Figure 4.7. When using 7 clusters,
all outliers are separated from regular bus stops. While the cluster number 1, 4, 5, 6
and 7 are outlier clusters, each with 1 member, the cluster number 2 and 3 includes

bus stops with regular patterns.
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Figure 4.7. Bus dwell patterns cluster dendrogram.

4.3. Bus Stop Clustering

All buses in the selected bus route are almost identical. They have one door
for entrance which allows only one person to board and two exit doors which allow
two or three people to alight. Thus, only the network information around the bus

stops and the demand are considered as attributes.

The first stop (number 1 and 22) is the terminal station of the selected ring
route. The terminal station has long waiting times in order to fit on schedules of the
route. Since these waiting times are different from dwelling times, the first stop is

eliminated from the analysis.



Table 4.1. Bus stop attributes.

No Name Number of Pocket Passengelr
Lanes Demand
2 Besiktag Meydan 3 1 858
3 Barbaros Bulvar: 3 1 695
4 Yildiz Tek.Unv. 3 1 801
5 Ertugrul Sitesi 3 0 708
6 Darphane 3 0 690
7 Balmumcu 3 0 729
8 Z.Kuyu-Metrobiis 3 3 1 334
9 Ali Samiyen 1 0 757
10 Mecidiyekdy Viyadiik 4 1 868
11 Sisli 2 0 853
12 Abide-1 Hiirriyet Cd. 1 0 676
13 Bomonti 1 0 569
14 Osmanbey 2 1 635
15 Pangalt1 1 0 850
16 Nigantas1 2 1 665
17 Magka Oteli 1 0 567
18 Macka 1 0 494
19 Vignezade 1 0 209
20 Inénii Stad: 3 0 160
21 D.Bahge Gazhane Cd. 3 1 331

! Transportation card use of the selected bus route in April 2016
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After a bus finishes a trip, it waits in the terminal until its next schedule.
Near the scheduled time, 5-10 mins before the time, it opens the door to allow
passengers to board. The time usually much more than enough for all passengers to
board. If the bus driver sees an extraordinary demand in the terminal, it opens the

door even earlier so that there will be no delay in schedule.

In the selected route, although majority of the bus stops locate in 3-lane road,
35% of them are in one lane road. 40% of bus stops have separated pocket. More
than 13.3 thousand people, and 622 people per bus stop, are using this bus route
monthly when including the terminal station (bus stops number 1) which is outside
the scope of this analysis. Dwell pattern clusters and characteristic clusters are

compared in Figure 4.8.
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Figure 4.8. Bus dwell patterns cluster and characteristic cluster comparison.
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Bus stops characteristic are clustered using hierarchical clustering method.
When using 4 clusters, all outliers are separated from regular bus stops except the

first stop and the outliers are clustered together in characteristic cluster number 3.
4.4. Bus Stop Influence Distance

Matrix of bus stop attributes of 12 bus lines in Istanbul are prepared with
the help of online street view services, as explained in the section 3.6. Along these
lines, there are 451 different bus stops. After eliminating terminal stops, the data
set is prepared for 438 bus stops. 15 characteristic information of each bus stop is
recorded. These are number of lanes where the bus stop locates, whether the bus
stop has a pocket, passenger demand on the bus stop and before and after distances
from the bus stop to the nearest drops in the number of lanes and increase of the

number of lanes, traffic light, crossroad, roundabout, and entrances.

Matrix of bus stop attributes of 12 bus lines in Istanbul which are selected
for the most variety are prepared with the help of online street view services. 14
information of each bus stop is recorded. Firstly, the bus stop pockets are analyzed.
217 of the bus stops (49.54%) do not have any separated pocket, the remaining (221)
(50.46%) has a pocket. Majority of the bus stops are located near roads having two
or less lanes (73.97%). The distribution of bus stops according to number of lanes

are shown in Table 4.2.

Table 4.2. The distribution of bus stops according to the number of lanes

Number of Lanes 1 2 3 4
Count 149 175 91 23
Percentage 34.02% 39.95% 20.78% 5.25%
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The bus stops with and without pockets are equally distributed on one lane
roads. Almost 60 percent of the bus stops do not have a pocket on 2-lane roads. On
the other hand, the percentage is reversed on 3-lane roads, 65 percent of bus stops
have a pocket. For 4-lane roads, this percentage is increased to 87 percent. The

relationships of number of lanes and pocket of bus stops are shown in Figure 4.9.

1-lans 2-lans 3-lans 4-lane

Figure 4.9. The relationship of the number of lanes and pocket of the bus stops

The passenger demands of the bus stops are determined using the
transportation smart card (Istanbulkart) data. Monthly data of the selected bus
routes are aggregated to determine monthly passenger demand for each bus stop,
the details are explained in the section 3.7. Demands of the bus stops in Besiktas

area are shown on map in Figure 4.10.

Passenger demands of the bus stops are affected by the area properties around
the bus stops. The demands are higher on the terminal stops, and the bus stops near
arterial streets and dense residential and commercial areas. Touristic places like near

Bosphorus and Historical Peninsula have more public transportation demand.

Average demand of the selected bus stops is 347 people per bus stops, with a

maximum value of 2105 people. Boxplots of the passenger demands separated with
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number of lanes are shown in Figure 4.11. Most of the data set is between the ranges

of 100-500 people although there are outliers reaching above 1000 people.
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Figure 4.11. Boxplots of monthly passenger demand vs the number of lanes.
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Although there is no direct relationship between the passenger demands and
the number of lanes, one and three lane roads have slightly more demand. Demand
increases around three-lane roads can be due to the fact that most of the road
between commuting areas are upgraded to have three-lane roads due to high
congestion. On the other hand, the old structure of historical areas prevents roads

to develop, despite its touristic demand.

Fourthly, the interruptions before and after the bus stops are separately
investigated. Distance from the interruptions to the bus stops are recorded. For
demonstration purpose, the records are separated into 3 groups; 0-75 meter, 75-150
meter, and 150-225 meter. Number of each interruption in the groups are shown in
Figure 4.12. Before the bus stops are represented with negative values on the left

sides of the charts.

GPS measurements of buses are used to calculate the speed distribution of
along the bus routes. The detail process is explained in the section 3.2. The speed
distribution of buses has a decrease around the bus stops due to waiting passengers.
Although the speed of buses decreases near each bus stop, the effect varies. The drop

causes a sink like pattern on the speed distribution.

The speed values start decreasing at a point near and before the bus stops.
After passing the bus stop, the values are increasing until a point. The starting point
where the pattern starts decreasing and the ending point where the pattern ends
increasing are the important points of bus stops. With using these points, the

influence of the bus stops can be demonstrated.
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Figure 4.12. Interruptions before and after the bus stops: (a) Traffic lights,
(b) Crossings, (c) Drops in the number of lanes, (d) Increase of the number of
lanes, (e) Roundabouts, (f) Significant entries

The starting and ending point for each bus stop are determined using Fused
Lasso method. The distance between these points are calculated and named as
“Influence Distance” of bus stops. The process details are explained in the section
3.8. After calculating influence distances, the histogram of the influence distances of

the bus stops are shown in Figure 4.13.
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Beside bus stops effect on the speed distribution of buses, other parameters
may affect influence distance of bus stops. Firstly, the relationship between influence
distances and number of lanes of the road is investigated, in addition to pocket
existence. For each number of lanes and whether it has pocket, a boxplot of influence
distance are drawn, in Figure 4.14. Median values and third quantile values of

influence distance have a positive correlation with number of lanes.
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Figure 4.14. Boxplots of influence distance of bus stops grouped by
(a) number of lanes and (b) pocket
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This relationship can be explained with speed increase in multilane roads that
causes buses to start slowing down earlier. Another explanation can be made related
with driver behavior of lane changing. In right-hand traffic, the bus stops are usually
at the right side of the road. It results in lane changes to reach the bus stops if it is
not driven at the right lane. The bus can slow down earlier if it needs to change

more lane.

As a next step, the relationship between public transportation demand and
influence distance is investigated. There can be seen a slightly bolded area when the
demand values are plotted on logarithmic scale with influence distance values on x
scale, in Figure 4.15. Although a simple linear distribution fitted on data points, it
cannot be said that it is a good model, it has low adjusted r-squared value (3.5%).
However, it can be claimed that there is an increasing trend on the influence

distances with the demand counts.
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The relationship of distances to the nearest traffic lights and entrances with

the influence distances are displayed in Figure 4.16. It cannot be seen any significant

relationship among them when only two variables

are considered. These

interruptions are the most common ones among the interruptions whose distances is

recorded.
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Figure 4.16. Distance to the nearest (a, b) entrances and (c, d) traffic lights, and
the influence distances

The other interruptions, listed as crossing, roundabouts, drops in the number

of lanes and increase of the number of lanes, are relatively less common than traffic

lights and entrances. Therefore, there are not enough data to generalize the

relationship among them. However, they are plotted in Figure 4.17.
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Figure 4.17. Relationship of the other interrupts: (a, b) Crossing, (c, d)
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Roundabout, (e, f) Drops in the number of lanes, (g, h) Increase of the number of

lanes.
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4.4.1. M5P model results

The data set of bus stops has lots of missing values for those variables
mentioned in previous paragraph. Additionally, the other observed relationships
does not seem linear. For these reasons, tree based models can be claimed to work
better than linear models. Firstly, M5P model is performed on the data set, which
fits linear models on data split with decision tree. The model is applied 10 fold cross-
validation to prevent algorithm from overfitting. The cross-validation summary is

shown in Table 4.3.

Table 4.3. Cross-validation summary of the M5P model

Correlation coefficient 0.539

Mean absolute error 18.8906
Root mean squared error 23.7013
Relative absolute error 81.75%
Root relative squared error 84.22%

The M5P model splits the data with demand count values (Count) as shown
in the log file of M5P model from WEKA in Figure 4.18. Decision rule of the first
split is Count>202. For data points which have “Count” values less than and equal
to 202, a linear model named “LM1” is set. The remaining data are split again with
Count>326 rule. For remaining data points which have “Count” values less than and
equal to 326, a linear model named “LM2” is set. For the others, a linear model

named “LM3” is set.



=== Classifier model (full training set) ===
M5 pruned model tree: (using smoothed linear models)

Count <= 0.096 (Count <= 202) : LMl (244/71.414%)
Count > 0.096 (Count > 202) :

| Count <= 0.155 (Count <= 326) : LM2 (184/82.62%)
| Count > 0.155 (Count > 326) : LM3 (276/86.832%)

IM num: 1
radius =
0.1877 * Peak
+ 0.3459 * Pocket
+ 1.5328 * Lane
+ 1.4748 * Count

19.5974 * Lanedrop.before.in.75m
+ 23.3402 * Lanedrop.after.in.75m

- 0.4558 * Laneinc.before.in.75m
- 0.7539 * Light.before.in.75m
- 4.4004 * Entry.after.in.75m
+ 1.2478 * Lanedrop.before.in.150m
+ 0.6035 * Laneinc.after.in.150m
- 0.8175 * Light.before.in.150m
- 0.4173 * Light.after.in.150m
- 0.4093 * Entry.before.in.150m
+ 0.3387 * Entry.after.in.150m
- 14.2456 * Entry.before.in.225m
+ 83.5638

LM num: 2

radius =
0.362 * Peak
+ 11.3374 * Pocket
+ 30.3777 * Lane
+ 234.4514 * Count
+ 14.9477 * Lanedrop.before.in.75m
- 0.2485 * Laneinc.before.in.75m
- 1.7623 * Light.before.in.75m
- 0.5766 * Entry.after.in.75m
+ 17.3342 * Lanedrop.before.in.150m
+ 19.7705 * Laneinc.after.in.150m
- 32.3401 * Light.before.in.150m
- 0.2275 * Light.after.in.150m
- 1.152 * Entry.before.in.150m
+ 0.1847 * Entry.after.in.150m
+ 65.6047

LM num: 3

radius =
0.2799 * Peak
+ 0.4886 * Pocket
+ 2.0803 * Lane
+ 0.2924 * Count
+ 1.6812 * Lanedrop.before.in.75m
- 0.2485 * Laneinc.before.in.75m

.4878 * Light.before.in.75m

3.0439 * Cross.after.in.75m
.4326 * Entry.after.in.75m
.3916 * Lanedrop.before.in.150m
.9572 * Laneinc.after.in.150m
.26 * Light.before.in.150m

- 0.2275 * Light.after.in.150m

- 15.8207 * Entry.before.in.150m

+ 0.1847 * Entry.after.in.150m

+ 102.6635

+ + I
PORrRORFE OWORFr ONO

Figure 4.18. The log file of M5P model from WEKA.
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The model is automatically created with WEKA software after applying 10
fold cross-validation. RMSE value of the model is 23.7 meter. The correlation
coefficient (r value) is 0.539, which means r-squared is 29.1%. It cannot be claimed
as a good model either, although it has better values than a linear model would

have.

4.4.2. Random forest model results

As a next method, random forest is applied on data set of the bus stop
attributes to predict the influence distances. Random forest cannot work with
missing values, so the distance values of interruptions are grouped into three
categories, as indicated in Figure 4.12. Three variables for each interruption (and
for before and after cases) are added into the dataset. This dataset is named “binary”.
After changing the variables of interruptions, the number of variables indicating the
interrupters increased from 12 to 36, and the total number of variables increases 16

to 40.

Replacing missing values with high number is carried out as another method.
300, 500 and 1000 meters are tried as replacement value. The dataset replaced with

300 meters is named “300”. The others are named “500” and “1000”.

Random forest algorithm is applied on these four datasets. “mtry” parameter
is tried to optimized, which is number of variables randomly sampled as candidates
at each split. The model is applied 10 fold cross-validation to prevent algorithm
from overfitting. Results are shown as summaries in Table 4.4 for “binary” dataset,
Table 4.5 for “300” dataset, Table 4.6 for “5600” dataset, and Table 4.7 for “1000”

dataset. The optimum values are indicated with a star.



Table 4.4. Random forest optimization table for “binary” dataset

mtry RMSE | R-squared

2 26.3827 0.3332
4 23.6620 0.4251
6 21.9984 0.4842
8 21.1060 0.5158
10 20.4858 0.5391
12 19.9648 0.5591
14 19.7514 0.5649
16 19.4393 0.5779
18 19.2661 0.5848
20 19.1736 0.5876
22 19.0157 0.5942
24 19.0303 0.5926
26 18.9025 0.5984
28 18.8044 0.6017
30 18.7753 0.6026
32 18.6948 0.6066
34 18.7169 0.6048
36 18.7789 0.6016
38 18.7665 0.6017
40 18.7867 0.6008

Table 4.5. Random forest optimization table for “300” dataset

mtry RMSE | R-squared

2 25.4406 0.4232

4 22.3807 0.5421

6 21.4837 0.5719

8 20.8463 0.5954

10 20.6452 0.6017

12 20.4194 0.6102

14 20.3862 0.6110

*16 20.3585 0.6116
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Table 4.6. Random forest optimization table for “500” dataset

mtry | RMSE R-squared

2| 25.4009 0.4297

4| 22.1755 0.5599

6| 20.8924 0.6031

8| 20.2730 0.6255

10 | 20.0954 0.6288

12 19.8713 0.6374
*14 19.7870 0.6382
16 19.8383 0.6352

Table 4.7. Random forest optimization table for “1000” dataset

mtry RMSE R-squared
2 25.6025 0.4212
4 22.5102 0.5424
6 21.4047 0.5817
8 21.0480 0.5906
10 20.9303 0.5957
*12 20.7582 0.6007
14 20.7595 0.5988
16 20.8347 0.5955

One of the best values of Random forest algorithm has the lowest RMSE
value as 18.7 meter and r-squared values as 60.66% from “binary” dataset with mtry
value as 32 variables. Another good value from “500” dataset has the highest r-
squared value as 63.83% with RMSE value as 19.8 meter. Variable importance

measures of two Random forest models optimized with these values are shown in

Table 4.8.
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Table 4.8. Top 10 variable importance measures of two Random forest models

The “500 m” dataset The “binary” dataset
Variable Importance Measure Variable Importance Measure
Count 239745.80 Count 250649.50
Entry.after 74113.92 Lane 48684.09
Light.before 57854.14 Cross.after.75 32193.15
Entry.before 53305.62 Pocket 19317.40
Lane 41427.75 Light.before.150 18173.33
Lanedrop.after 37870.77 Entry.before.150 15817.80
Cross.after 35439.78 Entry.after.75 14325.48
Laneinc.after 34192.83 Light.before.75 13952.29
Light.after 30169.21 Lanedrop.after.75 11836.67
Pocket 26044.89 Lanedrop.after.150 11786.37

4.4.3. Extremely randomized trees model results

ExtraTrees algorithm is applied on these four datasets. “mtry” and
‘numRandomCuts”  parameters are tried to optimized. ‘“‘numRandomCuts”
represents the number of random cuts for each randomly chosen feature. The model
is applied 10 fold cross-validation to prevent algorithm from overfitting. Results are
shown as summaries in Table 4.9 for “300” dataset, Table 4.10 for “500” dataset,
Table 4.11 for “1000” dataset, and Table 4.12 for “binary” dataset. The optimum

values are indicated with a star.

Both of the best values of ExtraTrees algorithm is from “binary” dataset. It
has the lowest RMSE value as 15.96 meter and r-squared values as 70.45% from
“binary” dataset with mtry value as 19 variables and 3 random cuts. Variable

importance measures of two Random forest models optimized with these values are

shown in Table 4.13.



Table 4.9. ExtraTrees optimization table for “300” dataset.

miry Number of
random cuts RMSE R-squared
4 1 21.8632 0.5380
4 2 20.3565 0.5966
4 3 19.6903 0.6190
6 1 20.6362 0.5813
6 2 19.3178 0.6299
6 3 18.7399 0.6416
8 1 19.9424 0.6067
8 2 18.8506 0.6556
8 3 18.5215 0.6593
10 1 19.6916 0.6155
10 2 18.7840 0.6499
10 3 18.3401 0.6659
12 1 19.5243 0.6221
12 2 18.6894 0.6533
12 3 18.3370 0.6664
14 1 19.5541 0.6212
14 2 18.7089 0.6531
* 14 3 18.3122 0.6675
16 1 19.5412 0.6218
16 2 18.8073 0.6500
16 3 18.3330 0.6675

Table 4.10. ExtraTrees optimization table for “500” dataset.

miry Number of
random cuts RMSE | R-squared
4 1 20.7672 0.5843
4 2 19.5786 0.6401
4 3 18.9478 0.6391
6 1 19.5221 0.6309
6 2 19.5817 0.6110
6 3 18.2549 0.6628
8 1 18.9247 0.6546
8 2 18.6583 0.6491
*8 3 18.2598 0.6630




Table 4.10. ExtraTrees optimization table for “500” dataset (cont.)

10 1 19.0266 0.6525
10 2 18.6299 0.6502
10 3 18.1722 0.6506
12 1 19.8946 0.6122
12 2 18.7202 0.6485
12 3 18.2536 0.6473
14 1 20.5591 0.6183
14 2 18.7123 0.6503
* 14 3 18.1244 0.6522
16 1 20.7884 0.6124
16 2 18.7916 0.6480
16 3 18.3536 0.6437

Table 4.11. ExtraTrees optimization table for “1000” dataset.

Number of
mtry
random cuts | RMSE | R-squared
4 1 22.0553 0.5189
4 2 20.6312 0.5752
4 3 19.8362 0.6092
6 1 20.6583 0.5582
6 2 19.5077 0.6174
6 3 18.8477 0.6490
8 1 19.9180 0.6017
8 2 19.3726 0.6346
8 3 18.8952 0.6426
10 1 20.0239 0.5990
10 2 19.1790 0.6316
*10 3 18.7968 0.6469
12 1 19.8822 0.5992
12 2 19.4689 0.6185
12 3 19.0338 0.6427
14 1 20.1065 0.5951
14 2 19.1982 0.6321
14 3 18.9661 0.6407
16 1 20.2606 0.5962
* 16 2 19.0692 0.6504
16 3 19.0515 0.6299




Table 4.12. ExtraTrees optimization table for “binary” dataset.

mtry Number of random cuts RMSE R-squared

4 1 22.8551 0.3600
4 2 20.3059 0.4947
4 3 18.1587 0.6121
7 1 22.4359 0.3931
7 2 20.0142 0.5215
7 3 17.5286 0.6373
10 1 22.3388 0.4041
10 2 19.7956 0.5403
10 3 17.2005 0.6481
13 1 22.3738 0.4019
13 2 18.6994 0.5927
13 3 16.1721 0.6979
16 1 21.9758 0.4223
16 2 18.5664 0.5973
16 3 16.2228 0.6953
19 1 21.8517 0.4287
19 2 18.6523 0.5946
*19 3 15.9566 0.7045
22 1 21.5986 0.4409
22 2 18.7800 0.5915
22 3 15.9966 0.7019
25 1 21.5512 0.4421
25 2 17.9613 0.6171
25 3 15.9795 0.7026
28 1 21.6959 0.4369
28 2 18.0100 0.6159
28 3 17.1047 0.6927
31 1 21.4081 0.4488
31 2 17.9862 0.6253
31 3 18.4122 0.5957
34 1 21.1328 0.4619
34 2 18.0851 0.6228
34 3 17.1725 0.6259
37 1 21.5006 0.4469
37 2 18.1592 0.6199
37 3 17.3394 0.6194
40 1 21.2319 0.5030
40 2 18.1751 0.6203
40 3 17.2087 0.6244
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Table 4.13. Top 10 variable importance measures of two ExtraTrees models

The “binary” dataset The “500 m” dataset

Variable Importance Measure Variable Importance Measure
Count 100 Count 100
Lane 20.935 Laneinc.after 52.5564
Lanedrop.before.in.75 20.255 Lanedrop.before 41.4218
Pocket 19.997 Light.before 31.4112
Lanedrop.before.in.150 17.195 Pocket 30.4023
Light.before.in.150 15.299 Lane 23.4394
Light.before.in.75 14.165 Entry.before 12.0775
Laneinc.after.in.150 13.386 Peak 7.7064
Laneinc.after.in.75 12.866 Roundabout.before 6.8708
Lanedrop.after.in.225 12.727 Roundabout.after 1.5619

To sum up all models, Extremely Randomized Trees model performs better
than Random Forest model by 17.11%, and M5P model by 48.5%, shown in Table
4.14. Although M5P model is seen as the worst model among the ones been tried, it
shows that mixture of linear models and tree based models can perform better than

those themselves.

Table 4.14. Model summaries

Model R-squared RMSE ARMSE
M5P 29.05% 23.70 m +48.50%
Random Forest 60.66% 18.69 m +17.11%

Extra Trees 70.45% 15.96 m -
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5. CONCLUSION

In this work, bus trajectory data are analyzed to investigate the possible
problems that buses are frequently experiencing along their routes. 12 distinct bus
routes are selected, and daily GPS data of more than 5000 bus vehicles working on
the selected bus routes in April 2016 are mined. Then, the processed data are used

for several analysis.

Firstly, the speed distribution of buses along bus routes are calculated. The
hotspots where buses experience recurrent slow speeds are identified. The possible
reasons that creates bottlenecks for buses are argued. The areas where there is a

decrease in the number of lanes before are correlated with hotspot areas.

Another dataset is created for each bus stop along the selected routes. The
dataset consists of the surrounding network attributes of the bus stops. It is created
using street views of the bus stops and transportation card data. Transportation
card data provides the passenger boarding counts on the bus stops, which lead to
the passenger public transportation demands. In street views, the number of lanes,
the pocket existence and the distances to the interrupters like traffic lights or change

in number of lanes are recorded.

Thirdly, the dwell times of the bus stops are calculated with using the speed
distribution of buses. The dwell times are aggregated according to operating hour.
The aggregated average values create patterns for each bus stops. The patterns are
clustered using hierarchical clustering. Another clustering is applied for same bus

stops with using the data matrix of bus stop attributes. The analysis shows that
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clusters are matching, it results in correlation with dwell times and attributes of the

bus stops.

The speed distribution of buses are used to determine the effects of each bus
stop. The starting and ending points of the decreased speed values around the bus
stops are found with using Fused Lasso method. The distance between the points
for each bus stops named as the influence distance. In the bus stops where buses
start to slow down earlier, the influence distance values get higher. The influence

distances for all the bus stops are calculated at peak and off-peak hours.

The influence distances of all bus stops of the selected bus routes are
statistically modelled with three different models. First model is chosen as M5P
which implements regression models on leaves of the created decision tree. After
that, the random forest and extremely random trees models are tried in order to
predict the influence distance values with only using the data matrix of the bus stop

attributes.

The data matrix is preprocessed into four different data matrix in order to
overcome missing value problems. On these models, the binary data representation
have less root mean square error than pseudo high number for missing values. If a
dataset includes continues values which can be missing for some data rows, for
example, there is not traffic light near every bus stop, the class binary representation

for continues values is more suitable.

This thesis shows that with using network attributes near a bus stop or
possible position of a bus stop, the influence distances of buses slowing down and

speeding up around bus stops can be calculated. It also shows the intensity of the
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possible effects to current traffic network around the bus stops due to buses. Another
contribution of this thesis that can help public transportation planners is to be able
track in real-time the dwell time of bus stops from processed bus GPS data which
is simply explained in methodology. Besides, the problematic areas where buses
frequently encounter slow speeds can be investigated, alternative routes of possible

improvements on network can be suggested.

This study is limited with 12 bus lines and 450 bus stops which are along the
selected bus lines. In specific to Istanbul case, they are around 10% of total bus
stops. Further effects can be found when number of investigated bus lines is
increased. Another point is that the data are obtained for April 2016. It cannot be

worked on any seasonal effects or any interesting feature is specific to April.

For future studies, the data size should be increased so that it makes possible
to split and keep another test dataset in order to compare different models on it.
The more interruptions should be consider to investigate different -effects
combinations. The sensitivity of distance of interruptions to the bus stops should be
analyzed. In order to check transferability of bus vehicle hotspot results to other

vehicles’ hotspots, on-site measurements should be compared with the results from

bus GPS data.
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