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DENSITY BASED AND BALANCED DATA PARTITION
STRATEGY FOR IMPROVING SCHOOL BUS ROUTING
ABSTRACT
The School Bus Routing Problem is considered as a type of Vehicle Routing Problem
(VRP) and is one of the complex problems tried to be solved by developing different
solution methods due to differences of transportation models, size of data, time,
distance and capacity limitation. It was decided to carry out studies in this area due to
the effect of the wide range of transportation sector and impact on daily life in people
of Turkey. In the solution of the problem, the data of a transportation company serving
in the province of Bingöl was utilized and the problems encountered by the company
in real life were determined and the solution was tried to be developed.
The problem was tried to be solved in three stages. In order to determine the regions
where the buses will be directed to solve the problem, cluster merging and / or splitting
operations were performed by adding new features to DBSCAN algorithm which is
one of the density-based clustering algorithms and the students were clustered
according to their vehicle capacities and geographical nearness. Because of the starting
point of each buses is different in the model that used practically by our country, in
the second stage bus-cluster assignment process has been done to decide which bus
will be directed to which cluster by helping of Hungarian Assignment Algorithm. In
the last stage, the Bus Routing with Genetic Algorithm was performed to determine
the order in which the students would be taken in the shortest distance and time for
each bus. In the comparative data sets, since the problem solved in a shorter time is a
good performance indicator, it is proved that the quality of the solution developed is
strong and effective.
Keywords: Clustering on map, density-based spatial clustering of applications with
noise (DBSCAN), school bus routing problem (SBRP), genetic algorithm (GA),
hungarian assignment algorithm, balanced clustering.
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OKUL OTOBÜSÜ ROTALAMASININ GELİŞTİRİLMESİ İÇİN
YOĞUNLUK TABANLI VE DENGELİ VERİ PARÇALAMA
STRATEJİSİ
ÖZ
Araç Rotalama Probleminin bir türü olarak kabul edilen Okul Otobüsü Rotalama
Problemi, taşımacılık modellerinin farklılığı, verinin büyüklüğü, zaman, mesafe ve
araç kapasitesi kısıtlaması gibi nedenlerden dolayı farklı çözüm metotları geliştirilerek
çözülmeye çalışılan karmaşık problemlerden birisidir. Türkiye’de bu sektörün
büyüklüğü ve insanların günlük yaşamına olan etkisi nedeni ile bu alanda çalışma
yapılmasına karar verilmiştir. Problem çözümünde Bingöl ilinde hizmet veren bir
taşımacılık firmasının verilerinden istifade edilmiş ve firmanın gerçek hayatta
karşılaştığı problemler tespit edilerek çözüm geliştirilmeye çalışılmıştır.
Problem üç aşamada çözülmeye çalışılmıştır. Problemin çözümünde ilk aşamada
araçların yönlendirileceği bölgeleri belirlemek için yoğunluk bazlı kümeleme
algoritmalarından birisi olan DBSCAN algoritmasına yeni özellikler katılarak küme
parçalama ve/veya birleştirme işlemleri gerçekleştirilerek araç kapasitelerine ve
coğrafik yakınlıklara uygun şekilde öğrenciler kümelendirilmiştir. İkinci aşamada
ülkemizde pratikte kullanılan modelde her bir otobüsün harekete başladığı nokta farklı
olduğundan, hangi aracın hangi kümeye yönlendirileceğine karar vermek için araçküme atama işlemi yapılmış, bunun için Macar Atama Algoritması kullanılmıştır. Son
aşamada ise her bir araç için en kısa mesafe ve zamanda öğrencilerin hangi sırayla
taşınacağını belirlemek üzere Genetik Algoritma ile Otobüs Rotalama işlemi
gerçekleştirilmiştir. Kıyaslama veri setlerinde, daha kısa sürede çözüme kavuşturulan
problemin iyi bir performans göstergesi olduğu için geliştirilen yaklaşımın çözüm
kalitesinin güçlü ve etkili olduğu sayısal sonuçlar ile kanıtlanmıştır.
Anahtar Kelimeler: Harita üzerinde kümeleme, yoğunluğa dayalı mekansal
uygulamaların gürültü ile birlikte kümelenmesi (DBSCAN), okul otobüsü rotalama
problemi (SBRP), genetik algoritma (GA), macar atama algoritması, dengeli
kümeleme.
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CHAPTER 1
INTRODUCTION
1.1 Background
School bus transportation is used extensively in Turkey. There are tens of thousands
of vehicles in the form of school transportation services on roads everyday. Most of
the vehicles are operated by means of mini-buses. They go on a predetermined route
and pick up students at their homes and take them to their school orderly in the
morning. At the end of the course, this procedure is reversed.
This transportation type has its own restrictions, controls and rules unlike other types
of transportation. The task must be done in a timely and safe manner. Therefore,
service firms are contracting with school administrations every year before the
education term begins. This contract specifies the rules to be followed by the firms and
their drivers. During the education year, service companies are responsible for the
timely and safe transportation of all students who register the service. If they do not
comply the rules, they may face legal procedures.
Before the schools are opened for education term, students who want to use the service
are registered. During the registration, the distance between the student's home and the
school is calculated and the fee to be paid is determined.
School bus firms make a transportation planning by taking the address locations of the
students who register. It is an important problem for the firms to correctly group the
students, to assign these groups to the appropriate vehicles and to decide in which
order the students are taken.
Because school service vehicles are mostly mini-buses with a capacity of 18 or 20
seats, it is necessary to make a plan at a level not exceeding this number.
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Usually, a significant part of the vehicles do not belong to the firm. These are
subcontractors. For this reason, the starting point of the journey becomes the bus
driver’s home. Since they do not move from a depot or station, the addresses of the
drivers should be included in the calculation when deciding which vehicle to assign to
each address set.
Grouping students who are close to each other or who are in the same neighborhood
is a clustering problem, to assign vehicles to the cluster is an assignment problem and
deciding the order in which the students within the cluster will be picked up is the
problem of routing. Multiple techniques are used to solve the problem due to only one
technique has not enough solving capability. Solving all these problems in the best
way will help the firms to reduce their costs significantly and decrease the travel time
of the students.
Even if such problems are referred to in the literature as the school bus routing
problem, the same problem is valid in worker services. In the case of worker service
vehicle planning has the same features and restrictions as the problem of student bus
planning.

1.2 Problem Description
In this study, the student service planning and routing problem which we present the
solution aims to get the most optimal route solution that used by every vehicles that
pick up the students from their homes and deliver to schools. Also, purpose is reaching
to global optimization.
In cases where the number of students is low, this problem can be solved with linear
solutions. However, when the number of students is expressed in hundreds or
thousands, it is expected the problem should be solved with the optimal solution
method when considering dozens or hundreds of vehicles to be used to satisfy this
number.
If the following conditions occur, the problem should be examined again to reach the
optimal solution. These situations:
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i.

Students who want using the school bus service are registered in the middle
of education term.

ii.

The students who give up using the service.

iii.

Adding new buses to the fleet.

iv.

Some of the buses are unavailable.

v.

Changes in the school entry and exit hours.

vi.

Changes to the roads to the school (building new roads or highway
maintenance work)

For above cases, service firms are forced to make changes in routes and bus-student
assignments to reduce their costs.
The following cases are taken into consideration in solving the school bus routing
problem.
i.

Each bus starts moving from the address where the driver lives and the end
point of the path is the school.

ii.

The bus gets students in sequence at the nearest distance of its location.

iii.

Each student is assigned only to one bus.

iv.

The total number of students assigned to a bus cannot exceed the seat capacity
of the bus.

v.

Number of buses, travel distance and time mus be at the optimal level.

Because of the number of students does not exceed the capacity of the bus, the problem
has similar features of the Capacitated Vehicle Routing Problem.

1.3 Purpose
The aim of this study is to develop an intelligent solution that performs density-based
clusters these include students close together, assigns buses to the clusters and draws
routes with helping of a heusristic algorithm and with the help of these steps the school
bus companies to make planning and routing more quickly and accurately. When
sudden changes occur, such as changing the addresses of the vehicle or students, the
system should display appropriate solutions to the user. The solution should balance
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the load distribution of the vehicles, ie ensure that the number of students on the buses
is equal.
Missing and inaccuracies in planning and routing of school bus services cause
transportation costs to increase and students' travels take a long time. Therefore, it was
aimed to pay attention to the following two issues.
i.

Ensure that the vehicles operate at full capacity: It should be taken into
consideration that the number of students is not above or below the capacity
of the vehicles serving within the company while the students are grouped by
by an appropriate clustering algorithm. To determine a clustering method for
assigning an equal number of students to buses is an important rule.

ii.

To keep the distance of the travel short: The routing between the point where
the vehicle starts and the school should be done correctly.

1.4 Related Works
The School Bus Routing Problem is considered to be a more specific nomenclature of
the Vehicle Routing Problem. Although many studies have been done to solve the
problem in literature, there are differences in the solution methods of problem due to
differences in student transportation method among countries. “First clustering second routing method” was applied more to partition large data sets to smaller [1, 2].
In the study carried out with real data in Brazil [3], a two-stage study was carried out
in order to determine the locations of the bus stops and then the assignment of students
to the bus stops. A stopping point for students living in the same area was determined
and then the students were assigned to this bus stop by taking into account the distance
to be walked by them. Where there are not enough students to form a group, the
position of the ungrouped student is assumed as a stopping point. While this solution
model can be used to create municipal bus stops in our country, it does not seem
possible to use it for school bus transporting
In the other study [4], which focuses on the same problem [5], a topology has been
created by identifying points at equal distances along the highway, taking into account
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route and student positions, and students are reflected in a vertex of the network. Bus
stops were selected by using a full-scale function taking into account the walking
distance of the students.
In another study, an exact solution method was described for solving SBRP in real life.
Capacity and distance consraints were modelled in an associated integer linear
program formulation [6].
In the study conducted using 9585 road data and address of 503 students [7], 37
common stopping points were determined. In order to determine the hierarchical
clustering method and stop points in the clustering of the data, the solution was tried
to be found by using Monte Carlo simulation and heuristic optimization algorithm.
In a study [8] conducted in Turkey, K-means algorithm based on developing the new
clustering method was used to cluster by using GPS data of a school bus transporting
company located in Ankara. Genetic algorithm was used for assigning stop points to
vehicles and routing. The study results concluded that the developed method can
reduce the total distance traveled by the vehicles, time cost and the amount fuel
consumed.
In another study [9], the road network of a school in Bogotá, Colombia was solved
with the Ant Colony Application and it was reported that it reduced the distance
between 8.3% and 21.4%.

1.5 Techniques
To be able to plan correctly, students must be grouped correctly. Students who are
close to each other should be assigned to a cluster and then should be decided which
vehicle should be assigned to this cluster.
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Figure 1.1 The steps of the application

In order to solve the problem, a method has been developed in 5 steps. This steps are:
i.

Data preprocessing on database and embedding points into a map.

ii.

Clustering process with DBSCAN considering locations of the students.

iii.

Merging and splitting clusters that are close to each other.

iv.

Assignment of service buses to appropriate clusters.

v.

Routing with genetic algorithm.

The C# programming language was used for application software to display and
calculate the data using the OpenStreetMap platform on the GMap.NET Map plugin.
DBSCAN was chosen from density-based clustering algorithms to solve the problem.
DBSCAN is an efficient clustering algorithm for metric databases (that is, databases
with a distance function for pairs of objects) for mining a large database [10].
Due to the density-based nature of DBSCAN, the addition or deletion of an object only
affects the existing clustering in the neighborhood of this object. Therefore, an
efficient algorithm scan for incremental placements and deletions is performed on
existing clustering. The incremental DBSCAN provides significant acceleration
factors compared to DBSCAN, even for many daily updates in a data warehouse [11].

1.6 Outline
This thesis consists of 6 parts. The first chapter contains general information about the
problem. Clustering, which is the first step in the solution of the problem, is given in
Chapter 2. In the 3rd Chapter, information was given about Task Assignment and

7

Genetic Algorithm. In the 4th Chapter, information was given about developed
application and solutions were discussed despite the difficulties encountered. In 5th
Chapter, experimental results were shown and analysed. Finally, discussions,
conclusions and some ideas for future work were held in Chapter 6.
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CHAPTER 2
CLUSTER ANALYSIS
2.1 Introduction
From ancient times, authorities have tried to group jobs, people and lands to establish
stronger administrations. Old civilizations grouped military as units for fighting more
disciplined in wars or separated lands to collect taxes. Today’s modern world has a
much more complex structure, so people feel the need to group all complex things to
do their jobs in less time and more easily. These needs led the scientific world to work
on clustering methods.

2.2 Clustering
Clustering is an important technique for data analysis in many fields such as data
mining, machine learning, image analysis and astronomy. It is process of partitioning
of large data into smaller subsets according predefined distance measure. The
partitioning of large datas into smaller groups helps summarizing and meaningful data
for data mining applications [12]. This process is most important unsupervised
learning technique which deals with finding a similarity between labeled datas [13].
The main purpose of clustering is summarize data sets into meaningful data sets which
are similar in itself and dissimilar to others [14]. For better and more distinct results,
similarity or homogeneity within a group should be greater, also difference or
heterogeneity between groups should be clear.
Unlike classification there are no predefined classes in the clustering, thus it is
important to determine the appropriate measurement method for clustering [15].
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2.3 Different Types of Clustering
2.3.1

Well Separated

It can easily be seen that the objects within a cluster are closer (or similar) to each
other than to objects located within other clusters. The distance between the clusters is
more than a threshold value [16].
2.3.2

Prototype-Based

A set of objects are more closer or similar to their assigned cluster prototype than
prototype of other clusters. In many data types, the prototype can be considered a
central point. Therefore, we often call prototype-based clusters as center-based
clusters. Center-based means each points in a cluster is closer to the centre of the
cluster than to the centers of any other clusters [16].
2.3.3

Graph-Based

Each object in a proximity-based cluster is closer to another object in the cluster than
any point in a different cluster. There is not any connection to objects outside of its
own cluster. On a graph, datas are shown as object and connection between objects
can be defined as a component. An important type of graph-based clusters is a
contiguity-based cluster [16].
2.3.4

Density-Based

The density of a point is considered to be the neighbors within certain distance
thresholds of the point [17]. On a graph, the clustered data is shown higher density
region due to the weight of the objects in it surrounded by a region of low density.
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Figure 2.1 Clustering types

2.4 Distance Measures
In order to determine the similarities and differences between the objects, some
measurement techniques are implemented. Distance measure plays a very important
rule on the performance of algorithm. There are different distance measure techniques
available. But choosing a proper technique for distance calculation is mostly
dependent on the type of the data that we deal for clustering [5].
2.4.1

Euclidean Distance

It is simply the geometric distance between two points in the n-dimensional space.
If x and y are two points on the real line, then the distance between them is given by
equation (2.1).
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(2.1)

2.4.2

Manhattan Distance

It computes this distance is the average difference across dimensions, comparable
when walking from one point to another in a block-style city like Manhattan. The
formula in a two dimensional space is given by equation (2.2).
(2.2)

2.4.3

Distance on a Sphere

The haversine formula is most known formula that computes distance between two
points on a map given their longitudes and latitudes [18].
The formula (2.3) accounts for the curvature of the earth, but assumes a spherical earth
rather than an ellipsoid. The formula introduces an error of less than 0.1 percent on
long distances [8].

1, 2: latitude of point 1 and latitude of point 2,
λ1, λ2: longitude of point 1 and longitude of point 2.
r:Earth radius (6.371 km.)
∆ = |1-2|
∆λ = |λ1-λ2|

(2.3)

d is the distance between two points with longitude and latitude (λ,) and r is the radius
of the Earth.
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2.5 Clustering Models
Different solution methodologies have been developed according to the type of each
problem and the type of the intended purpose. Each methodology follows different
rules to define the similarity between data points. Typical cluster models include the
following:
2.5.1

Connectivity Models

Points closer to each other in a data set are thought to be more similar to each other.
There are two important approaches. The first is to assume each point as a set and to
enclose the data close to each other as the distance is reduced. In the other approach,
all points are initially included in a cluster, then the cluster is divided into smaller
clusters when the distance between the data increases.
2.5.2

Centroid Models

A centroid is shortly a point in the data space whose coordinates specify the centre of
the cluster [19]. In this model, the centroid of the cluster is calculated by considering
the location of the objects in the cluster. When cluster center is recalculated, each data
is enclosed or removed from the cluster.
2.5.3

Distribution Models

These clustering models are based on the idea that it is likely that all data points in the
cluster belong to the same distribution (for example: Normal, Gaussian). These models
often attract more than fitting. A popular example of these models is the Expectationmaximization algorithm that uses multivariate normal distributions.
2.5.4

Density Models

In this model, cluster is defined high density area than unclustered remainder of datas.
It assigns the dense fields into the cluster and assigns the data points in these regions
to the same cluster. Objects that are far away from this area remain unlabeled or noise
data [20]. The regions with high data density are considered as clusters. The remaining
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data is considered to be noisy data because it is not assigned to a cluster. The key idea
is that the neighboring data coming from a certain distance are taken into the same
cluster. The most common algorithm for this model is DBSCAN.

2.6 DBSCAN
Density-based spatial clustering of applications with noise (DBSCAN) was proposed
for clustering spatial data by Martin Ester, Hans-Peter Kriegel, Jörg Sander and
Xiaowei Xu in 1996 [11].
This algorithm produces partitional clustering that attempts to find places where
objects are heavily located in the data space. It is not known how many clusters will
be created in the beginning. This algorithm method has been successfully executed in
many different areas. DBSCAN method uses a center-based density approach. The
density of cluster is defined by the number of points that lie within a distance of
neighborhood around it.
The densities of these global regions are used to categorize data points into core,
boundary and noise points. This method labels the data points as one of three possible
classes [12]:
Core Points: This points located in the densified cluster. A point is named a core point
when is number of points in a region determined by the neighborhood exceeds a certain
threshold.
Border points: Although this point is not a core point, it falls on the boundary of a
circle drawn around a center point.
Noise points: If a point is neither a core nor a border point, then it is called a noise
point or an outlier.
This points illustrated below in figure 2.2.
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Figure 2.2 Illustration of core, border and noise points

This algorithm has two important parameters. The first one shows the radius (Ɛ) that
can be reached from the core point in one step. The second refers to the minimum
number of points (MinPts) in the radius around the object. If a minimum number of
objects are found in the radius area around the object, a new cluster (C) is created and
this point is assigned as the core point. By starting from the core point for "Eps"
distance around itself if "MinPts" is reachable within , these points assign to the cluster
[12]. If a point not assigned to a cluster, it is accepted as noisy data. This algorithm
continues until all points are scanned. The average runtime complexity of a single zone
query is O (logn) [21].
It is often difficult to set the radius parameter Ɛ. The way DBSCAN is designed, Ɛ
should be selected as small as possible. The value ε also depends on the distance
function. In an ideal scenario, there is domain information to select this parameter
based on the application domain [21].
The calculation of the distance in the linear plane is usually done using Euclidan or
Manhattan formulas. But, Haversine formula is usually used on maps calculations.
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Figure 2.3 Algorithm of DBSCAN [21]

2.7 Hierarchical Methods
These methods construct the clusters by recursively partitioning the instances in either
a top-down or bottom-up fashion [19]. These methods can be sub-divided as following:
Dividing the cluster into sub-branches, such as a tree structure, helps us to easily
distinguish the relationship between sub-branches, upper branches, and neighboring
branches.
i.

Agglomerative (top-down) hierarchical clustering: This method is to merge
subsets according to their similarities and create a larger cluster. This process
is repeated until it reaches the desired level.

ii.

Divisive (bottom-up) hierarchical clustering: In this method, the data in the
large cluster is grouped by differences and divided into smaller subsets. This
process is repeated until the desired level is reached.
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2.8 Linkage Methods
Merging or division of clusters is done according to certain criteria by applying some
similarity measurement methods [19]. There are four important methods. Each of them
changes structure and size of clusters differently. These methods are described below
[22].
i.

Single-link clustering: This method consider the distance between two
clusters to be equal to the smallest distance from any member of one cluster to
any member of the other cluster.

Figure 2.4 Single-link clustering

ii.

Complete-link clustering: This method consider the distance between two
clusters to be equal to the longest distance from any member of one cluster to
any member of the other cluster.

Figure 2.5 Complete-link clustering

iii.

Average-link clustering: This method consider the average of distances
between all pairs of objects of two clusters. This approach is used for expand
the cluster in implementation of the thesis.
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Figure 2.6 Average-link clustering
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CHAPTER 3
SCHOOL BUS ROUTING PROBLEM
3.1 Introduction
The Traveling Salesman Problem (TSP) deals shortest distance travel of a vendor who
starts from one point and travels each city and then back to the starting point by a short
journey. The Vehicle Routing Problem (VRP) generalises the well-known TSP. VRP
deals the optimal set of routes for a fleet of vehicles to traverse in order to deliver to a
given set of customers. In the solution of the VRP, some restrictions are taken into
account, such as the capacity of the vehicles and the distance limitations. The figure
below shows the operation of both TSP and VRP.

Figure 3.1 The operation of TSP and VRP

The School Bus Routing Problem (SBRP) is an optimization problem that is
considered under VRP.
SBRP is an optimization problem which falls under the class of the Vehicle Routing
Problem. It deals the use of a fleet of vehicles to optimally and efficiently transport
students to and from their schools. To solve this problem, optimal routes are found by
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minimizing the number of buses, the distance of routes for each buses and the total
route distance traversed by all buses [23].
The SBRP is a complex problem that has been worked on over many years. Although
this problem is named as School Bus Routing Problem, studies are carried out on the
solution of the same problems in different fields. For example, a bus service provided
by a company for its employees or by a wholesaler distributing products to its dealers.
However, it should be known that each problem has its own limitations and application
difficulties. In previous researches aimed at solving this problem, it is seen that
different solution techniques are focused on according to the type of the problem, goals
and constraints.
There are differences in the methods of tranporting students to schools between
countries. For example, in some countries, a school bus can transport neighbour
students of different schools at the same time, or there may be different applications,
such as prevent unnecessary stops by identifying a stopping point for students who are
close to each other.

Figure 3.2 The operation of School Bus Routing Problem
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In our country, a service bus tranports students of one school from the front of their
homes is the general method that applied. The problem discussed in the thesis study
has been formally visualized in figure 3.2. Each bus collects students who are closest
to their starting position in order and leaves all of the students to the same school.
The distance between the point where the bus starts to move (Bs) and the home of the
first student to take the bus (S1) 𝑑(𝐵𝑠 , 𝑆1 )
The distance (d) between two students' home addresses 𝑑(𝑆𝑖 , 𝑆𝑖+1 )
The distance between the last student's home (Sn) and campus (C) (𝑆𝑛 , 𝐶)
Total distance d(R) of a Route = 𝑑(𝐵𝑠 , 𝑆1 ) + ∑𝑛𝑖=1 𝑑(𝑆𝑖 , 𝑆𝑖+1 ) + 𝑑(𝑆𝑛 , 𝐶)
SBRP is considered to be a problem of NP-hard type. The NP-hard problems are tried
to be solved by using heuristic algorithms due to computational complexity and long
term solution. This chapter will focus on capacity and distance constraints, assigning
of buses to student clusters and routing.

3.2 Capacitate and Distance Constraint
The main constraints to be considered in this problem are as follows;
i.

The number of students does not exceed the capacity of the bus: Since each
bus has a certain number of seats, the number of students to be planned for the
bus should not exceed the seat limit.

ii.

Grouping the students at the same address in the same bus: It is necessary
to carry the students styaing in the same house, apartment or complex with the
same service vehicle. While this is a desirable situation for parents, it is
assumed that directing more than one bus to the same region leads to a move
away from an optimal solution.

iii.

Balancing the number of students among buses: The distribution of load
among service buses needs to be shared fairly. It is necessary to balance the
number of passengers in the same fleet of buses.
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iv.

To perform this process at minimum distance and time: The purpose of
grouping students to the appropriate bus is to keep the journey time short. This
is to reduce costs and prevent unnecessary travel time.

3.3 Partition of Solution Space into Subregions
In cases where the number of students is high, it is a general approach to reach a
solution by dividing the data into smaller pieces. This approach usually focuses on
two-way solution. The first of these is called as "first clustering-second routing
method”, other method is called as “first routing-second clustering”.
First routing-second clustering method approach a giant tour is created that visits all
demand points with ignoring the seat capacity. Then the giant tour is splitted into
feasible trips satisfying capacity constraints. This approach is based on the work by
Beasley [24].

Figure 3.3 The difference between clustering and routing order

Studies using the second method in the literature are more extensive. Also no studies
have shown that the first method is more effective solution on the second method.
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In the first method, clusters are formed by taking into account similarity characteristics
(short distance or on the same route) without drawing a route between the points. Then,
the problem is tried to be solved by individual routing in each cluster. In cases where
the number of data is very large, clustering is implemented first and the problem is
solved easily in a shorter time. Thus, implementation of heuristic solution algorithms
will operate easier.
Some researchers have used the k-means clustering algorithm in the clustering process
[8].The most important problem encountered in this algorithm is the need to
predetermine the number of clusters. In this method, the number of elements of clusters
can increase or decrease automatically when each data is handled. But ultimately they
will not give clusters which have equal number of elements. Therefore, enlargement
or reduction operations on clusters are required.
Where the number of elements in each cluster exceeds the capacity of the bus, it is
necessary to split the large cluster into smaller clusters that have fewer elements. On
the other hand, when the number of elements in a cluster is under the capacity of a bus,
the merging method can be applied for neighboring clusters that have small size of
students.

Figure 3.4 Merging and splitting process on clusters
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For merging or splitting operations, the target set for the resource cluster is the closest
cluster to itself. The elements of the target cluster that closest to the resource cluster
are selected and taken into the resource cluster and these elements are removed from
the previous cluster. After the resource cluster capacity has reached a sufficient level,
this process is repeated for the other cluster close to it.
For having size-balanced clusters, the largest cluster is selected to split into smaller
size clusters. In the figure 3.4 there are two clusters which are shown diffent colour
markers, Cluster A has twenty-four elements and Cluster B has thirteen elements. The
goal is producing size-balanced clusters hierarchically. Firstly, the biggest cluster is
splittied by a division method. Thus, Cluster C is created from Cluster A. Then, four
elements of Cluster C which are belonging to the nearest to the center of cluster A are
added into Cluster A. Similarly, the remaining elements are included in cluster B to
form two balanced-size clusters. Cluster A is signed as a size-balanced cluster. Cluster
B needs to find nearest cluster for enlargement. This process is repeated until all
clusters will be sufficiently balanced.

Figure 3.5 Assigning noise data to the closest clusters after DBSCAN

24

Figure 3.5 shows an example of density-based clustering. All points are placed in
figure 3.5.a. Two clusters are formed when DBSCAN is applied from these points in
Figure 3.5.b . Then, in Figure 3.5.c, it is calculated unassigned (noisy) points are closer
to the core point of the which clusters . Finally, these points are assigned to the closest
cluster as shown in figure 3.5.d.
Thus, the number of element is increased or decreased to satisfy the capacity need of
the vehicle. This process is called hierarchical clustering. The important step here is to
determine the clusters to be divided or merged, and the second step is to choose which
cluster elements will be selected for this process.
In this thesis, DBSCAN algorithm has been chosen as the clustering algorithm. Since
it is unclear how many clusters will be at the starting, noisy datas (datas are not
assigned to any clusters) are tried to be combined with closest clusters. When the
cluster capacity is smaller than the requested value, the closest elements to the center
of the main cluster are taken from the neighboring clusters . If the element size of the
cluster has not reached a sufficient level, the expanding process is repeated in the next
cluster, even though most closest cluster hasn’t enough element . This process is done
until the capacity of the cluster reaches sufficient.
In the DBSCAN algorithm, small clusters can be formed by experimenting with
changing the epsilon and minPoint values on the regions with high density.

3.4 Balanced K-means Algorithm
In large vehicle fleets serving in the transport sector, it is important to ensure equal
load distribution of vehicles operating under the same conditions. Different solution
methods have been developed to realize this process. One of these is the balanced kmeans algorithm.
Balanced clustering is a special case of clustering where sizes of each cluster are equal.
Some specific applications working on transporting sector demand the balanced
clustering results. M.Malinen and P.Fränti were presented a k-means based clustering
algorithm [25], which optimizes mean square error (MSE), for given cluster sizes. In
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their sthudy, the assignment phase executed by helping of Hungarian Algorithm. They
compared standard deviation values of constrained k-means and balanced k-means.
The symbol for Standart Deviation is  (Greek letter sigma). Formula is shown in
equation 3.1.

(3.1)

𝑋𝑖 :Shows the coordinate of each student in the cluster.
𝜇: Shows the coordinate of the center of the cluster.
K- means is the most commonly used clustering algorithm, which provides a local
minimum of MSE given the number of clusters as input. This algorithm consists of
two steps. These steps are assignment and update steps. In assignment step, data points
are assigned to clusters specified by nearest centroid. In update step, mean of each
cluster is calculated. These processes are repeated until centroid of clusters do not
change anymore [25].

Figure 3.6 Algorithm of Balanced K-means [25]
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The algorithm developed for this thesis and balanced k-means algorithm are run on the
same data set to solve the problem and the getting results are compared in the fifth
part.

3.5 Problem of Assigning Vehicles to Route
In many studies, it is emphasized on the model where the buses are arriving from a
depot to the clusters where they are assigned . However, if the points where the buses
begin to move are scattered on the map like student positions, it is a problem to decide
which buses collect the students in the cluster and take them to school.
To determine which of the n workers will be assigned for N jobs, check all assignment
states and calculate them. It is possible with the calculation on all possibilities with n!
process. But in cases where the size of data is very high, it takes a lot of time. For
example, 120 calculations for 5 jobs are not a problem in terms of time, while 12 jobs
are required to make 479.001.600 calculations. It is obvious that in cases where the
assignment problem is larger, a lot of time will be needed.
Therefore, many algorithms have been implemented to solve the assignment problem
at a time bounded by N polynomial.
3.5.1

Hungarian Algortithm

One of the most common algorithms to solve single-criteria assignment problems is
Hungarian algorithm. The reason is that it can solve the assignment problem in a short
time. This algorithm was developed by Herold Kuhn in 1955 and published as a book.
Since the first pioneers of this algorithm are the Hungarian mathematicians Dénes
Kőnig and Jenő Egerváry, this name was given. This algorithm was later named as
Munkres Assignment Algorithm. In theory, this algorithm guarantees optimal global
reach. The time complexity of the original algorithm was O(n4), however later it was
noticed that it can be modified to achieve an O(n3) running time where n is the size of
one partition of the bipartite graph [26].
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In this problem solution, the parameters to be matched are positioned horizontally and
vertically in rows and columns on the matrix.
The calculated weight of each assignment state is processed into the cell where the
respective row and column intersect. If there is a restriction on an assignment, that cell
can be expressed with the maximum value.
Solution Steps [27]
Step-1: For each line of the cost matrix, the element with the smallest value in the row
is extracted from all the elements in the row.
Step-2: For each column of the cost matrix after the operation in Step-1, the element
with the smallest value in the column is extracted from all the elements in the column.
Step-3: After the steps in Step-1 and Step-2, the new state of the matrix is called
“reduced matrix”. To cover the zero elements formed on the reduced matrix; Lines are
drawn on rows and columns which have zero elements. A minimum number of lines
must be used in this process. If the minimum number of lines used is equal to the
number of "m", which is the size of the cost matrix, then the best solution has been
found and the operation is stopped, otherwise the step is going to Step-4.
Step-4: In order to close the 0 elements, there is one of the elements with the smallest
value between the lines and lines not drawn on the columns. This value is subtracted
from all the elements that do not cross the line and the two lines are added to the
passing elements. A new reduced matrix is obtained and returns to Step-3.
Step-5: The process is repeated until each line has at least one 0 value. If there is at
least one 0 on each line, the initial cost given in the coordinate for the value 0 is
collected in each line and the total cost of the problem is found.
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Figure 3.6 Flow chart of Hungarian Algorithm [28]

3.6 Heuristic Methods
In theoretically, there exist a finite number of routes for vehicles. However, even for
tens stop locations the number of possible routes is very large. For this reason,
computational results will take long time [29].
A heuristic algorithm is an algorithm that designed to solve a problem faster and more
efficiently than traditional methods. If there is one solution that no other inventive
finding can guarantee, it always finds a suitable solution [1]. It doesn’t guarantee that
the best will be found, for this reason they may be considered as approximately and
not exact algorithms. Heuristic algorithms are often used to solve NP-complete
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problems, a class of decision making problems. Although these solutions can be
confirmed as optimally in complex problems, there is no exact way to find a fast and
accurate solution. The heuristic solution can be produced individually or used to create
a good basis and is supported by optimization algorithms. The heuristic algorithms are
used when the most approximate solutions are sufficient and the exact solutions are
necessarily computationally expensive.
Many studies have been done by using heuristic algorithms such as Simulated
annealing, Tabu Search, Genetic Algorithm and Ant Colony Algorithm for routing
problems such as TSP or VRP. In this thesis, it is tried to give information about
Genetic Algorithm, because this algorithm is used.
3.6.1

Genetic Algorithm

The basic principles of genetic algorithms were first put forward by John Holland at
the University of Michigan. Holland gathered his work in 1975 in his book
“Adaptation in Natural and Artificial Systems”. Holland first used evolution laws for
optimization problems within genetic algorithms [30].
Genetic algorithms are a subset of a wide class of evolutionary algorithms that define
a series of techniques inspired by natural selection, such as inheritance, mutation, and
crossover. Genetic algorithms require both the genetic representation of the solution
area and the fitness function for the evaluation of the solution area. The technique
forms a population of candidate solutions and uses the fitness function to select the
most appropriate solution by repeating each generation. The algorithm ends when the
level of fitness for the population is reached or when maximum generations are
obtained.
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Figure 3.7 Genetic Algorithm workflow

Gene: An unit that carries the smallest data of the problem in its structure is called the
gene. The gene can be either a binary data structure or an integer or a real number.
A gene for a student includes student id, student home adress, adress cordinate
(lat,lang) etc. A gen for a bus includes bus id, bus capacity, bus bordinate (lat,lang).
Chromosome: A structure called chromosomes where multiple genes come together
to keep some of the information about the problem.
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Table 3.1 A sample of chromosome

Gen 1

Gen 2

Gen 3

Gen 4

Gen 5

Gen n-1

Gen n

Bus

Student 1

Student 2

Student 3

Student 4

Student n-2

Campus

Lat:43.4443

Lat:43.4443

Lat:43.4443

Lat:43.4443

Lat:43.4443

Lat:43.4443

Lat:43.4443

Lang:46.5454

Lang:46.5454

Lang:46.5454

Lang:46.5454

Lang:46.5454

Lang:46.5454

Lang:46.5454

Population: It is called the community formed by the combination of possible
solutions of the problem. The large population also affects the solution time of the
problem.
Table 3.2 A sample of population

Solution

Bus

Id

1.Student

2.Student

3.Student

Id

Id

Id

………

Id

(n-1).

n.Student

Campus

Total

Student

Id

Id

Distance

Id

Route_1

B.4

S.5

S.7

S.9

S.12

S.4

S.6

C.1

9.500 m.

Route_2

B.1

S.6

S.7

S.5

S.3

S.4

S.1

C.1

9.350 m.

Route_3

B.2

S.2

S.8

S.3

S.6

S.1

S.5

C.1

9.050 m.

Route_4

B.3

S.3

S.8

S.4

S.6

S.2

S.1

C.1

8.900 m.

Route_5

B.2

S.2

S.1

S.4

S.3

S.5

S.7

C.1

8.500 m.

Fitness Function: To determine how close the solution is to the optimal solution of
the problem, the fitness value is calculated after each population is formed. It is used
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to compare different solutions and determine the best. In the shortest distance
calculations, such as TSP, priority is given to chromosomes which have small fitness
values.
Genetic operators: Different techniques are applied in order to create better solutions
by using the possible solutions.
Selection: To create a new population and obtain a better solution, the best individuals
should be selected. Individuals with greater fitness value are more likely to be selected.
Roulette Selection: Better chromosomes are more likely to be selected. The fitness
value of all individuals in the population is collected and shows the probability of
selecting the ratio of each individual's fitness value to the sum of all individuals.
Sequential Selection: It ensures that the chromosomes are sorted from the highest to
the lowest according to the fitness value and then the chromosome with the highest
value is selected.
Tournament Selection: A certain number of random individuals are recruited within
the population and the highest fitness individual is selected. It is compared to the other
individuals that selected with same process.
Crossover: It is the stage made by the crossover displacement of mutual genes on the
individuals that come together to create a new individual. When a suitable cross point
is selected, higher alignment values can be obtained from the parents. However, since
the appropriate crossing point is generally not known, a random point is chosen.
Mutation: It is used to make changes on the genes of the new individual as a result of
crossing. By randomly or orderly to change the locations of the genes helps to prevent
the research goes in the vicious circle.
Mutation Rate: If the chromosomes start to resemble each other, they are still far
from the solution points, the mutation process is the only way to get rid of the GA
(where all the chromosomes are on the same plateau). However, giving a high value
will prevent GA from reaching a stable point.
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CHAPTER 4
IMPLEMENTATION
4.1 Design
In order to solve the problem in the thesis study, an application has been developed for
clustering students, bus assignment to clusters and drawing route paths between
starting and ending locations by using a sample database.
The C# programming language that works on the Microsoft .NET framework for the
application has been used and prepared based on the Windows Forms Application. C#
language has been chosen because of its strong structure, its kind of use, and its objectoriented features. Framework 4.0 was used.
The program basically consists of two screens. As shown in figure 4.1, on the first
screen, students, buses and scholl are displayed on the map, also process of DBSCAN
clustering and cluster merging-splitting processes for balanced clusters are done.

Figure 4.1 Clustering and Bus Assignment Form
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The second screen, as shown in figure 4.2, is used to assign the vehicles to clusters and
draw routes by using the genetic algorithm.

Figure 4.2 Form with routing operations

4.2 Database
The data used for the application is stored in SQLite that is a SQL database engine.
The SQLite was written with C / C++ programming languages and has a simple, fullfeatured, operational and relational structure. SQLite is very successful in desktop
applications for small size data and is usually faster than direct writing on disk in
Windows. The database design is shown in the following figure.

Figure 4.3 Database tables
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4.3 Map Component
Geographical Information Systems are utilized in decision-making processes based on
location and places. Computations by using the geographical data and showing results
visually on the map are used extensively in the transportation sector as in many other
areas. Operations that seen frequently such as distance measurements and routing
between points are easily visualized on the map. In this application, a map plug-in was
needed to display address coordinates of students or buses and drawing route line
between starting point and school. The open source GMap.Net control was chosen
because of it has been used extensively since 2013 for developing applications on
Visual C# .Net and incorporates many maps (such as Google map, yahoo, Bing,
OpenStreetMap). It has many features such as routing, geocoding and different map
types. GMap.Net Windows 1.9.2 is the last version was used in the application.
The following procedures were needed to show the data on the map by referring to the
latitude and longitude information of each point on the map.
i.

Display of a point on the map: For showing the geographic location of a point
on the map, the latitude and longitude information were used.

ii.

Measurement of the distance between two points: Haversine formula was used
for measuring “bird’s-eye” distance between two points by taking the latitude
and longitude of the them .

iii.

Drawing a route line from one point to another: Finding the shortest route from
one point to the other by navigating through the main road, main street or street.

iv.

Finding the mean point of a cluster: The latitude and longitude of the points
within a given cluster are collected and divided by the number of cluster
elements to find the center coordinate point.

v.

Showing points that close to each other as a cluster: Taking into consideration
the distance between the points to get into a set of points close to each other.

vi.

Finding the nearest neighbor cluster to a cluster: Finding the closest cluster
according to the distance between these points by accepting the mean points of
the clusters as a reference point.
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vii.

Finding the closest n points within the nearest neighbor cluster: If the number
of elements is needed in the cluster expansion operations, the n number of
elements are taken from the neighboring cluster and added to the existing
cluster and then removed this elements from the previous cluster.

Figure 4.4 Showing students,buses and working zone on map

4.4 DBSCAN on Maps
Information on how the DBSCAN algorithm used to solve the problem was given in
Chapter 2. It is very difficult to reach the desired results without developing this
algorithm in real applications. Specifying only the densities areas is not sufficient for
the desired solution unless new features are added to the algorithm.
Our data shows a similarity to the density of the city center as shown in the figure
below. The distance from the easternmost student’s coordinate to westernmost
student’s coordinate is 5.540 meters and the distance from the northernmost student’s
coordinate to southernmost student’s coordinate is 7.800 meters. The total area of the
target region is calculated as 21.79 square kilo meters in by using this information.
This area also shows the city's residential area.
The student address locations which are close to each other was considered as densitied
areas and it was decided to be considered each one of these areas as a cluster. Because
of each student must necessarily be taken into a cluster, the noise data not assigned to
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any cluster as a result of the algorithm operation are included in the closest cluster to
their location.
Because of buses are the same model mini-bus, their seat capacities are equal to 18.
The maximum number of elements of each cluster should not exceed 18, since it is
considered that the element number of each cluster musn’t exceed the capacity of a
bus. If the element number of clusters is greater than 18, it is necessary to re-divide
the density areas by applying DBSCAN on this cluster one more time again. This
process was repeated until the number of elements in each set was smaller than 19.
Clusters are spread in the form of a tree structure by creating sub-clusters from the top
of the main cluster to the inner clusters.
Two important parameters must be entered for the application to work. The first one
is to decide how many least points to be formed as a cluster on the map. In practice,
we take this value within the MinPts text field. This value is an integer value. Secondly,
the minimum distance between points must be set for the clustering to take place. We
take this value from the Eps text field. The type of this value is integer and its unit is
meters.
Keeping the Eps and MinPts as same values at each level prevent the algorithm to
work forward into sub clusters at the lower level. For this reason, if Eps and MinPts
values change in lower levels, the forming of new clusters is repeated dynamically.
The following table shows the Eps, MinPts and cluster element numbers at each level.
Initially, it is assumed that the Eps value is 1500 meters and the MinPts 3 is sufficient.
When this is done, it is seen that only two clusters are created and no noisy data is
generated. However, it is seen that noisy data is generated by decreasing the Eps value
in sub-clustering operations. Noisy data is included in the cluster closest to it. To
determine the closest cluster to a point, the distance has been measured between the
point and median point of clusters around it. The cluster in shortest distance is taken
account. The following table shows the number of clusters that are created according
to the Eps and MinPts values.
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The following figure shows a flowchart to allow the application to split all data into
subsets successively using intelligent DBSCAN algorithm. As a result of the
application of DBSCAN, the noise data were transferred to the nearest cluster. For
clusters with sufficiently subdivided clusters (under the vehicle capacity), the epsilon
and MinPts parameters are dynamically modified to create clusters with fewer
elements.

Figure 4.5 The flowchart of intelligent DBSCAN

After first iteration, student points were shown on map as in figure 4.6. Epsilon value
as 1500 meters and MinPts as 3 were entered. Two clusters were created after first
iteration. First cluster has three hundred thirty elements and second cluster has thirteen
elements. Because of the size of second cluster is less than vehicle capacity, this node
was noted adequate. An attempt was made to split the first cluster with DBSCAN
again. This process was repeated until to be sure number of elements of all child
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clusters less than vehicle capacity. The Appendix A shows hierarchical splitting the
clusters to sub-clusters at last.

Figure 4.6 The screenshot of the application after first splitting of data

4.5 Agglomerative Clustering Method On Small Clusters
After applying the DBSCAN clustering algorithm on the locations of the student home
addresses, we considered the clusters that occurred as temporary clusters. We then
tried to recreate clusters with equal number of elements per bus capacity by applying
different methods on the clusters formed. First of all, it is necessary to decide which
temporary cluster to start with. Two different methods were applied for this situation.
The first method was named as "Start from the corner points” (SFCP) method. The
second method as the "Start from the k-means points" (SFKMP) method.
In the SFCP method, four points which were not processed before and they are located
in the most northeast, southeast, northwest and southwest were chosen. In each steps,
they points are calculated again and then new four points are accepted as reference
points. A tetragon region is created and this region is being smaller than previous step
for each step by this method.
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In the SFKMP method, reference points are created as many number of buses that were
created by using K-means algorithm. In this method, merging or splitting starts from
these reference points which refer to the number of centroids.
In the beginning, we marked the elements of all clusters as not visited. Then, from this
reference point, the cluster of the element which is the farthest distance from the center
point of the all unvisited elements is selected. In other words, the re-clustering process
is done by moving from the outside to the inside. If the number of elements of this
cluster is less than 18, the nearest neighbor cluster is visited. Expansion technique was
applied by taking the required number of elements from the neighboring cluster closest
to the cluster we are dealing with. This process was done until the number of cluster
elements is reached to 18. Then, the existing elements of the cluster are considered as
completed cluster together with added elements and then other temporary clusters are
visited. This process is repeated until all points is signed as visited.
Algorithm Steps
1. Sign all clusters whose the number of points is less than vehicle capacity as
non-visited clusters.
2. Find the reference points according to non-visited clusters’ points.
3. Select the point from the items of all non-visited clusters that is closest to one
of the reference points.
4. Find the nearest cluster of the point’s cluster according to distance between
centroids of these two clusters.
5. Calculate total element numbers of these two clusters.
6. If the total element number is less than vehicle capacity, merge the two clusters
into a single cluster. Go back to stage 4.
7. If the total element number of the clusters is greater than vehicle capacity,
include the neighboring cluster’s nearest element(s) until all seats are filled.
8. If the total element of the cluster equals to the vehicle capacity, assign the
cluster as visited cluster.
9. If all clusters is not visited, go back to stage 1. Else, terminate the process if all
clusters are visited.
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The appearance of the clusters after these operations are shown is shown in the figure
4.7. For this, SFCP technique was applied. Four reference points are shown with stars
on the map.

4.6 AssignVehicles to Clusters with Hungarian Algorithm
In order to assign the buses to the clusters completely, it is needed as many buses as
the number of clusters. Twenty buses are shown with pink colour bus icon on the map
in figure 4.7. To decide which bus is to be assigned to which cluster, this should ensure
each bus should take the students in assigned cluster to the school in minimum distance
and time. The Hungarian assignment algorithm was used to make this assignment
faster.
We need to create a cost matrix to show the distances between buses and clusters. We
fill buses in the row headings of the matrix, and fill the clusters in the column headers.
In the field where the rows and columns intersect, we calculate sum of the distance
from starting point of each bus to cluster's center and from cluster's center to the
school.
The cost matrix and buses which are assigned appropriate clusters are shown table
4.1. Overlapping cells show distance between cluster’s centroid and starting point of
the bus. Yellow cells show bus and cluster matching after working algorithm.
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Table 4.1 Cost matrix and matching of clusters with buses

Figure 4.7 Screenshot of vehicles assigned to clusters
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4.7 Solving Vehicle Routing Problem with Genetic Algorithms
In this phase main goal is that to determine shortest travel path for each bus according
to order the students get on the bus. The coordinate of the place where the bus starts
to move (starting point), the coordinates of the home address of the students (points in
between) and the school coordinate (end point) are considered in a chromosome. It is
achieved to the the solution by ordering the points in the chromosome by the most
appropriate way.
Firstly, chromosomes were created and they were grouped into population as a set of
solutions. Population number was assumed to be 1000. In each step, the algorithm
selected chromosomes from the population by taking into account their fitness value.
Then, best chromosomes were selected to combine for creating new chromosomes.
Algorithm tried to produce new population to be better than the previous ones.
Algorithm store the best and worst chromosomes and store additional data that can be
used by the genetic algorithm to determine stop criteria.
After crossover operation, a mutation probility rate was identified for making small
changes operation randomly to prevent produce new chromosome being same as
previous one and falling of all solutions into a local optimum. Extends the search space
of the algorithm. This operation expands the search field of the algorithm. Its rate value
is 0.05%.
Figure 4.8 shows four sample clusters which are matched with appropriate buses on
Google direction route and bird’s eye route. All routes with their distance and travel
time are shown and discussed in next chapter.
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Figure 4.8 Sample four different routes created after working genetic algorithm
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CHAPTER 5
RESULTS
The main purpose of this thesis study is showing that DBSCAN clustering algorithm
is an effective tool for solving the Vehicle Routing Problem. Creating a tree-view
model and then setting previous node’s DBSCAN parameters dynamically in each
level allows descending to sub-branches easily. In this way, clusters are created as an
addressing format likes top node shows all city, inner node in second level shows
disricts, inner node in third level shows neighboouring and it goes to closer inner
zones. Showing clusters in a hierarchical structure is helping for creating balanced and
equally sized clusters. All vehicles in a fleet are allowed to operate in full capacity,
provided they do not exceed their load capacities.
In this chapter, implemention results were reported. The suggested algorithm was
executed on an Intel Core i7 machine with 8 GB of memory running on Windows 7.
The results on the sample data showed that the elements in the same cluster are close
to each other according to the distance measurement. The number of elements of the
lowest-level clusters varies from 2 to 17, as seen in Appendix A. The node-level
distribution of sub-clusters is shown in the following table.
Table 5.1 Clusters in each node level
Node Level
2
3
4
5
6
7
8
9
Total

Number of
Clusters
1
1
5
11
11
7
10
2
48

Number of
Elements
13
12
44
72
82
31
68
21
343

Largest Cluster’s
Size
13
12
15
13
12
11
17
17
17

Smallest Cluster’s
Size
13
12
4
3
3
2
2
4
2
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In order not to exceed seat capacity of the bus, 20 clusters were created after each
cluster merging and splitting process. Only one student remained in one cluster, so this
cluster wasn’t added to results. As a result of the merger and division process, the rate
of deviation on remained outside of same neighborhood is 2.4% when the most corner
points are accepted as reference points (SFCP method), but this rate increases to 3.6%
when k-means points are accepted as reference points (SFKMP method). The map
shows that the density on the inside is higher than on the outside. So re-clustering was
started from outside and progressed to inside. The study showed that this progression
method with SFCP method gives more accurate results.
In the process of assigning the vehicles to the appropriate clusters, the Hungarian
Assignment Algorithm performed quick result for matching buses and student groups.
As shown in figure 5.1, the exact matching result for twenty buses and twenty clusters
is given in a very short time for the assignment.

Hungarian Assignmet Algorithm Process Graph
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Figure 5.1 Hungarian Assignmet Algorithm Process Graph

When looking at the total distance calculated with the Haversine formula shows that
SFCP method yields a better result of 7.6% compared to SFKMP method. In the
measurement made using Google Direction Api, it is seen that the SFCP method gives
a 6% better result than the SFKMP method. The route length on the actual road with
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using Google Direction Distance Api is approximately 40% shorter route length than

Distance (meters)

the measurement with the Haversine formula. The results are shown in figure 5.2.
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Figure 5.2 Distance traveled in clusters by different methods

Also, the results of Developed Algorithm (DA) and Balanced K-means (BKM)
Clustering Algorithm were compared. The results of two methods are shown in
Appendix B and Appendix C. It was concluded that the new algorithm which was
developed using DBSCAN algorithm, provided 2.65% shorter distance route than the
balanced k-means clustering algorithm in haversine distance measurements. Figure 5.3
shows the total traveled distance by each bus in the fleet to picking up students in the
cluster to which it is assigned.
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Figure 5.3 Distance traveled in clusters by each buses with different methods

The standard deviation of each cluster formed by different methods was calculated for
the similarity metric that emerged in itself. Results are shown in figure 5.4 and
Appendix D. The screenshots of the clusters obtained by applying these two algorithms
on the map are given in figure 5.5 and figure 5.6.
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Figure 5.4 Standard deviation of clusters with different methods
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Figure 5.5 Screenshot of the clusters obtained by Balanced K-means Algorithm

Figure 5.6 Screenshot of the clusters obtained by Developed Algorithm
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CHAPTER 6
CONCLUSION AND FUTURE WORK
6.1 Conclusion
In the solution of multi and capacity vehicle routing problems, drawing routes without
clustering of big data, taking into consideration the time and number of transactions
causes the solution time to be longer. For this reason, solving the problem by grouping
data with an appropriate clustering algorithm contributes to the problem to be solved
in a shorter time with less operation. The DBSCAN clustering algorithm contributes
to the quick reach of the solution as a pre-processing step for clustering the data in a
way that is consistent with the capacity of the vehicle, with reference to the regions
where the data is dense. In cluster merging and splitting process by taking into account
the school bus capacities, the noisy points are assigned to the appropriate clusters and
new features were added to the DBSCAN algorithm for having the clusters have equal
occupancy rate and making it convenient bus-cluster assignment operation can be
easily realized. With the assignment of the bus-cluster, independent routes are created
and the vehicle routing problem is solved in a shorter time by using genetic algorithm
on these routes.
The application of all these operations on the real map allows it to be integrated into
geographic decision making systems.

6.2 Future Work
In future studies, the distance between two points can be measured by making an
asymmetric cost calculation for drawing the best route. The traditional VRP is
symmetric so the distance from point A to point B equals the distance from point B to
point A. However, the distance from point A to point B might not equal the distance
from point B to point A.

51

REFERENCES
[1] Marshall, L.F., & Jaikumar, R., A generalized assignment heuristic for vehicle
routing. In: Networks 11.2, pp. 109–124. 1981

[2] Baranwal, M., Parekh, P.M., Marla, L., Salapaka, S.M., & Beck, C.L. Vehicle
Routing Problem with Time Windows: A Deterministic Annealing approach.
2016 American Control Conference (ACC), 790-795. 2016

[3] Faraj, M.F., Sarubbi, J.F., Silva, C.M., Porto, M.F., & Nunes, N.T. A real
geographical application for the School Bus Routing Problem. 17th International
IEEE Conference on Intelligent Transportation Systems (ITSC), 2762-2767.
2014

[4] Sarubbi, J.F., Mesquita, C.M., Wanner, E.F., Santos, V.F., & Silva, C.M. A
strategy for clustering students minimizing the number of bus stops for solving
the school bus routing problem. 2016 IEEE/IFIP Network Operations and
Management Symposium 2016

[5] Bora, D.J., & Gupta, A.K. Effect of Different Distance Measures on the
Performance of K-Means Algorithm: An Experimental Study in Matlab. ArXiv,
abs/1405.7471. 2014

[6] Bektas, T. & Elmastaş, S. Solving school bus routing problems through integer
programming. Journal of The Operational Research Society - J OPER RES SOC.
58. 1599-1604. 10.1057/palgrave.jors.2602305. 2007

52

[7] Park, J., & Kim, B. The school bus routing problem: A review. European Journal
of Operational Research, 202, 311-319. 2010

[8] Yigit, T., Unsal, O., Deperlioglu, O., Using the metaheuristic methods for realtime optimization of dynamic school bus routing problem and an application.
International Journal of Bio-Inspired Computation, 11(2), DOI: 10.1504/IJBIC.
pp:123-133. 2018

[9] Arias-Rojas, J.S., Jimenez, J., & Montoya-Torres, J.R. Solving of School Bus
Routing Problem By Ant Colony Optimization. Revista EIA, (17), 193-208.
Retrieved March 19, 2019. 2012

[10] Chakraborty, S., & Nagwani, N.K. Analysis and Study of Incremental DBSCAN
Clustering Algorithm. ArXiv, abs/1406.4754. 2014

[11] Ester, M., Kriegel, H., Sander, J., Wimmer, M., & Xu, X. Incremental Clustering
for Mining in a Data Warehousing Environment. VLDB. 323-333. 1998

[12] C. Aggarwal, Data Mining: The Textbook, New York: Springer International
Publishing, 2015.

[13] Madhulatha, T. S. An Overview on Clustering Methods. IOSR Journal of
Engineering. 2. 10.9790/3021-0204719725. 2012

[14] Meert, W. Clustering maps, M.Sc. Thesis, Faculty of Engineering, University of
Leuven, Belgium. 2006

53

[15] Kale, V. Big Data Computing: A Guide for Business and Technology Managers
(1st Ed.). CRC Press. 2016

[16] Tan, P.N., Steinbach, M., Karpatne, A., Kumar, V., Introduction to Data Mining
Book (2nd Ed.). New York: Pearson Education. 2019

[17] Zhao, X., Li, Y., & Qu, Z. A density-based clustering model for community
detection in complex networks. AIP Conference Proceedings 1955,040161
https://doi.org/10.1063/1.5033825. 2018

[18] Mangesh, N. International Journal of Innovative Research in Computer and
Communication Engineering Vol. 1, Issue 2, April 2013 pp. 298-302. 2013

[19] Maimon, O. & Rokach, L. Data Mining and Knowledge Discovery Handbook
(2nd Ed.) New York: Pearson Education. 2019

[20] Kriegel, H., Kröger, P., Sander, J., & Zimek, A. Density-based clustering. Wiley
Interdiscip. Rev. Data Min. Knowl. Discov., 1, pp. 231-240. 2011

[21] Schubert, E., Sander, J., Ester, M., Kriegel, H., & Xu, X. DBSCAN Revisited,
Revisited: Why and How You Should (Still) Use DBSCAN. ACM Trans.
Database Syst., 42, 19:1-19:21. 2017

[22] Szekely, G.J., & Rizzo, M.L. Hierarchical Clustering via Joint Between-Within
Distances: Extending Ward's Minimum Variance Method. Journal of
Classification, 22,151-183. 2005

54

[23] Oluwadare, S.A., Oguntuyi, I.P., & Nwaiwu, J.C. Solving School Bus Routing
Problem using Genetic Algorithm-based Model. International Journal of
Intelligent Systems and Applications. 10. 10.5815/ijisa.2018.03.06. 2018

[24] Beasley, J.E. (1983). Route first—Cluster second methods for vehicle routing.
Omega Volume 11, Issue 4. pp:403-408. 1983

[25] Malinen, M.I., & Fränti, P. . Balanced K-Means for Clustering. Structural,
Syntactic, and Statistical Pattern Recognition. S+SSPR Lecture Notes in
Computer Science, vol 8621 2014

[26] Mills-Tettey, G.A., Stentz, A., & Dias, M.B. The Dynamic Hungarian Algorithm
for the Assignment Problem with Changing Costs. 2007

[27] Kuhn, H.W., The Hungarian Method for the Assignment Problem, Naval
Research Logistics Quarterly 2 pp: 83–97. 1955

[28] Su, R., Zhou, L., & Tang, J. Locomotive Schedule Optimization for Da-qin
Heavy Haul Railway. Mathematical Problems in Engineering, vol. 2015, Article
ID 607376, 14 pages, 2015

[29] Gillett, B.E., & Miller, L.R. (1974). A Heuristic Algorithm for the VehicleDispatch Problem. Operations Research, 22, 340-349. 1974

[30] M. Mitchell, An Introduction to Genetic Algorithms, London: A Bradford Book
The MIT Press, 1999.

55

APPENDICES
Appendix A: Hierarchical Splitting the Clusters to Sub-Clusters
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Appendix A – Hierarchical Splitting the Clusters to Sub-Clusters

Figure A.1 Hierarchical splitting the clusters to sub-clusters
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Appendix B – Balanced K-Means Clustering Algorithm Results
Table B.1 Balanced k-means clustering algorithm results
Bus Cluster
ID
ID

Number
Number The order of the students to get on Haversine
of
of Stops
the bus
Distance
Students

Google
Direction
Dist.

Travel
Time
(second)

1

14

17

8

207 > 208 > 209 > 210 > 213 > 216 >
218 > 219 > 221 > 222 > 295 > 339 >
344 > 348 > 349 > 350 > 351

3151

5275

540

2

11

17

12

106 > 108 > 180 > 184 > 185 > 187 >
225 > 227 > 294 > 297 > 300 > 301 >
302 > 303 > 304 > 308 > 343

4128

6927

880

3

1

18

12

178 > 189 > 271 > 272 > 280 > 310 >
311 > 313 > 314 > 316 > 317 > 318 >
321 > 340 > 345 > 405 > 452 > 463

5087

8037

1162

4

19

17

16

58 > 61 > 69 > 155 > 156 > 157 >
160 > 161 > 163 > 164 > 165 > 326 >
331 > 335 > 336 > 449 > 461

6002

14510

1654

5

10

17

15

5803

9077

1381

6

8

17

15

5340

13780

2234

7

4

17

14

132 > 133 > 137 > 140 > 149 > 352 >
354 > 358 > 362 > 363 > 364 > 365 >
368 > 402 > 404 > 406 > 453

5310

8249

1357

8

0

17

15

71 > 73 > 74 > 75 > 77 > 78 > 80 >
81 > 82 > 85 > 89 > 90 > 373 > 374 >
378 > 379 > 380

4963

7998

1122

9

16

17

14

76 > 79 > 83 > 87 > 88 > 91 > 92 >
93 > 95 > 262 > 369 > 370 > 371 >
372 > 377 > 381 > 382

6122

8988

1251

10

3

18

16

230 > 237 > 238 > 239 > 240 > 241 >
242 > 243 > 245 > 246 > 248 > 249 >
250 > 251 > 296 > 330 > 464 > 466

11874

30183

3850

11

5

17

13

120 > 123 > 127 > 128 > 130 > 198 >
203 > 204 > 205 > 258 > 269 > 276 >
278 > 283 > 288 > 291 > 292

5705

9318

1415

134 > 135 > 138 > 139 > 141 > 158 >
159 > 162 > 166 > 322 > 323 > 328 >
329 > 400 > 408 > 409 > 410
57 > 136 > 145 > 147 > 150 > 152 >
153 > 333 > 355 > 359 > 360 > 361 >
367 > 401 > 451 > 454 > 455
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Table B.1 (continued) Balanced k-means clustering algorithm results

Bus Cluster
ID
ID

Number
Number
of
of Stops
Students

The order of the students to get on
the bus

Haversine
Distance

Google
Direction
Dist.

Travel
Time
(second)

12

13

17

15

59 > 60 > 62 > 63 > 70 > 143 > 148 >
206 > 211 > 324 > 334 > 353 > 403 >
450 > 465 > 467 > 470

4692

11210

1538

13

7

17

11

72 > 86 > 94 > 167 > 168 > 169 > 170
> 171 > 172 > 173 > 174 > 175 > 177
> 259 > 261 > 274 > 375

5623

9055

1402

14

9

17

16

64 > 65 > 67 > 142 > 144 > 151 > 214
> 215 > 217 > 327 > 338 > 342 > 346
> 356 > 357 > 366 > 462

6588

15286

2017

6779

9778

1575

15

17

17

17

84 > 111 > 112 > 115 > 117 > 125 >
193 > 202 > 252 > 254 > 255 > 265 >
275 > 284 > 285 > 289 > 469

16

2

18

17

223 > 226 > 229 > 234 > 235 > 299 >
305 > 307 > 384 > 385 > 386 > 387 >
388 > 389 > 390 > 391 > 393 > 396

14278

17853

1704

17

6

17

16

181 > 182 > 183 > 188 > 190 > 224 >
228 > 231 > 232 > 233 > 306 > 320 >
383 > 392 > 394 > 395 > 398

4329

7179

917

18

15

17

15

66 > 68 > 121 > 192 > 194 > 195 >
197 > 200 > 201 > 260 > 264 > 267 >
268 > 270 > 273 > 325 > 332

6151

13276

1833

19

18

17

16

113 > 118 > 119 > 124 > 126 > 131 >
176 > 196 > 253 > 257 > 263 > 266 >
277 > 279 > 281 > 286 > 290

5453

8432

1314

20

12

17

7

96 > 97 > 98 > 99 > 100 > 101 > 103
> 104 > 105 > 107 > 109 > 110 > 179
> 186 > 191 > 315 > 319

5107

8903

1089

TOTAL

122485

223314

30235
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Appendix C – Developed Balanced Algorithm with DBSCAN Results
Table C.1 Developed balanced blgorithm with DBSCAN results
Bus
ID

Cluster
ID

Number
of
Students

Number
of Stops

The order of the students to get on
the bus

Haversine
Distance

Google
Direction
Dist.

Travel
Time
(second)

1

14

18

12

464 > 465 > 466 > 450 > 467 > 470 >
211 > 296 > 206 > 207 > 208 > 210 >
216 > 221 > 222 > 209 > 213 > 218

3328

6803

736

2

13

18

11

339 > 344 > 349 > 350 > 351 > 184 >
343 > 219 > 348 > 295 > 227 > 297 >
300 > 301 > 302 > 304 > 225 > 233

3475

5871

670

3

16

17

12

4808

8366

1221

4

3

18

16

6018

15581

1792

5

4

18

16

134 > 135 > 138 > 139 > 400 > 408 >
409 > 410 > 141 > 159 > 162 > 166 >
158 > 322 > 323 > 329 > 328 > 165

5652

8618

1287

6

2

18

17

149 > 402 > 404 > 57 > 147 > 406 >
453 > 365 > 137 > 362 > 401 > 145 >
153 > 352 > 354 > 454 > 359 > 358

5226

10830

1681

7

1

18

14

136 > 150 > 152 > 355 > 360 > 361 >
367 > 451 > 455 > 133 > 140 > 363 >
368 > 132 > 364 > 357 > 144 > 356

5026

7533

1229

8

7

18

16

76 > 79 > 83 > 88 > 92 > 93 > 71 > 75
> 78 > 82 > 380 > 95 > 262 > 381 >
382 > 90 > 369 > 370

5696

8670

1221

9

6

18

15

73 > 74 > 77 > 375 > 378 > 379 > 72
> 80 > 81 > 85 > 89 > 91 > 371 > 372
> 373 > 374 > 87 > 377

5359

8315

1143

10

20

18

16

237 > 238 > 239 > 240 > 241 > 242 >
243 > 245 > 246 > 248 > 249 > 250 >
251 > 330 > 334 > 403 > 353 > 143

9166

14697

2551

11

18

18

16

285 > 289 > 469 > 192 > 267 > 268 >
270 > 272 > 273 > 405 > 271 > 189 >
280 > 178 > 179 > 316 > 310 > 311

6451

9654

1416

214 > 338 > 342 > 346 > 215 > 217 >
340 > 345 > 462 > 463 > 186 > 191 >
313 > 314 > 317 > 318 > 321
449 > 156 > 161 > 164 > 335 > 160 >
163 > 58 > 61 > 69 > 155 > 157 > 326
> 331 > 336 > 461 > 66 > 68
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Table C.1 (continued) Developed balanced blgorithm with DBSCAN results

Bus Cluster
ID
ID

Number
Number The order of the students to get on the
of
of Stops
bus
Students

Google
Travel
Haversine
Direction Time
Distance
Dist.
(second)

12

10

18

17

185 > 187 > 294 > 180 > 224 > 182 > 228
> 232 > 320 > 181 > 183 > 188 > 190 >
306 > 230 > 231 > 383 > 392

6311

11552

1490

13

8

18

16

111 > 115 > 86 > 94 > 252 > 84 > 255 >
265 > 118 > 193 > 202 > 275 > 168 > 274
> 172 > 167 > 170 > 173

6160

9303

1496

14

5

17

16

325 > 332 > 333 > 366 > 151 > 142 > 64
> 65 > 67 > 327 > 59 > 60 > 62 > 63 > 70
> 148 > 324

5496

11426

1894

15

11

18

17

123 > 124 > 126 > 290 > 112 > 119 > 125
> 113 > 131 > 279 > 286 > 117 > 284 >
120 > 269 > 276 > 127 > 278

6155

9395

1441

16

19

3

3

305 > 307 > 299

13262

15817

1261

5042

8713

1132

17

17

18

16

393 > 394 > 395 > 398 > 223 > 226 > 234
> 384 > 385 > 387 > 235 > 388 > 390 >
391 > 396 > 229 > 386 > 389

18

12

18

15

169 > 171 > 174 > 177 > 253 > 259 > 261
> 264 > 176 > 263 > 277 > 175 > 196 >
266 > 254 > 257 > 204 > 281

5467

8378

1337

19

15

18

15

198 > 205 > 258 > 194 > 130 > 283 > 288
> 291 > 292 > 128 > 203 > 260 > 197 >
195 > 452 > 200 > 121 > 201

6096

8902

1465

20

9

18

6

96 > 97 > 98 > 99 > 100 > 101 > 103 >
104 > 105 > 315 > 319 > 106 > 107 > 108
> 109 > 110 > 303 > 308

5037

8434

1006

TOTAL

119231

196858

27469
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Appendix D – Standard Deviation of Clusters with Different Methods
Table D.1 Standard deviation of clusters with different methods

Bus Id
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
Total

Standard deviation of each cluster Standard deviation of each cluster
created for a bus with “Balanced K- created for a bus with “Developed
Means Algorithm Method”
Algorithm with DBSCAN Method”
46
163
331
293
298
220
234
131
219
1584
163
1584
172
766
268
1628
246
632
174
96
9248

83
110
257
297
303
205
324
225
165
1524
698
225
172
595
164
1394
246
138
308
83
7516
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