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ABSTRACT

MACHINE LEARNING AND MATHEMATICAL PROGRAMMING BASED
HYBRID SOLUTION PROPOSAL FOR CAPACITATED VEHICLE ROUTING
PROBLEM

Ozgiir SANLI
Department of Industry Engineering
Programme in Institute of Graduate
Eskigehir Technical University, Institute of Graduate Programs, July 2022
Supervisor: Asst. Prof. Dr. Zithal KARTAL

In this study, a three-stage approach which hybridizes machine learning techniques
and mathematical programming formulations, is proposed for the solution of capacitated
vehicle routing problem (CVRP). In order to solve CVRP, in the first stage, it was decided
the nodes to be assigned to which vehicles via machine learning algorithms, then in the
second stage it was ensured that the resulting clusters’ total demand amount do not exceed
the vehicle capacity using a method, which is called capacity balancing algorithm. In the
third stage, the vehicle started from the depot and visits all the assigned nodes to find the
shortest (minimum as an alternative) travelled distance by using the traveling salesman
problem (TSP) mathematical model. The final solution of the CVRP has been formed by
combining all TSP routes. The machine learning algorithms that are used in this study are
for supervised learning category; K-Nearest Neighborhood (K-NN) and Logistic
Regression (LR) algorithms and for unsupervised learning category; K-Means algorithm.
For the proposed approach, sensitivity analyzes were carried out using different datasets
from the literature with a different number of vehicles. As a result, it has been shown that
the proposed hybrid approach gives better results in most of the test problems than the

solution of the mathematical model of CVRP.

Keywords: Capacitated Vehicle Routing Problem, Machine Learning and Mathematical
Modelling Hybrid Approach, Logistic Regression, K-Means, K-NN.



OZET

KAPASITELI ARAC ROTALAMA PROBLEMI iCIN MAKINE OGRENMESI VE
MATEMATIKSEL PROGRAMLAMA TEMELLI HIBRID BiR COZUM ONERISi

Ozgiir SANLI
Endiistri Miihendisligi Anabilim Dali
Lisansiistli Egitim Bilim Dali
Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Temmuz 2022
Damgman: Dr. Ogr. Uyesi Ziihal KARTAL

Bu ¢alismada, kapasiteli ara¢ rotalama probleminin (KARP) ¢oziimii i¢in makine
ogrenmesi teknikleri ile matematiksel programlama formiilasyonlarini hibritlestiren {i¢
asamali bir yaklasim Onerilmistir. KARP'in ¢6ziimii i¢in ilk asamada makine 6grenmesi
algoritmalar ile diiglimlerin hangi araglara atanacagina karar verildikten sonra ikinci
asamada ortaya c¢ikan kiimelerin toplam talep miktarinin her bir aracin kapasitesini
asmamas1 kapasite dengeleme algoritmasi adi verilen bir metot tarafindan
garantilenmistir. Uciincii asamada ise, her bir ara¢ depodan tur olusturmak icin baslar ve
gezgin satici problemi (GSP) matematiksel modelini kullanarak en kisa kat edilen
mesafeyi bulmak i¢in atanan tiim diigtimleri ziyaret eder. KARP 'in nihai ¢6zlimii, tiim
TSP rotalarinin birlestirilmesiyle olusturulmustur. Bu calismada kullanilan makine
Ogrenmesi algoritmalar1 denetimli 6grenme kategorisi altinda; K-En yakin Komguluk
algoritmasi (K-NN) ve lojistik regresyon (LR) algoritmalariyken; denetimsiz 6grenme
kategorisi i¢in, K-Ortalamalar (K-Means) algoritmasidir. Onerilen yaklasim igin, farkli
ara¢c sayilart ile literatiirden farkli veri setleri kullanilarak duyarlilik analizleri
gergeklestirilmistir. Sonug olarak 6nerilen hibrit yaklasimin test problemlerinin ¢ogunda

KARP'in matematiksel modelinin ¢éziimiine gore daha iyi sonuglar verdigi gosterilmistir.

Anahtar Sézciikler: Kapasiteli Ara¢ Rotalama Problemi, Makine Ogrenmesi ve
Matematiksel Modelleme Hibrid Yaklasim, Lojistik Regresyon, K-
Means, K-NN.
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1. INTRODUCTION

Last decade, logistics and supply chain industry has caught a significant growth
than it was estimated by the help of the emergence of COVID-19 pandemics. Especially
scoping out the on-demand logistics market, it was $9.1 billion in 2019, now on-
demand logistics market is aet to surpass $75.0 billion by 2030 [1]. It is obvious
that goods transportation will be accelerated, planning and scheduling will need to
be much more precise and punctual. In this situation, a 10% cost reduction in the
sector will profit $ 7.5 billion. That is why it is necessary to manage logistic
activities effectively. Logistic activities are mainly divided into five groups which
are selection of the place of operation, storage and packaging of the product,
inventory management, management of requests and orders, transportation, and
distribution activities [2]. Strategic achievements in these areas improve the quality

of services and reduce operating costs.

Planning of vehicles, determining distribution points and determining their routes
refers to transportation and distribution activities from the strategic steps of logistics
activities. This problem is known as Vehicle Routing Problem(VRP). VRP can be
expressed in the form of a fleet vehicle taking the shortest route to the designated
customers, services or products. VRP is one of the most examined and essential field of

operation research, in literature [3].

VRP is a type of problem in which the cost of vehicles’ routes is tried to be
minimized after meeting the demands of customers who make requests for the same or
different amounts and vehicles can be departed from one or more depots using a certain
number of vehicles whose capacities are predetermined. In classical VRP, it is assumed
that all vehicles return to the depot. Since the VRP is solved with the k-numbered
vehicles, VRP is an improved version of traveling salesman problem (TSP) with
additional constraints. For n nodes in the TSP, the number of routes to calculate is n!
whereas for more than one vehicle in the VRP, the number of routes to calculate is 2™ *

n!. Figure 1.1. depicts the decomposed solution of VRP to TSP as an example.



1. Traveling Salesman Problem
DEPOT

2. Traveling Salesman Problem

Vehicle Routing Problem 3. Traveling Salesman Problem

Figure 1.1. Figural representational of 3 vehicle VRP decomposed to 3 different TSP

In this thesis, a hybrid decomposed method based on Cluster First Routing Second
(CFRS) method assisted with machine learning algorithms was proposed for capacitated
(homogeneous) vehicle routing problem's solution (CVRP). The mathematical modeling
formulation of the TSP was executed for solving the nodes allocated to a vehicle in a
specified time to the commercial solver after the nodes (customers) to be assigned to the
vehicles were defined using supervised or unsupervised machine learning methods.
Machine Learning methods such as Logistic Regression (LR), K-Nearest Neighbors (K-
NN), and K-Means algorithms were used to assign nodes to vehicles. After finding the
nodes assigned to the vehicles, a method called Capacity Balancing Algorithm (CBA) is
used to check for vehicle capacity. If vehicle capacity is exceeded, the vehicle
assignments are revised (CBA). In CBA, the node with the lowest probability is selected
from the nodes belonging to the vehicle whose capacity is exceeded, and this node is
assigned to the vehicle with the second highest probability. If there is no capacity gap in
the other selected vehicle, the assignment is made to the third vehicle. This process is
continued until the vehicle capacity is not exceeded. Then, the assigned nodes of vehicles
which clarified, are solved with TSP formulation by using a commercial solver. As far as
known, no solution technique using machine learning algorithms and mathematical

programming models with the help of such an algorithm (CBA) has been found in the
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literature. In the approach discussed, the nodes in the VRP are classified or clustered first
using a machine learning algorithm, and then nodes that are assigned to vehicles are

solved with a TSP mathematical model and the results are obtained.

In literature, it was found that after clustering, routing was performed to solve
various types of vehicle routing problems. The closest studies to the method developed
in this thesis are those aimed at using clustering algorithms and mathematical models
together Donda and Cerda [4], and Assis et al. [5] can be given as an example. Donda and
Cerda [4] proposed a 3-stage heuristic for the multi-depot heterogeneous fleet with
VRPTW. According to this study, after the appropriate clusters have been found in the
first stage, a clustering-based mathematical modelling formulation in the second stage
performs the process of assigning clusters to vehicles. At final stage, vehicle routes are
still found by the help of mathematical modelling formulation. In Assis et al. [5], the
authors presented a clustering algorithm based on mathematical modelling for the
operational management of crude oil supply. For the solution of CVRP, Rautela et al. [6],
used a solution by clustering and then routing using the K-Means machine learning
algorithm. According to Rautela et al., they use the K-Means algorithm until they find a
solution that does not exceed the capacity of the vehicles, then use the cheapest link
algorithm to route nodes allocated to the cars. In comparison, Geetha et al. [7], inspired
by the capacity vehicle routing problem, proposed a K-Means algorithm that evaluates
both customer demands and distance to the cluster when allocating a node to a vehicle.
According to Alesiani et al. [8] in their study, after finding a reduced number of cluster
center’s using the K-Means algorithm, they used the TSPY-Python program package for
solving the routing of these centers. Mostafa and Eltawil's [9] investigation with the K-
means algorithm is the most similar solution method to this thesis. The authors solved the
heterogeneous fleet size vehicle routing problem by mathematical modelling formulation
of TSP after converting the K-Means algorithm to a form that assigns a similar number
of nodes to each set. However, the study did not include what kind of an approach is
followed if the capacity limit is exceeded. In this thesis, along with machine learning
algorithms such as K-Means, LR, K-NN algorithm, a CBA is presented to prevent
exceeding the capacity of vehicles. The interested reader is referred to Czuba and
Pierzchala [10] for a survey of the solution of VRP using machine learning approaches.
As a result, this study will fill a gap in the literature by classification and clustering

supervised and unsupervised machine learning approaches with the use of an algorithm

3



that prevents overcapacity, and then concluding mathematical models with commercial
solvers.

The following sections of the thesis are organized as follows. In Chapter 2, the
definition, variants, and solution methods of VRP is discussed. In Chapter 3, the
methodology of proposed model is explained with the description and inner workings of
machine learning algorithms and mathematical models that are used in solution of CVRP.
In Chapter 4, numerical results of the proposed model are declared. In Chapter 5, the

conclusion and discussion about future works of model are represented.



2. VEHICLE ROUTING PROBLEM (VRP)

The VRP was first presented to the literature in 1959 with the problem of “Truck
Shipment” posed by Dantzig and Ramser [11]. In this problem, a solution was sought to
the issue of how to distribute gasoline tankers leaving a depot to gas stations in the
shortest way. In addition, for the first time, the mathematical programming formulation
of the problem is presented in that study. A few years after this proposal, Clarke and
Wright developed Dantzig and Ramser's approach in their study, proposing an effective
greedy algorithm (1964) [12]. After these two studies, hundreds of models and algorithms
related to many different VRP versions and optimal and approximate algorithms to solve
this problem were proposed. For interested readers, the study of Laporte and Osman [13]

and the study of Toth and Vigo [14] can be suggested for annals of VRP.

VRP is a set of minimum cost vehicle routes that, under certain constraints, will
fulfill the demands of specific clients geographically dispersed from one or more
distribution locations (depots) [15]. Each vehicle begins to move at the facility and returns
to the same location after visiting all customers. Each vehicle in the fleet has a certain
load capacity, and the capabilities of all vehicles are equivalent and have comparable
expenses (insurance, maintenance, etc.). Vehicle capacities and client requests are
predetermined (deterministic) [16]. Main constraints of classical VRP are shown in

below:
1. Each customer's request is fulfilled by a vehicle.
2. The demands of all customers are fulfilled.

3. Each vehicle can support multiple customers as long as the capacity of the

vehicle is not surpassed.

4. Each vehicle starts its tour from the depot and returns to the depot after

meeting the customer's demands.

5. Each vehicle can be departed from the depot at once and return to the depot

at once.



2.1. Variants of Vehicle Routing Problem
The Capacity Vehicle Routing Problem refers to the most basic version of VRP
that fits the aforementioned constraints (CVRP). CVRP assumes that the vehicles

have homogeneous capacity (equivalent capacity).

By adding different constraints, VRP variants come up, the extensions of CVRP
are shown in Figure 2.1. [14]. Each arrow represents a CVRP extension; for
example, by adding a route length constraint to CVRP, the problem is transformed

into a Distance Constrained Vehicle Routing Problem (DCVRP).

Route length
:I DCVRP I

Mixed Services

Time
Windows

Figure 2.1. Extensions of CVRP

2.1.1. Distance constrained vehicle routing problem (DCVRP)

In Distance constrained VRP, the total distance that each vehicle assigned to the
routes will travel is limited. The type of product to be transported, the type of vehicle to
be used, type of driver elements can create distance capacitated problems. The limitation
that the driver cannot be on the way continuously for more than a certain period of time,
the condition that the transported product may deteriorate as a result of prolonged

transportation, etc. if there are such situations, the distance constraint should be included



in the model and the problem is called Distance Constrained VRP. Most known articles
are Laporte, Nobert, and Desrochers [17, 18].

2.1.2. Vehicle routing problem with time windows (VRPTW)

VRP with Time Windows (VRPTW) is a CVRP version that introduces a new
constraint that forces vehicles to be scheduled inside a specific time interval. Pullen and
Webb [19], Knight and Hofer [20], and Madsen [21] conducted early VRPTW studies.
Solomon [22] leads the well-known VRPTW research with different datasets.

2.1.3. Vehicle routing problem with backhauls (VRPB)

VRP with Backhauls (VRPB) is a variant of CVRP in which the customer set is
divided into two subsets, one for delivery and second for pick-up. Martello and Toth [23]
and Deif and Bodin [24] are well-known VVRPB researchers that offered an adaptation of
Clarke and Wright [12] VRP heuristic.

2.1.4. Vehicle routing problem with pickup and delivery (VRPPD)

VRP with Pickup and Delivery (VRPPD) evolved from CVRP, which was
represented by two quantities: one for demands to be delivered to the customer and the
other for commodities to be picked up from the customer. Savelsbergh and Sol [25],
Desrosiers et al. [26], and Solomon and Desrosiers [27] all contributed to the

advancement of VRPPD research.

2.1.5. VRPB with time windows (VRPBTW)

The time windows extension of VRPB is called VRPB with Time Windows
(VRPBTW). VRPBTW model is a model developed from the basic model VRPB by
adding constraint of time window on each customer. Cho and Wang [28] developed a
model VRPBTW that minimizes the number of vehicles and routing time by starting from

the depot and end at the depot.

2.1.6. VRPPD with time windows (VRPPDTW)

VRPPD with windows is composed by adding time windows constrain to a classical
VRPPD. The VRPPDTW has a variety of practical applications, including the transport
of the disabled and elderly people, sealift and airlift of cargo and troops, and pickup and
delivery for overnight carriers or urban services. Perspectives on this growing field were
offered by Savelsbergh and Sol [25], Desrosiers et al. [26], and Solomon and Desrosiers
[27].



2.2. Solution Methods of VRP
The CVRP's objective functions differ as much as its constraints and variations. The
objective function is not always to find the shortest route. The following are the primary

objective functions of VRP that are commonly mentioned in the literature:

1. To minimize vehicle travel time.

2. Reduce total transportation expenses associated with the fixed costs of the
vehicles used, in addition to reducing total distances travelled by vehicles.

3. To minimize the total number of vehicles that leave the depot.

4. If splitted distribution is to be made to customers, to minimize the penalties
arising from fragmented distribution.

5. Serving as many customers as possible.

As the constraints and objective functions change in VVRP, the solution space also
changes its shape and it grows, so it becomes difficult to find the optimal point located in
the solution space, therefore VRP is NP-hard problem [29]. In this case, various solution
methods have been devised to find the optimal solution. As a result, heuristic solution
methods for real-world problems that cannot be solved using exact solutions have been

developed. VRP solution methods are shown in Figure 2.2.

[VRI—‘ Solution Methods ]

L 3
-

' Y

Exact Solution Methods Heuristic Solution Methods Meta - Heuristic Solution Methods
. > | > . >
( Branch and Bound Algorithms ) /1 Constructive Methods \ / 1. Simulated Annealing \

2. Branch and Cut Algorithms 2. Two-Phase Methods 2. Tabu Search

3. Set — Covering Based Algorithms 3. Improvement Heuristics 3. Adaptive Large Neighborhood
\ / \ / 4. Genetic Algorithms

5. Ant Algorithms

- /

Figure 2.2. VRP solution methods



As the methods of solving VRPs are examined, it is known that exact solution
methods, heuristic solution method and meta-heuristic solution methods are often used in

the literature.

2.2.1. Exact Solution Methods

CVRP which is the basic version of VRP, it is seen that exact solution methods
based on branch-bound, branch-cut and set-covering based algorithm problems are
included in the study of Toth and Vigo [14]. Accordingly, the branch-bound algorithm
for CVRP [30] and set-covering based [31] algorithms who give exact solutions derived
on the basis of, can be counted as pioneers.

2.2.2. Heuristic Solution Methods

The classical heuristics developed for VRP can be classified in three groups as
constructive methods, two-phase methods, and improvement heuristics. For constructive
methods, Clark and Wright saving algorithm [12], which is still adapted in the literature
for all types of VRP and TSP can be given as an example and is used quite often. Two-
Phase methods are divided into two, one is “Cluster First; Route Second” (CFRS), and
the other is “Route First; Cluster Second” (RFCS). On the other hand, improvement
heuristics, can be divided into two, one is improving a single route, and the other is
improving multiple routes. Algorithms such as in-route and inter-route insertion, binary

Decoupling, 2-opt can be sorted in these two types.

2.2.3. Meta-Heuristic Solution Methods

Meta-heuristic solution methods have developed in a very large number over the
years. Among these algorithms, especially in the early 1990s, Simulated Annealing [32];
tabu search algorithm [33, 34]; adaptive large neighborhood search [35], genetic
algorithm [36] and ant algorithms [37] can be given as examples. As new technologies
are emerging, new solution methods are developed for VRP. Last decade, one of the most
important methods that has been increased the effectiveness of VRP is Machine Learning
techniques.

2.2.4. Machine learning solutions methods for VRP
Machine learning is a scientific field of study that contributes for the development
of various techniques and algorithms to enable computers to learn in a similar way like

humans [38]. Machine learning is divided into three types: supervised, unsupervised and



reinforcement learning. In supervised learning, the computer is trained with a previously
correctly classified data source. From this training, the meaningful results that has
obtained from models is used from computer, to perform with the models that has not
encountered before. In most cases, supervised learning is utilized to solve classification
and regression issues. Unsupervised learning is a type of machine learning in which the
computer tries to generate hidden patterns in a given model by drawing a meaningful
conclusion. It is commonly used for clustering and pattern finding tasks. Reinforcement
learning exposes the machine to an environment where it must constantly teach itself via
trial and error. This computer learns from its previous experiences and attempts to acquire
the most relevant information in order to make appropriate decisions. Reinforcement

learning is used to solve problems like self-driving vehicles and energy consumption.

Machine Learning is consists of sub-elements of mathematics, such as statistics,
optimization, and probability. In the literature, the use of machine learning in the solution
of the VRP have been first proposed by Hopfield and Tank [39], however, the usage of
machine learning in VRP solutions has accelerated in recent years. Instead of performing
complex mathematical operations on a computer, it has been a preferable situation for
machine learning to investigate the solution space with the methods it has learned by
making a quick generalization. To teach cutting-plane method [40], the method of solving
by learning important nodes [41], learning using heuristic methods [42] are the main
known supervised learning studies in the literature. As an example of studies related to
unsupervised learning are learning the branch strategy [43], learning variable selection

policy [44], constraint satisfaction problem [45] studies which can be given.

In the literature, hybrid solution approaches with machine learning based have also
been used. These solution methods are cluster first, routing second (CFRS) and routing
first, cluster second (RFCS) algorithms. In RFCS algorithms, first, a TSP solution is taken
that covers all customers. The solution of TSP is decomposed into vehicle routes in such
a way that they do not breach their capacity limits. In CFRS, the exact opposite of the
operation performed in RFCS is done, customers are divided into vehicles first, and TSP
mathematical models are solved so that the vehicles can go to the customers in the shortest
way. Examples of assisted machine learning in the literature include CFRS; Beasley [46],
Montoya [47], and RFCS; Fisher and Jaikumar [48], Dondo and Cerda [4].
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3. METHODOLOGY

In this section, the algorithms used in the CVRP solution are explained according
to the chronology used in the solution method. Figure 3.1. depicts the stages involved in
the CVRP solution. Machine learning methods are used to assign vehicles to nodes first.
The capacities of the vehicles are handled with CBA, in the second stage, and balancing
is performed if there is an excess capacity. Finally, TSP is used to solve the nodes
assigned to each vehicle. The CVRP solution is obtained by combining the TSP solutions
of each car in the fourth stage. The sections are sorted according to this chronology, and

their definitions and roles in the model are visually shown in each section.

Solution Stages of CVRP
1. Classification of Nodes via Machine Learning Algorithms

2. CBA

3. TSP Solution for Each Vehicle
4. Summation of TSP Solution

3

e ® o
® ® ®
o
1 .’
=
2

Figure 3.1. Solution stages of CVRP

3.1. CVRP Mathematical Formulation

Capacitated (homogeneous) vehicle routing problem (CVRP) is to minimize the
total distance travelled by vehicles so that homogeneous vehicles with the same capacity
do not violate the vehicle capacities of all nodes, starting from the depot. It is known that
vehicle routing problems can be modeled based on two-index and three-index vehicle-
flow formulations. In this section, a mixed integer mathematical programming model
based on a two-index vehicle-flow formulation is used [49]. The parameters and decision

variables used in the mathematical model can be described as follows:
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Index:

i,j : Nodes(Customers)

Sets:

V = (0,..,N) sets of nodes, 0: depot
Parameters:

q; : Demand of Node i,

C : Vehicle’s Capacity

K : Number of Vehicles

d;;: distance from node i to node j

Decision Variables:

x;;. binary variable if a vehicle travels from i to j, x;; equals 1 otherwise 0
u;: continuous variable representing the load of the vehicle after visiting customer i.

Obijective Function:

3.1
ManZZZdUXU ( )

iev jev
Constraints:
Yievxij =1 vj € V\{0} (3.2)
YjevXij =1 vi € V\{0} (3.3)
YievXio = K (3.4)
YjevXoj = K (3.5)
U —u+Cx;y S C—q; Vi, jeV\{0},i#] (3.6)
q <u; <C VieV\{0} (3.7)
x;; €{0,1}  Vij€EV (3.8)

In the model, the objective function (3.1) minimizes the distance to be traveled in

the distribution to all nodes. Constraint (3.2) and (3.3) ensure that there is only one

12



incoming to each node and only one outgoing from each node. Constraint (3.4) and (3.5)
ensure K number of vehicles to leave the depot and the same number of vehicles to return
to the depot. Constraint (3.6) is sub-tour elimination constraint. Sub-tour elimination
constraint prevents the sub-tours of routes while guarantees any capacity of vehicles have
not been exceeded. Constraint (3.7) ensures that the load of a vehicle does not be less than
the node's demand and that the vehicle's capacity is not violated. Constraint (3.8) is called

a sign constraint, x;; is a binary variable.

CVRP mathematical formulation is used for two purposes in this thesis:

1. To obtain labeled data for supervised machine learning algorithms to train
machine learning models for their future predictions.

2. To make comparison with the purposed model solutions.

To acquire labeled data, one of the CVRP datasets in the literature is downloaded
on Python utilising Numpy and Pandas Library .In this thesis R101 [22] dataset is used
for to train supervised machine learning algorithms. Figure 3.2. shows the R101 dataset
schema and first 15 rows of the dataset. The nodes are represented by blue dots, whereas
the depot is represented by a red square.

& N Index | Node No | X-Coord. | Y-Coord. | Demand
. 0 0 35 35 0
101 ‘. 0 . 1 1 41 49 10
¢ ¢ * 2 2 35 17 7
60 1 o ! L 3 3 55 45 13
¢ . ‘ oo 4 4 55 20 19
50 . N . 5 5 15 30 26
. . L 6 6 25 30 3
40 . . : 7 7 20 50 5
° . (] ' * * 8 8 10 43 9
30 . . ., . 9 9 55 60 16
.-.' .‘ . v . 10 10 30 60 16
2 o et . . . 11 11 20 65 12
¢ e ., 12 12 50 35 19
0 ' .o NP 13 13 30 25 23
. . . . 14 14 15 10 20
0 ‘ ‘ ’ | | | . | 15 15 30 5 8

-10 0 20 30 4 5 6 70 8

Figure 3.2. Schema of R101 and first 15 rows of R101 dataset
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The Python-MIP open-source platform with GUROBI solver 9.12 is used to solve
this loaded dataset using the CVRP mathematical formulation. After performing solution
on CVRP, a new column is inserted to the R101 dataset to identify which vehicles are
assigned to which nodes. As explained previously, CVRP is an NP-Hard problem, hence
an optimum solution for R101 could not be obtained, so the CVRP model was given 96
hours of CPU time limit to solve. This labeled R101 dataset, in which the CVRP
mathematical solution is included, is utilized to train all supervised machine learning
algorithms in all datasets. Due to the fact that the nodes of R101 are randomly dispersed
and not clustered, the R101 dataset was used for training purposes. Figure 3.3. depicts
the solution routes in R101 with 3 vehicles, as well as the first 15 rows in Labelled R101
with 3 vehicles. As can be seen Figure 3.3., anew column named "Vehicle No" is created,

which represents the node assignment.

8 _y Index | Node No | X-Coord. | Y-Coord. | Demand | Vehicle No.
- / 0 0 35 35 0 0
10 " L, 1 1 4] 49 10 2
/" E \ t 2 2 35 17 1 1
60 1 P &/ s 3 3 $s | 45 | B 3
é {‘ :’A \ ,L// 3 1 s | 2 | 1 3
50 > \/‘ 5 5 15 30 26 2
f‘ u 6 6 25 30 3 1
4 (-‘ f 1 | 7 7 20 50 5 2
f . "\ ' 8 s 0 | @ 9 2
0 et AN / f/ 9 9 55 60 16 3
o P ' 10 10 30 60 16 2
201 . o..':u"'. N 11 11 0 | 6 12 2
. ' ‘*" / 12 12 50 35 19 3
10 4 w1 /! ";,-*1\ \ 13 13 30 25 23 1
¥ s b3 14 14 15 10 20 1
0 I I 15 15 30 5 8 1

Figure 3.3. Solution of R101 with 3 vehicles and first 15 rows of labeled R101 dataset

A comparison with the proposed model to CVRP mathematical formulation is
another motivation. The results of CVRP with 2, 3, and 4 vehicles on a certain CPU time
with datasets are included in Table 3.1. In computational results chapter, this proposed
model comparison to CVRP mathematical formulation solution according to dataset will

be analyzed.
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Table 3.1. CVRP results for datasets

CVRP Results for Datasets

CVRP with 2 Vehicles CVRP with 3 Vehicles CVRP with 4 Vehicles

Obj. F. Time(sec) Obj. F. Time(sec) Obj. F. Time(sec)
RC101 763.00 21600.00 720.23 21600.00 814.38 21600.00
C101 531.98 21600.00 564.08 21600.00 610.80 21600.00
Tail00a 1148.01 21600.00 1209.32 21600.00 1309.51 21600.00
Golden-1 4313.82 21600.00 4521.28 21600.00 4800.18 21600.00
CMT3 651.30 21600.00 696.94 21600.00 719.71 21600.00

3.2. Machine Learning Algorithms

Machine learning algorithms basically produce two types of output. If the output is
numerical, it is called regression, and if it is categorical, it is called a classification
problem. Machine Learning algorithms are generally grouped into three categories:
supervised, unsupervised and reinforcement learning. To anticipate numerous
categorization problems, LR and K-NN algorithms, which are supervised machine
learning algorithms, were utilized in this work. The K-Means approach, which is an

unsupervised machine learning algorithm, is also used to cluster the data.

Classification problems are used in many applications. Data mining [50, 51],
protein interaction [52], cancer diagnosis [53], bankruptcy prediction [54] are few known
examples. K-NN, LR, and K-Means machine learning algorithms, which are the most

commonly utilized in optimization problems, were used in this thesis.

In this study, supervised machine learning algorithms perform classification in the
solution of CVRP by making a prediction about which vehicles will be assigned to which
customers. It is aimed to make a classification with supervised machine learning
algorithms. K-NN and LR algorithms have classified the customers by vehicle and
performed the assignments. Since K-NN and LR algorithms are supervised learning
algorithms, they must be trained before they can be applied. Figure 3.4. describes the

supervised learning workflow.
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Figure 3.4. The workflow of supervised learning

Observe from Figure 3.4. that there are 3 stages in Supervised Learning
algorithms. In training stage according to holdout method [55], labelled R101 Dataset is
divided into a training set and test set. In this study, 70% training - 30% test data
partitioning is used. By using Labelled Training Set, K-NN and LR algorithms discover
the patterns of classification. In this machine learning modelling, only X-Coordinates and
Y-Coordinates of R101 are used for training as features. It means that in this model there
are only two features, it is expected from machine learning algorithms to predict the
assignments of vehicles by using these two features. A machine learning model is created
using algorithm parameters. Following the setup of the model, the accuracy test is carried
out for validation. In this test, the model attempted to predict which assignments
previously known and divided previously on a percent 30% test set. The prediction of
model and the labelled dataset are compared, and the model will be utilized for new
CVRP datasets based on the accuracy test results. The ratio of correctly predicted
assigned vehicles to total nodes is known as accuracy. Table 3.2. represents the
comparison of labeled R101 and LR predicted outcomes for CVRP with three vehicles

over 15 nodes.
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Table 3.2. The comparison of labeled R101 and LR predicted outcomes for CVRP

Index NodeNo X-Coord. Y-Coord. Demand Vehicle No. Prediction of LR Model

0 0 35 35 0 0 0
1 1 41 49 10 2 1
2 2 35 17 7 1 1
3 3 55 45 13 3 3
4 4 55 20 19 3 3
5 5 15 30 26 2 2
6 6 25 30 3 1 1
7 7 20 50 5 2 2
8 8 10 43 9 2 2
9 9 55 60 16 3 3
10 10 30 60 16 2 2
11 11 20 65 12 2 2
12 12 50 35 19 3 3
13 13 30 25 23 1 1
14 14 15 10 20 1 1
15 15 30 5 8 1 1

According to Table 3.2, Node 1 in red is mispredicted by LR model. Accuracy test
results of labeled R101 dataset is shown in Table 3.3.

Table 3.3. Accuracy test results of labeled R101

Accuracy Test Results of Labeled R101

CVRP with 2 vehicles CVRP with 3 vehicles CVRP with 4 vehicles
Trainset Test set Trainset Test set Trainset Test set
Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
K-NN
1 1 1 1 0.93
Model
LR Model 0.98 0.96 0.98 0.96 0.98 0.96

Observe from Table 3.3., accuracy test results are sufficient to make predictions on
new datasets, more than 90% of accuracy test results is a good performance. Using only
2 features, resulted with higher accuracy test results. LR results are lower from K-NN

because of its linearity on decision boundary. On the LR Model, there is a decrease in
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Trainset Accuracy and Testset Accuracy; this decline indicates model overfitting, but this
overfitting is insignificant to affect the problem model prediction for further datasets.

3.2.1. Logistic regression algorithm

The logistic regression as a general statistical model was originally developed and
popularized primarily by Joseph [56]. LR is the form of the linear classification
equation that has turned into a logarithmic maximization. LR makes an effective
classification by selecting the features in the dataset. In a dataset with 1000 samples,
LR model can make the classification in a matter of seconds. Figure 3.5. shows the

transformation of linear regression to logistic regression.

Linear Regression Logistic Regression
ES
s e
w
V L
] o
o =
s =
> 2 > %
©
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o
< oA
¥ o
Y o
Q
y=0 y=0
X X
Independent Variable Independent Variable

Figure 3.5. Transformation of linear regression to logistic regression

X is an independent variable, which indicates that it is the machine learning
algorithm’s input. Y is a dependent variable, which its value changes as a result of X. Y
is a predicted value as well. As illustrated, the predicted value of y in linear regression is

between 0 and 1. LR, on the other hand, predicts a value of y of 0 or 1.

Given that classes are discrete in supervised classification problems, the purpose of
algorithms is to find decision boundaries between classes. Depending on the example of
the problem, the decision boundaries may be complex and not geometrically linear. In
general, different machine learning algorithms have different assumptions about the

shape of decision boundaries. In the case of logistic regression, the assumption is that the
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decision boundaries are linear. That is, these are hyperplanes in the high-dimensional
feature space, where the size of the feature space is simply determined by the number of
elements in the feature vector of a training sample. The purpose of logistic regression is
to find a way to divide data points to have an accurate estimate of the class of a particular
observation using the features contained from labelled datasets. In this thesis, LR model
utilizes X and Y coordinates of dataset as features to calculate node categorization and

decision boundary.

LR has 12 parameters in Python Scikit-learn library, the most effective parameters
are “penalty” and “C”. The regularization of the model is changed to Ridge regularization
[57] or Lasso regularization [58] by utilizing the "penalty” parameter. “C” parameter
calibrates the effect of regularization, by using small values it specifies stronger
regularization. With using GridSearchCV function, which is used for models to find best
solutions by adjusting parameters, the parameters of LR model are fixed on Ridge
Regularization with C value equals to 0.05. The decision boundaries of the labeled R101
dataset with 2, 3, and 4 vehicles using the parameters above are shown in Figures 3.6.,

3.7., 3.8. respectively. Observe from Figure 3.6. that decision boundaries are linear.

Y Coordinates

X Coordinates

Figure 3.6. Decision boundary of LR model for CVRP with 2 vehicles
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Figure 3.7. Decision boundary of LR model for CVRP with 3 vehicles
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Figure 3.8. Decision boundary of LR model for CVRP with 4 vehicles

Since the decision boundaries of the LR model has been clarified, it is now be
deployed to new datasets. This decision boundary regulates the assignment of vehicles to
nodes. After the model has been validated, it can give predictions for new data. Figure
3.9. shows the schema for new data and its prediction using the LR model. CVRP

prediction is made in this model with 2 vehicles.
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Figure 3.9. Figure 3.9. Unclassified new dataset vs. classified new dataset by LR

When Figure 3.9. is checked, the decision boundary of LR with 2 vehicles is
applied to the new dataset. The "Vehicle Prediction of LR Model" column was placed
into the new dataset after the vehicles were assigned using LR prediction, and the

predictions were deployed to this column using the Python Pandas package. Table 3.4.

shows the 15 new dataset selections that have been deployed.

Table 3.4. Vehicle prediction of LR model on new dataset

Vehicle Prediction of LR

Index Node No X-Coord.  Y-Coord. Demand
Model
1 1 41 49 10 2
2 2 35 17 7 4
3 3 55 45 13 2
4 4 55 20 19 3
5 5 15 30 26 1
6 6 25 30 3 4
7 7 20 50 5 1
8 8 10 43 9 1
9 9 55 60 16 2
10 10 30 60 16 2
11 11 20 65 12 1
12 12 50 35 19 3
13 13 30 25 23 4
14 14 15 10 20 4
15 15 30 5 8 4
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3.2.2. K-Nearest Neighbor Algorithm

The K-NN is a nonparametric supervised learning method, it was first used by
Evelyn Fix and Joseph Hodges in 1951 [59]. It is used for classification and regression
predictions. In both cases, the input consists of the nearest K training sample in a dataset.
In the K-NN classification, output is a class membership. An object is classified by the
plural vote of its neighbors, and the object is assigned to the class that is most common
among its nearest K neighbors (K is a positive integer, typically Decimals). A

demonstration of K-NN working principle is shown in Figure 3.10.

Figure 3.10. K-NN working principle

Figure 3.10. can be used as an example of the working principles of K-NN machine
learning algorithm. K-NN method, for example, predicts the form of a circle. There are
two labels, one for the triangle and the other for the square. If K=3, the method computes
the circle's closest three neighbors; counting these neighbors, there are two squares and
one triangle, hence the circle's prediction is square. If K=5 and there are 3 triangles and 2

squares, the circle prediction is triangle.

In the Python Scikit-Learn Library, K-NN includes seven parameters, the most
popular and effective of which are "n_neighbors" and "weight." The number of nearby
neighborhoods is determined by "n_neighbors." The "weight" parameter is used to
determine the weight of nodes; for example, if "weight" is uniform, all nodes' weights are
equal; on the other hand, if "weight" equals "distance,” the closest nodes have a stronger
impact on vehicle assignment to unclassified nodes. The "n neighbor" parameter is equal
to 5 and the "weight" parameter is equal to "distance™ according to GridSearchCV
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function, which finds the optimum parameters for K-NN. Figures 3.11., 3.12., 3.13.
illustrate the decision boundaries on K-NN Model of Labeled R101 with 2,3 and 4

vehicles respectively, using these parameters.
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Figure 3.12. Decision boundary of K-NN model for CVRP with 3 vehicles
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Figure 3.13. Decision boundary of K-NN model for CVRP with 4 vehicles

The Decision Boundary divides data points into regions, which corresponds to the
class they belong to. The labelled R101 dataset is used to determine region separation.
The classification of new datasets could be achieved with the help of these regions. In
Figure 3.11., for instance, if one of the new dataset’s nodes is in the blue region, the first
vehicle is allocated; if the node is in the brown region, the second vehicle is assigned. K-
NN algorithm is an algorithm based on the local geometry of the distribution of data in
the attribute hyperplane (and their relative distance measurements). Therefore, the

decision boundary turns out to be nonlinear and non-uniform.

As decision boundaries of model is developed, it can be used for the new
dataset. The assignments of vehicles to nodes are decided according to these
decision boundaries. After validation of the model, prediction of new data can be
produced by model. Schema of a new data and prediction of this new data by
applying K-NN model is shown in Figure 3.14. In this model, CVRP with 4

vehicles prediction is made.
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Figure 3.14. Unclassified new dataset vs. classified new dataset by K-NN

Decision boundary of K-NN with four vehicles is applied to new dataset if Figure
3.13. is checked. After assignment of vehicles are made by K-NN prediction, “Vehicle
Prediction of K-NN Model” column inserted to the new dataset and the predictions

deployed to this column by the help of Python Pandas library. The deployed 15

assignments of the new datasets are displayed in Table 3.5.

Table 3.5. Vehicle Prediction of K-NN Model on new dataset

Index Node No X-Coord. Y-Coord. Demand Vehicle Prediction of K-NN Model
1 1 25 85 20 2
2 2 22 75 30 2
3 3 22 85 10 2
4 4 20 80 40 2
5 5 20 85 20 2
6 6 18 75 20 1
7 7 15 75 20 1
8 8 15 80 10 1
9 9 10 35 20 1
10 10 10 40 30 1
11 11 8 40 40 1
12 12 8 45 20 1
13 13 5 35 10 1
14 14 5 45 10 1
15 15 2 40 20 1
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3.2.3. K-Means Algorithm

K-Means clustering algorithm is classified as unsupervised machine learning
algorithms. The method is aimed at dividing a dataset consisting of n data objects into K
clusters in which each observation belongs to the cluster with the nearest average (cluster
centers or cluster center). K-Means algorithm, the similarity between clusters while
minimizing inertia similarities are working to maximizing relies on most. The basic
principle of operation of the algorithm is based on minimizing quadratic errors. The
algorithm works in two steps; first, it assigns each node in the data to the nearest clustering
region, then determines each clustering center based on the average of the data. Since K-
Means is an unsupervised learning algorithm, there is no need to separate any training
and test sets. Figure 3.15. shows an example of clustering. Red triangles demonstrate the

cluster centers.

Figure 3.15. K-Means clustering

There are 8 parameters of K-Means Algorithm in Scikit-learn library. The most
effective ones are “n_cluster” and “random_state”. “n_cluster” determines the number of
clusters. Considering the CVRP with 2 vehicles, there needed to be 2 clusters therefore
“n_cluster” will be equal to 2. “random_state” parameter use to make the randomness
deterministic. “random_state” is given as 42, as in many python machine learning
examples therefore this model also uses the same value [60]. The decision boundaries are
generated utilizing R101 dataset, and the features are nodes coordinates, as illustrated in

Figure 3.16., 3.17., 3.18.
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Y Coordinates

X Coordinates

Figure 3.16. Decision boundary of K-Means model for CVRP with 2 vehicles

Y Coordinates

X Coordinates

Figure 3.17. Decision boundary of K-Means model for CVRP with 3 vehicles
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Figure 3.18. Decision boundary of K-Means model for CVRP with 4 vehicles

After construction of K-Means model, prediction of new data can be produced by
the model. Schema of a new data and prediction of this new data by applying K-Means

model is shown in Figure 3.19. In this model, CVRP with 3 vehicles prediction is made.
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Figure 3.19. Unclassified new dataset vs. classified new dataset by K-Means

As seen in Figure 3.17. the template of K-Means Decision Boundary for 3 vehicles

exactly fit to the new dataset. After K-Means algorithm assisted prediction are made, the

assignments are inserted to the new dataset. In Table 3.6., rearranged new dataset with

assignment is shown which vehicle prediction of K-Means Model Column is added.
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Table 3.6. Vehicle prediction of K-Means model on new dataset

Vehicle Prediction of K-

Index Node No X-Coord.  Y-Coord. Demand
Means Model
1 1 30.0 0.0 10 2
2 2 296.306 4.693 30 2
3 3 285.317 92.705 30 2
4 4 267.302 136.197 10 2
5 5 242,705 176.336 10 1
6 6 212.132 212.132 30 1
7 7 176.336 242,705 30 1
8 8 136.197 267.302 10 1
9 9 92.705 285.317 10 1
10 10 4.693 296.306 30 1
11 11 0.0 30.0 30 1
12 12 -4.693 296.306 10 1
13 13 -92.705 285.317 10 1
14 14 -136.19 267.302 30 1
15 15 -176.33 242.705 30 1

3.3. Capacity Balancing Algorithm

At the classification phase of the problem, the nodes are given to the vehicles based
on the previously mentioned Decision Boundary regions. In certain scenarios, the
assignments of nodes to the vehicle can exceed the vehicle's capacity. The capacity
balancing algorithm (CBA) is used whenever a vehicle's capacity is surpassed. Machine
learning algorithms calculate the probability of each node to each vehicle after
determining the decision boundaries. CBA automatically disconnects node of vehicle
which have the lowest probability of assignment if the vehicle has surpassed its capacity,
allowing that node to be reassigned to the second closest vehicle. This procedure is

repeated until the capacities of the vehicles are not exceeded.

A list is generated with the probability values of each vehicle to the nodes. Once
machine learning algorithms have evaluated the data, this list would be extracted to new

data. Table 3.7. includes new dataset with vehicle probability list.
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Table 3.7. New dataset with vehicle’s probabilities

Node  X- Y- V(_ehi_cle . - . -
Index Demand Prediction of Vehicle 1 Probability Vehicle 2 Probability
No Coord. Coord
LR Model
1 62 4 -6 4 1 0.9999992370292082 0.00000076297079198
2 63 18 -4 394 1 0.999999720737659  0.0000000027926234
3 64 10 -1 3 1 0.9999969212831658 0.0000000030787168
4 65 16 -10 60 1 0.9999999740182084 0.00000025981792
5 66 96 5 899 1 0.9999999995982368 0.000040176319
6 67 60 28 169 1 0.9987049184963722 0.00012950815
7 68 75 -19 10 1 0.9999999999998265 0.0017352679
8 69 107 5 47 1 0.9999999999087481 0.000091251858
9 70 70 -4 37 1 0.9999999997471094 0.000025289059
10 71 110 -2 23 1 0.9999999999972146 0.000027854605
11 72 90 3 25 1 0.9999999996264921 0.0000374
12 73 80 -17 444 1 0.9999999999997864 0.000214
13 74 59 -21 3 1 0.9999999999993793 0.00621
14 75 83 14 99 1 0.9999998777306998 0.00000000122
15 47 46 38 119 1 0.5876621380566311 0.412337862

According to Table 3.7., Vehicle Prediction’s columns show the prediction of LR
Model assignments. Vehicle 1 Probability and Vehicle 2 Probability columns show the
probability of assignment. By using CBA, CBA checks for the capacity of vehicles, if
vehicle 1 capacity is exceeded, CBA checks for lowest probability of Vehicle 1
assignment. In this example Node 47 or Index 15 has the lowest probability on Vehicle
1. CBA changes Node 47 assignment into Vehicle 2. An example of CBA in progress on

New Dataset shown in Figure 3.20.

a. Classification on LR b. Exchange by using CBS
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Figure 3.20. CBA in progress
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Figure 3.20.a displays typical classification of nodes, Figure 3.20.b displays
classification including CBA check for vehicle exceedance and arrows indicating swap
of three nodes between Vehicle 2 from Vehicle 1. In this problem dataset vehicle capacity
is 948, an overcapacity is recognized, and utilizing CBA, vehicle 2 capacity is reduced
from 987 to 942. Vehicle 1 is swapped 3 nodes from Vehicle 2. The steps of procedure is
shown in Table 3.8.

Table 3.8. CBA in progress

Assigned Node Numbers Total Assigned Node Numbers by Total
by Using LR algorithm Load Using CBA after LR Algorithm Load
Vehicle 1 43 737 46 782
Vehicle 2 57 987 54 942

3.4. Traveling Salesman Problem Mathematical Formulation
The traveling salesman problem aims to minimize the total distance traveled during
the visit of all nodes, starting from depot. The parameters and decision variables used in

the mathematical model are described as follows [61]:
Index:

i,j : Nodes (Customers)

Sets:

V = (0,..,N) sets of nodes, 0: depot

n = Number of Nodes

Parameters:

d;;: distance from node i to node j

Decision Variables:

x;: 1, if a vehicle travels from node i to node j, otherwise 0

¥y, positive integer number of node i (which shows the visit order)

31



Objective Function:

Constraints:

MinZ = Z dijxij

i€V, jev

LienXij =1

Yiev\jyXij = 1

yi—(m+Dx; =2y —n

Xij € {0,1}

yi=20

VieV

Vjev

Vi € V\{0},j € V\{0, i}

VieV,jev

VieVv

(3.9)

(3.10)

(3.11)

(3.12)

(3.13)

The objective function of the TSP model (3.9) minimizes the total traveled distance.

Constraints (3.10) and (3.11) ensure that there is only one incoming to each node i and

one outgoing node i from each node. Constraint (3.12) is the classical MTZ sub-tour

elimination constraint [62]. Constraint (3.13) states that the decision variables x(i, j) will

take an integer value of 0-1.

After the classification (clustering) and capacity balancing operations are

performed, a column showing all vehicle assignments is added to new dataset file. The

vehicle assignments in this column are sorted and divided by the assignment of each

vehicle, then TSP formulation with each vehicle is solved separately, the results obtained

are then combined to get the CVRP result. The first 15 rows of a vehicle-assigned and

sorted data sample are shown in Table 3.9.

Table 3.9. Vehicle-assigned and sorted data sample

Index Node No X-Coord. Y-Coord. Demand Vehicle_Type
1 5 15 30 26 1
2 7 20 50 5 1
3 8 10 43 9 1
4 11 20 65 12 1
5 17 5 30 2 1
6 1 41 49 10 2
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Table 3.9. Vehicle-assigned and sorted data sample (Continue)

7 3 55 45 13 2
8 9 55 60 16 2
9 10 30 60 16 2
10 20 45 65 9 2
11 27 35 40 16 3
12 4 55 20 19 3
13 12 50 35 19 3
14 21 45 20 11 3
15 22 45 10 18 3

The TSP mathematical model is run separately for each vehicle type in Table 3.9.,
and then the CVRP solution is constructed by summing up these formulations’ objective
functions and the solution times. Table 3.10. shows TSP results of each vehicle's
objective function, its solution time, and the Total CVRP solution for all algorithms in a

3-vehicle dataset.

Table 3.10. Combined TSP for CVRP

Vehicle 1 Vehicle 2 Vehicle 3 Total Solution of CVRP

. Time . Time . Time Total Total Time
Obj. F. (sec) Obj. F. (sec) Obj. F. (sec) Obj. F. (Sec)
K-Means  233.80 682.40 236.20 5.40 228.10 15.60 698.10 703.40
LR 181.90 0.60 253.30 233.10 268.70 222.10 703.90 455.80
K-NN 232.70 3.10 255.10 97.40 286.60 31.50 774.40 132.00
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4. COMPUTATIONAL RESULTS

Python and Python libraries such as Scikit-learn, Python-MIP, Pandas, and NumPy
were used to implement machine learning algorithms and to solve TSP and CVRP in this
thesis. Mathematical modeling formulations and machine learning algorithms have been
built on a single software platform with the help of these libraries. The results of the test
problems were obtained by operating the AMD Ryzen 5 3500 U with Radeon Vega
Mobile Gfx 2.10 GHz CPU computer with the GUROBI 9.12 commercial solver on the
Python-MIP.

Before obtaining the test results, the CVRP mathematical formulation was run for
6 hours, 24 hours, and 96 hours, and the difference between the objective function of the
mathematical model ran for 6 hours and the objective function result of the mathematical
model ran for 96 hours was less than 1%. As a result, it was determined that running the
CVRP mathematical model for 6 hours would be enough and this requires less time
demand for each approach. Testing models for 6 hours also would provide a more

balanced comparison of the two models.

4.1. Datasets

Five datasets were used to test the LR, K-NN, and K-Means algorithms. Algorithms
for VRP, including 2-3-4-vehicle versions, were performed on these datasets, and
experimental results were produced on a total of 45 test problems. For each problem type,
the CVRP mathematical modeling formulation was run for 6 hours (21.600 seconds) with
the GUROBI 9.12 solver, and the best values obtained by the solver were reported. The
100-node RC101 [22], C101 [22], Tai100a [63], CMT3 [53], and 240-node Golden-1 [64]
datasets were used. These datasets' node inputs were used without alteration throughout
the experiments. The datasets were derived for different types of VRP, which are often
used in the literature, and were selected to reflect various characteristics. RC101 is a

random clustered dataset which is shown in Figure 4.1.
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Figure 4.1. RC101 dataset

C101 is a dataset consisting of clustered nodes. Depicts on Figure 4.2.
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Figure 4.2. C101 dataset

In Tail00a dataset, nodes are non-uniformally spread in several clusters. The
number of clusters and their compactness are variable. Tail00a Dataset is shown in

Figure 4.3.
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Figure 4.3. Tail00a dataset

In CMT3 dataset, nodes are non-uniformly spread but there is no clustering

in the dataset. Illustrated on Figure 4.4.
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Figure 4.4. CMT3 dataset

In Golden-1 dataset, nodes are located in concentric circles around the depot, which

is shown in Figure 4.5.
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Figure 4.5. Golden-1 dataset

The vehicle capacities in the problems were calculated by dividing the total amount
of demand in the dataset by the number of vehicles, then this value was increased by 10%
to get the actual capacity of our problems. The capacity for each dataset is shown in Table
4.1.

Table 4.1. Capacities of vehicles

Capacities of Each Vehicle
CVRP with 2 Vehicles CVRP with 3 Vehicles CVRP with 4 Vehicles

RC101 948 631 474
C101 996 663 497
Tail00a 8361 5574 4180
Golden-1 2640 1760 1320
CMT3 802 535 400

4.2. CBA results

After classification (clustering) process of machine learning algorithms, vehicle
capacity was exceeded in 37 of the 45 test problems, CBA is used to balance the loads of
vehicles based on the probability values of machine learning algorithms. Table 4.2.
shows Dataset and Machine Learning Algorithms which the capacity balancing algorithm

is applied and which it is not applied(45 test instances).
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Table 4.2. CBA and machine learning algorithms in datasets; + refer the usage of CBA, and — refer that
does not require CBA

CBA and Machine Learning Algorithms

Datasets LR K-NN K-Means
CVRP with CVRP with CVRP with
2-Veh. 3-Veh. 4-Veh. 2-Veh. 3-Veh. 4-Veh. 2-Veh. 3-Veh. 4-Veh.

RC101 + + + + + + - + +
C101 + + + + + + + + +
Tail00a - + + - + + + + +
Golden_1 + + + + + + - + -
CMT3 - + + - + + + - +

According to the results obtained from Table 4.2., the capacity balancing algorithm
was used by nine out of 15 problems of CVRP with 2 vehicles. For 3-vehicle CVRP and
4-vehicle CVRP problem, only the K-Means algorithm was not needed for the Golden_1
and CMT3 dataset. K-Means algorithm is based on iteration of intra-cluster similarity
maximization. It is thought that since K-Means clustering is done as a result of
aggregating nodes at certain points, it is assumed that the Golden-1 and CMT3 datasets

would not have capacity outages.

4.3. CVRP with 2 vehicles Solution Results

In this section, firstly, it is aimed to analyse the effect of vehicle numbers on
algorithms. For this purpose, the algorithms’ results for each number of vehicles and the
outputs obtained from running CVRP mathematical formulation for 6 hours with the
GUROBI 9.12 solver were compared. A comparison of the 2-Vehicles Machine Learning
Model solutions and CVRP mathematical formulation solution are presented in Table
4.3.

Table 4.3. Solutions of machine learning models&TSP and CVRP mathematical formulation for 2 vehicles

RC101 C101 Tail00a Golden_1 CMT3
Obj.  Total Time  Obj. E’ta' Obj.  Total Time  Obj. E’ta' Obj. Pta'
F. (sec) F. ime F. (sec) F. ime F. ime
(sec) (sec) (sec)
K-Means 6687 11011.93 569.87 21600 10464  11022.88 43353 21600 67301  3086.32
LR 6755 11478 57345 21600 10352 1084348 43375 21600 6513 4876
K-NN 6928 1085863 57874 21600 10338 1082155 4352 21600  650.4 3456
CVRP 763 21600 53198 21600 11480 21600 43138 21600 65130 21600
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On the RC101 and Tai100a datasets, K-Means&TSP solution performed better than
the CVRP with mathematical formulation solution. While LR&TSP solution performed
better than the CVRP solution in the RC101 and Tail00a datasets, it achieved the same
result as the CVRP solution in the CMT3 dataset. When K-NN&TSP solution is analyzed,
it is seen that K-Means&TSP solution of the algorithm exhibits the same behavior. The
reason why machine learning algorithms consistently perform better in RC101 and
Tail00a datasets is that the node distributions in these datasets are based on random
placement, so it is interpreted that the classification performed by machine learning
algorithms is more successful than CVRP mathematical formulation solution.
Furthermore, when the objective functions and CPU times used are analyzed, it is
obtained that all machine learning algorithms in the RC101 dataset produce superior
results on average by 10% in half of the time as the CVRP solution. Machine learning &
TSP algorithms, in the C101 and Golden_1 dataset, each algorithm used the entire 6-hour
time-period. However, in these datasets, none of the machine learning algorithms were
able to access CVRP's result, on average, they were able to access the objective function
values at 90% proximity. It has been found that machine learning models in the CMT3
dataset approach the objective function value obtained by CVRP by 95% by using 25%
less CPU time than CVRP. It is seen that LR& TSP and K-NN&TSP reached the results
in less than 1 minute of CPU time on the CMT3 dataset. Therefore, it is obvious that the

performance of algorithms also varies depending on the datasets.

To better understand the behavior of machine learning algorithms in relation to
datasets, the routes of the TailOOa dataset, which outperforms CVRP in all machine

learning algorithms in 2-vehicle datasets, are plotted and displayed in Figure 4.6.
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a. CVRP Solution Routes b. K-Means& TSP Solution Routes
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Figure 4.6. Routes of Tail00a

The number of nodes, vehicle capacities and route lengths of the algorithms used
in the Tail00a dataset solution are presented in Table 4.4. In this dataset, only the K-

Means algorithm used the capacity balancing algorithm.

Table 4.4. Nodes-Vehicle Capacity-Route Length of Algorithms in Tail00a dataset

CVRP K-Means LR K-NN

) 1.Veh. 2Veh. 1Veh. 2Veh. 1Veh. 2Veh. 1Veh. 2\Veh.
Assigned Number of 60 52 48 46 54 45 55
Nodes
Vehicle’s Load 6957 8246 8055 7148 7364 7839 7245 7958

Length of Routes to
425,76 722.24 523.87 52252 43174 602.13 44196 593.28
Assigned Nodes

Total length of Routes 1148 1046.39 1033.87 1035.24
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When the CVRP mathematical formulation solution result for the Tail00a dataset
IS reviewed, it is seen that the distribution of node numbers on routes is more unevenly
located than other algorithms. Routes also vary depending on the amount of demand,
however, the fact that the number of nodes on the routes of machine learning algorithms
Is closer to each other indicates that the vehicle’s loads are distributed evenly. As a result
of the solutions of K-Means&TSP, it seems that the number of nodes to which the
vehicles are assigned is formed in the closest way to each other by the help of CBA.
However, the objective function value obtained from the solution of K-Means&TSP is

higher by a small difference compared to the other two algorithms.

When the route structure was analyzed, the fact that the lengths of the CVRP
solution's routes were positioned significantly different from each other also generated
the highest value in the objective function. Because the node numbers are distributed
similarly in the solutions generated with machine learning algorithms, the route lengths
are equally similar to each other, and it can be interpreted that the objective function

values are lower than the CVRP mathematical formulation's solution.

4.4. CVRP with 3 Vehicles Solution Results
Table 4.5. compares the performance of algorithms as a consequence of solving 3-
vehicle Machine Learning Models and subsequent classifications using TSP and CVRP

mathematical formulation.

Table 4.5. Solutions of machine learning models&TSP and CVRP mathematical formulation for 3 vehicles

RC101 C101 Tail00a Golden_1 CMT3
: . . . . Total : : . :
Obj. Total Time Obj. Total Time Obj. - Obj. Total Time Obj. Total Time
ime
F. (sec) F. (sec) F. F. (sec) F. (sec)
(sec)

K-Means 698.1 703.47 583.6 3994.05 11772 98.25 45273 8097.1 6854 1246

LR 704.0 45589 579.1 14691.14 1051.1 2562.25 4393.3 10266.22 664.3 2.44
K-NN 7745 132.13 654.7 14888.13 14399 117.31 4602.7 21600 706.8 9.51
CVRP 720.2 21600 564.0 21600 1209.3 21600 4521.2 21600 696.9 21600

The solution of K-Means& TSP turned out to be better than the CVRP mathematical
solution in RC101, Tai100a and CMT3 datasets. Especially considering the CPU time of
the CVRP mathematical model, Tail00a (98.25 sec.) and CMT3 (12.46 sec.) in the
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datasets, it is observed that K-Means& TSP achieves better results in a much shorter CPU
time. When the LR&TSP solution is examined, it is seen that the algorithm achieves better
results in less CPU time in all datasets except the C101 dataset than the CVRP solution.
Especially in the CMT3 dataset, a much better result was achieved in 2.44 seconds than
CVRP mathematical formulation. The results of the K-NN&TSP solution, when the
averages of all datasets were evaluated, it was found that the K-NN&TSP approximates
the result at the level of 90% using about 30% of the CPU time.

When 3-Vehicle Machine Learning algorithms and the solution results of TSP are
analyzed in the C101 dataset, it is seen that all of them are higher than the CVRP’s
solution (Table 4.5.). Therefore, to closely examine the behavior of the algorithm on this
dataset, the routes of the algorithms according to C101 dataset were plotted in Figure 4.7.

and analyzed.
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Figure 4.7. Routes of C101
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Table 4.6. shows the number of nodes, the capacity of the vehicles employed, and
the route lengths of the methods used in the C101 dataset solution. After classifying and

grouping all machine learning algorithms, a capacity balancing algorithm was performed.

Table 4.6. Nodes-Vehicle Capacities-Route Lengths of Algorithms in C101 dataset

CVRP K-Means LR K-NN

1Vveh 2Veh 3Veh 1Veh 2Veh 3Veh 1Veh 2Veh 3Veh 1Veh 2Veh 3.Veh

Assigned
Number of 38 28 34 40 25 35 28 37 35 28 38 34
Nodes

Vehicle’s

Load
Length of

Routes to

650 510 650 660 490 660 490 660 660 510 640 660

2279 1420 1940 2086 1881 1868 1527 210.1 2162 1816 2431 2299
Assigned

Nodes

Total length
564.07 583.61 579.16 654.76
of Routes

The capacities of the vehicles for the C101 dataset were determined as 663. It is
worth noting that the use of vehicle capacities is very close to the upper limit of capacity
in solutions. The reason for this situation can be explained as the fact that all three
algorithms used capacity balancing algorithm. When the CVRP solution is studied in 1.
and 2. vehicles route, it was seen that the vehicle routes intersected each other, as shown
in Figure 4.7.a. It was considered that the reason for this circumstance is due to vehicle
capacity limitations. There is no situation where the routes intersect each other in K-
Means&TSP and LR&TSP solutions. It is thought that the objective function values
closest to the CVRP solution of this situation causes the coming from these two solutions.
In addition, this dataset includes clustered data, as is known from the literature. LR&TSP
algorithm finds the closest result to the CVRP mathematical model among other machine
learning algorithms. Similar to CVRP solution, the overlap of the routes of the 3 vehicles
can be observed as a result of K-NN&TSP solution. It can be concluded that the reason
why the K-NN&TSP solution performs the worst in terms of objective functions is due

to the placement of routes (Figure 4.7.c.).
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In the K-Means&TSP solution, the route with the highest number of nodes was
encountered (Table 4.6.). However, the length of the route with the maximum number of
40 nodes was 208.6, and it was observed that the length of the cluster, which is located in
a balanced way close to each other, occurs at shorter distances than routes where the
number of nodes is less. (For example, K-NN 38 nodes:243.1). One of the reasons that
machine learning algorithms find a worse objective function than CVRP mathematical
formulation is that the dataset used in supervised learning consists of randomly and non-

clustered distributed nodes, while the C101 dataset can be explained as a clustered dataset.

4.5. CVRP with 4 Vehicles Solution Results
The comparison of the 4-Vehicle Machine Learning Model with the Result of

CVRP Mathematical Modeling Formulation is presented in Table 4.7.

Table 4.7. Solutions of machine learning models&TSP and CVRP mathematical formulation for 4 vehicles

RC101 C101 Tail00a Golden_1 CMT3
) Total ) Total ) Total ) Total ) Total
Obj. ) Obj. _ Obj. ) Obj. ) Obj. )
Time Time Time Time Time
F. F. F. F.
(sec) (sec) (sec) (sec) (sec)
K-
M 795.8 172.64 665.5 790.22 1330.6 5418.18 47164 53965 7115 16.05
eans

LR 802.0 749.11 6845 566393 1360.8 5571.99 49159 743202 7011 8.44
K-NN 836.9 41746 7147 45451 16351 1081548 4822.7 548351 7103 38.87
CVRP 8143 21600 6108 21600 13095 21600 4800.1 21600 719.7 21600

The results of the K-Means&TSP algorithm turned out to be better for in the
RC101, Golden_1 and CMT3 datasets than CVRP mathematical formulation’s solution.
In the C101 and TailOOa datasets, which did not have a better result as an objective
function, the solution given by the GUROBI 9.12 commercial solver for CVRP was
approached by 92% and 98%, respectively, and the times used compared to the
commercial solver were also quite low (790 sec; 1330 sec). In its solution with LR&TSP,
a better result was obtained in the RC101 and CMT3 datasets, and this solution was
achieved in just 8.44 seconds in the CMT3 dataset. In the datasets C101, Tai100a and
Golden_1, the proximity percentages of the objective functions according to CVRP
mathematical formulation’s solution were 90%, 96% and 97%, respectively. K-NN&TSP

solutions, on the other hand, showed a similar trend to the 3-vehicles solutions and
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derived the highest objective function value in the RC101, C101, Tail00a datasets. The
CPU times used between 25% and 30% of the time is given for CVRP solution. Therefore,
it has been observed that the proposed algorithms have access to better solutions in short
CPU times.

It is observed that 4-vehicle machine learning algorithms achieve better results,
especially in the CMT3 dataset. For this purpose, the routes formed to monitor the

behavior of algorithms in this dataset are shown in Figure 4.8.
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Figure 4.8. Routes of CMT3
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The number of nodes, vehicle capacities and route lengths of the algorithms used
in the CMT 3 dataset solution are presented in Table 4.8. All machine learning algorithms

have used the capacity balancing algorithm.

Table 4.8. Nodes-Vehicle Capacity-Route Lengths of Algorithms in CMT3 dataset

CVRP K-Means

1.Veh. 2\Veh. 3.\Veh. 4.\eh. 1.Veh. 2\Veh. 3.Veh. 4\Veh.
Assigned  Number  of
Nodes
Vehicle’s Load 361 378 354 365 371 322 385 380

24 26 25 25 25 22 26 27

Length of Routes to
. 162.01 191.75 205.69 160.24 17429 191.79 155.44 190.04
Assigned Nodes

Total length of Routes 719.69 711.56

LR K-NN

1.Veh. 2.Veh. 3.Veh. 4.Vveh. 1.Veh. 2.\Veh. 3.Veh. 4.Veh.

Assigned  Number  of
Nodes
Vehicle’s Load 312 386 361 399 338 395 329 396

24 27 24 25 24 28 22 26

Length of Routes to
) 197.32 19145 162.01 150.35 206.45 197.33 159.5 147.07
Assigned Nodes

Total length of Routes 701.13 710.35

When we look at the solutions on Figure 4.8., in the CVRP routes of 1. and 4
vehicles; it has been observed that vehicle routes pass through each other. The situation
where vehicle routes pass through each other is observed only in the CVRP solution
(Figure 4.8.a.). It is believed that such a solution leads to the formation of the highest
value of the CVRP's objective function. It is seen that the routes obtained from the
LR&TSP and K-NN&TSP solutions are very similar to each other (Figure 4.8.c.; Figure
4.8.d.). When Table 4.8. is analyzed, it is observed that the lengths of the vehicle routes
are also formed very closely to each other. In addition, it seems that the most successful
objective function was achieved by the LR&TSP solution. When the LR&TSP solution
is examined (Figure 4.8.d.&Table 4.8), the node numbers of the routes were formed very
close to each other and with low distance totals. It is noteworthy that the K-NN&TSP
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solution with the lowest route length (147.07) is quite close to the K-Means& TSP solution
in terms of route schemas, although it differs quite significantly in terms of objective
functions. The reason for this situation can be interpreted as the fact that the CMT3 dataset
consists of randomly distributed nodes, which can lead to similar objective function

values even for different route placements.

4.6. K-Means&TSP Solution Results

Another analysis carried out in this chapter is the comparison of algorithms with
the CVRP solution when all the vehicle numbers are taken into account. For this purpose,
in Table 4.9., the proximity of K-means& TSP and its solutions to CVRP solutions in
terms of objective function on a vehicle-by-vehicle (%) basis and their proximity in terms
of CPU time required are given. Objective Function (Obj. F.) Gap(%) and Time Gap(%)
calculations were developed in order to better understand the tables. Obj. F. Gap(%) is
calculated as Machine Learning Algorithms&TSP Solution/CVRP Mathematical
Solution*100 Time Gap(%) is equal to Machine Learning Algorithms used time/CVRP
used Time *100.

Table 4.9. K-Means&TSP solution comparison with CVRP according to Obj. F. Gap(%) and Time Gap(%)

K-Means
2-Vehicles 3-Vehicles 4-Vehicles

Obj. F. Time Obj. F. Time Obj. F. Time

Gap(%) Gap(%) Gap(%) Gap(%) Gap(%) Gap(%)
RC101 114.1 50.98 97.42 3.26 102.33 0.8
Cc101 93.35 100 96.65 18.49 91.77 3.66
Tail00a 109.71 51.03 102.73 0.45 98.41 25.08
Golden_1 99.5 100 99.87 37.49 101.78 24.98
CMT3 96.77 14.29 101.68 0.06 101.15 0.07
On Average 102.686 63.26 99.67 11.95 99.088 10.918

On overall with all datasets and vehicle numbers Obj. F. Gap(%) is 100.48% in 28.70% Time Gap.

Table 4.9. when analyzed, it is seen that in 3 vehicle and 4 vehicle instances for K-
Means&TSP, the objective function results are not better than CVRP mathematical
formulation obtained on general average. In the same problem examples, the time
required to obtain a solution is on average about 11.5% of the time given to CVRP.

However, in 2-vehicle examples, this solution technique was more successful, especially
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in randomly distributed datasets of nodes, the result is better than the CVRP solution
result. In these samples, 63.26% of the time of CVRP mathematical formulation was also
used. Therefore, the K-Means algorithm has generally provided more successful solutions

in examples with a low number of vehicles.

4.7. K-NN&TSP Solution Results
In Table 4.10., the gap of K-NN&TSP and its solutions to CVRP mathematical
formulation solutions in terms of objective function and CPU time requirement is shown

on each vehicle type (percent).

Table 4.10. K-NN&TSP solution comparison with CVRP according to Obj. F. Gap(%) and Time Gap(%)

K-NN
2-Vehicles 3-Vehicles 4-Vehicles

Obj. F. Time Obj. F. Time Obj. F. Time

Gap(%) Gap(%) Gap(%) Gap(%) Gap(%) Gap(%)
RC101 110.12 50.27 87.81 0.61 97.3 1.93
C101 91.92 100 86.15 68.93 85.46 21
Tail00a 111.04 50.1 83.98 0.54 80.09 50.03
Golden_1 99.12 100 98.23 100 99.53 25.39
CMT3 98.77 0.16 98.6 0.04 101.31 0.18
On Average 102.194 60.106 90.954 34.024 92.738 15.926

On overall with all datasets and vehicle numbers Obj. F. Gap(%) is 95.3% in 36.68% Time Gap.

When the K-NN&TSP solutions were investigated, it was discovered that K-
NN&TSP used 36.68 percent of the total time to achieve a result with a 4.70 percent
worse objective function than CVRP solutions. According to CVRP solution formulation,
the K-NN&TSP solution's effectiveness declines as the number of vehicles increases. K-
NN&TSP solution, according to the CVRP solution, was the solution method with the
shortest CPU time. As a result, this solution technique may be a good choice in situations

when decision makers need alternative quicker solutions.

4.8. LR&TSP Solution Results
On a vehicle-by-vehicle basis, Table 4.11. shows the proximity of LR&TSP and its
solutions to CVRP mathematical solutions in terms of objective function and CPU time

required (percent).
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Table 4.11. LR&TSP solution comparison with CVRP according to Obj. F. Gap(%) and Time Gap(%)
LR
2-Vehicles 3-Vehicles 4-Vehicles
Obj. F. Time ) Time ) Time
Obj. F. Gap(%) Obj. F. Gap(%)

Gap(%) Gap(% Gap(% Gap(%
RC101 112.95 53.14 96.61 2.11 101.53 3.47
Cc101 92.77 100 97.4 68.01 89.23 26.22
Tail00a 110.89 50.2 115.05 11.86 96.22 25.8
Golden_1 99.45 100 102.91 47.53 97.65 34.41
CMT3 100 0.23 104.9 0.01 102.65 0.04
On 103.212 60.714 103.374 25.904 97.456 17.988

On overall with all dataset and vehicle numbers Obj. F. Gap(%) is 101.34% in 34.86% Time Gap.

LR&TSP solution was able to achieve an average of 1.34% better result than CVRP

mathematical formulation solution by using 34.86% of the time used by CVRP in total.

When LR&TSP solutions were analyzed, even if there was a decrease compared to CVRP

for 4-vehicle test instances, it was the most successful method in terms of all test

problems. In addition, since about a third of the time required for the CVRP solution is

used as the solution time, decision makers may prefer the LR&TSP solution as a method

that provides both fast and successful results.
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5. CONCLUSION

In this thesis, a method for solving VRP using supervised and unsupervised
machine learning methods is applied. LR and K-NN algorithms from supervised machine
learning algorithms and K-Means algorithms from unsupervised machine learning
algorithms have been included, because they are the most frequently applied algorithms
in the literature. As a method, CVRP was solved primarily on a dataset from the literature,
and supervised machine learning algorithms were trained through this dataset solution.
The trained algorithms have been used to classify or cluster on other datasets that are
often used for various types of vehicle routing problems from the literature. With the
classifications obtained from supervised machine learning algorithms, the clustering
results obtained from unsupervised machine learning algorithms are solved in such a way
that each cluster is formed into a single TSP. When the nodes assigned to the vehicles
exceed the vehicle’s capacity, a procedure called the capacity balancing algorithm is
applied. To the best of author’s knowledge, such a study has not been found in the

literature.

Of the proposed hybrid approaches, LR&TSP solutions have been the most
successful algorithm in terms of performance, LR&TSP algorithm has achieved better
objective function values on average within less CPU time than CVRP mathematical
model. After all, the three proposed methods were able to achieve quite successful results
in much less time than the solution of the CVRP mathematical model. For the following
studies, the proposed methods can be made to solve more complex vehicle routing

problems by including features that will include time window vehicle routing problem.
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