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OZET
Doktora Tezi

"ADAY TESLIMAT PATERNLERI ILE ENTEGRASYONLU FiLO
BUYUKLUGU VE IKMAL PLANLAMA PROBLEMI ICIN OPTIMiZASYON
MODELLER VE SEZGISEL COZUM YONTEMLERI"
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Endiistri Miihendisligi Anabilim Dali

Dog. Dr. Kadir ERTOGRAL

Tarih: Eylul 2023

Bu tez calismasinda entegre filo biiylikligli belirleme ve ikmal planlamasi problemi
icin matematiksel modeller iiretilip, farkli ¢6ziim yontemleri onerilmistir. Tezin ilk
bollmiinde, dnceden belirlenmis ikmal frekanslari ve satici yonetimi politikasi altinda
ikmal planlamast ve filo biytlkligliniin belirlenmesi amaciyla bir model
olusturulmustur. Bahsedilen modelin ¢6ziimii i¢in iki farkli meta sezgisel ¢oziim
teknigi, Yaklagik Dinamik Programlama ve Problem Alani Arama, Onerilip, gergek
hayat verilerinden esinlenerek iiretilen veri setleri iizerine test edilmistir. Ikinci
boliimde ise, ilk boliimdeki modelin daha genellestirilmis hali ele alinarak yeni bir
bakis acisiyla matematiksel bir model gelistirilip, sezgisel ¢oziim ydntemleri
Onerilmistir. Bu bélimde Onceden belirlenmis tekrarlanan ikmal frekanslar1 yerine
ikmal paternleri ele alinmistir. Ek olarak, talep sezonsalligi ve ara¢ kiralama
opsiyonlar1 g6z 6niinde bulundurulmustur. Problemi ¢6zmek i¢in Sabitle ve optimize
et sezgiselinin li¢ farkli versyonu tasarlanip, liretilen veriler iizerine test edilmistir.
Sonuglarin kalitesi ve ¢6ziim siireleri Onerilen ¢oziim tekniklerinin etkili oldugunu

gostermistir.



Anahtar Kelimeler: ikmal planlama, Filo biiyiikliigii belirleme, Sezgisel metot, Meta
sezgisel metot
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ABSTRACT

Doctor of Philosophy
OPTIMIZATION MODELS AND HEURISTIC SOLUTION METHODS FOR THE
INTEGRATED FLEET SIZING AND REPLENISHMENT PLANNING
PROBLEM WITH CANDIDATE DELIVERY PATTERNS

Duygu AGHAZADEH

TOBB University of Economics and Technology
Institute of Natural and Applied Sciences
Industrial Engineering Science Programme

Supervisor: Assoc. Prof. Dr. Kadir ERTOGRAL

Date: September 2023

In this thesis work, two mathematical models were developed to formulate two basic
and extended versions the integrated fleet sizing and replenishment planning problem,
and various solution methods were proposed. In the first section of the thesis, a model
was created for replenishment planning and fleet size determination under pre-defined
replenishment frequencies and vendor management policy. For solving the mentioned
model, two different metaheuristic solution techniques, namely Approximate Dynamic
Programming, and Problem Space Search, were proposed and tested on datasets
inspired by real-life data. In the second section, a more generalized version of the
model in the first section is considered, and a mathematical model is developed from
a new perspective, with intuitive solution methods proposed. Replenishment patterns
were considered instead of pre-defined recurring replenishment frequencies.
Additionally, demand seasonality and vehicle renting options were taken into account.

To solve the problem, three different versions of the Fix and Optimize heuristic were

vii



designed and tested on generated data. The quality of the results and solution times
demonstrated the effectiveness of the proposed solution techniques.

Keywords: Replenishment planning, Fleet sizing, Heuristic methods, Meta-heuristic

methods
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1 INTRODUCTION

This thesis addresses two notable challenges within the realm of fleet sizing and
replenishment planning. The first and second sections suggest simple and extended
versions of the problem with mathematical models and metaheuristic solution
techniques for the solution of integrated fleet sizing and replenishment problem when
a set of predetermined delivery frequencies is available. Within this context, our focus
lies on the VMI framework, wherein the distributor or supplier has the freedom to
decide delivery timing and quantities. The implementation of a VMI program is a
common practice and it offers numerous advantages for all participants in the supply

chain.

Logistics costs are significantly affected by three main factors: the ownership cost of
the fleet, the routing cost of vehicles, and inventory related costs. Fleet ownership cost
Is contingent upon fleet size and composition which are strategic decisions. On the
other hand, routing costs are the outcome of daily routing plans based on assignments
of vehicles to customers. Hence, the composition of the fleet plays a pivotal role in
optimizing logistics costs. Thus, finding optimal or highly efficient solutions for the
strategic problems of fleet sizing and composition becomes a critical decision in the
realm of logistics. This strategic problem must consider routing and inventory
replenishments in an aggregate manner, which are operational problems. This

framework is what we considered in the models suggested in this thesis.

In Dastjerd & Ertogral (2019) [14] we stated that optimizing a distribution system is
dependent on optimizing its cost components as a whole. Hence, the objective function
for the suggested problem includes fixed replenishment, inventory holding, routing,
and vehicle ownership costs. We aim at determining the fleet size and composition
along with assigning customers to a specific vehicle-frequency, or vehicle-delivery
pattern, combination. In the first section, we tackle the same problem as the one in
Dastjerd & Ertogral (2019) [14], and we both suggest a mathematical model and the

following two different heuristic solution methods;

1. Approximate Dynamic Programming (ADP) with fix and optimize heuristic
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2. Problem Space Search (PSS) with fix and optimize heuristic

In the second part of the thesis, we tackle a more extensive variation of the issues
discussed in the first section. Initially, we constructed a mixed integer programming
model to manage challenges encompassing the integration of fleet sizing and
replenishment planning, all while taking into account predetermined delivery
frequencies. The assumptions were made that demands from customers dispersed
geographically were constant and not influenced by seasons. Also assumed is that the
candidate delivery patterns are regular and repetitive. The replenishment procedures
were executed utilizing a diverse array of owned vehicles, with the cost of routing
determined by the number of customers replenished via specific vehicle types, delivery

frequencies, and the per-kilometer cost of each assigned vehicle type.

Transitioning to the issue explored in the thesis's subsequent section, it centers around
an assemblage of stores spread across a clearly define ed geographic region. In this
context, the demand for these stores is consistent but demonstrates seasonal patterns.
The fleet employed consists of both owned and rented heterogeneous trucks. The
approximation of routing costs is accomplished through clustering, a technique that
involves allocating stores to seed points. The replenishment processes are executed
utilizing appropriate delivery patterns designed not only to fulfill store demands but
also to minimize the comprehensive expenses associated with transportation, delivery

pattern allocation (inventory costs), vehicle ownership/rental, and routing.
As solution method, three versions of fix and optimize heuristic are suggested:

1. FO with store-based subproblems
2. FO with cluster-based subproblems

3. FO with delivery day-based subproblems

As it is obvious from the name of the FO versions, they differ in the subproblem

generation criteria.

We give motivation, related literature, problem definition, steps for solution
techniques, and numerical analysis for each section in the subsequent parts of the

thesis.



2 BASIC PROBLEM WITH SIMPLE DELIVERY PATTERNS

2.1 Introduction

Optimizing the supply chain is of utmost importance as it leads to cost reduction for
both businesses and customers, fostering win-win situations. In today's ever-changing
and uncertain business landscape, companies require robust systems that can adapt
dynamically. As part of effective supply chain management practices, companies also
prioritize reducing logistics-related costs. Therefore, the design of the distribution
system must ensure that logistics operations costs are minimized while maintaining an

acceptable service level.

According to Taleizadeh et al. (2020) [52], it is essential to acknowledge that the best
course of action for one side, either the supplier or the consumer, may not always align
with the other. Consequently, a systematic approach is needed to address this issue.
Vendor Managed Inventory (VMI) is one such systematized approach that offers
benefits to both suppliers and customers in the supply chain. The concept of VMI
emerged from a study by John (1958) [29], which debated who should be responsible
for maintaining inventory. VMI is a well-known system where the supplier determines
the timing and quantity of deliveries, while ensuring that the customer's inventory
remains within specified minimum and maximum limits. This provides suppliers with
better demand information and enhances operational efficiency in distribution while

significantly reducing inventory control costs for customers.

In the problems and models, we tackle in the thesis, we focus on the VMI setting,
where the distributor or supplier has the freedom to choose the timing and quantity of
deliveries. Implementing a VMI program yields numerous advantages for the supply

chain and all its participants.

Two significant components of logistics costs are the fleet ownership cost and routing
cost of vehicles. Fleet ownership cost depends on the fleet size and composition,
making it a strategic decision. On the other hand, routing costs result from daily routing

plans based on customer-vehicle assignments. Therefore, an effective fleet



composition greatly influences the optimization process to minimize logistics cost
significantly. Hence, arriving at optimal or near-optimal solutions for the strategic fleet

sizing and composition problem becomes a crucial logistical decision.

Strategic fleet sizing primarily focuses on choosing the appropriate fleet composition
and size to increase the firm's profitability. According to Kog et al. (2016) [30], fleet
sizing decisions take various factors into account, including the types and quantity of
vehicles to be owned, which are influenced by market considerations such as shipping

costs, rates, and expected demand.

This section of the thesis introduces two different solution algorithms for the integrated
fleet sizing and replenishment planning problem, namely approximate dynamic
programming (ADP) and Problem Space Search (PSS) metaheuristic. ADP algorithm
employs a Fix and Optimize (FO) method to approximate the objective function value
at each iteration of the dynamic programming for the partial problem. We adopt the
model suggested in Dastjerd & Ertogral (2019) [14] where the authors proposed a fix
and optimize heuristic for the same problem. However, in this thesis, we present an
enhanced solution approach, framing them as an ADP and a problem space search

heuristic.

The method employed in this research involves a fix and optimize-based approximate
dynamic programming approach, supplemented by a final improvement step. ADP is
a well-established technique used in various problems, as discussed in detail in the
literature. One of the key advantages of ADP is its ability to significantly reduce
computational time by solving partial problems in a forward recursion formulation
using problem-specific or general heuristics instead of seeking optimal solutions. In
our approach, we use fix and optimize as the heuristic for the partial problems in the
ADP, and we further enhance efficiency with a look-ahead strategy. Additionally, an

improvement stage is executed at the end of the process.

The other proposed solution method, called Problem Space Search (PSS), introduces
a novel metaheuristic technique that differs from the conventional approach of
exploring the "solution space.” Instead of solely searching for solutions within a
designated solution space, PSS adopts a problem space search approach. In each
iteration of a problem-specific heuristic, multiple solutions are evaluated by executing

specific algorithms multiple times. Each execution uses temporarily perturbed data or
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perturbed heuristic parameters as input. This novel strategy aims to create a distinct
search space within the problem space, leading to more efficient and effective

solutions.

The core concept behind PSS is to create artificial "neighbor" problems by temporarily
modifying the input data of the original problem or adjusting parameters in the
embedded heuristic. The main idea is that by finding heuristic solutions to similar
problems, there is a higher chance of obtaining solutions that are close to the optimal
solution for the original problem. PSS aims to broaden the exploration scope by
considering variations of the original problem through data perturbation, leading to the
discovery of potentially high-quality solutions within a wider problem space. Our
version of PSS incorporates a fixed and optimize heuristic. In PSSI, we perturb the
cost data, while in PSSII, we randomize the order of subproblems tackled in the fix
and optimize process. We generate multiple instances with distinct characteristics and
evaluate the performance of the proposed metaheuristic through a numerical study

using the generated dataset.

The structure of this part is as follows: the subsequent section reviews the relevant
literature, while Section 2.3 provides an explanation of the mathematical model and
the problem. The steps for the Approximate Dynamic Programming and Problem
Space Search methods are outlined in Sections 2.4 and 2.5. Section 2.6 delves into the
dataset's structure and presents the performance analysis of the heuristic. Finally, in

Section 2.7, we offer our concluding remarks on this section.

2.1.1 Motivation

As discussed in introduction section, inventory and transportation costs play a key role
in minimizing the total cost of a distribution system. On the other hand, having an
efficient distribution system in terms of costs and performance, needs caring for all of
the components of the system as a whole. Hence, this part of the thesis focuses on a
problem which integrates fleet sizing and inventory decisions in a single problem and

aims at bringing quality solution to this novel problem.



2.2 Literature

In this section, we present several pertinent research works. We provide an overview
of the literature, which can be categorized into five main focus groups: fleet sizing,
delivery problems with specified frequencies, studies related to approximate dynamic

programming, Problem Space Search and applications of the fix and optimize method.

2.2.1 Fleet sizing problem

In this section, we discuss various studies directly related to fleet sizing. Desrochers
& Verhoog (1991) [15] address the challenge of replenishing customers with known
demands from a central depot. They tackle both fleet composition and routing
decisions, utilizing a version of the saving type heuristic based on consecutive route
fusions. Sayarshad & Ghoseiri (2009) [42] explore a novel mathematical formulation
for fleet dimension optimization and freight car assignment. Their proposed solution
approach relies on simulated annealing, which employs three techniques to escape
local optima: inferior solutions, solution space neighborhood search, and acceptance

probability.

Liu et al. (2009) [34] focus on the fleet sizing and vehicle routing problem involving
a set of nonhomogeneous vehicles. They present a heuristic based on a genetic
algorithm, demonstrating its effectiveness on benchmark instances compared to
existing literature solutions in terms of solution quality and computation times. Zak et
al. (2011) [57] tackle the fleet sizing problem in a road freight transportation firm with
a set of heterogeneous vehicles. Their two-phased heuristic employs innovative
software to produce a collection of Pareto-optimal results, which the decision maker

then evaluates using their preference model.

Aziez et al. (2022) [4] propose methods to enhance transportation operations'
efficiency in hospitals by utilizing automated guided vehicles to save labor and
improve efficiency. They develop a mathematical formulation and a powerful
metaheuristic for this purpose. Sun et al. (2021) [51] address an operational fleet
dimensioning problem that considers the cost of fuel. Their problem is a modified
version of fleet dimensioning and mix vehicle routing, and they introduce the economy
traveling distance (ETD) method to determine the optimal travel distances for each

type of vehicle, taking into account their fuel consumption rates.



2.2.2 Delivery with given frequencies

Speranza & Ukovich (1994) [47] explore the distribution problem involving candidate
frequencies, accommodating both indivisible and divisible demand scenarios through
their integer and mixed integer formulations. They propose a two-step heuristic using
modified dominance principles as the solution strategy. In a separate work, Speranza
& Ukovich (1996) [46] utilize a branch and bound approach to tackle the distribution
of various commodities from a single origin to multiple consumers based on preset

replenishment schedules.

Bertazzi et al. (1997) [8] present a strategy for resolving a problem with predefined
frequencies, where items are delivered from a single origin to multiple destinations,
considering transportation and inventory costs, similar to our study. However, they use
continuous frequencies in their replenishment decision-making approach,
distinguishing it from our case. Additionally, they do not account for fixed costs per
delivery. Their sequential heuristic method involves building a mixed integer
programming model for single link problems and solving a shortest path problem to

make decisions on frequency-truck assignment and cargo transportation percentage.

In another study, Bertazzi & Speranza (1999) [7] analyze a different situation
involving several products, one origin, a few intermediary nodes, and a destination,
with predetermined candidate delivery frequencies. They propose four distinct
heuristic techniques, including dividing sequences into links and handling each link
independently, applying the same shipping percentages to all links, and two heuristics
based on discrete versions of the EOQ formulations. They also explore a dynamic
programming-based technique, considering links as stages and the collection of

delivery frequencies on preceding links as states.

Examining the problem of transporting multiple items from an origin to a single
destination at a predefined frequency, Bertazzi et al. (2000) [9] employ both heuristic
and exact methods. The heuristic methods are developed based on the EOQ formula,
while the exact method involves a modified version of the branch and bound algorithm.
In a more complex production-distribution network under a Vendor Managed
Inventory (VMI) setting, Bertazzi et al. (2005) [6] aim to regularly produce and
distribute products using a fleet of trucks. They propose hierarchic heuristics, solving



the production and distribution subproblems consecutively, with the production results
influencing the distribution phase.

2.2.3 Approximate dynamic programming

Approximate Dynamic Programming (ADP) is introduced as an algorithmic technique
to address the issue of the curse of dimensionality, commonly used in stochastic
problems. ADP employs a heuristic approach to approximate the objective function
value. The literature covers various problems effectively solved by ADP, including
scheduling problems, fleet management problems, knapsack problem variations,

vehicle routing problems, replenishment planning problems, and allocation problems.

Bertsimas & Demir (2002) [10] propose an ADP approach for the multidimensional
knapsack problem, estimating the objective function value using non-parametric and
parametric techniques. They claim that their heuristic approach provides high-quality
solutions, outperforming ready-to-use software like CPLEX in terms of solution
quality and computational time. Hua et al. (2006) [25] consider the convex Quadratic
Knapsack Problem (QKP) and offer two approaches to estimate the objective function
value, achieving high-quality solutions for large-scale QKPs. Perry & Hartman (2009)
[37] use ADP to solve a dynamic, stochastic knapsack problem, combining simulation
with deterministic dynamic programming to solve longer-term problems effectively.

Topaloglu (2005) [54] employs an ADP-based technique to optimize distribution
activities for a business, involving production across multiple facilities and distribution
to various locations. They utilize concave approximations to estimate the objective
function value, demonstrating the effectiveness of their ADP version. Simao et al.
(2009) [45] create a model for a large truckload motor carrier company in the US,
using Monte Carlo simulation and machine learning to approximate the value function

and accurately assess the marginal value of different types of drivers.

ADRP is also applied in other areas, such as the surgical scheduling problem, patient
admission problem, and machine scheduling problem (Astaraky & Patrick (2015) [3],
Silva & de Souza (2020) [44], Hulshof et al. (2016) [27], and Ronconi & Powell (2010)
[39], respectively).



2.2.4 Problem space search metaheuristic

Storer et al. (1992) [50] introduced the Problem Space Search (PSS) metaheuristic,
which involves applying a problem-specific heuristic repeatedly in the problem space
using local search. PSS has been widely adopted in various studies. For example,
Naphade et al. (1997) [35] solved the resource-constrained scheduling problem using
PSS, achieving results comparable to the branch and bound technique. Leon &
Ramamoorthy (1997) [33]applied PSS to the flexible flow line scheduling problem
and demonstrated its effectiveness in this domain. Albrecht et al. (2013) [2] utilized
PSS to address the rail network rescheduling problem, generating numerous different
train timetables. Storer et al. (1996) [49] used PSS for the number partitioning
problem, noting that while it may require longer solution durations, the quality of
solutions improves. PSS can be combined with various heuristics, such as the Lagrange
relaxation based heuristic used by Jeet & Kutanoglu (2007) [28] to solve the
generalized assignment problem. Despite the wide applications of PSS in various
problem domains, there hasn't been any prior study suggesting the use of PSS
metaheuristic for the fleet sizing problem and employing the fix and optimize (FO)
technique as the problem-specific heuristic. This research introduces an innovative
approach to address the integrated replenishment planning and fleet sizing problem
with predetermined replenishment frequencies, considering vehicle ownership,
inventory, and routing costs. We apply the FO heuristic in two versions of PSS to solve
the problem presented in Dastjerd & Ertogral (2019) [14]. Our main objective is to
build upon and advance the existing solutions proposed in their previous research. By
incorporating the PSS metaheuristic with FO, we aim to enhance the effectiveness,
efficiency, and overall quality of the solutions, refine existing methodologies, and
potentially introduce novel approaches to achieve more robust and improved solutions

in the field of fleet sizing and replenishment planning.

2.2.5 Fix and optimize heuristic

Pochet & Wolsey (2006) [38] introduced the multi-level capacitated lot size problem
and developed the "exchange heuristic," which may have been the origin of the Fix
and Optimize (FO) method. When existing solvers proved inadequate in delivering

high-quality or optimal solutions within reasonable computing timeframes, researchers



turned to mixed integer programming-based heuristics (Tanksale & Jha (2020) [53]).
FO emerged as an effective solution method, producing excellent solutions within
reasonable timeframes, and has been applied to various lot-sizing problem variations,
such as capacitated lot sizing with setup carryover (Goren & Tunali (2015) [22], Chen
(2015) [13]), cooperative lot-sizing (Drechsel & Kimms (2011) [17]), and stochastic
capacitated lot sizing (Helber & Sahling (2010) [23]).

The versatility of the FO method extends to other problem types as well. Gintner et al.
(2005) [21] used FO to solve a bus scheduling problem, while Dorneles et al. (2014)
[16] applied a combination of FO and variable neighborhood search to address high
school timetabling. Federgruen et al. (2007) [18] utilized FO for solving a multi-
product capacitated lot size challenge. Helber & Sahling (2010) [23] employed the FO
method for the multi-level capacitated lot sizing problem, and Neves-Moreira et al.
(2018) [36] used it for assigning time intervals and creating delivery schedules,

asserting its superiority over commercial solvers.

As of our knowledge, no previous work has suggested an ADP-based solution for the
fleet sizing problem proposed by Dastjerd & Ertogral (2019) [14]. In this study, we
present a novel solution strategy based on ADP for their problem. Our approach
involves an enhanced version of classical ADP, incorporating the FO method to

estimate the objective function value.

2.3 Problem Definition

In this section, we outline our problem and present its mathematical formulation. The
problem involves a group of geographically dispersed customers who make
deterministic product restocking requests. The main objective is to minimize the total
annual expenses, which encompass vehicle ownership, routing costs, fixed

replenishment costs, and inventory holding costs.

The solution to the problem involves determining the appropriate fleet size and
composition of vehicles, as well as the optimal replenishment size and schedule for
each customer. The fleet consists of a set of heterogeneous vehicles with different cost
parameters and carrying capacities. Replenishments are conducted based on a
predefined set of candidate frequencies, which are determined by the number of weeks
between deliveries and the specific delivery day of the week. Customers' inventories
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can be restocked on a weekly, biweekly, thrice-weekly, or quarto-weekly basis, on any

of the five weekdays. This results in 20 weekly base frequencies (5 weekdays X 4

possible delivery intervals). Additionally, we consider a daily frequency, resulting in

atotal of 21 distinct possible frequencies, which are listed in Table 2.1 along with their

respective labels.

Table 2.1: Frequency labels.

Label Frequency

1 Daily

2-6 Weekly

7-11 Biweekly
12-16 Thrice-weekly
17-21 Quarto-weekly

Some of the frequencies frequently overlap, therefore it is important to record them

for avoiding both double counting of deadheading costs and accurately depicting

capacity limits on coinciding days. For example, considering frequencies that cover

Thursdays, labels of the coinciding frequencies are 5,10, 15, and 20, plus the daily

frequency.

We assume the following operational challenges as they pertain to our problem:

1. Each customer's inventory must be restocked using a single truck based on a

single delivery frequency,

2. Only a certain maximum number of customers may be visited on a given day,

and,

3. We took into account the customer's location when allocating consumers to a

route. That is if the problem has clustered customer structure, two customers

on different clusters cannot be delivered with the same frequency and vehicle.

One of the distinctive features of the mathematical model is that it adopts an

approximation method in determining the routing costs. The routing cost is estimated

by the product of the average cost of travelling from one consumer to another and the
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number of consumers visited on a specific route. Since the main focus of the problem
is fleet sizing and routing cost is an operational cost that may vary on a daily basis,
taking routing cost as an approximate value was appropriate. Besides, this
simplification saves significant computational time in terms of solution durations and

makes it possible to build the problem without the need for exact routing data.

We provide an overview of the mixed integer programming model for the problem

below. The notations used are shown below:

Sets:

I: Customer set

V. Vehicle set

F: Frequencies set, F={1, 2, ..., 21}

F;: Coinciding frequencies set, Vj = 1, ...,n
D: Set of days of the week, D = {1, 2, ..., 5}

H: Set of weeks per year, H = {1, 2, ..., 52}

Parameters:

N: Number of coinciding frequency sets

m: Number of customers

1,- Approximate routing cost between two customers for vehicle v
gv: Dead heading cost for vehicle v

a,, : Annual ownership cost of vehicle v

Air: Demand of customer i at frequency f

h: Annual inventory holding cost per unit of a product

k;s: Fixed cost of replenishing customer i using frequency f

Smax- Maximum number of customers that can be visited during the day

12



¢,- Capacity of vehicle v
M: A big number

py: Total number of annual replenishments for frequency f

t;i.. Incidence matrix of customers i and k (customers i and k can be in the same route

if t;;,=2, and cannot be in the same route when t;;,=1)

Decision variables:
xypp:  1if customer i is replenished by vehicle v and frequency f, 0 otherwise.
| 7% 1 if vehicle v is used, 0 otherwise.
L,r: 1 ifany customer is assigned to vehicle v and frequency f, 0 otherwise.

Rg,n: 1 if any customer assigned is to vehicle v and frequency f on the day d in

week h, 0 otherwise

Cyr: Number of customers assigned to vehicle v and frequency f.

Mathematical model

Min. ¥,ev goP1Llv1 + Xaep Lnen Zvev GRavn Y 2vev Lrer Ty - Pr-Cop + (2.1)

A,
Yvev WV + Xier Yvev Xrer h Xivs % + Yier Zvev Lrer KifXivy

Subject to

Yvev Lrer Xivp=1 Viel (2.2)
Yier Xivg= Cyy VveEV,VFEF (23)
MLy, = Cyr vveV,feEF (24)
Lys < Cyf vveV,feF (25)
MYV, =Yie; Xrer Xivs VveEV (2.6)
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it AipXivr < €y Vv EV,Vf EF
Dierl ZfeF]- AifXivr < €y VvveV,vVj=1,..,n
Yrer; Cof < Smax VveV,Vj=1,..,n
Yrer; Xivp+Erer; Xivr < tik vweEV,ieLkelL,Vj=1,..,n
Rgvn 2 Lyg-Liy vveV,d e D, feFy, heH
Xy €{0,1} VielL,VvEV,VfEF
L, €{0,1} VvveV,VfeEF
Cor € Zxg YvEV,VfEF
V, € {0,1} Vv eV
Ravn € {0,1} deDveV, heH

The constraint (2.3) assures that all the demands are satisfied. The number of
consumers being served by a specific frequency and vehicle are calculated using (2.2).
The value of L, is calculated using constraints (2.4) and (2.5). Constraint (2.6) decides
whether a vehicle of type v is used. Vehicle capacity limitations are imposed to the
model by constraints (2.7) and (2.8). The first one assures that the trucks are loaded
with the products occupying a space which is less than or equal to the carrying capacity
of each vehicle. The latter assures the same on coinciding frequencies. The constraint
(2.9) sets s,qx as the maximum number of clients that may be visited on a route each
day. Some customers are not eligible to be on the same route simultaneously due to
their geographical location. This restriction is reflected by constraint (2.10). The
redundant deadheading calculations are omitted by the constraint (2.11). The

remaining,2.12 to 2.16 declare the domain of the decision variables.

For further details about the mathematical formulation one can see Dastjerd & Ertogral
(2019) [14].
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2.4 Approximate Dynamic Programming Heuristic

In this section, we propose a heuristic solution for the problem based on Approximate
Dynamic Programming (ADP). ADP encompasses a wide range of computational and
modeling techniques used to address complex decision problems with large
dimensions. ADP is particularly useful in overcoming the well-known issue of the
dimensionality curse, which hinders the application of Bellman's equation. The use of

an approximate value function is fundamental in ADP to facilitate decision-making.

To estimate the objective function's value at each ADP iteration, we employ the Fix
and Optimize (FO) heuristic. In a prior work by Dastjerd & Ertogral (2019) [14], we
developed the original FO heuristic and applied it to the current problem. In the
subsequent sections, we provide the recursive equation for our proposed ADP
approach, explain the steps for implementing the FO heuristic, and then outline the

steps of our suggested ADP methodology.
2.4.1 Suggested approximate dynamic programming

2.4.1.1 Formulation of the recursive equation

ADP, which stands for Approximate Dynamic Programming, is a powerful method
used to handle large-scale decision-making processes involving discrete time
multistage optimization. In these problems, there exists a state space S, and at each
stage, the system is in a specific state S; € S, from which a decision x; can be made.
After making a decision x;, the system receives rewards or incurs costs, denoted as
C:(Ss; x¢) , and transitions to a new state S; + 1. Consequently, decisions at each state
are conditionally dependent on all previous states and decisions. As a result, the
decision made not only affects immediate costs but also influences the environment in

which future decisions are made, thereby impacting upcoming costs.

Dynamic programming tackles complex decision-making problems by breaking them
down into smaller subproblems. The optimal solution for the overall problem is
achieved by obtaining optimal solutions for each of the subproblems, as outlined in
Bellman & Kalaba (1957) [5].

In our specific scenario, the stages of the dynamic programming formulation

correspond to the customers (indexed with i). At each iteration, we determine whether
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a frequency-vehicle-customer assignment is appropriate for that particular customer or

not. The decision variable at each stage is denoted as x;, r, and we must decide whether
to set x;,,sto 1 or to O for each customer i. Setting x;,sto 1 for a specific (v, ) pair
implies that x;,, is set to 0 for all other (v, f) options for customer i since each

customer can only be assigned to a single vehicle and frequency pair. When making
decisions about the x;,,; values, we consider all available vehicle capacity options for
each frequency for the current customer i, which constitutes the state in dynamic
programming terminology. At each stage, when we are deciding the x;,rvalue for a
customer, the state of the system consists of the remaining capacity for each vehicle-
frequency pair in terms of both remaining volume (Cap;) and the remaining number
of daily customers (C,f) that can be assigned to it. This state, also referred to as

capacity state, Cap;, is naturally determined by the decisions already made before the
current stage. In our implementation, we utilize a mathematical model to determine

the state of the system at each stage.

At each stage, we must calculate the incremental cost of allocating or not allocating
the current customer to a vehicle-frequency pair, given that the capacity state is Cap;.
The most crucial factor is the estimated solution value of the objective function when
there are i remaining consumers, and Cap; represents the capacity state for customer i
at stage i. Taking into account these dependencies and definitions, we present the

forward recursion equation below:
Notations:
Cap;: Available capacity state at each stage for customer i, i€l.

K (i, Cap;): Value of optimal objective function of the partial problem for customers i,

i+1,i+2,..,]I| customers the capacity state Cap;.

I(xiyf, C;): Incremental cost of x;,,» (equating to 1 or 0), for customer i€l, if we have

capacity state Cap;.

fi+1 (Cap;, xi,¢ ): The function that returns the capacity state at customer i+1, if we
have capacity state Cap; before customer i and we take the decision x;,r (Setting it to
1or0).

Forward recursive equation of the problem:
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K(i,Cap;)= min{xl-,,f=o or 1,v=1,., V} {I(Capi:xivf) + K (i + Lf(capi'xivf))}
f=1,..,F

K(N + 1, Any capacity state) = 0.

Approximate dynamic programming we suggest is founded on an algorithmic
approach that progresses forward in number of customers. To solve this problem using

traditional dynamic programming, we would need to identify the exact value function
K (i +1, f(Capi, xi,,f)) for each value of Cap; which becomes so complex when the

data size increases. Hence, instead of calculating the exact value for the objective
function of the proceeding steps, we try to approximate it through implementation of
a problem specific heuristic method. In this paper, we employ a Fix and Optimize
heuristic for solving the partial problem approximately in each iteration of the
approximate dynamic programming. The results obtained from the Fix and Optimize

method (FO) is used as the approximate optimal value in place of K(i+

1, f(Cap;, xwf)) in the recursive formula. The problem specific heuristic FO relies on

breaking the main problem down into smaller and easier sub problems. The details of

the implemented FO are given below.

2.4.2 Fix and optimize heuristic

Fix and optimize is a two-phase heuristic comprising a first phase that generates a
feasible solution of good quality, followed by a second phase focused on improving
the solution obtained in the initial phase. The key concept behind this heuristic is to
solve the main problem by dividing it into sequential partial integer problems. This
approach reduces solution times while still producing high-quality solutions. In this
method, the problem is divided into subsets of customers. We will outline the phases

of the fix and optimize heuristic and provide detailed steps in the following sections.

During the first phase of the Fix and Optimize (FO) heuristic, the main problem is
partitioned into smaller subproblems based on a predefined criterion, which, in this
case, is the customer index. At each iteration, only the variables of one subproblem are
expressed as integers or binaries, while the variables in the remaining subproblems are

defined as linear variables or set to fixed values from previous iterations. This process
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continues until all variables become integers, and the final solution is saved for further
improvement in the next phase. The problem addressed in Phase | at iteration i is

illustrated in Figure 2.1.

Integer variables, fixed to Integer variables, Relaxed variables as

the values in iteration i — 1 | optimized in continuous, optimized in
iteration i iteration i

Al A, v | A4 A; Aiq Aivz | oo | 4y

Figure 2.1:The problem solved at iteration i in Phase .

The details of phase | of the FO version for our problem are given below;

Phase |

Step 1. Divide the customers into P sub groups with equal number of customers,
or as equal as possible. Divide the decision variables in to P sub groups
corresponding to P customer groups. Let A; be the set of all binary variables in the

i*" sub group.
Step 2. Set the iteration counter i to 1.

Step 3. If i > 1, Fix the binary variables in A; for j = 1..i — 1, to the values of

variables found in iteration i — 1.
Step 4. Set the variables in A; as binary variables.

Step 5. Relax the binary variables in A; for j = i + 1,i+2,..,P as linear

variables.

Step 6. Solve the complete model andseti =i+ 1. Ifi <P gotostep 3. Ifi =
P, STOP.

In the second phase, the main problem is also divided into the same subproblems as in

the first phase. The variables in this phase are defined as either integers, or they are set
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to the fixed values obtained in the previous phase. At iteration i, we solve the entire
model with all binary variables fixed to the values from the previous iteration, except
for A;, which is considered as an integer and re-optimized. If any improvement is
observed in the objective function, the algorithm starts the process again. This
procedure continues until no further improvements are observed. The problem

addressed in Phase Il at iteration i is depicted in Figure 2.2:

Integer variables, fixed to Integer variables, Integer variables, fixed to

the values in iteration i — 1 | optimized in the values in iteration i — 1
iteration i

A1 A2 ceee Ai-]_ Al Ai+1 Ai+2 cees Ap

Figure 2.2: The problem solved at iteration i in Phase II.

The steps of the second phase of the FO are illustrated below:

Phase Il
Step 1. Set the counter i to 1.

Step 2. Clear the values of all variables in A; and re-define them as binaries.

Step3.ifi > 1thenforj = 1,2,..,Pandj # i setthe variable values in 4;

to values found in iterationi — 1. If i = 1 thenforj = 1,2,..,P and j # i setthe
variable values in A; to values found in Phase I.

Step 4. Solve the complete model, seti = i + 1.

Step 5. Check the objective value, if the objective value is better than best
solution so far and i < P, update the best solution as the current solution and go
to step 1. If no improvement occurred in the current iteration and i < P go to step
2. If no improvement occurred in the current iterationand i > P STOP.

2.4.3 Look ahead strategy for ADP

During each ADP step, we need to determine the value of x;,,; for a specific customer

i, which can either be set to 1 or 0 for each possible vehicle-frequency combination.
However, as the data size increases, the number of combinations to be checked for
19



determining the value of x;,; grows rapidly, leading to lengthy solution times for
moderate or large-sized problems. To address this issue, we implemented a "look
ahead" fixation technique, which helped reduce the number of vehicle-frequency pairs
that need to be checked. The concept behind the fixation technique is to predict the
Xy Values for later customers in the dynamic programming stages that are likely to
be set to 1 in the final solution. As we conduct FO iterations during dynamic
programming, we monitor the x;,,» values for later customers, and if they frequently
assume the value of 1 or a value close to 1, we fix them to 1. By doing so, we save
significant computational effort since fixing a x;,r to 1 for a specific customer i and
(v, f) pair results in setting the remaining x;,r values to 0 for the remaining (v, f)
options for that customer. Our algorithm keeps track of the x;,, variables in the last
a% of the FO iterations and if they reach a value of 0.9 or higher in this period, we fix
them to 1. This optimization helps expedite the computation process and improve the

efficiency of the overall algorithm.

2.4.4 Improvement algorithm for ADP

We propose a two-phase improvement algorithm to further enhance the results
obtained from ADP with the look ahead strategy. After analyzing the characteristics
of the solutions generated by ADP, we observed that the significant deviations from
the optimal or best-bound values are primarily attributed to the excessive utilization of
vehicles. Since the vehicle ownership charges represent the most substantial cost
component in our context, assigning an extra vehicle in comparison to the optimal

solution has a substantial impact on the objective function value.

The improvement algorithm is designed to focus on optimizing the fleet composition
and size. In the first phase, we specifically examine solutions where each type of
vehicle in the ADP solution is incrementally increased and decreased by one, while

keeping the number of other vehicles fixed.

Let ky represent the number of vehicles in the solution found by ADP or the best
solution during the improvement process. The steps of phase I in the improvement can

be illustrated as follows;
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Improvement phase I:

Step 1. Let i=1, and improvement flag = 0, best_solution = The solution from
ADP.

Step 2. Fix the ki= ki+1 and fix the other vehicle numbers to their value in the
best solution so far. Apply ADP. If the solution found is better than the best
solution so far, let best_solution = the current solution, improvement flag = 1.

Else go to next step

Step 3. Fix the ki= ki-1 and fix the other vehicle numbers to their value in the
best solution so far. Apply ADP. If the solution found is better than the best
solution so far, let best_solution = the current solution, improvement flag = 1.

Else go to next step.
Step4.Leti =i+ 1.1fi < |V]|then go to Step 2, else go to next step

Step 5. If improvement flag = 1 go to Step 1, else STOP and report the

best_solution.

Improvement phase I1:

In second phase of the improvement algorithm, we check if there is any improvement
when we replace a vehicle with two smaller size vehicles or with a smaller size vehicle.

Two neighborhoods are defined as explained below:
1. Removing two small vehicle and replacing them with a large one

2. Replacing one large vehicle in the fleet with a small one

We use the defined neighborhoods for changing the fixed V;, set on the solution
obtained after the first improvement phase. The resulting vehicle numbers are used as
bounds on the number of vehicles that can be used. If the changes in vehicle sets of
the second phase yields improved solutions compared to the solutions from the first
phase, the first phase is restarted with the new vehicle composition and the solution is
updated. Otherwise, the algorithm is terminated and the current best solution is

reported as the final solution.
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2.4.5 Pseudo codes of the ADP and improvement algorithm
The following section shows the ADP pseudocode:

Notation:

C: Set of Customers

V. Set of Vehicles

F: Set of given frequencies

Py: Setof (i, v, f) indices for which x;,,r are set to 0 in the previous stages in dynamic
programming

Py: Setof (i, v, ) indices for which x;,,» are set to 1 in the previous stages in dynamic
programming

P : Setof (i, v, ) indices for which x;,, are set to 1 or 0 in the previous stages using
look ahead strategy in dynamic programming

Cap;: Remaining capacity in terms of volume and assignable customer number in stage
[

Lf: Set of x;,’s for later customers in dynamic programming that have a value near
to 1 (greater than 0.9) in the last a percent of the iterations of FO executed in the
dynamic programming.

Cost,: Approximate cost of setting x;,, = 0 in each stage (approximate value for
{I(Cap;,0) + K(i + 1, f(Cap;, 0))})

Cost;: Approximate cost setting x;,r= 1 in each stage (approximate value for
{I(Cap;, ) + K(i + 1, f(Cap;, 1)}

ADP pseudocode

Input Py, Py, Cap; ,Yie C,veV,fEF

1. foreachi = 1..|C|

2. if ¢ Pand Cap; = true do

3. Determine Cost, by calling FO (i, v, f, 0, Po, P1, P, Cap,)
4. Determine Cost by calling FO (i, v, f, 1, Po, P, P{, Cap,)
5. if Costy < Costy then

6. Py =Pyu (iv, f)

7. else

8 if (i, v, f) € L%

9 Pi =Pl u(ivf)
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10 Else

11. P, =P, uU(ivf)

12 Py =Py uf{(iv,f)lv e V\(}.f € F\{f}
13 end if

14. end if

15. end if

16. end for

17.  endfor

18.  return Cost (null, null, null, Py, Py, P, LY)

Steps of the improvement phase and the notations are defined below:

Notations:

N Set of neighborhoods generated in the first phase, {n,,n,, n3, n,}.
N': Set of neighborhoods generated in the second phase, {n';,n’,}.
N,,: Set of bounds generated by applying movesin N to V.

N,,: Set of bounds generated by applying moves in N'to V.

C: Set of customers

V. Set of vehicles

F: Set of frequencies

J: Neighbors

P;: Set of the (i, v, f) triples that are fixed to 1

Cost: Value of objective function from ADP

Costy, . Value of objective function for the first phase

Costy,,. Value of objective function for the second phase

n,: Increasing large vehicles number by 1

n,: Decreasing large vehicles number by 1

ns: Increasing small vehicles number by 1

n,: Decreasing small vehicles number by 1
n': Addition of one small vehicle and exclusion of one large vehicle

n',: Exclusion of two small vehicles and addition of one large vehicle
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Improvement Stage Pseudocode

Input Py, Cost, N, N,,Vi € C,LveEV,f €F,j €]
1.  initializej =0andv € P do

2. Calculate Cost,, by calling F&O (i,v, f, N)

3. if Costy,, < Cost then

4, Cost « Cost, ,V « N, do

5. Gotostep 1

6. else if

7. j #|jl setj < j+ 1andgo to step 2

8. else

9. Setk = 0do

10. Calculate Cost!,,by calling F&0 (i, v, f, N,)

1. if Costy,, < Costthen

12. k # |k| set k < k + 1 and go to step 10
13. else if

14, k = |k| and Cost;lrv < Cost then

15. Go to step 1.

16. Else

17. end if

18. end if

19  return Cost (i,v, f)

2.5 Problem Space Search Metaheuristics

In this section, we will provide a brief explanation of the proposed metaheuristic and
then outline the algorithm steps. The Problem Space Search (PSS) was first introduced
by Storer et al. (1992) [50] as a novel metaheuristic algorithm. According to Naphade
et al. (1997) [35], PSS is a solution technique that uses another heuristic to perform a
local search. The heuristic employed in PSS must be fast and capable of producing
acceptable solutions. The PSS metaheuristic requires an initial feasible solution, a
problem-specific fast heuristic, and a method for generating neighborhoods. Unlike
traditional search methods, PSS generates neighborhoods by perturbing the problem

data or adjusting heuristic parameters. The perturbed data is then used as input for the
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problem-based heuristic, while the original data is used to evaluate the quality of
solutions within each neighborhood. A pair (h, p) represents a neighborhood in which
the search is conducted. Here, h represents the heuristic method, and p represents the
problem data. Applying the heuristic to the problem yields the solution, which can be
represented as s = h(p). The essence of PSS lies in the repeated application of the
heuristic with altered data, leading to changes in decision sequences within the
heuristic. The quality of solutions produced by PSS depends on factors such as the
suitability and efficiency of the base heuristic. It is crucial to choose a problem-specific
heuristic that can produce quality solutions within reasonable time frames.
Additionally, the magnitude of perturbations must be appropriate—not too large or too

small—to ensure variation in instances without compromising solution quality.

Here, we introduce two variations of the PSS metaheuristic, both of which incorporate
the Fix and Optimize (FO) technique proposed in our previous paper, Dastjerd &
Ertogral (2019) [14]. First, we present PSSI, which slightly modifies the cost data of
the problem. Second, we introduce PSSII, which involves changes in heuristic
parameters for neighborhood generation. The steps for PSS are described in following

sections.

2.5.1 PSSI description and steps

The problem involves various cost parameters, including holding and replenishment
costs, deadheading and per kilometer costs, and vehicle ownership costs. To create
different instances for the problem, we use a perturbation parameter, 3, which helps
generate upper and lower limits for each cost component, C. The cost ranges are then
utilized to generate new random values for each cost parameter, ensuring they fall
within the high and low levels specified by the cost range. Each newly generated

random instance is then fed into the fix and optimize algorithm.

During the process, the objective function value for each unique random instance is
calculated using the original cost data. After each call to the heuristic, the best current
solution value is updated, and the values of the variables corresponding to the best
solution are saved. The solution obtained in the initial phase is then used in the second

phase for further improvement. To guide through the PSSI application, we first provide
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a list of the notations used to define the steps, followed by instructions on applying the
PSSI method.

Notations:

m: The number of data instances generated randomly.
D;: i*" random instance.

R.: Range vector for cost component C.

C: Vector of original cost component.

C/: Vector of random cost component for instance i.
5FO: Solution from FO for instance i.

S, Latest best solution

Obj;: Latest best objective value.

Obj;: Objective function value for i** random instance.

B: Perturbation parameter

Steps for PSSI algorithm:

Step 1. Equate the instance counter i to 1, and the Obj;: to infinity.
Step 2. Calculate the range vector R for C using the equations (4.1) and (4.2).
Step 3. Generate D; of instance | using the randomly generated C; values.
Step 4. Call the first phase of FO and solve the problem for D; values.
Step 5. Find the value of Obj; by incorporating SF° and C to the objective function
formula.
Step 6. Compare the new objective value with current objective value:
6.1. If Obj; < Obj;, Obj; « Obj; and S} « S .
6.2. If Obj; = Obj., go to Step 3.
Step 7. Increase instance counter by 1 and go through steps 3 to 6 untili > m.
Step 8. Select the smallest value of objective function among all the m instances.
Step 9. Feed the best current solution S to the second phase of FO, improve and report
the solution value.
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For better clarity, we provide the flowchart in Figure 2.3 to illustrate the PSSI steps.
follows:

counter i=1,
currentObj=infinity

I S

Generate R= C+/-R *C No

A S

Data, ={RC, | RC, = Rand (R)}

—

FOS, = FOI(Data,) B
1>n Ye: FinalSolution = FOII (Currentobj, S)
obj, = obj(FOS ,C)
A
Yes Currentobj <obj;
S «FOsS,

Figure 2.3: Flowchart for PSSI.

obj; < CurrentObj

2.5.2 PSSII description and steps

The quality and duration of the solution can be influenced by the order in which the
subproblems are solved in FO. Thus, the subproblem solving order becomes crucial.
In this study, we leverage this characteristic to generate random yet acceptable
solutions. In PSSII, we introduce randomization in generating the subproblem orders.
Specifically, for each FO run, the customer index set is randomly regenerated. As a
result, in this version of PSS, the perturbation for neighborhood generation involves
changing the parameters of the heuristic rather than the dataset. The only notation that
differs from PSSI is denoted as I;, which represents the new customer index set for

dataset i. The algorithm steps are outlined below:

Steps for PSSII algorithm:
Step 1. Equate the instance counter i to 1, and the Obj; to infinity.

Step 2. Produce a random consumer index set I;.
Step 3. Generate the dataset i using the I; to build customer subgroups.
Step 4. Feed the new dataset D; to first phase of FO algorithm and solve the problem.

Step 5. Compare the objective function value:
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5.1. If Obj; < 0bj;, Obj; « Obj; and S} « SFO .
5.2. If Obj; = Obj;, go to Step 2.
Step 6. Increase i by 1 and go through steps 2 to 5 until i > m.
Step 7. Select the smallest value of objective function among all the m instances.

Step 8. Feed the best current solution S;: to the second phase of FO, improve and report
the solution value.

To enhance clarity, we provide a flowchart in Figure 2.4 which illustrates the steps of
PSSII:

counter i=1,
currentObj=infinity
A 4

1; =Rand (L n) b,

FOs, =FoI(l}) i>n ve FinalSolution = FOII (Currentobj, S)
obj; = obj(FOS,,C)

A

Currentobj «obj;
S «FOs,

obj; < CurrentObj

Figure 2.4: Flowchart for PSSII.

2.6 Computational Results

We conducted a numerical analysis of the proposed solution approach using the dataset
generated as described in 2.4.12.6.1. The details of the analysis setup and the obtained
results are presented in the following subsections.

2.6.1 Dataset

The proposed heuristic is assessed through four distinct scenarios, each characterized
by varying demand levels and customer clusters. These scenarios correspond to the
ones used in Dastjerd & Ertogral (2019) [14]. Scenario 1 and 2 represent cases with
normal demand, with scenario 2 further grouping customers based on their
geographical location. Scenarios 3 and 4 present high demand versions, with the

demand increased by 50%, of scenario 1 and 2, respectively.
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Regarding problem variations, we defined 24 different settings, taking into account
vehicle capacities (cap), costs per kilometer for vehicles (R), vehicle ownership costs
(A), inventory holding costs (h), and fixed setup cost (K). In Table 2.2, 1.2A denotes
cases with a 20% increase in ownership costs, while 1.4A indicates settings with a
40% increase in ownership costs for larger vehicles. Similar patterns apply to 1.2R and
1.4R in terms of cost per kilometer for vehicles. Across all parameter settings, 40
customers are served with 8 owned vehicles, and their yearly demand is generated
based on a uniform distribution ranging from 80 to 120 units. The parameter settings

are presented in Table 2.2.

Table 2.2: Problem characteristics.

Setup cost  Holding Ownership Routing Capacity  Problem
7,10 1
12R 1420 2
1.2A 21,27 3
7,10 4
14R 14,20 5
h=300 21,27 6
7,10 7
12R 14,20 8
1.4A 21,27 9
7,10 10
14R 14,20 11
k=50 21,27 12
1.2A 7,10 13
12R 14,20 14
21,27 15
7,10 16
14R 14,20 17
h=600 21,27 18
1.4A 7,10 19
12R 14,20 20
21,27 21
7,10 22
L4R 1420 23
21,27 24
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2.6.2 ADP results with improvement step

The proposed heuristic was implemented to evaluate its performance on the generated
instances. The results obtained from the heuristic were then compared to those
obtained from CPLEX. All of the problems were solved within the 3-hour time limit
in CPLEX, and for some instances, the results are reported as best lower bounds. The
gaps from the lower bounds are denoted with an asterisk (*). We conducted an analysis
of the results, categorizing them based on the gaps from CPLEX results, fleet

compositions, and solution durations. The tabulated results are presented below.

From the gaps presented in Table 2.3, we can conclude that the solutions obtained from
the ADP heuristic demonstrate satisfactory performance. The gaps, ranging from 4.5
to 9.24 average deviations across the four scenarios, are mostly close to the lower
bounds obtained from CPLEX within the 3-hour run time. As a result, the deviation

from the actual optimal solution is expected to be even less than these values.

Observing the data in Table 2.3 , it becomes evident that clustering has a negative
impact on the performance of the ADP heuristic when comparing scenario 2 to
scenario 1 and scenarios 4 to scenario 2. This outcome is expected because clustering
makes the problem more challenging for the fix and optimize process. Any incorrect
early assignment of a vehicle-frequency pair to a customer becomes harder to rectify
through later assignments due to the significantly reduced feasible solution space in

the clustered cases compared to scenarios with no clusters.

The challenging nature of the clustered problems is evident from the fact that the
number of problems solved to optimality within the 3-hour run time is much higher in

scenarios 1 and 3 when compared to scenarios 2 and 4.

The performance of ADP is negatively affected by the demand. In high-demand
scenarios, the solution typically requires a larger number of vehicles, leading to an
increase in the number of alternatives that need to be considered. As a result, higher
demand makes the problem more complex, thus slightly reducing the performance of

the heuristic.

In Table 2.4, when considering the scenario-based average vehicle utilization, the total
average number of vehicles assigned for distribution operations increases with the

addition of clusters and by increasing the demand values by 50%. For instance, moving
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from scenario 2 to 3, the total average changes from 2.25 to 2.67, and in terms of fleet
composition, the number of small trucks changes from 1.58 to 2. This increase is
attributed to the higher demand in scenario 3, while the available truck capacity
remains unchanged. Similarly, transitioning from scenario 2 to 4 results in changes in
the average total number of utilized vehicles and fleet composition. The addition of
clusters in scenarios with higher demands leads to alterations in the total average

number of vehicles, whereas in scenarios with base demand, it remains the same.

Table 2.5, tabulates solution times for different scenarios. As it is anticipated, solving
scenarios with clusters yield longer solution times resulting from the limitation put on
the route generation. That is, there is a constraint on the customers to be served on the
same route. Geographically distant ones cannot be visited on the same route in a day.
This constraint leads to an increase in the number of choices to be assessed for

assigning customers to vehicles and frequencies.

Figure 2.5 to Figure 2.8 depict the percentages of cost components relative to the total
cost in each specific scenario. The considered cost components include setup cost,
inventory holding cost, vehicle ownership cost, and approximate routing cost. Across
all scenarios and problem settings, ownership cost consistently emerges as the highest
cost item, accounting for 30% to 60% of the total cost. Following closely is the setup
cost, which fluctuates between 20% and 50% of the total annual cost. Inventory
holding cost constitutes approximately 5% to 30% of the total cost. As mentioned
earlier, the routing cost has the lowest percentage, making up to 20% of the total cost.
These cost percentages align with the expected distribution for logistics costs in
practice, where inventory-related costs constitute about one third of the total logistics

costs, while the remaining two thirds are attributed to transportation expenses.

The following set of charts, Figure 2.9 to Figure 2.12, illustrate the frequency
distribution for each frequency set in each problem scenario. These charts provide
insights into how frequently each set of frequencies (daily, weekly, bi-weekly, thrice-

weekly, or quarto-weekly) is utilized in each parameter setting within each scenario.

In scenarios 1 and 2, bi-weekly replenishment plans are predominantly favored, while
in scenarios 3 and 4, customers are mostly replenished with weekly delivery programs.

The reason for this disparity between scenarios lies in the demand levels. In the first
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two scenarios, the demand is relatively low, allowing for a larger consolidation of
products in a single truck, considering the carrying capacities. On the other hand, in
scenarios 3 and 4, the demand values are increased by 50%, while the vehicle
capacities remain the same. Consequently, there is less opportunity for consolidation
in a single truck, resulting in a greater need for more frequent replenishments to meet

customer demands.

Table 2.3: Percentage deviations from best bounds /optimal for improved ADP.

Scenariol Scenario2 Scenario3  Scenario 4

1 1.67%* 3.76%* 13.38% 14.76%*
2 4.15% 7.46%* 1.61%* 6.94%*
3 1.23%* 10.26%* 1.23% 12.93%*
4 9.90% 4.77%* 12.44% 10.95%*
5 3.54% 2.18%* 1.19% 5.60%*
6 1.75%* 10.06%* 1.23% 1.67%*
7 12.49% 14.72%* 13.44% 11.50%*
8 1.62%* 8.38%* 1.01% 10.04%*
9 1.67% 10.19%* 1.32%* 6.83%*
10 12.34% 6.75%* 11.77% 7.52%*
11 1.32% 7.75%* 1.01% 10.78%*
12 1.43%* 10.00%* 1.34%* 7.10%*
13 9.47% 4.16%* 9.99% 11.08%*
14 1.30% 9.97%* 8.54% 7.11%*
15 0.00% 0.00% 1.02% 5.70%*
16 13.01% 5.01%* 16.00% 10.08%*
17 1.12% 9.62%* 0.60% 7.12%*
18 0.00% 0.00% 0.77% 21.33%*
19 12.47% 6.30%* 11.94% 8.08%*
20 1.30% 7.68%* 8.54% 11.75%*
21 0.13% 0.00% 0.82% 3.78%*
22 12.20% 7.41%* 11.28% 7.21%*
23 1.02% 7.29%* 8.54% 12.59%*
24 0.13% 0.00% 0.85% 3.20%*
Ave 4.50% 6.41% 5.75% 9.24%
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Table 2.4: Scenario based Fleet utilization average for improved ADP.

Scenario 1 Scenario 2 Scenario 3 Scenario 4

L S L S L S L S

Ave 067 158 054 171 067 200 092 213

Table 2.5: CPU times (in seconds) for improved ADP.

Scenario 1 Scenario 2 Scenario 3  Scenario 4

1 233.22 2686.43 2626.93 4567.63
2 384.86 2244.66 241.18 1947.72
3 409.29 4399.31 361.70 4685.58
4 425.80 3627.30 978.29 5127.14
5 320.33 2052.15 399.65 2710.26
6 579.04 3816.51 266.09 4487.38
7 684.45 2343.58 949.97 1886.79
8 655.26 5996.36 658.90 5802.12
9 267.41 4328.48 235.93 5010.19
10 431.78 3660.73 1230.30 3939.08
11 496.26 5868.22 727.76 6409.28
12 274.68 4751.66 502.45 4810.56
13 953.07 2006.66 1086.33 2775.83
14 245.61 2937.31 429.50 3433.01
15 208.42 1758.74 259.50 2512.47
16 437.50 1750.55 1100.78 3065.19
17 253.07 2959.58 437.88 4230.39
18 208.27 1613.82 345.55 2728.12
19 721.72 2138.13 873.62 3701.81
20 303.34 3813.74 449.71 3653.63
21 248.30 1335.90 312.33 2823.36
22 497.28 1619.63 1142.93 2809.44
23 548.66 3410.48 494.57 3602.08
24 192.53 1600.90 232.82 2804.65
Ave 415.84 3030.03 681.03 3730.15
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Figure 2.5: Cost element percentages for scenario 1.
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Figure 2.6: Cost element percentages for scenario 2.
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Figure 2.7: Cost element percentages for scenario 3.
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Figure 2.8: Cost element percentages for scenario 4.
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Figure 2.9: Frequency repetition for scenario 1.
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Figure 2.10: Frequency repetition for scenario 2.
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Figure 2.12: Frequency repetition for scenario 4.

2.6.3 PSS Results

The perturbation factor in the PSSI algorithm is considered in two different values,
denoted as B and B2, with values set to 10% and 20%, respectively. For each f value,

50 instances were generated and used in the PSSI metaheuristics.
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In this section, we analyze and discuss the results obtained from PSSI, PSSII, and the
basic FO approach. We aim to observe the improvements brought by PSSI and PSSI|I
compared to the simple FO method. The results for the two versions of PSS and FO
are presented in several tables, labeled from Table 2.6 to Table 2.13, covering the gaps
from the optimal or best bounds obtained from CPLEX, fleet composition details, and
average solution durations. In these tables, L-S stands for large and small vehicles.

For the first set of tables that show the gaps, the values for the optimal solutions or
best bounds are obtained using the MIP solver CPLEX. Since there is a time limit on
the solutions from CPLEX, all results are obtained within three hours. The values
marked with a star (*) indicate the divergence from the best lower bounds.

This section provides a comparison of the results from the PSS heuristics and FO, and
the comments are categorized into three subsections based on the data presented in the

tables, as described above.

2.6.3.1 Percentage gaps from optimal/best bounds

As explained in previous section, we developed two versions of PSS metaheuristic for
the integrated fleet sizing and replenishment planning problem. The first version, PSSI
uses cost data perturbation for generating neighborhoods. Results from PSSI with
perturbation factors of 8; =10% and S, = 20% are presented in Table 2.6 and Table
2.9. Comparing the gaps from PSS versions to FO, a significant decrease is observable.
In general, addition of clusters leads to higher annual costs. The fact behind this
objective function value growth is that, geographical clustering brings limitations to
the transportation operations in terms of vehicle-customer assignment. Fixed vehicle
capacities and the customers which cannot be served on the same routes, necessitate a
higher number of vehicles for satisfying the same demand amount comparing to the
case in which there is no rule for route generation. In our setting the highest cost is the
ownership cost which is in accordance with the number of assigned vehicles. Hence,
only one extra vehicle added to the fleet can cause a noticeable increase in total cost.
In scenario 2 and scenario 4 we cluster customers into groups, and hence the highest
gaps belong to these two scenarios. Highest gap for FO in Scenario2 is for problem
number 16 with value of 16.07% from the best bound. As it is seen in Table 2.6 PSS

reduced the gap value to 5.01%. The same pattern is tracible in Scenario4 with the
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highest FO gap belonging to 17. problem with value of 31.70% which is reduced to
7.12% by applying PSS. According to Table 2.9, PSS variations enhance the solution
by generating a variety of neighborhoods through cost data perturbation and sub
problem order randomization. Table 2.9 illustrates that the highest gaps in three of the

four scenarios belong to FO which proves the effectiveness of PSS metaheuristic.

Considering PSS variations, it seems that PSSI with perturbation factor of 20%
outperforms the other two versions. According to Table 2.9, minimum gaps three of

four scenarios belong to PSS (3,).

Table 2.6: Deviations from objective function value for FO and PSSI (3,)

Problem Scenariol Scenario?2 Scenario3 Scenario4
No

FO PSSI FO PSSI FO PSSI FO PSSI

1 14.70%* 9.95%*  3.76%*  3.76%* 17.61% 10.93% 15.62%* 15.62%*

2 457% 3.53%  7.46%*  7.46%* 1.34%* 1.64%* 21.17%* 6.94%*
3 1.65%* 1.41%* 10.29%* 10.26%* 2.06% 1.44% 12.93%* 12.28%*
4 9.90%  1.55% 16.58%* 4.77%* 17.05%  11.55% 12.00%* 12.00%*
5 415% 3.07%  2.18%* 2.18%* 1.43% 1.29%  5.60%*  5.60%*
6 1.90%* 1.30%* 10.06%* 10.04%* 1.47% 0.87%  7.67%*  7.66%*
7 13.66%  4.00% 14.72%* 6.56%* 13.91%  13.96% 11.50%* 11.50%*
8 247%* 1.62%*  8.38%* 6.27%* 11.71% 1.01% 20.78%* 10.04%*
9 0.98% 0.98% 10.19%* 10.17%* 2.20%* 2.04%* 6.83%* 6.83%*
10 12.98% 13.15%  14.49% 14.49%* 13.51% 7.26% 11.19%* 11.19%*
11 2.34% 1.60%  7.75%* 6.17%* 9.88% 1.01% 27.42%* 10.78%*
12 1.35%* 1.28%* 10.00%*  9.97%* 1.98%* 1.32%* 7.10%*  7.10%*
13 12.93%  9.46% 15.70%* 4.16%* 15.69% 9.99% 12.67%* 12.63%*
14 1.18% 0.22% 10.31%* 6.62%* 13.82% 0.31% 20.35%*  7.11%*
15 0.06%  0.23% 0.00% 0.00%  0.94% 0.76%  5.70%*  5.69%*
16 13.88%  9.94% 16.07%* 5.01%* 15.79%  11.96% 12.25%* 12.25%*
17 1.79% 1.02%  9.96%* 6.76%* 0.60% 0.60% 31.70%*  7.12%*
18 0.06%  0.46% 0.00% 0.46% 1.25% 0.76% 21.33%* 21.32%*
19 12.60% 13.05% 14.01%* 15.10%* 13.48% 7.66% 12.15%* 12.11%*
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20 1.46% 0.81%  7.68%* 7.68%* 0.31% 0.60% 29.99%* 21.24%*
21 029% 0.23%  0.00%  046% 1.76%  0.76% 3.78%**  3.77%*
22 11.95% 12.24% 14.68%* 15.87%* 7.29%  7.29% 11.80%* 11.80%*
23 1.50% 0.81%  7.29%*  7.29%* 13.33% = 0.32% 21.74%* 21.74%*
24 029% 0.23%  0.00%  046% 141%  0.76%  3.20%*  3.20%*
Ave 536% 3.84%  8.82%  6.75% 7.49%  4.00% 14.44%  10.73%
Table 2.7: Deviations from objective function value for FO and PSSI (§3,).
Proble Scenariol Scenario?2 Scenario3 Scenario4
m e FO PSSI FO PSSl FO PSSl FO PSSl
1 14.70%*  9.95%  3.76%*  3.76%*  17.61  11.22 1562%  15.62%
2 457% 051%  7.46%*  7.46%* 1.34% 1.64% 21.17%  6.94%*
3 1.65%* 1.22% 10.29% 10.26% 2.06% 1.36% 12.93%  12.28%
4 9.90% 9.90% 16.58%  4.77%*  17.05 1164 12.00%  12.00%
5 415%  1.35% 2.18%*  2.18%* 1.43% 1.12%  5.60%*  5.60%%*
6 1.90%*  1.40% 10.06%  10.04% 1.47% 1.18%  7.67%*  7.66%*
7 13.66%  12.49 14.72%  6.56%* 1391 7.53% 11.50% 11.50%
8 2.47%*  1.24%  8.38%* 6.27%*  11.71 1.01% 20.78%  10.04%
9 098% 1.02% 10.19%  10.17% 2.20% 1.90%  6.83%*  6.83%*
10 12.98% 4.13% 14.49%  14.49% 1351 7.26% 11.19%  11.19%
11 234% 1.32%  7.75%* 6.17%* 9.88% 1.01% 27.42%  10.78%
12 1.35%* 1.11% 10.00%  9.97%* 1.98% 128%  7.10%*  7.10%*
13 12.93% 9.46%  15.70%  4.16%* 1569 9.99% 12.67% 12.63%
14 1.18% 0.26% 10.31% 6.62%*  13.82 0.60% 20.35%  7.11%*
15 0.06% 0.46%  0.00%  0.00% 0.94% 0.76% 5.70%*  5.69%*
16 13.88%  9.94%  16.07%  5.01%* 1579 1133 12.25%  12.25%
17 1.79%  1.07%  9.96%* 6.76%* 0.60% 0.60% 31.70%  7.12%*
18 0.06% 0.46%  0.00%  0.46% 1.25% 0.70% 21.33%  21.09%
19 12.60%  454% 14.01% 1510% 1348 7.66% 12.15% 12.11%
20 1.46%  1.02%  7.68%*  7.68%* 0.31% 0.29% 29.99%  11.75%
21 0.29%  0.46% 0.00% 0.00% 1.76% 0.76%  3.78%* 3.77%*
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22 11.95% 12.46 1468% 1587% 7.29% 7.29% 11.80%  7.60%*

23 1.50% 0.87%  7.29%*  7.29%* 13.33 0.60% 21.74%  12.59%
24 0.29%  0.23% 0.00% 0.46% 141% 0.76%  3.20%*  2.99%*
Ave 536%  3.62% 8.82% 6.73% 7.49% 3.73% 14.44% 9.76%

Table 2.8: Deviations from objective function value for FO and PSSI|I.

Problem Scenariol Scenario2 Scenario3 Scenario4

No FO PSSII FO PSSII FO PSSII FO PSSII

1 14.70%* 1.69%*  3.76%*  2.55%* 17.61% 13.38% 15.62%* 14.23%*
2 457% 4.15%  7.46%*  7.39%* 1.34%* 1.61%* 21.17%* 6.09%*
3 1.65%* 1.34%* 10.29%* 10.26%* 2.06% 0.87% 12.93%* 7.77%*
4 9.90% 0.97% 16.58%* 4.04%* 17.05% 12.44% 12.00%* 10.15%*
5 415% 354% 2.18%* 1.57%* 1.43% 1.19% 5.60%* 3.91%*
6 1.90%* 1.75%* 10.06%* 32.71%* 1.47% 0.95% 7.67%* 2.75%*
7 13.66% 13.71% 14.72%* 10.90%* 13.91% 13.44% 11.50%*  7.52%*
8 247%* 1.62%* 8.38%* 7.00%* 11.71% 1.01% 20.78%*  4.86%*
9 0.98% 1.67% 10.19%* 32.74%* 2.20%* 1.39%* 6.83%* 1.58%*
10 12.98% 13.90%  14.49% 11.04%* 1351% 11.77% 11.19%*  7.05%*
11 234% 1.32% 7.75%* 6.46%* 9.88% 1.01% 27.42%* 5.32%*
12 1.35%* 1.43%* 10.00%* 32.55%* 1.98%* 1.53%* 7.10%* 2.20%*
13 12.93% 13.86% 15.70%* 14.73%* 15.69% 9.99% 12.67%* 10.84%*
14 1.18% 1.30% 10.31%* 9.40%* 13.82% 8.54% 20.35%*  4.78%*
15 0.06%  0.00% 0.00% 19.20% 0.94% 0.78% 5.70%*  3.37%*
16 13.88% 13.67% 16.07%* 13.48%* 15.79% 16.00% 12.25%*  9.86%*
17 1.79% 1.12%  9.96%* 8.66%* 0.60% 0.60% 31.70%*  4.83%*
18 0.06%  0.00% 0.00% 19.01% 1.25% 0.74% 21.33%* 18.37%*
19 12.60% 12.65% 14.01%* 12.31%* 13.48% 11.94% 12.15%* 11.16%*
20 146% 130% 7.68%* 6.87%* 0.31% 8.54% 29.99%*  6.34%*
21 0.29% 0.13% 0.00% 19.11% 1.76% 0.76%  3.78%*  1.28%*
22 11.95% 12.07% 14.68%* 12.73%* 7.29% 11.28% 11.80%* 11.00%*
23 150% 1.02% 7.29%* 6.57%* 13.33% 8.54% 21.74%*  6.79%*
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24 0.29% 0.13% 0.00% 18.78% 1.41% 0.76% 3.20%*  0.76%*

Ave 5.36%  4.35% 8.82% 13.34% 7.49% 5.79%  14.44% 6.78%

Table 2.9: Average, Min and Max gaps from optimal/best bound for FO, PSSI and
PSSII.

Average Gap

Scenariol Scenario2 Scenario3 Scenario4

Methods
FO 5.36% 8.82% 7.49% 14.44%

PSSI (B4) 3.84% 6.75% 4.00% 10.73%
PSSI (B,) 3.62% 6.73% 3.73% 9.76%

PSSl 4.35% 13.34% 5.79% 6.78%
Min 3.62% 6.73% 3.73% 6.78%
Max 5.36% 13.34% 7.49% 14.44%

2.6.3.2 Fleet composition

Table 2.10 and Table 2.11 present the fleet composition and average number of
assigned vehicles for FO, PSSI, and PSSI|I, respectively. Table 2.12 shows the total
average vehicle usage for all four solution techniques. In these tables, the columns "L"

and "S" represent large and small vehicle types, respectively.

When analyzing the average vehicle numbers across different scenarios, it is evident
that the addition of clusters leads to a similar pattern as observed in the objective
function values. In Scenario 3, where routes can be generated freely without any
limitations on customer addition except for s,,,,, the average number of large and
small vehicles is significantly lower compared to Scenario 4, where not all customers
can be served on the same route. For example, when applying PSSI with a perturbation
factor of 10%, the average number of used vehicles in Scenario 3 is approximately

2.67, while in Scenario 4, it is around 2.75.

Demand increase is another crucial factor influencing fleet size and vehicle

combinations. In Scenarios 3 and 4, where demand is 50% higher than in Scenarios 1

42



and 2, the average number of vehicles also increases accordingly. For instance, in
Scenario 1, when applying PSSI (B1), the average number of vehicles is 2.29, whereas

in Scenario 3, it rises to an average of 2.79.

Comparing the solution methods and the results summarized in Table 2.12, it becomes
evident that the highest number of vehicles is used when employing the FO approach.
Implementing the PSS metaheuristic brings improvements in terms of vehicle usage
and cost savings. However, there is no significant difference between the results

obtained from the two PSS variations.

Table 2.10: Average vehicle numbers from FO and PSSI variations.

Scenariol Scenario2 Scenario3 Scenario4
. PSSl Pssl . PSSl PSS . PSSl PSSl - PSSI PSSI
(By) (B2) B1) (B2) (By) (B2) By) (B2)

L s L S L S L S L S L S L S L S L S L S L S L S

A 0 1 0 1 0 1 0 1 0 1 0 1 o046 2 054 2 067 2 092 2 121 1 138 1

Table 2.11: Average vehicle numbers from FO and PSSII.

Scenariol Scenario2 Scenario3 Scenario4
FO PSSl FO PSSl FO PSSl FO PSSl
L S L S L S L S L S L S L s L S

Ave 050 179 050 1.75 0.46 183 05 18 046 233 067 192 0.92 217 08 1.92

Table 2.12: Average total vehicle usage for FO, PSSI and PSSII.

Average Vehicle Usage

Scenariol Scenario2 Scenario3 Scenario4

Method

FO 2.29 2.29 2.79 3.08
PSSI (B,) 2.13 2.08 2.67 2.75
PSSI (B,) 2.08 2.13 2.67 2.75
PSSl 2.25 2.25 2.58 2.67
Min 2.08 2.08 2.58 2.67
Max 2.29 2.29 2.79 3.08
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2.6.3.3 Computational time.

Regarding computational time, as shown in Table 2.13, the longest solution times are

observed in Sc2 and Sc4. These scenarios involve grouping customers into specific
clusters, where not all customers are allowed to be included. Consequently, serving all
customers requires a higher number of vehicles, leading to an increase in potential
solution choices. More choices for vehicle assignment result in longer solution
durations. Among the different variations of the PSS metaheuristic, PSSII, which
randomizes the subproblem order, achieves the shortest solution duration. This is
because in FO, where the main problem is divided into integer and non-integer blocks
of subproblems, the order of solving these subproblems significantly impacts the
computation. Randomizing the solution order of subproblems leads to a decrease in
CPU time.

Comparing the solution times for FO and the PSS versions while considering the
number of solved instances, it is evident that the CPU times for the PSS variations are

reasonable, given the improvements they bring in terms of solution quality.
Table 2.13: Average solution durations in seconds for FO, PSSI and PSSII.

Average Solution Time

Method  Scenariol Scenario2 Scenario3 Scenario4
FO 746.28 135.12 38.76 231.72
PSSI (B,) 991.94  5818.16  1056.24  9152.84
PSSI (B,) 99136 5758.25 1029.40 9043.18

PSSII 820.11  5947.11 813.44  7908.26
Min 746.28 135.12 38.76 231.72
Max 99194 5947.11  1056.24  9152.84

2.7 CONCLUSION

The initial part of this thesis explores two new approaches to address the previously
proposed problem of integrated fleet sizing and delivery planning, where candidate

replenishment frequencies are pre-determined. Our objective is to determine
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replenishment plans for clients based on defined delivery frequencies, which are
determined by the number of weeks between deliveries, including a daily
replenishment option. The demands are transported to their respective destinations
using a diverse fleet of trucks. Since this problem involves strategic decision-making,
we need to use approximations for routing costs rather than precise details. Our main
goal is to find the optimal customer-vehicle-frequency assignment at the lowest cost.
However, due to the NP-hard nature of the problem, conventional tools like CPLEX
may not provide the best solutions within a reasonable timeframe, particularly for

larger instances.

In this study, we improved the ADP algorithm and showcased its efficacy by applying

it to a range of randomly generated instances with diverse characteristics.

The second solution method implemented, the Problem Space Search (PSS) is a
straightforward metaheuristic method that utilizes a heuristic to create a new search
space within the original problem space by temporarily modifying the data or
parameters of the problem-specific heuristic. We consider two versions of PSS in this
research. In PSSI, cost data is perturbed and fed to the fix and optimize, while in PSSII,

the order in which the fix and optimize subproblems are handled is randomized.

The results showed that the inclusion of clusters in the fleet sizing and replenishment
planning problem led to more challenging problems with higher annual costs. This
increase was attributed to the limitations imposed by geographical clustering on

transportation operations and vehicle-customer assignment.

Applying PSS-based metaheuristics significantly reduced the gaps in comparison to
the Fix-and-Optimize (FO) approach. The PSS variations demonstrated their
effectiveness in enhancing the solution quality by generating diverse neighborhoods
through cost data perturbation and subproblem order randomization. Among the PSS
variations, PSS-1 with a perturbation factor of 20% outperformed the other versions,

exhibiting the minimum gaps in three out of the four scenarios.

Regarding fleet composition, the average number of assigned vehicles aligned with the
patterns observed in objective function values. The addition of clusters led to increased
average numbers of large and small vehicles. Demand increases also influenced fleet

size and composition.
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In terms of computational time, scenarios involving customer clustering and
limitations on customer insertion exhibited higher solution times. PSSII demonstrated
the lowest solution duration among the PSS variations. Comparing solution methods,
it was evident that the PSS variations offered substantial improvements in both
solution quality and computational efficiency, making them viable alternatives to the
FO approach.
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3 EXTENDED PROBLEM WITH GENERALISED DELIVERY PATTERNS

3.1 Introduction

Retailers are under pressure due to narrow profit margins, compelling them to
consistently pursue operational excellence in logistics. Enhancing the effectiveness of
product delivery from distribution centers to stores remains a continuous endeavor
within the retail industry. As stated in Agrawal & Smith (2015) [1], retail
establishments must ascertain the most advantageous delivery strategies and
streamline the routes taken by vehicles to restock store inventory from warehouses. In
the realm of grocery retail, stores often adhere to recurrent weekly demand trends. As
a result, these retailers address both customer and store requirements by periodically
restocking their stores through specific delivery schedules. These delivery patterns
encompass a particular selection of weekdays when deliveries from the distribution
center consistently reach a specific store within standard weeks — those that lack public
holidays — over a designated planning period. Research evidence confirms that most
grocery businesses adopt such delivery patterns, typically tailored based on sales
volume and store dimensions (Kuhn & Sternbeck (2013) [32]).

Implementing repetitive and store-specific delivery patterns brings forth several
advantages:

(1) Organizing the workforce for the task of replenishing shelves becomes notably
simpler, as the restocking orders consistently arrive at stores on the same
weekdays every week (Gaur & Fisher (2004) [20]).

(2) Similarly, from a transportation standpoint, these delivery patterns provide an
opportunity to establish fundamental cyclic routes during each corresponding
planning phase.

(3) In the distribution center, the allocation of staff and the planning of shifts can
be aligned with projected cumulative picking volumes, which are contingent
upon the selected delivery patterns across all stores

(4) Retailers generally adopt policies of periodic inventory assessment (Cachon
(2001) [11]; Van Donselaar et al. (2010) [55]).
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Whenever the inventory on store shelves reaches or dips below a predetermined
reorder level, an order for replenishment is initiated. The adoption of a cyclic strategy
for ordering and delivery permits regular adjustments to reorder levels. This reduction
in management oversight simplifies logistics planning in subsequent planning phases
( Schoneberg et al. (2010) [43], Hibner et al. (2013) [26]). As a consequence, the
chosen delivery patterns significantly impact efficiency within the operational
segments of an internal retail supply chain, encompassing the distribution center,
transportation, and in-store logistics. Since the intervals between orders are a product
of the applied delivery pattern, a series of volume effects arise along the supply chain,
exerting substantial influence on logistics costs ( Cachon (1999) [12]). Thus, the retail
industry acknowledges the selection of delivery patterns as a vital lever to harmonize
the requirements of the distribution center, transportation, and in-store aspects. Despite
the complexity associated with constructing suitable models and tools, the majority of
retailers haven't yet adopted comprehensive approaches that span all subsystems
during the allocation of delivery patterns to stores. This underscores the need for
effective decision support mechanisms to guide retail enterprises in achieving

decisions that are either "optimal™ or at the very least "nearly optimal.

Total cost of the retail distribution systems depends on routing and fleet related costs
on a great deal. Considering the role of the effective fleet sizing in profitability and
efficiency of the distribution systems, we integrated fleet dimensioning and

assignment to our model.

Moving on to the problem explored in the second section of the thesis, it revolves
around a collection of stores spread across a distinct geographical area. Here, the
demand for the stores is deterministic but exhibits seasonal trends. The fleet utilized
consists of both owned and rental heterogeneous trucks. Routing costs are
approximated through clustering, where stores are assigned to seed points.
Replenishments are conducted using suitable delivery patterns that not only fulfill the
store demands but also minimize the overall cost of transportation, delivery pattern

assignment, vehicle ownership/renting, and routing.
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3.1.1 Motivation and related literature

In our literature survey, we mainly focused on a review of retail-specific articles that
define models for the problem of delivery pattern assignment and provide solutions to
the developed models. Sternbeck & Kuhn (2014) [48] focuses on the tactical problem
of determining delivery patterns based on which grocery stores are routinely supplied
with products from various order categories by retail-owned distribution hubs. They
aim at minimizing the costs occurring in the store and the transportation DC. The
aspect which makes our problem different from the one studied in Sternbeck & Kuhn
(2014) [48], is that we determine the fleet size and combination in two demand seasons
as well as considering the costs of owning and renting fleets. They solve the suggested
model by CPLEX and analyze the results. In general, DP planning papers incorporate
pattern-dependent costs and examine their impact on total planning. They specifically
consider how the delivery sizes each day are affected by the DPs chosen. Gaur &
Fisher (2004) [20] present a method for determining a weekly delivery schedule based
on a periodic inventory routing problem. Ronen & Goodhart (2008) [40] analyze a
similar situation that includes DC expenses as well as additional extensions such as
restricted picking capacity, a heterogeneous fleet, and daily minimum utilization rates
for DC and transportation subsystems. They assign similar stores to clusters and set
patterns for them as we do in our problem, however, it is not performed sequentially.
Furthermore, they overlook in-store operations expenditures. Sternbeck & Kuhn
(2014) [48] are the first to thoroughly study the logistical processes in DCs,
transportation, and retail, as well as their dependencies on DPs. Their binary integer
program minimizes the sum of all specified costs and is applied to a real-world
instance. A cost matrix based on distance and order size is used to estimate
transportation expenses. Actual tours are neglected. Holzapfel et al. (2016) [24]
consider DC, transportation, and in-store logistics, and provide an innovative solution
strategy that clusters stores and approximates transportation costs using Fisher &
Jaikumar (1981) [19] logic. There are some similarities between the problem studied
in Holzapfel et al. (2016) [24] and the problem we consider here. We both put
customers into clusters based on their proximity and then assign delivery patterns. In-

store costs and transportation related costs are calculated the same way. Our problem
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is distinguishable from the one developed in Holzapfel et al. (2016) [24] in the

following aspects:

(1) We consider monthly delivery patterns while they consider weekly delivery

patterns.

(2) The vehicle fleet is heterogeneous in terms of carrying capacity, cost per

kilometer and ownership costs.

(3) Owned and rental vehicle fleet is available in both seasons.

(4) The seed point of a cluster is chosen based on the proximity of a customer to a

dummy seed.

(5) A limited number of stores can be served on daily clusters.

Here, we develop a planning concept to define repetitive delivery patterns according

to which stores of a grocery retailer are supplied from a distribution center. A delivery

pattern is a set of weekdays on which a delivery from the DC arrives to a certain store

on a regular basis during all normal weeks, i.e., weeks without public holidays, in a

planning horizon. As Kuhn & Sternbeck (2013) [31] prove, the majority of grocery

companies use such delivery patterns, which are designed considering the volume of

sales and the size of the stores.

According to Holzapfel et al. (2016) [24], using recurring and store-specific delivery

patterns has various advantages:

1)

2)

3)

4)

Scheduling the workers for the shelf replenishment process is significantly
easier because order replenishments arrive at a shop on the same weekdays
each week (Gaur & Fisher (2004) [20])
Similarly, in terms of transportation, delivery patterns allow for the creation of
basic cyclic routes during each planning period.
Staff deployment and shift planning can be altered at the DC based on predicted
aggregate picking volumes, which are determined by the delivery patterns
chosen across all stores.
Periodic inventory reviews are typically implemented by retailers. When shelf
inventory falls to or below a reorder level, a replenishment order is issued.
Using a cyclic ordering and delivery strategy allows reorder levels to be
adjusted on a frequent basis, which reduces overhead steering and simplifies
logistics planning in following planning modules.
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As a result, the delivery patterns chosen have a significant impact on the operational
subsystems of an internal retail supply chain, such as DC, transportation, and in-store
logistics. As mentioned previously, effective vehicle fleet utilization has a significant
impact on profitability of the companies who own or plan to rent a fleet. Hence,
bringing quality solutions to strategic fleet sizing and composition problem is a critical
logistical decision. Strategic fleet sizing problem mainly focuses on optimizing the
profitability of the companies by determining the most suitable fleet size and
composition. Detailed routing problems is normally not included at a highly detailed
level in strategic fleet management problems since routing decisions are daily
operational decisions. Hence, in our study, we consider routing costs in an
approximated fashion because detailed routing decisions changes daily and routing

costs constitute relatively small percentage of the total cost.

As far as we know, literature lacks research which considers integrated delivery pattern
planning and fleet sizing as a whole. We made contribution to the literature in sense
of developing a mixed integer programming model for the integrated delivery pattern
planning and fleet sizing problem and proposing effective and novel solution

techniques for the model considered.

3.2 Problem Description And Mathematical Formulation

This section, formulates a mixed integer programming model for selecting store-
specific delivery patterns, the fleet size and composition used for replenishing stores
and transportation tour clusters to minimize the total costs of the whole retail
distribution chain. This model is extension of the model suggested Dastjerd & Ertogral
(2019) [14] Each of the stores denoted by f, f € F, is supplied from a DC considering
the different delivery pattern r, r € R. Delivery pattern defines the days of delivery in
a specific repetitive delivery period, which is, one month in our problem setting. Each
delivery pattern r is assigned to one store f in season s and is denoted by the binary

variable x;.; € {0,1}. Cost of assigning a distinctive delivery pattern to a store is
illustrated by ¢, which includes ordering costs occured in stores, handling costs for

the stores and inventory holding costs of the stores in each season. We use an incidence
matrix g, to indicate whether a pattern includes a specific day or not. If day t is

included in pattern r, the corresponding g,.value is 1, and otherwise it is equated to
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zero. Here we assume that the delivery pattern of a store is repeated in all following
periods, e.g., months, till a major change occurs. The products delivered to store f on
day t in seaspn s is quantified by pallf,. and it is assumed that each day the stores
receive an amount of the products that fulfill the required demand for all articles until
next delivery day. The quantity is measured in terms of receiving pallets of goods.
Each store is considered to have a receiving capacity capz®“ which ensures that the
received products fit into the store capacity. Likewise, the DC is considered to have
picking capacity on each day maxcap?** and mincap?*®“. The picking volume for

store f on day t in season s is denoted by pick fys.

Additionally, the retailer is supposed to have two types of owned vehicles which differ
in terms of capacity, cost per kilometer and ownership costs. In high demand periods
retailers are allowed to rent vehicles from a third-party company. Each store is
assigned to a delivery tour k; a vehicle type v, a pattern r, on day ¢ and season s if
pattern rincludes day £and that specific store is assigned to pattern r, xsyys € {0,1}.
Binary variable y,,.t, indicates whether a vehicle type v is assigned to the delivery

tour &, pattern ron day ¢in season s.

The cost of serving a seed point and the additional costs occurring when a truck of type

vassigned to a delivery tour k adds store £ to its tour are distinguished by c;™sto%"

and ¢ P respectively. Any point in the distribution area can serve as a seed

point. Here, in this study, we used a combination of k-means clustering method and a
version of the technique suggested by Savelsbergh (1990) [41]. The transportation and
routing costs are approximated by the same logic as the one presented in Fisher &
Jaikumar (1981) [19].

Some assumptions we made in model development are as follows:

e Stores receive deliveries a maximum of once per day.

e Each store gets replenished by a store-specific monthly delivery pattern.

e The monthly delivery pattern repeats all months of the entire planning horizon,
e.g., one year.

e Store delivery lead times are deterministic and predetermined.

e The product range is homogeneous in the sense of products that can be
packaged together on a common pallet or roll cage.
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The transportation fleet is heterogeneous and unlimited.

There are owned and rental fleets available for different demand seasons.
Each truck can carry out a maximum of one delivery tour per day.

The capacity for receiving goods at a store is limited and implies limited

storage space in the backroom.
The workload at the DC is restricted between a minimum and maximum level.

Each truck can visit a limited number of stores in a single tour on a single day

of each delivery pattern.

The notations used and the mathematical model is presented below:

Sets:

F: Stores, F ={1,2,...,f,..,|F|} and f = 0 symbolizing the DC.

K: Clusters, tours, K = {1,2, ..., k,..|K|}; |K| quantifies the number of tours

R: Delivery patterns, R = {1,2,...,7, ..., |R|}

T: Days, T = {12,..,t,..,|T|}, |T| quantifies the length of one delivery cycle

V: Vehicles,V = {1,2,...,v,...,|V|}

S:  Seasons, S={1,2,...,|S|}, s = 1 and s = 2 represent low and high seasons, respectively

Parameters:

C}:S: Costs at the subsystems DC and store, independent of tour setting, applying
pattern r for store f in season s.

Cfranstour. Transportation costs supplying cluster k with vehicle v

C;;gns“"?; Stoppage costs for cluster k with vehicle v

cownershiv. Ownership cost of vehicle v

crental; Renting cost of vehicle v
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Cap;®©: Receiving capacity of store f

Capstore: Number of stores that can be visited on a single delivery tour by vehicle v
Caplrans: Truck v capacity

Irt: Binary parameter; 1 if a delivery on day t takes applying pattern r; otherwise 0
maxCapfiCk; Maximum picking capacity to be used at DC on day t

mmCapfiCk; Minimum picking capacity to be used at DC on day t

palls: Pallets delivered on day t to store f applying pattern r in season s

pickfyes: Picking effort at DC on day t for store f applying pattern r in season s

Decision Variables:

Xfrs: Binary variable; 1 if pattern r is assigned to store fin season s; otherwise 0

Xekrevs.  Binary variable; 1 if pattern r is assigned to store f and store f is assigned to
cluster k and vehicle v on day t in season s; otherwise 0

Vitvs- Total number of the vehicles of v assigned to cluster k on day t in season s

Nys: Total number of assigned rented vehicle v in season s

0,: Total number of assigned owned vehicle v

Mathematical Formulation:

TCS:ZfEF ZrER ZSES C‘;"xfrs + ZkeK ZteT ZUEV ZSES Clglraanswur:)/ktvs + 31

t t
ZfeF ZkeK ZreR ZtET ZveV ZSES C ]:gnss Oprkrtvs + Z‘UEV Zses Cgentales
f

Min TC= Zses asTCs"'ZveV ngnership 017
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Subject to:
ZTER xfrs =1
ZUEV ZkeK Xfkrtvs = Grt Xfrs

pick

pick .
= ZfEF ZT’ER plefrts Xfrs < maxcapt

minCap;
ZreR pallfrtsxfrs = Cap}”ec

trans

Yrer Zrer PAllres Xpprens < Capy ™™ Yieps
Ykek Yitvs < Op

2kek Yitws < Nys

Yrer er GreXprrtos < Capytoe

Xfrs € {0'1}

xfkrtvs € {0'1}

Yktvs €€ {0'1}

Our objective aims at minimizing the total annual costs caused by delivery pattern
assignment, serving stores, adding stores to delivery tours, using owned and rented
vehicle fleets. With the first constraint (3.2) we assure that in each of the two seasons
only one delivery pattern is assigned to each of the stores. In second constraint (3.3),
we assign a store to a vehicle and delivery tour with pattern  on day t in season s if
and only if that store is assigned to pattern rand the day ¢is included in pattern rin
that season. Constraint number (3.4) is used to assure that the picking effort at DC for
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each day is between its maximum and minimum picking capacity. Store receiving
capacity is considered in constraint number (3.5). Constraint (3.6) restricts that the
number of pallets transported by vehicle v on a delivery tour k on day t in season s
must be less than or equal to the vehicle’s capacity. By constraints (3.7) and (3.8) we
calculate the total number of owned and rented vehicles which are used to perform the
delivery operations. Due to time, distance and limited vehicle capacities each vehicle
can serve a limited number of stores in a tour on a specific delivery day. We assured
this by adding constraint (3.9) to our model. Constraints (3.10)-(3.14) gives the domain

for the decision variables.

3.3 Complexity Analysis Of The Problem

In this section we show that the problem tackled in here is a NP-Hard problem through
polynomial time reduction from the “One- dimensional bin packing problem” which
is proved to be strongly NP hard in E. G. Coffman et al. (1997). In the bin packing
problem, objects of different volumes must be packed into a finite number of bins or

containers each of volume V in a way that minimizes the number of bins used.

Considering our problem, under some assumptions we can transform the current

problem to bin packing problem in pseudo-polynomial time:

e Asingle season

e Single type owned vehicles

e single delivery tour/seed point

¢ single delivery pattern containing a single delivery day

Y C’Z;anstour — 1

~ transsto ownershi
e (,=C P=c" P=0

r fkv

° Cl‘;rentalzoo
Under these assumptions our problem turns into a one-dimensional bin packing
problem, where we try to minimize the number of vehicles.
3.4 Solution Techniques

As solution method, we implemented three different versions of Fix and optimize
heuristic with an additional improvement step. The Fix and Optimize heuristic is a

two-phase approach which works by dividing a problem into smaller subproblems that
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are solved repeatedly. In the first phase, we break the problem down into
subproblems/subgroups of variables and then solve it by setting variables in only one
subproblem as integers, and taking the remaining variables as either fixed to the values
found in the previous iterations or as linear variables. The solution for binary variables
found in an iteration is fixed and used in the next one. This procedure is repeated until

all variable values are found. The exact steps of first phase are given below.

FO heuristic —Phase |

1. Divide the customers into P sub groups with equal number of customers, or as
equal as possible. Divide the decision variables in to P sub groups
corresponding to P customer groups. Let A; be the set of binary variables in ith

sub group.

2. Set the iteration counter i to 1.

3. If i > 1, Fix the binary variables in A; to the values of variables in iteration
i—1forj = 1..i — 1.

4. Set the variables in A; as binary variables.

5. Relax the binary variables in A; for j = i + 1..P as linear variables.

6. Solve the complete model
7. Seti =i+ 1.1fi <= Pgotostep3.1fi > P,STOP.

The second phase aims at bringing improvement to the solution of the first phase. At
each iteration, we set variables of one subproblem as binaries and reoptimize them
while we keep all other variables fixed to the solution found in the previous iteration.
If there is any improvement in the solution, the results are saved and procedure is
continued till all the subproblems are checked. The steps for the second phase are given

below.

FO heuristic —Phase 11

1. Take the solution from Phase | as the current solution.

2. Set the iteration counter i to 1.
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3. If i = 1 Fix the values of variables in A; for j = i + 1... P to the values found

in the current solution.

4. 1If i > 1 Fix the values of variablesin 4; forj =1...i—landj =i+ 1..Pto

the values found in iterationi — 1

5. Define the variables in A; as binary variables. (Note that all other variables in

other subgroups are fixed)
6. Solve the complete model andseti = i + 1.

7. Check the objective value, if the objective value is better than best solution so
far and i < P, update the best solution as the current solution (improved
solution) and go to step 4. If no improvement occurred in the current iteration
and i < P go to step 4. If no improvement occurred in the current iteration
andi > P STOP and RETURN the solution.

Fix and Optimize versions proposed here differ in terms of subproblem generation

criterion:

1. Store based subproblems
2. Delivery day based subproblems

3. Cluster based subproblems

3.4.1 Store based subproblems

As it is apparent from the title, each sub group contains a fixed number of stores and
the variables for one of those groups is defined as binaries and other groups are left as
LPs. The solution of each iteration is fixed for the binary part and the iterations
continue till all the variables are set to binaries or integers. The steps for the second

step are the same as the ones described in previous reports.

3.4.2 Delivery day based subproblems

In delivery day based subproblem generation, we divide problem based on planning
period. At each iteration, we define variables for a set of a number of t values
(depending on the appropriate size of subproblems) as IPs and relax variables in other
subproblems. In FO, the matter is always about the trade-off between solution quality

and solution time reduction. That is, when choosing larger sized subproblems, the
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higher number of IP variables produce a better solution in terms of deviation from
optimal/best bounds but may cause solution durations to increase significantly. On the
other hand, smaller sized subproblems, may produce a worse solution in much more
shorter time due the higher number of relaxed variables. So, subproblem size

determination is a key decision in these types of heuristics.

3.4.3 Cluster based subproblems

In this version, we generated a new index set for the customers based on the ones that
are served on the same delivery tour or are assigned to the same seed point. In
preprocessing step for model solution, we used K-means algorithm for finding seed
points and developed a model for assigning customer to their nearest seeds. Thus,
when customers of the same delivery tour are taken as a subproblem in fact the
customers which are nearest to each other are put into the same subproblem. FO,
divides the main problem into smaller subproblems for one of which the variables are
defined as binaries and for the others as linearly relaxed ones.

Stores are assigned to a seed point/cluster in preprocessing step by using a k-means
clustering algorithm and a mathematical model. Then, the indices for the stores which
are assigned to the same cluster are stored and passed to the FO for being used in
subproblem generation. In this version of FO, we put the customers of same clusters
in the same subproblem and apply FO steps. The logic behind this division criteria is
that the customers are assigned to the seeds/clusters which are closest to them in terms
of distances. In our main model, we aim at minimizing total annual costs where one of
the cost components is the cost of transportation that considers distances from stores
to seed points and from stores to other stores. When stores in the same cluster are put
into the same subproblem, the distance is automatically minimized hence the solution

quality increases.

3.5 Improvement Algorithm

We introduce a two-phase enhancement algorithm aimed at further refining the
outcomes achieved through the FO approach. Upon dissecting the characteristics of
the solutions produced by FO, it becomes apparent that the notable deviations from

best-bound values primarily stem from the excessive utilization of vehicles. Given that
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vehicle ownership costs constitute a predominant expense in our context, the addition
of an extra vehicle compared to the optimal solution significantly impacts the objective
function's value. The detailed procedure during the steps of the improvement algorithm

is described in the following subsections.

3.5.1 Improvement algorithm phase I

The enhancement algorithm concentrates on the optimization of fleet composition and
size. In the initial phase, we meticulously investigate solutions in which each vehicle
type in the FO-derived solution is systematically augmented and reduced by one unit,

while keeping the quantities of other vehicles constant.

In the first phase of the algorithm, after fixing all the variables to integer values by fix
and optimize implementation, the final vehicle fleet composition is saved in an array
IV as values for x. Next, one large vehicle is added to the fleet and the total number of
large vehicles is used as an upper bound for large vehicle assignment (the new vehicle
set is called V'). If the objective value for large vehicle addition, Cost’ is smaller than
the value from the FO, Cost, we add another large vehicle to the fleet and update the
objective function value. The process goes on in this fashion until there is no
improvement in the total cost. On the other hand, if no improvements occur, the
algorithm moves to the next step. That is, one large vehicle is excluded from the fixed
vehicles set taken from FO. This operation goes on again until there is no improvement
in the total cost. The next move is to add a small vehicle to the fleet and repeat it until
stops improving the objective. The last step of first improvement phase is to exclude
one small vehicle from the fleet and reapply FO to improve the objective function

value as much as possible.

3.5.2 Improvement algorithm phase 11

In the second phase of the improvement approach, we defined two neighborhoods for
the existing solution: exclude one large vehicle and add a small vehicle instead and
remove two small vehicles and add a large vehicle to the fleet. The revised vehicle set
V' is used as upper bound for vehicle assignment constraint. FO is applied to the
problem using defined neighbors. If the solution from second step, Cost'’ is better than

the one from the first step, Cost’, the solution is updated and first phase is re-started
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using new vehicle composition. If not, algorithm stops and reports the solution for the
problem.

The flowchart for improvement algorithm steps is given in Figure 3.1.

Take Cost and v/
from FO

L

Generate neighbor
v

I

Apply FO get Cost”

Yes
Cost = Cost”
vV =\

No

Generate neighbor
v

L

Apply FO and get
Cost””

Yeg Cost = Cost™”
Vo=V

No

Stop and save the
results

Figure 3.1: Steps for improvement algorithm.

3.6 Numerical Analysis

For solving the MIP, we need to pre-calculate some parameters at first. That is, the
location of seeds should be known in order to calculate the transportation and tour
generation costs. In the following subsections, we describe the process to seed
generation, transportation cost calculation and also explain the dataset generation

method.
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3.6.1 Seed point generation

Number of clusters, |K|, is needed as an input for the model. Number of clusters is
equal to the maximum number of feasible delivery tours per day and the number of the
available trucks for seed point generation. We approximated this number by dividing
the number of stores by the maximum possible number of stores which can be visited
in a single tour/cluster and multiplied the results with seasonal increase parameter 1.5;
that is, for example for f = 20 we have k = [20/6] * 1.5 = 6. Rounding up this
quantity to the next integer value results in the number of trucks that are necessary to
ensure that all stores can receive their required products on all days of the delivery
cycle. This approximation generates a reasonable number of trucks and reasonable
delivery cluster sizes. In the unlikely case that the number of trucks approximated does
not lead to a feasible solution, the number is increased by one until a feasible solution
can be generated. As a result, we have 6, 9, 12 and 18 seed points/clusters for 20, 30,

40 and 60 stores, respectively.

After approximating the number of possible seeds and trucks, we use the following

algorithm in order to determine the exact seed locations and generate delivery tours:

(1) Defines the initial locations of seed points for all clusters k. There are many
different ways to generate initial seeds, here we used the points which are
randomly distributed along the delivery area. Random coordinates are
generated using MATLAB and then feed into JAVA for the rest of the

procedure. Distance between seed points, represented by crdSka(l) and
crdSka(l), and the store coordinates, given by crdSt; and crdSt]f is

calculated using a Euclidean metric. The iteration index is denoted by [.

(2) Step 2 entails assigning clusters and determining the location of seed points

(2.1) An MIP is used to minimize the travel distances TD between seed
points and their associated stores by assigning store fto cluster k,
expressed by zg ) € {0,1} (Table 3.1 presents the notations for the MIP).
Each store is assigned exactly to one cluster (see (2)). Constraint (3)
ensures that the volume to be delivered to all stores assigned to a specific
cluster- assuming daily deliveries- must be equal or less than the truck

capacity, cap®™ ™ on each day of the delivery cycle. This guarantees that

62



all of the stores in a certain cluster can potentially be supplied on one single

tour each day.

Table 3.1: Notations used in cluster generation model.

Parameters

voly, Demand volume at store f on day t, measured in
pallets

crdStf, crdSty x and y coordinates of store £

Decision and  auxiliary

variables

it Distance between store f and the seed point of
cluster k

crdSPg, crdSPky xand y coordinates if the seed point of cluster k&

Zf ) Binary variable; 7 if store fis assigned to cluster %;
otherwise, 0

. dist(l

MinTD' = Y feF 2kek cf,;ft( ).Zf’k (3.15)

s.t.

Ykek Zrk = 1 VfEF (3.16)

Yrer Vol i zp ) < capt™ns vkeK,teT (3.17)

zr . € {0,1} VfeF,keK (3.18)

63



(2.2) If TDW is not equal to the previous iteration TDU=1 or at least there is a
difference greater than a small number e between them, we update the seed point

coordinates for the iteration [ + 1 as follows:

crd.S'ka(Hl) = ZfEF CTdSfo -Zf(,ll)c/ZfEF Zf(ll)c

+1 l l

That is, the coordinates of the seeds in iteration [ + 1 is set to the mean of the

coordinates of the stores assigned within the previous iteration. Then the value of

cﬁfta“) iIs updated and this procedure continues until there is no further

improvement. The steps for k-means algorithm are described below:

1) Initialize seed points and distances

Setl=1andTD® =0
Initialize crdsp" and crdsp}® vk e K

Calculate ¢#5*®

e VfEF,keK

2 Iteration
(2.1) Assign stores to the clusters by solving the MIP according to

(3.15)- (3.18)
(2.2) Check objective value and update location of seed point if necessary

If |TD® — TDED| > € then

Set | =1+ 1, calculate crdSPy” and crdsP)® vk ek and ¢/

VfEF, keEK
Continue with (2.1)

Else stop iteration
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The process yields the location of the seed points for each cluster k, as well as an

exhaustive and disjunctive assignment of all stores f to a single cluster k. The
calculation of the transportation cost parameters cf,™“*" and cp, """ is based on

this assignment.

3.6.2 Transportation and routing cost calculation

transtop

The calculation of c£L*stour and Criew is performed based on the method

suggested in Holzapfel et al. (2016) [24]. They apply the logic of Fisher & Jaikumar

(1981) [19] and approximate the real tour costs on a tactical level.

Figure 3.2 illustrates the determination of the two transportation cost parameters for a
certain assignment on the basis of distance- dependent transportation costs. For
example, there are two possibilities for supplying store 4 from the DC, i.e., f = 0: either
on a tour based on the cluster with the seed point A or on a cluster with the seed point
B (A, B € K). The calculation example shows that assigning store 4 to cluster A results
in lower costs than assigning it to cluster B. Supplying store 4 as part of the tour of
cluster B, however, can be advantageous, if for example stores 1, 2 and 3 are not
supplied on certain days, but stores 5 and 6 are. Then it is favorable to include store 4

on a tour with seed point B and not to start a new tour with seed point A on this day.

In our dataset we took cost per kilometer as 7,8.5 and 10 for small owned, large owned
and rental vehicle, respectively. Ownership and rental cost are taken as 70,85 and 100.
In terms of carrying capacity, we assumed that small trucks are capable of carrying
average monthly demand of the stores with a tolerance of 30 pallets. Hence, the

capacities are 110,160 and 160 pallets, respectively.

CirAmStOUT = 2. ¢op = 2.6 = 12

CEranstour = 2 ¢y = 2.4 = 8

transtop

Caa =CoatCap—Coa=6+2-7=1
Ci;anstop =CopptCip—Cop=6+12—4=14
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Figure 3.2: Example of calculating cost parameters ci.a™st%" and c;rk‘;"”t""

O Store

@ . Seed point

© o®

®. ®

3.6.3 Dataset generation

We defined 8 general scenarios based on the combination of two different sizes of
delivery areas, i.e., “District” (200 kilometer X200 kilometer) and “State” (400
kilometer x 400 kilometer), three different store quantities located in these areas, i.e.,
|F| = 20,30, 40,60; and one delivery pattern sizes i.e., |R| = 46. According to Kuhn
& Sternbeck (2013) [31], several managers mentioned that they prefer order patterns
with equidistant intervals between the deliveries. Hence, we designed our delivery
patterns in a way that the interval between two consecutive replenishments is as equal

as possible. Scenarios and their corresponding IDs are illustrated below in Table 3.2.
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Table 3.2: Scenario IDs.

Scenarios Number of stores

Areasize Number of patterns

1 20
2 20
3 30
4 30
5 40
6 40
7 60
8 60

200*200

400*400

200*200

400*400

200*200

400*400

200*200

400*400

46

46

46

46

46

46

46

46

Daily demand for each of the corresponding store sizes was generated randomly in the
range [1,10]. In our case, we have 4 months of low and 8 months of high demand
seasons in a typical delivery year. The daily store demands in high season periods are
assumed to be 1.5 times the daily demand quantities during the low season periods.
Delivery patterns are taken as four weeks of one month which will be repeated during

a year without any change. For further illustration, a part of the patterns is expressed

in Table 3.3.

Table 3.3: Part of days for delivery pattern of size |R| = 46.

MTWTFSMTWTFSMTWTFSMTWTFS
1 X0 0 0O0O0OXO0O OOOUOXO0OO0OO0OO0OO0OXUO0O0O0O0TO
2 0 X0 0O0O0OOXO0OOOUOOXO0UO0OO0OO0OTUOODXUO0DO0TO0TO0
3 00 X00OOOXOOOOOXWO0O0OO0OTUO0OTDOODXUO0OO0TO0
4 00 0 X0O0 OOUOXO0H©OU O OWOXO0OOTUOOTU OXO0TUPO
5 00 00 X0 0O0OOOXO0UOUOOOX®O0OTUOTDOODOXD O
6 00 000 X0O0OOOOXDO0OOUOOOXODO0OO0O0O0O0 X
7 X 0 X0 X0 X0 X 0 X0 X0 X0 X0 X0Xo0X0
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8 0 X0 X0 X0 X0 X0 X0 X0 X0 X0 X0 X0 X

9 X0 0 X000 X0 0 X00 X0 0 X00XUO0O0 X000
10 0 X 0 0 X0 0 X0 0 X0 0 X 00 X0 0 X060 XDO0
11 0 0 X 0 0 X0 0 X0 0 X 00X O0O0XO0O0X 00X
12 X0 0 000 OO O0OO0OO0OO0ODXO0O OO OOTOOTU OO OO 0O
13 0 X0 0O0O0 O0OO0OO0OO0OOOOXDOOTOO0OTO0OO0OTO0OTUO0ODTGO0OTO
4 0 0 X 000 OO O0OOOOOOXOOOTOOTU OO OOO
15 0 0 0 X0 0 OO OOOOOOOXO0OOTO0OOTUO0OTO0OTUO0OTQO
6 0 0 0 0O X0 0O OOOOOOUOOXO0OT O0OOUOO OO OO
7 0 0 0 0 0O X0 O OOOOOOUOOOXO0OOUOO OO OO
8 X 0 0 00O X0O0 OOOOXO©OOOOXO0O0OTO0OOTGODO
19 X X X X X X X X X X X X X X X X X X X X X X X X

Cost parameters were generated based on the percentage chart presented in Van Zelst
et al. (2009) [56]. It is proved that, the operational logistical costs in the retail supply

chain for non-perishable goods follows the trend given in Figure 3.3.

Figure 3.3: operational logistical costs in the retail supply chain for non-perishable

goods.

OPERATIONAL LOGISTICAL COSTS
inventory in

warehouse, 5% Transportation

, 22%

Handling in
store, 38%

Inventory in
store, 7%

Considering Figure 3.3, related cost parameters are presented in Table 3.4:
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Table 3.4:Operational costs of stores.

Operational Costs at Value

Handling 50
Ordering 140
Inventory holding 20

Receiving capacities for each of the stores is equal to the highest delivery volume
among all of the different delivery patterns. Maximum picking capacity at DC is
approximated with the total picking effort assuming all outlets are supplied daily with
their average daily demand volume in high season periods. Minimum picking capacity

is taken as 10% of the maximum picking effort.
3.7 Numerical Results

In this section, we analyze the results from CPLEX and investigate the performance

of the suggested heuristic versions.
3.7.1 CPLEX results

Results from CPLEX are represented in Table 3.5. In the first row of the table, V1 and
V2 represent the total number of small and large owned vehicles used in both seasons.
R1 and R2 show the number of vehicles that were rented for low and high demand
seasons. All of the problems are solved under a time limit of 10800 seconds. None of
the problems were solved to optimality and the average deviation percentage from
optimal objective function value is equal to 2.72% . As it is seen from Table 3.5, the
gaps from optimal solution increase with the increase in area size and store numbers.
Combination of vehicle fleet changes with the problem size, as well. Generally,
smaller trucks are preferred for carrying out the distribution operations. As the number
of stores increase, we observe that the total number of used vehicles increase. This
pattern is specially noticed in high demand seasons. The fact behind this increase is
that the size of the batches to be carried grow as the number of stores increase and the
carrying capacity limitation necessitates assigning more vehicles for satisfying the

needs of stores.
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Table 3.5: CPLEX results.

CPLEX

Best Gap V1 V2 R1 R2 CPU (s)

Bounds
1 1.75E+08 0.60% 2 0 0 0 10814.57
2 193E+08 3.75% 3 0 0 0 10825.89
3 2.76E+08 1.56% 4 1 0 0 10844.58
4 298E+08 2.22% 5 1 0 0 10830.77
5 3.97E+08 2.03% 7 1 1 1 10856.71
6 4.42E+08 4.33% 6 2 1 1 10852.25
7 6.20E+08 2.73% 7 3 1 1 10896.24
8 6.96E+08 4.51% 7 3 1 0 10894.39

3.7.2 Results for FO

In this section we discuss the results from three different types of the FO heuristic and
the additional improvement step we applied to the existing problem settings. Results
are classified and investigated under 3 categories: percentage deviations from best
bounds of the CPLEX, computational times and fleet composition.

Gaps from best bounds for FO-I, FO-11 and FO-II1 are presented in Table 3.6. FO-I, is
the fix and optimize version in which the subproblems are generated based on stores.
Main problem is divided to subproblems each containing five stores and the FO
procedure is implemented. Objective function values for this version of the FO are at
most 3.41% away from the best bounds obtained from CPLEX which means that the

results may be closer to the optimal value.

FO-II and FO-I111, show the same performance as well, the gaps from best bounds for
FO-I1is at most 0.94% and for the FO-I1I it is 4.53%. FO-I1 is the version in which the
subproblems are generated based on delivery days. The fixation manner for delivery
days influences the objective function value the most. It influences inventory,
transportation and fleet ownership/rental costs. It is obvious that FO-I1 makes better
decisions in terms of delivery days which leads into lower difference between best
bounds and FO-I11 solutions.
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In FO-III the stores on the same delivery tour are put in the same subproblem. The
rationale behind this division type is that the customers are assigned to the clusters
based on their proximity. Hence, the distance minimization is done in a much more
effective manner in this type of subproblem division. On the other hand, the obligation
for serving some specific stores all together in a single delivery tour limits the fleet
and pattern assignments. Truck capacities are fixed and limited, since patterns and
delivery days are selected in a way that trucks can carry demands of the all stores in a
single tour. As we stated, each delivery tour is served using a single truck on a specific
day. To be more illustrative, take the example of problem number 2. Gap for FO-II is
0.87% while gaps for FO-I11 is equal to 4.53%. Comparing the detailed solution values
for these to heuristic versions, it is spotted that the delivery day based division utilizes
fewer daily patterns than the cluster based division. This detail proves the fact that
carrying all the demands for all the stores on the same delivery tour in a specific day
forces the model to use smaller batch sizes and more frequent deliveries. This results
in the growth of the transportation costs. Comparing the transportation cost
components for FO-II and FO-III, which are equal to 4.00E+07 and 5.21E+07,
respectively, confirms the difference in pattern selection manner for these methods.
Inventory related costs are the components which are greatly influenced by pattern

selection as well.

Comparing the heuristics with each other, it is obvious that FO-I1 outperforms the other

two versions with an average gap of 0.56% which is the least among all.

For further evaluation of FO-II, 5 random instances are generated for each problem
setting. These instances differ in terms of demand value, store and seed point
coordinates. That is, in total, FO-II is tested on 40 instances and the average gaps and
solution times are presented in Table 3.7. As it is obvious, the percentage deviations
are under 2% which is a prove for efficiency of suggested method in terms of

producing quality solutions.

Table 3.8 demonstrates the solution durations for three heuristic versions. As we
previously mentioned, the problems are first solved by CPLEX within a time limit of
three hours and the best bounds and gaps from optimal solution is reported. As it is
obvious from Table 3.8, suggested heuristic methods are efficient in terms of
computational time since the average CPU times in second for all of them is under 3
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hours. There is not any meaningful difference between solution times among three
heuristic versions but we can claim that FO-II performs better than the other two
methods. The largest computation time belongs to FO-I, which is due the fact that the
subproblem handling order and generation criteria directly affects the complexity of
each subproblem. Considering average solution times presented in Table 3.7, it is seen
that all of the problems are solved in a period under 3 hours which is the time limit we
set for the CPLEX. That is, FO-II is able to yield quality solutions n acceptable

durations.

Considering fleet composition, as it is presented in Table 3.9, there is a general pattern
being repeated. That is, in heuristic methods, the number of assigned vehicles are less
than the ones in CPLEX solution but the total costs are higher. Investigating cost
components and pattern-delivery day combinations, we found out that heuristics
generally prefer deliveries with smaller batches which results in less vehicle utilization
and more frequent replenishments. This replenishment schedule, reduces vehicle
ownership/rental cost and inventory holding costs but increases transportation costs

significantly.

Overall, we can claim that the proposed FO versions and improvement step are
efficient solution techniques in our problem case.

Table 3.6: Percentage deviations from best bounds for FO-1, FO-II and FO-III.

FO-I FO-1I  FO-ll1I
293% 0.70% 3.03%
341% 0.87% 4.53%
098% 0.20% 4.13%
1.71% 0.21% 1.59%
0.76% 0.42% 0.87%
0.29% 0.94% 1.13%
059% 0.75% 0.86%
0.21% 0.38% 2.67%

Average 1.36% 0.56% 2.35%

o N O o A W N P
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Table 3.7: Average gaps and CPU (s) times for FO-I11.

Average gaps Average CPU
1 0.70% 632.99
2 1.55% 840.24
3 0.51% 1060.99
4 0.58% 2742.49
5 0.46% 2228.59
6 1.20% 3047.9
7 1.06% 9719.82
8 0.55% 7849.91

Table 3.8: CPU times in seconds for FO-I, FO-11 and FO-III.

FO-I FO-II FO-I111
1 708.09 388.46 616.20
2 50184 805.13 462.79
3 170438 858.31 2227.71
4 2262.84 3229.64 1456.04
5 4560.39 2516.61 6356.74
6
7
8

8277.98 3650.72 8059.22
8700.93 7378.76 3690.91
9120.68 7528.35 3502.99
Average 4479.64 329449 3296.58

Table 3.9: Fleet composition for CPLEX, FO-I, FO-I1 and FO-III.

CPLEX FO-I FO-I1 FO-I11
V1l V2 R2 R2 V1 V2 R2 R2 V1 V2 R2 R2 V1 V2 R2
12 o0 o0 o0 3 o o o0 3 o o o0 3 o0 o
2 3 0 0 O 3 o o o 3 o o o0 3 o0 o
3 4 1 0 0 3 O O O 4 1 0 0 4 0 O
4 5 1 0 O 4 1 0 O 4 0 O O 5 0 O
5 7 1 1 1 5 0 1 O 5 0O O O 5 o0 O

o O o o o
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3.8 Conclusion

In the second part of this thesis, we first developed a mixed integer programming
model for the integrated fleet sizing and replenishment planning problem with delivery
patterns. Empirical findings support the notion that the majority of grocery retailers
implement these delivery patterns, often customized according to their sales volumes
and the physical dimensions of their stores. Holzapfel et al. (2016) [24] highlight the
numerous advantages of employing recurring and store-specific delivery patterns in
retail logistics as simplified workforce scheduling, efficient transportation planning,
dynamic staff deployment, and streamlined inventory management. The choice of
delivery patterns exerts a substantial influence on the functioning of operational
components within an internal retail supply chain, including the distribution center
(DC), transportation, and in-store logistics. Effective utilization of vehicle fleets
significantly affects the profitability of companies that own or plan to rent fleets.
Consequently, addressing the strategic fleet sizing and composition problem emerges
as a critical logistical decision. This problem primarily aims to optimize a company's
profitability by determining the most suitable fleet size and composition. Unlike
detailed routing problems, which involve daily operational decisions, strategic fleet
management problems typically do not delve into routing intricacies at a highly
detailed level. As a result, our study approximates routing costs because detailed
routing decisions vary daily and constitute a relatively small percentage of the total

cost.

Next, a comprehensive examination of the results obtained from three distinct
variations of the FO heuristic, supplemented by an additional improvement step
applied to the existing problem settings is presented. The findings have been
systematically categorized and scrutinized across three key dimensions: percentage
deviations from the best bounds provided by CPLEX, computational time

requirements, and fleet composition. In the realm of comparative analysis, it becomes
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evident that FO-I1 outperforms the other two versions, boasting an average gap of
merely 0.56%, the lowest among all.

To further evaluate the heuristic's performance, random instances were generated for
each problem setting, resulting in a comprehensive analysis based on 40 instances for
FO-Il. The results consistently demonstrate percentage deviations under 2%, a
testament to the efficiency of the suggested method in delivering high-quality

solutions.

In terms of computational time, FO-11 outperforms the other two versions. All of the
three versions solve the instances in a time less than 2 hours which indicates that they
beat the CPLEX from this aspect, as well.

In summary, the proposed FO heuristic variations, complemented by the additional
improvement step, have demonstrated their efficiency as solution techniques for the
addressed problem case. These findings underscore the potential for optimizing
delivery patterns, enhancing fleet sizing, and the importance of decision support

mechanisms across all subsystems in the retail industry.
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4 CONTRIBUTION TO THE LITERATURE AND FUTURE RESEARCH

In this thesis, we consider an important logistical problem. A basic and extended
version of the mixed integer programming model is developed. The basic model aims
at making decisions about fleet size and replenishment schedules simultaneously while
tries to minimize the total annual cost of replenishing a set of geographically dispersed
customers using a single customer specific delivery frequency and vehicle type. In this
problem, all of the inventory related, routing related and fleet ownership related costs
are included. A significant simplification brought to the problem of consideration is
that the routing costs are handled in an approximate manner. Complexity of the
problem is analyzed and it is proved to be an NP- hard one according to its reduction
to one dimensional bin-packing problem. To solve the problem and bring quality
solutions two effective metaheuristic techniques are proposed, namely: ADP with an
improvement step and PSS. The effectiveness of the suggested methods is proved by
testing them on a set of semi real-life dataset.

The second section of the thesis, handles an extended version of the same problem,
where the delivery patterns are in a more generalized form, demand is exposed to

seasonality and rental fleet option is available. The decisions to be made here are:

1. assignment of stores to delivery patterns, delivery tours and vehicles

2. assignment of vehicles to delivery tours and delivery days

The chief objective of the problem in chapter Il is to minimize the total amount of the
costs incurred by delivery pattern assignment, routing, vehicle ownership, using rental
vehicles and holding inventories. Routing costs are calculated based on an
approximation technique put forward by Fisher & Jaikumar (1981) [19]. The problem
is proved to be NP-hard and three versions of fix and optimize heuristic with an
additional improvement step are suggested. The results from FO implementation show
the efficiency of the proposed method both in terms of computational time and solution
quality. To sum up, we contribute to the literature by developing two mathematical
formulations and effective solution techniques for a key logistical problem.As future

work the following one can:
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1. Propose different novel heuristics for the basic model
2. Develop the mathematical formulation for the case with stochastic demand and
propose efficient solution techniques
Develop a two-echelon system considering the policies of the distribution center and

generate efficient solution heuristics
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