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MATHEMATICAL PROGRAMMING BASED HEURISTICS FOR
PRODUCTION ROUTING PROBLEMS WITH VISIT SPACING POLICY
AND TRANSSHIPMENT

ABSTRACT

The production routing problem (PRP) is an integrated operational planning
problem that combines the two well-known optimization problems, vehicle routing
problem (VRP) and lot-sizing problem (LSP). The purpose of this thesis is to integrate
the visit spacing policy (VSP) and the concept of transshipments into the PRP. The
reason behind considering the VSP in the context of the PRP is to ensure the service
consistency. The VSP is especially important to provide higher quality service to the
retailers. In this thesis, we extend the basic version of the PRP by taking into
consideration the VVSP. For its solution, an iterative matheuristic algorithm (MA) is
proposed. The proposed MA is tested on a set of randomly generated problem
instances with VSP as well as on standard PRP and the inventory routing problem
(IRP) with the VSP benchmark instances. The results indicate the effectiveness of the
algorithm. In order to achieve the second purpose of this thesis, we extend the classical
version of the PRP by considering transshipments, either from supplier to retailers or
between retailers, to further reduce the total cost. To solve the problem, we develop a
mathematical programming heuristic. The algorithm is applied to two sets of randomly
generated problem instances. The results show the effectiveness of the proposed
approach. Moreover, an extensive computational study is performed to reveal the

effect of the transshipments on the overall cost.

Keywords: Production routing problem, consistency, transshipment, visit spacing,

matheuristics, heuristics



ZIYARET ARALIKLANDIRMA POLITIKALI VE AKTARMALI URETIM
ROTALAMA PROBLEMLERI ICIN MATEMATIKSEL PROGRAMLAMA
TABANLI SEZGISEL YONTEMLER

0z

Uretim rotalama problemi (URP), ara¢ rotalama ve parti bilyiikliigii belirleme
problemlerini birlestiren bir entegre operasyonel planlama problemidir. Bu tezin amaci
ziyaret araliklandirma politikas1 (ZAP) ve aktarma kavrammm URP kapsaminda
incelenmesidir. ZAP, perakendecilere daha kaliteli hizmet saglayabilmek i¢in 6zellikle
onemlidir. Bu tez kapsaminda, URP’nin klasik versiyonu ZAP dikkate almarak
genisletilmistir. Problemin ¢6ziimii igin bir yinelemeli mat-sezgisel algoritma (MA)
gelistirilmistir. Onerilen MA rastgele tiiretilen problem &rneklerinin yani sira,
literatiirde bulunan klasik URP ve ZAP iceren envanter rotalama test problemlerine de
uygulanmistir. Elde edilen sonuglar algoritmanin etkinligini gostermektedir. Bu tezin
ikinci amact olan toplam sistem maliyetini diisiirmek i¢in, URP’nin klasik versiyonu
tedarik¢iden perakendecilere veya perakendeciler arasindaki aktarmalar dikkate
almarak genisletilmistir. Ilgili problemi ¢dzmek icin, bir matematiksel programlama
sezgiseli gelistirilmistir. Onerilen algoritma, rastgele olusturulmus iki problem
kiimesine uygulanmistir. Elde edilen sonuglar onerilen ¢6ziim ydnteminin etkinligini
ortaya koymaktadir. Ayrica, tipki ZAP’ 11 URP i¢in oldugu gibi, aktarmali URP i¢in de
ilgili kavramin maliyetler iizerindeki etkisini ortaya ¢ikarmak i¢in genis kapsamli

sayisal deneyler gerceklestirilmistir.

Anahtar kelimeler: Uretim rotalama problem, tutarhilik, aktarma, ziyaret

araliklandirma, mat-sezgiseller, sezgiseller
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CHAPTER ONE
INTRODUCTION

1.1 The Production Routing Problem and Its Importance

In a typical supply chain, the decision problems of production, inventory,
distribution, and routing operations are generally optimized independently. For
instance, the production lot-sizing operations are planned with the aim of minimizing
the production and inventory holding costs at the production facility. Then, the
distribution decisions are determined with respect to the lot-sizing decisions
previously taken. Since a decision taken for a particular operation is used as an input
for its successor operations, independent optimization of the problems does not give a
satisfactory result for the entire system. Therefore, the integration of these decision
problems has attracted research interest due to the benefits provided by the
coordination of these operations. The advances in hardware technology and in
optimization techniques have made possible to develop effective solution algorithms
for these complicated problems. There exist many successful studies related to
integrated inventory and distribution planning in the literature. For example, by
implementing an integrated production and distribution planning system, the Kelogg
company saves 4.5 million dollars in 1995 (Brown, Keegan, Vigus & Wood, 2001). In
addition, it has been reported in Cetinkaya, Uster, Easwaran & Keskin (2009) that an
integrated production, inventory, distribution, and routing system led to a 10%
decrease in logistics costs in Frito-Lay. Other quantitative studies on the value of
integrated decisions can be found in Chandra & Fisher (1994), Stalhane, Andersson,
Christiansen & Fagerholt, K. (2014), Archetti & Speranza (2016), and Coté,
Guastaroba & Speranza (2017).

The inventory routing problem (IRP) is one of the integrated problems which
requires the combined optimization of the inventory, distribution, and routing
problems to minimize the total cost. The production routing problem (PRP) is a
generalized version of the IRP in which the production decisions are also taken into

account. The practical applications of the PRP can be especially seen in vendor-



managed inventory (VMI) systems. In a VMI system, the supplier manages inventory
levels of the retailers, and makes replenishment decisions for each retailer. The ability
to determine the time and size of all deliveries allows the supplier to combine the
retailer orders efficiently. Moreover, the retailers benefit by being free from the
inventory control process. The PRP integrates two difficult well-known problems, the
lot-sizing problem (LSP) and the vehicle routing problem (VRP), which makes the
problem very challenging (Adulyasak, Cordeau & Jans, 2015a).

1.2 Research Objectives

The purpose of this thesis is twofold. The first objective is to study an important
consistency concept within the PRP to improve the service quality in VMI systems.
The second one is to integrate the transshipment concept into the PRP to reduce the

overall system cost.

Regarding the first research objective, although VMI policies tend to benefit both
the vendor and the retailers, solving PRPs by aiming only cost minimization may not
provide satisfactory results to both parties. To remain competitive, companies also
need to take into consideration the service quality level, because high service quality
establishes a bond between the retailer and the supplier. By this way, companies ensure
the customer loyalty which leads to recurring revenues (Kovacs, Golden, Hartl &
Parragh, 2014). In this respect, the consistency issues have been studied in the periodic
vehicle routing problem (Kovacs et al., 2014) and in the IRP (Coelho, Cordeau &
Laporte, 2012a; Coelho & Laporte, 2013) to reflect some service quality standards.
These are mainly associated with the quantity and the frequency of the deliveries, fleet

size, and vehicle load.

Among the consistency concepts, visit spacing policy (VSP) is especially important
to provide higher quality service to the retailers. In the VSP implementation, visit times
of the retailers are regulated by imposing a minimum and a maximum time interval
between two consecutive visits to the same retailer. Thereby, possible inconveniences

stemming from the visit time irregularities both to the retailer and to the supplier are



prevented. This policy not only yields smoother operations by distributing the visits
evenly over the planning horizon, but it also leads to the quantity consistency on
deliveries. As indicated in Coelho et al. (2012a), the quantity of delivery is especially
important for the customers. By imposing the minimum time constraint, frequent visits
that lead to too small deliveries are prevented. On the other hand, the maximum time
constraint prohibits long time intervals between consecutive visits, thereby preventing
too large deliveries. The frequent deliveries take a lot of time and lead to
inconveniences to the customers while too large deliveries may create congestion in
the warehouse. A case study about the effect of the service consistency in a VMI
system can be found in Day, Wright, Schoenherr, Venkataramanan & Gaudette (2009).
The authors investigate the inventory replenishment problem of a company that
provides carbon dioxide gas for carbonated soft drinks to restaurants, hospitals,
chemical manufacturers, and various other businesses. Due to increased competition,
the company wants to distinguish itself by a superior customer service. This is
achieved by ensuring regularity on delivery times to the customers and by improving
driver-customer familiarity. The VSP has been studied in the periodic VRP
(Christofides & Beasley, 1984; Francis, Smilowitz & Tzur, 2008) and in the IRP
(Coelho et al., 2012a) but it has not yet been considered in the PRP.

In this thesis, we address the PRP with the visit spacing policy (PRP-VSP) for the
first time. Initially, two mixed integer programming (MIP) models are formulated for
the PRP-VSP. Since the models can only solve small size problems, a matheuristic
algorithm (MA) is developed for solving the PRP-VSP. The proposed MA is
implemented in a multi-start scheme in which an MIP-based local search procedure is
iteratively applied. The proposed algorithm is applied to a set of randomly generated
PRP-VSP instances. The results indicate that the developed approach can produce high
quality solutions to the PRP-VSP in reasonable computation times. Additionally, we
perform a numerical investigation to observe the effect of the VSP on the overall

system cost.

In order to achieve our second objective, we extend the standard PRP by

considering transshipments. In this case, in addition to the regular deliveries,



transshipments between retailers or between the supplier and a retailer can be made.
These transshipments are performed by a subcontractor. Transshipments provide
benefits both in deterministic and stochastic environments. In stochastic environments,
transshipments between retailers belonging to the same chain make the unexpected
demand variation problem easier to overcome (Axsater, 1990; Dada, 1992; Lee, 1987;
Nonas & Jornsten, 2007). In deterministic environments, transshipments are made at
predetermined moments in time to redistribute stock among the retailers to reduce the
inventory holding costs. These type of transshipments are especially beneficial in the
retail sector because the inventory holding costs are often dominant in that
environment (Paterson, Kiesmiiller, Teunter & Glazebrook, 2011). Moreover,
deterministic subproblems can arise when solving a stochastic IRP/PRP in a rolling
horizon framework in which demand forecasts for the next time periods are utilized as
approximations of the unknown demand. A case study on an inventory-routing system
used by a supermarket chain was presented in Mercer & Tao (1996). In the inventory
routing system, deliveries are made from a factory to warehouses, and lateral
transshipments can occur between warehouses. The results indicate that
transshipments lower the number of sales lost. To the best of our knowledge, the
concept of transshipments has been studied in the IRP (Coelho, Cordeau & Laporte,
2012b, 2014; Lefever, Aghezzaf, Hadj-Hamou & Penz, 2018), but it has not yet been
considered in the PRP.

In this thesis, we introduce, and study, the PRP with transshipments (PRPT).
Initially, an MIP model is formulated for the PRPT. Since the model can only solve
small-size problems, a mathematical programming heuristic (MPH) is proposed to
solve the problem. The performance of our MPH is compared with a general-purpose
commercial solver. The results indicate that the developed approach can produce high-
quality solutions to the PRPT in reasonable computation times. Moreover, we perform
another numerical investigation to reveal the effect of the transshipments on the overall

cost. The results show the benefits of allowing transshipments.



1.3 Outline of the Thesis

The rest of this thesis involves five chapters, and is organized as follows;

In Chapter 2, the classical PRP is explained in detail. Initially, formal problem
description is given along with the MIP formulation of the problem. Next, the related

literature of the PRP is presented. Finally, research gaps related to the PRP are stressed.

Chapter 3 introduces our study on the PRP-VSP with a single vehicle. Initially, the
developed MIP formulations are presented. Next, the details of the proposed MA are

given, and finally the computational results are presented.

In Chapter 4, we extend our work presented in Chapter 3 by considering multiple
vehicles in the PRP-VSP. After giving the MIP formulations, the variants of MA
proposed for the multi-vehicle version of the PRP-VSP are given. Next, the

computational results obtained for the multi-vehicle problems are presented.
Chapter 5 presents our study on the PRPT. Initially, the MIP formulation of the
PRPT is provided. After that, the details of the developed MPH and the computational

results are successively given.

Finally, Chapter 6 summarizes the thesis and provides directions for future research.



CHAPTER TWO
THE PRODUCTION ROUTING PROBLEM

2.1 Introduction

In this chapter, the production routing problem (PRP) is explained and a review of
the related literature is given. The chapter is organized as follows. In the next section,
a formal problem description and a mixed integer programming (MIP) formulation are
provided for the PRP. Next, we present a literature review for the problem. Finally,
Section 2.5 summarizes the context of the chapter.

2.2 The Production Routing Problem

In this section, we initially give information about the integrated supply chain
problems related with the PRP. Figure 2.1 presents the categories of integrated
production-distribution problems with a discretized planning horizon. As seen from
the figure, the lot-sizing problem (LSP) involves the decisions of production quantity,
schedule, and inventory quantity. The integrated LSP with direct shipment (ILSPDR)
(see Federgruen & Tzur, 1999; Jin & Muriel, 2009) takes into account the
transportation of the products to the customers. The transportation costs of the products
to the customers are assumed to be a fixed cost. The production, setup, inventory, and

direct shipment costs are minimized over the planning horizon.

When the routing decisions are included and the production decisions are omitted,
the ILSPDR transformed into the inventory routing problem (IRP) (see Andersson,
Hoff, Christiansen, Hasle & Lekketangen, 2010; Coelho, Cordeau & Laporte, 2013).
The classical IRP consists of a central distribution center, a production plant, and a set
of retailers. Both the production plant and the retailers have their own warehouses. An
inventory holding cost is incurred in every planning period for each unit of the product
stored at the warehouses. In each period of the planning horizon, the demand for the
product at each retailer must be satisfied. The production quantity which is ready at

the beginning of each planning period is assumed to be known in advance. For the



transportation of products, there exist a limited number of capacitated vehicles
available at the beginning of each planning period. The aim of the IRP is to determine
the quantities and schedules of the products to be delivered to the retailers as well as
the set of vehicle routes that minimize the total cost which consists of the inventory

holding costs and transportation costs.

Decisions
Production
quantity and
schedule
Lot-sizing
| t problem
”;’f;‘n‘;g (LSP)  ||Integrated
lot-sizing
with direct
shipment PTQCLI:?;?;"
Delivery s problem
quantity and S Inventory |}~ (PRP)
schedule [ routing
= problem
B (IRP)
Routes to
i =2 Vehicle
deliver =
products E=RN| routing
2 problem
(VRP)

Figure 2.1 Supply chain planning problems (Adulyasak, Cordeau & Jans, 2014a)

The PRP is a generalized version of the IRP, where the production decisions are
also taken into account. At the beginning of each planning period, the production plant
must decide whether or not production is executed and determine the corresponding
lot-size. If production is executed, a fixed setup cost and unit production costs are
incurred. Moreover, the lot-size cannot exceed the production capacity. In the next
section, we provide the problem description and a formulation of the standard PRP
which is comprised of a network of a single product, a single production plant, and

multiple retailers.



2.3 Mathematical Formulation for the PRP

The PRP is defined on a complete graph G = (N, A), where N ={0,...,n} is the node
setand A={(i, j):1, j € N,i = j} isthe arc set. Node 0 represents the production plant,

while the other nodes denote retailers. The plant manufactures a single product which

is sold by the retailers along a planning horizon T ={1,...,H}. There is a set
K ={1,...,m}of homogeneous vehicles available for transportation at the beginning of

each time period. The relevant notation for the model is given as follows:

Sets

N":setof all retailers{l,...,n}
N :setof allnodes{0,1,...,n}
T :setof timeperiods{1,...,.H}

K :setof identical vehicles{1,...,m}

Parameters

u : unit production cost

f : production setup cost

C : production capacity

Q : capacity of a vehicle

h, :unitinventory holding cost at nodei

L, : maximum inventory level at nodei

I, rinitialinventory level at nodei

d, :demandat retaileriin periodt

c; - transportation cost fromnode i to node j

M, :min{C,iz d}

I=t ieN"

M, :min{Li.Q,idn}



Decision Variables

p, : production quantity in period t

|1 ifthere is production at the plant in period t
%o otherwise

I, sinventory level at node i at the end of period t

. 1 if vehicle k travels directly from node i to node j in period t
™10 otherwise

0y - quantity delivered to retailer i in period t by vehiclek

~[1 ifretailer i is visited in period t by vehicle k
“10 otherwise

|1 if vehicle k is dispatched in period t
“lo otherwise

The PRP can be formulated as follows:

MinZ = Z(U pt+f yt+zhl lt+zz Z CiJ"XiJ'tk)

teT ieN keK ieN jeN\{i}
subject to
loe s+ P = qultk+|0t’VtET
ieN" keK
La+ D Oy =dy +1,, VieN" vteT
keK
p, <M.y, VteT
I <L, VteT
Lo+ Oy <L, VieN" VteT
keK

Oy <M.z, ,VieN" VteT,VkeK

it "“itk ?

> 7, <1LVieN" VteT

keK
Z jitk = z Xjur Vk e K, Vie N, VteT
jeNYi} jeN\{i}
3 X = Zuo Yk €K, Vie N, VteT
jeN i}

z Qi SQk'ZOtk’Vk eK,vteT

jeN'

2.1)

(2.2)
(2.3)

(2.4)
(2.5)
(2.6)

2.7)
(2.8)

(2.9)
(2.10)

(2.11)



S K S 2~ Zu VK€K, VLT, VSN IS 2,veeS  (2.12)
ieS jeS ieS

P, i Oy 20,Vie N, Vke K, VteT (2.13)

Xiner Yoo Zie €{0, 8, VieN,VjeN,vkeK,vteT (2.14)

The objective function (2.1) minimizes the total production, setup, inventory, and
routing costs. Constraint sets (2.2) — (2.6) represent the lot-sizing part of the problem.
Constraint sets (2.2) and (2.3) are the inventory flow balance at the plant and retailers,
respectively. Constraint set (2.4) comprises the setup forcing and production capacity
constraints. The constraints force the setup variable to be one if production takes place
in a given period and limit the production gquantity to the minimum value between the
production capacity and the total demand in the remaining periods. Constraint sets
(2.5) and (2.6) limit the maximum inventory at the plant and retailers, respectively.
Constraint set (2.7) allows a positive delivery quantity only if retailer i is visited in

period t. The delivered quantity g, is limited by M., which is the minimum of the

it
retailer inventory capacity Li, vehicle capacity Qk, and total demand of retailer i in
periods from t to H. Constraint set (2.8) imposes that each retailer can be visited by at
most one vehicle. Constraint sets (2.9) and (2.10) are the vehicle flow conservation
constraints. Constraint set (2.11) imposes the vehicle capacity on each vehicle.
Constraint set (2.12) constitutes the subtour elimination constraints similar to those of
the traveling salesman problem (TSP) and constraints (2.13) and (2.14) define the

nature of the decision variables.
2.4 Literature Review

The PRP has not received much attention from the researchers due to its difficulty.
However, in recent years, there has been a growing interest to the problem owing to
the advantages of integrating the production and logistics decision problems. A
comprehensive review of the papers related to the PRP can be found in Adulyasak et
al. (2015a).

In Table 2.1, the solution algorithms developed for the PRP are given according to
the classification made in Adulyasak et al. (2015a). The related works on the PRP can

be categorized according to the problem characteristics and solution methods.
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Regarding the production aspect, the number of plants and products and the production
capacity of plants are considered as different problem characteristics of the PRP in the
literature. As for the inventory aspect, there are two different inventory policies
considered in the related papers. The first policy, called order-up-to level (OU),
dictates that the amount of delivery to a visited retailer must increase its inventory
level up to a predetermined stock level. In the second policy, called maximum level
(ML), the delivery quantity to a retailer may be any positive value which does not
make its inventory level bigger than the maximum stock level. Also, the structure of
the vehicle fleet, the number of vehicles, and the vehicle capacities are the attributes
that characterize the distribution characteristics in the related studies.

When the solution methods proposed for the PRP are analyzed, it is observed that
many of them introduce heuristic solution approaches because of the complexity of the
problem. The PRP was first introduced in Chandra (1993) and Chandra & Fisher
(1994). In these papers, the PRP is decomposed into the capacitated lot-sizing and the
distribution scheduling problem. The capacitated lot-sizing problem is solved by using
the Silver-Meal algorithm (Silver & Meal, 1973) and the obtained results are used as
inputs for the distribution scheduling problem which is solved by a simple heuristic
algorithm. Another decomposition based heuristic solution approach was proposed by
Lei, Liu, Ruszczynski & Park (2006). In this study, the authors considered the PRP
with multiple production plants and heterogeneous fleet of vehicles. A two-phase
heuristic solution approach was developed for the problem. In the first phase, a
restricted mixed-integer linear model of the problem in which the routing constraints
are excluded is solved. In the second phase, a routing heuristic is implemented to

obtain the vehicle routes for each planning period.
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A4}

Table 2.1 Classification of the papers on the PRP (Adapted from Adulyasak et al. (2015a))

Problem characteristics

Production Inventory Distribution Solution method
Author(s) N.Plants  Product  Cap. Policy  Cap. Fleet N.Vehs Cap. Type Approach
Chandra (1993) Single  Multiple v ML Hom.  Unlimited v H Decomposition
Chandra & Fisher (1994) Single Multiple v ML Hom.  Unlimited v H Decomposition
Fumero & Vercellis (1999) Single  Multiple v ML Hom. Limited v H Lagrangian relaxation
Lei et al. (2006) Multiple  Single v ML v Het. Limited v H Decomposition
Boudia et al. (2007) Single Single v ML v Hom. Limited v H GRASP
Boudia et al. (2008) Single Single v ML v Hom.  Limited v H Decomposition
Boudia & Prins (2009) Single Single v ML v Hom.  Limited v H Memetic
Bard & Nananukul (2009a) Single Single v ML v Hom. Limited v H Tabu search
Solyali & Siiral (2009) Single Single ou v Hom.  Limited v H Lagrangian relaxation
Bard & Nananukul (2009b, 2010)  Single Single v ML v Hom.  Limited v H Branch-and-price
Ruokokoski et al. (2010) Single Single ML Hom. Single E Branch-and-cut
Armentano et al. (2011) Single  Multiple Vv ML v Hom.  Limited v H Tabu search
Archetti et al. (2011) Single Single ML/OU v Hom. Single v E/H  Branch-and-cut/MIP Heuristic
Adulyasak et al. (2014a) Single Single v ML v Hom.  Multiple v H ALNS
Adulyasak et al. (2014b) Single Single v ML/OU v Hom.  Multiple v E/H Branch-and-cut/ALNS
Absi et al. (2015) Single Single v ML v Hom.  Multiple v H Iterative MIP heuristic
Adulyasak et al. (2015b) Single Single v ML v Hom.  Multiple v E Benders-based branch-and-cut
Brahimi & Aouam (2016) Single  Multiple v ML v Hom. Single v H Relax and Fix
Kumar et al. (2015) Single Single v ML v Hom.  Limited v H PSO
Qiu et al. (2016) Single Single v ML v Hom. Single v H Branch-and-price
Zhang et al. (2017) Multiple  Multiple v ML v Hom.  Limited v H MIP-based heuristic
Solyali & Siiral (2017) Single Single v ML v Hom.  Multiple v H MIP-based heuristic
Agra et al. (2018) Single Single v ML v Hom.  Multiple v H SAA heuristic
Russell (2017) Single Single v ML v Hom.  Multiple v H MIP-based heuristic
Qiu, Ni et al. (2018) Multiple  Single v ML v Het. Multiple v E Branch-and-cut guided search
Qiu, Wang et al. (2018) Single Single v ML v Hom.  Multiple v H VNS
Miranda et al. (2018) Single  Multiple v ML Het. Multiple v H Decomposition
Darvish et al. (2018) Single Single ML v Hom. Single v E Branch-and-cut
Li et al. (2019) Single  Multiple v ML v Hom.  Multiple v H MIP-based heuristic
Chitsaz et al. (2019) Single Single v ML v Hom.  Multiple 4 H Decomposition Matheuristic
Neves-Moreira et al. (2019) Single  Multiple v ML v Het. Multiple v H Matheuristic

Notes. Hom., homogeneous, Het., heterogeneous, E, exact, H, heuristic



Boudia, Louly & Prins (2008) developed two greedy heuristic solution approaches
which are supplemented with local search procedures. In the first heuristic, called
uncoupled approach, the production plan and the distribution plan are determined
separately. In the second approach, which is a decomposition heuristic, two problems
are solved simultaneously. The computational results indicate the superiority of the
second algorithm in terms of the solution quality. Solyali & Siiral (2009) proposed a
lagrangian relaxation based solution approach to solve the PRP with OU policy.
Brahimi & Auoam (2016) studied the PRP with backordering which corresponds to a
stockout situation where customer demand in a given period is satisfied from
production/delivery of subsequent periods. A relax and fix heuristic combined with a
local search process is suggested for the problem. Agra, Requejo & Rodrigues (2018)
considered a PRP where the demand is uncertain and allowed to be backlogged. The
authors suggested a sample average approximation (SAA) heuristic to solve the
problem.

Metaheuristic solution approaches have been widely applied to the PRP. Boudia,
Louly & Prins (2007) proposed a heuristic algorithm based on greedy randomized
adaptive search procedure (GRASP) for the PRP. In the proposed approach, an initial
solution is constructed by sequentially solving the production and delivery problems.
After constructing the initial solution, 3-opt, inserting and swapping operations are
applied in the local search phase. Additionally, a path relinking procedure is
implemented to further improve the solution. Boudia & Prins (2009) developed a
memetic algorithm for the PRP. In this study, the initial population is generated by
using a heuristic procedure. In this procedure, the produced amount of goods at each
period is initially set to the total demand. After that, the saving heuristic (Clarke &
Wright, 1964) is applied to obtain the vehicle routes and the Wagner-Whitin algorithm
(Wagner & Whitin, 1958) is implemented to calibrate the production plan. Then, a
crossover mechanism is used to create new offsprings. After this process, the local
search phase of Boudia et al. (2007) is adopted to improve the new chromosomes. Bard
& Nananukul (2009a) developed a tabu search (TS) based heuristic solution approach
in which a reactive tabu list is employed. In the proposed algorithm, an initial solution

is created by solving the restricted PRP in which the routing constraints are dropped.
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Then, the vehicle routes are constructed by using a TS based algorithm. A local search
procedure consisting of swap and transfer moves is implemented to improve the
obtained solutions. Another TS based algorithm was suggested by Armentano,
Shiguemoto & Lekketangen (2011). In their study, Wagner-Whitin and the saving
algorithms are sequentially used for the construction of the initial solution. After that,
a local search procedure consisting of the transfer move is applied. Furthermore, a path
relinking procedure is used for diversification. Adulyasak, Cordeau & Jans (2014a)
developed an adaptive large neighborhood search (ALNS) (Ropke & Pisinger, 2006)
algorithm for the PRP. In their algorithm, an enumeration scheme in which the
production and distribution problems are solved is applied to obtain different initial
solutions. After that, two types of operators, called selection and transformation, are
implemented to the created solutions in sequence and the minimum cost flow problem
is solved to determine the production, inventory and delivery decisions. A multi-
objective version of the PRP with time windows constraints was studied by Kumar et
al. (2016). In the study, not only the total operation cost but also the carbon emissions
are taken into account in the objective function. A self-learning particle swarm
optimization (PSO) algorithm is suggested for the solution of the problem. Qiu, Wang,
Xu, Fang & Pardalos (2018) proposed a variable neighborhood search (VNS)
algorithm to solve the PRP. In the solution method, the delivery and routing decisions
are handled by local search methods based on skewed general VNS and guided

variable neighborhood descent, respectively.

In addition to the metaheuristic algorithms, some heuristic methods combined with
exact solution approaches are developed for the PRP. A lagrangian relaxation based
approach for the PRP is proposed by Fumero & Vercellis (1999). The authors
considered the PRP with multiple products, maximum level policy, and unit
transportation costs. The PRP is decoupled into the LSP and the VRP subproblems and
the vehicle capacity constraints and the plant inventory constraints are dualized. MIP
based heuristic methods are presented by Archetti, Bertazzi, Paletta & Speranza
(2011), Absi, Archetti, Dauzere-Pérés & Feillet (2015), Solyali & Siiral (2017), and
Russell (2017) for the PRP. Archetti et al. (2011) proposed a heuristic algorithm to

solve the decomposed lot-sizing and inventory routing subproblems. In their study, the
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lot-sizing problem is optimized by using MIP commercial solver and the inventory
routing subproblem is solved by a remove-insert heuristic procedure. Absi et al. (2015)
developed an iterative MIP heuristic for the PRP. In the developed heuristic, the
production planning subproblem, where the transportation costs are assumed to be
fixed costs, is initially solved by a commercial MIP solver. Then, the vehicle routes
are determined by using the saving algorithm according to the production decisions.
After that, the fixed transportation costs are updated according to the information
received from routing subproblem and the production planning problem is solved

again.

Solyali & Siiral (2017) developed a five-phase heuristic for the PRP. In the first
phase of the heuristic, a traveling salesman problem (TSP) over all nodes is solved.
The second phase is to solve a restricted PRP formulation in which the fixed sequence
of nodes obtained in the first phase is imposed. In the third phase, the vehicle routes
of the solution obtained from the second phase are updated. The fourth phase is to
solve another restricted formulation of the PRP where the routes found in the third
phase is dictated but insertion and removal of nodes from these routes are allowed.
Finally, using the solution obtained in the fourth phase, the routes of vehicles are
determined in the fifth phase by solving a TSP for each vehicle in each period. Russell
(2017) proposed two mathematical programming based heuristics for the PRP. One of
the heuristics employs set partitioning and other heuristic uses the concept of seed

routes to determine an approximate solution.

Branch-and-price based heuristic algorithms were proposed in Bard & Nananukul
(2009b) and Bard & Nananukul (2010) for the PRP. Qiu, Qiao & Pardalos (2016)
presented a pollution PRP with carbon cap-and-trade, which incorporates carbon
emissions into production, inventory, and routing decisions. A branch-and-price based
heuristic was suggested to solve the problem. Another study that considers the carbon
emissions in production and inventory routing problems were presented in Darvish,
Archetti & Coelho (2018). In this study, the effect of operational decisions on costs
and emissions are compared. Moreover, a branch-and-cut based exact algorithm is

developed to solve the emission minimization problem. Zhang, Sundaramoorthy,
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Grossmann & Pinto (2017) introduced the multiscale PRP which involves multiple
commodities and continuous production. In their study, the authors proposed a mixed
integer formulation for the problem. Moreover, an iterative heuristic method in which
an MIP model with a restricted set of candidate routes are solved at each iteration and
the set of candidate routes are updated for the next iteration. Miranda, Cordeau,
Ferreira, Jans & Morabito (2018) introduced a rich PRP motivated from a furniture
manufacturer. The problem considers several important features, such as multiple
products, sequence-dependent setup times, and heterogeneous fleet of vehicles. A
decomposition heuristic was developed to solve the problem. Li, Chu, Chu & Zhu
(2019) presented a multi-product PRP with outsourcing options. An MIP model and a
three level heuristic were developed for the problem. Chitsaz, Cordeau & Jans (2019)
introduced the assembly routing problem, which integrates the production planning
with the inbound vehicle routing. A three-phase decomposition matheuristic was
proposed to solve the problem. The algorithm is flexible and it was also applied to the
PRP and the IRP. Neves-Moreira, Almada-Lobo, Cordeau, Guimaraes & Jans (2019)
addressed a multi-product PRP inspired by the supply chain of a meat producer. The
introduced problem involves several real-life features such as product family setups,
perishable products, and delivery time windows. A three-phase methodology to tackle
the problem.

The first exact algorithm for the PRP was presented by Ruokokoski, Solyali,
Cordeau, Jans & Siiral (2010). In their study, The PRP is considered with an
uncapacitated plant and a single vehicle. The authors developed a branch-and-cut
algorithm to solve the problem. Another branch-and-cut algorithm for the PRP was
developed in Archetti et al. (2011). The PRP with multiple vehicles was first tackled
by an exact algorithm in Adulyasak, Cordeau & Jans (2014b). The authors compared
the performances of two different formulations. The first developed formulation
involves vehicle indexes while the second one does not. The computational results
indicated the superiority of the formulation with vehicle indexes. The same authors
proposed a Benders decomposition based branch-and-cut algorithm for the PRP with
demand uncertainty (Adulyasak, Cordeau & Jans, 2015b). Qiu, Ni et al. (2018)

introduced the PRP with reverse logistics and remanufacturing. An MIP model with
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valid inequalities and a branch-and-cut guided search algorithm were proposed to
solve the problem.

2.5 Chapter Summary

In this chapter, we explained the PRP in detail. Moreover, a literature review was
presented for the problem. When the related literature is analyzed, it is seen that there
is no study that considers the service consistency concepts in the PRP. Moreover, it is
observed that the concept of transshipments has not yet been integrated within the PRP.
Considering the unfulfilled research potential in this area, the purpose of this thesis is

to study these two important concepts within the PRP.
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CHAPTER THREE
SINGLE VEHICLE PRODUCTION ROUTING PROBLEM WITH VISIT
SPACING POLICY

3.1 Introduction

This chapter presents our first study on the production routing problem with visit
spacing policy (PRP-VSP). The chapter is organized as follows. In Section 3.2, the
problem definition of the PRP-VVSP and the developed MIP formulations are given. In
Section 3.3, our matheuristic algorithm (MA) which is proposed for the PRP-VSP is
explained in detail. The computational results are given in Section 3.4. Finally, the

chapter is summarized in Section 3.5.

3.2 Problem Description and Formulations

The network of the PRP-VSP is defined on a graph G = (N, A), where N = {0,...,

n} represents the set of nodes and A={(i, j):i, j € N,i = j} represents the set of arcs.

Node 0 represents a production plant, while the other nodes denote retailers. The plant
manufactures a single product which is sold by the retailers along a planning horizon

T ={1,...,H}. Each retailer i has a known demand di: for each time period t and a

storage area with a limited capacity Li. An inventory holding cost h; is incurred at node
I for the time periods in which products are stored in the node. The production plant
must decide in each period whether or not to make the product and determine the
corresponding lot size. If production does take place, a fixed setup cost f is resulted
along with a unit production cost u that is incurred for each produced unit.
Additionally, the lot size cannot exceed the production capacity C. The distribution of
the products to the retailers is made by a vehicle with a limited capacity Q. A
transportation cost cjj is defined for each node pair (i, j). The vehicle can perform at
most one route in each time period, and the vehicle routes starts and ends at the
production plant. Each retailer can be visited at most once in a route. Delivered
quantities for each retailer are determined in accordance with the maximum level

policy. At the beginning of the planning horizon, an initial inventory lio is available at
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each node i. For each retailer i, the visiting sequence is arranged considering the
minimum and maximum number of time periods, min; and max;, allowed between the
consecutive visits made to the retailer i one after the other. The aim of the considered
PRP-VSP is to combine the decisions of production, inventory, and routing operations

that minimize the total cost with respect to the stated constraints.

The first mathematical model presented here is based on the PRP formulation
developed in Boudia et al. (2007) and the periodic VRP formulation introduced in
Cordeau, Gendreau & Laporte (1997). In this formulation, we initially generated all
possible visit combinations for all retailers and these visit combinations are used as an
input in the model. Table 3.1 depicts the generation of visit combinations for a retailer
over seven periods. In this example, the maximum and initial inventory levels of the
retailer are respectively set to 40 and 36. Besides, the minimum and maximum time
periods between the consecutive visits are determined as one and two, respectively.
Considering the demand quantities given in the table, it can be inferred that the latest
time period for the first visit to the retailer must be set to three. By utilizing these
inputs, all possible visit combinations for the corresponding retailer are generated and
represented in Table 3.1. In the table, each visit combination is sketched in a column
consisting of binary values for each time period. Each binary value indicates either the
retailer is visited at the time period or not. For example, if the first visit combination
is selected for the retailer, it will be visited on periods 1, 3, 5, and 7, respectively.
Moreover, in the last row of the table, the feasibility condition of each generated visit
combination with respect to the specified maximum inventory level is depicted. The
sequence of operations performed at any delivery location in each time period is the
following: first the product is delivered, then the demand is satisfied, and the final
inventory level is calculated. The inventory level of a retailer before the consumption
must be less than or equal to the maximum level. Accordingly, in the sketched
example, visit combinations 5, 8, and 10 are infeasible. In visit combinations 5 and 10
(resp. visit combination 8), the inventory level at the end of period 3 (resp. period 1)
can be up to 22 (resp. 20). The fact that the total quantity of demands in periods 4 and
5 (resp. in periods 2 and 3) exceeds 22 (resp. 20) makes visit combinations 5 and 10
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(resp. visit combination 8) infeasible. Hence, we disregard the infeasible visit

combinations in our formulation.

Table 3.1 An example for the visit combination generation

Alternative Visit Combinations

Period  Demand 1 2 3 4 5 6 7 8 9 10 11 12
1 20 10 0 1 1 0 0 1 0 0 1 O
2 13 010 0 0 1 0 01 0 01
3 18 10 1 1 1 0 1 0 0 1 0 O
4 8 010 0 0 1 0 1 0 010
5 19 10 1 1 0 0 1 0 1 0 0 1
6 6 010 01 0 0 1 0 1 00O
7 11 10 1 0 01 0 0 1 0 1 O

Condition F F F F I F F I F I F F

Notes. F, Feasible, |, Infeasible

The relevant notation for the model is summarized as follows:

Sets
N" :setof all retailers{l,...,n}
N :setof allnodes{0,1,...,n}

R :setof all visitcombinations for all retailers

R. :setof visit combinations for retaileri € N

T :setof timeperiods{1,....H}

Parameters

u : unit production cost
f : production setup cost
C : production capacity

Q : capacity of the vehicle

h, : unitinventory holding cost at nodei

L, : maximumor target inventory level at nodei

min, : minimum number of periods between the consecutive visits of retailer i
max; : maximum number of periods between the consecutive visits of retailer i
fv. : latest time period for the first visit to retailer i

I, :initialinventory level at nodei
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d,, :demandat retaileriin periodt
c; - transportation cost fromnodei to node j
_ {1 if period t belongs to visit combination r
rt

10 otherwise

H
M, :min{C, Z Z d, }, maximum quantity that can be produced in periodt

I=t jeN"

TD, : min{H,t+max;}, the latest possible time period before the next visit to

retaileriafteritis visited in periodt

TDy
DD, = z d; , total demand in the periods betweentand TD,

j=t

M, :min{L;,Q, DD, }

Decision Variables

p, : production quantity in period t

~[1 if there is production at the plant in period t
‘10 otherwise

I, :inventory level at node i at the end of period t

X_ 1 if the vehicle travels directly from node i to node j in period t
"0 otherwise

g, - quantity delivered to retailer i in period t by the vehicle

. 1 ifretailer i is visited in period t by the vehicle
“lo otherwise

~[1 if the vehicle is dispatched in period t
“"lo otherwise

. - 1 if visit combination r € R, is assigned to retailer i
"0 otherwise

The first PRP-VSP model (Model 1) can be formulated as follows:

(Model)MinZ = > (u.p, + f.y, + D Ml + > D7 cx)

teT ieN ieN jeN\i}
subject to
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IOt—l+pt:Zqit+|0t'VtET (3.2)

ieN'

o, +0, =d, +1,,VieN" VteT (3.3)
P, <M.y, VteT (3.4)
Iy <L, VteT (3.5)
l,+0, <L,VieN" VteT (3.6)
0. <M,.z,,VieN",vteT (3.7)
D Xp= D, X VieN,vteT (3.8)
jeN\{i} jeN\{i}
Z Xj =2y, Vie N, VteT (3.9)
jeN\i}
> G <Quzy, VteT (3.10)
ieN'
s, =1VieN' (3.12)
reR;
Zy—Y,3,.5, =0,VieN" VteT (3.12)
reR;
>SS % <> 7, -2, VteT, VSN s> 2,vees (3.13)
ieS jeS ieS
P, i, 0 20, VieN,VteT (3.14)
Xitr S Yoo Zy €0, VieN,VjeN,VreR,VteT (3.15)

The objective function (3.1) minimizes the total production, setup, inventory, and
routing costs. Constraint sets (3.2) - (3.6) represent the lot-sizing part of the problem.
Constraint sets (3.2) and (3.3) are the inventory flow balance at the plant and retailers,
respectively. Constraint set (3.4) comprises the setup forcing and production capacity
constraints. The constraints force the setup variable to be one if production takes place
in a given period and limit the production quantity to the minimum value between the
production capacity and the total demand in the remaining periods. Constraint sets
(3.5) and (3.6) limit the maximum inventory at the plant and retailers, respectively.

Constraint set (3.7) allows a positive delivery quantity only if retailer i is visited in

period t. The delivered quantity gi is limited by M, , which is the minimum of the
retailer inventory capacity L, vehicle capacity Q and DD, . Here, DD, stands for the
total demand in the periods between t and TD,, which is the minimum of the number

of time periods and the latest possible time for the next visit to retailer i. Constraint
sets (3.8) and (3.9) are the vehicle flow conservation constraints. Constraint set (3.10)

imposes the vehicle capacity. Constraint set (3.11) means that one feasible visit
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combination must be assigned to each retailer while constraint set (3.12) enforces that
each retailer is visited only in the periods corresponding to the assigned combination.
In constraint set (3.12), the decision variable zi: equals to one if the selected visit
combination r for retailer i (sir = 1) covers time period t (art= 1). Otherwise, it is set to
zero. Constraint set (3.13) constitutes the subtour elimination constraints similar to
those of the TSP and constraints (3.14) and (3.15) define the nature of the decision

variables.

Instead of generating and using all possible visit combinations, the visit spacing
constraints can be formulated in an alternative fashion which is utilized in Coelho et
al. (2012a) and Hamzadayi, Topaloglu & Kose (2013). In order to make such a change
in the formulation, constraint sets (3.16), (3.17), and (3.18) must substitute for
constraint sets (3.11) and (3.12).

min;

Zzi,Hm SLVI € Nf’t :1;1(H _mlnl) (316)
m=0
Zzi,Hm211ViENrat:1,---a(H_maXi) (317)
m=0
fu -1
> z,.2LVieN' (3.18)
m=0

Constraint set (3.16) ensures that a retailer is not visited before the specified
minimum number of periods pass since the last visit. Namely, in a set of times periods
from t to t + min, it is imposed that no more than one visit can be made to the retailer
I. Constraint set (3.17) enforces that a retailer should be visited within the specified
maximum number of periods since the last visit. In other words, in a set of time periods
from t to t + max;, at least one visit must be made to the retailer i. Consequently, the
visiting time windows for retailers are formed by Constraint sets (3.16) - (3.17).
Finally, constraint set (3.18) ensures that the first visit to a retailer must be performed
before the maximum number of periods elapses from the beginning of the planning
horizon. With these new constraint sets, our second formulation (Model 2) consists of
the equations (3.1) - (3.10), (3.13) - (3.15), and (3.16) - (3.18).
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3.3 Matheuristic Algorithm (MA)

In this section, our proposed matheuristic algorithm (MA) for the PRP-VSP with
single vehicle is introduced. Matheuristic algorithms can be generally defined as
algorithms that consist of the integration of metaheuristic techniques with
mathematical programming models (Fanjul-Peyro, Perea & Ruiz, 2017). In recent
years, there has been a growing interest among researchers in developing matheuristic
algorithms for combinatorial optimization problems owing to the advances in exact
methods and technology. A recent survey on matheuristics for routing problems can
also be found in Archetti & Speranza (2014). Some recent applications of matheuristic
algorithms on routing problems can also be found in Bosco, Lagana, Musmanno &
Vocaturo (2014), Archetti, C., Corberan, A., Plana, 1., Sanchis, J. M., & Speranza, M.
G. (2015), Hemmati, Hvattum, Christiansen & Laporte (2016), Grangier, Gendreau,
Lehuédé & Rousseau (2017), and Mancini (2016).

According to the classification made in Archetti & Speranza (2014), developed
matheuristics can be divided into three classes: improvement heuristics, column
generation based approaches, and decomposition approaches. In the improvement
heuristics, mathematical programming models are utilized to improve a solution found
by a different heuristic approach. In the column generation based approaches, the
column generation phase is terminated prematurely, thus loosing the guarantee of
optimality. Decomposition based approaches divide the problem into smaller
subproblems and some or all of them are solved through mathematical programming.
Our solution approach belongs to the class of decomposition based approaches. The
developed MA decomposes the main problem into subproblems to reduce the
complexity. In MA, while the distribution and routing subproblems are solved
heuristically, the lot-sizing, inventory, and delivery quantity decisions are handled by

utilizing a mathematical programming formulation.
From a general perspective, the proposed MA can be described as a multi-start

heuristic search procedure based on an MIP-based iterative local search procedure. In

the proposed algorithm, the construction of an initial solution consists of three stages.
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In the first stage, a random visit combination vci € R; is selected for each retailer i. By
this way, the binary sir and zi: variables are fixed. After this stage, two problems which
are the production-inventory (PI) and routing (Route) subproblems are sequentially
solved to constitute the whole solution. The PI subproblem, which is solved through a
standard mathematical programming solver, is used to determine the continuous p, lit,
and gt variables as well as the binary y variables. The solution of PI subproblem is
obtained by solving a restricted version of Model 1, where the routing costs cij and
variables xijt are not included and the visit combination for each retailer has been
already fixed. Finally, the remaining problem is the computation of routes for the
vehicle for all time periods. In this stage, we employ an iterated local search (ILS)
algorithm to construct the vehicle route for each time period. The utilized ILS is
adapted from the second stage of the algorithm introduced in Avci & Topaloglu (2015)
to solve the VRP with simultaneous pickup and delivery. Note that in initial solution
construction, the Pl subproblem may be infeasible with respect to the selected visit
combinations since the demand of all retailers cannot be met due to capacity
constraints. In the developed MA, the initial solution generation procedure is repeated

until a feasible solution is obtained.

The local search procedure is developed based on the idea proposed in Archetti,
Bertazzi, Hertz & Speranza (2012) and used in Coelho & Laporte (2013) and Solyali
& Siiral (2017). The procedure consists of two stages. The first stage corresponds to
solving another subproblem (LS) through a standard mathematical programming
solver. The corresponding subproblem is formulated as an MIP where we impose the
routes and visit combinations of the current solution but allow unemployed visit
combinations to substitute for the current ones. For each unemployed visit combination
r of retailer i, we define a parameter ir which stands for the approximate transportation
cost of replacing the current visit combination, vci, of retailer i with visit combination
r. Moreover, a tabu list which is used to store the visit combinations of the recently
visited solutions is employed in the formulation to avoid cycling. After the restricted
formulation is solved and new visit combinations are determined, the routing
subproblem, Route, is solved to complete the new solution in the second stage of the

procedure.
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Employing the alternative visit combinations in the local search is especially
beneficial to handle the visit spacing constraints. However, in instances with large visit
windows and a long planning horizon, a large number of alternative visit combinations
can exist for a retailer. Hence, considering all visit combinations in this procedure may
increase the computational burden. In order to deal with this issue, we develop a
working visit combination set (WVCS) generation mechanism. With this mechanism,
for each retailer, the number of alternative visit combinations to be considered at each

local search execution is limited to a specified number.

The main steps and the flowchart of MA are provided in Figures 3.1 and 3.2,
respectively, where Xi» and Xpest represent the best solution of the current multi-start
iteration and the best solution obtained from all multi-start iterations, respectively. The
input parameters maxStart, maxlter, and maxSub represent the total number of multi-
start iterations, the maximum number of consecutive local search executions without
improvement, and the maximum number of allowed visit combination substitutions
for a single local search execution, respectively. At the beginning of each multi-start
iteration, the WVCS generation mechanism, WorkingSets, is executed and WVCS for
each retailer i, WR;, is formed. In this mechanism, the parameters Ms and Mr are

utilized to determine the number of visit combinations to be selected for each retailer.

After an initial solution, X, is constructed, the local search procedure is
implemented iteratively. In Algorithm 1, f(Xi) and f(X) represent the objective
function values of Xip and X, respectively. At the end of each local search execution,
if an improved solution is obtained, then the WVCSs are updated and the tabu list,
tabuList, is initialized. Otherwise, the resulting solution is added to tabuList which is
specifically employed to store the recently visited unimproved solutions. By utilizing
tabuList in LS subproblem, it is ensured that the procedure does not revisit those
unimproved solutions. Because the WV CSs are updated at the end of each successful
local search execution, the necessity of storing the tabu solutions that are generated
with the previous WVCSs no longer exists. Therefore, tabuList is initialized at the end

of each successful local search implementation. Each multi-start iteration of MA is
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terminated when the value of s becomes bigger than maxiter. Note that in the
procedure, the LS subproblem may be infeasible with respect to the imposed tabuL.ist.
Whenever this case happens, the current multi-start iteration is stopped and the
algorithm proceeds to the next multi-start iteration. In the following subsections, the

Pl and LS subproblem formulations and WVCS generation are described, respectively.

Algorithm 1: MA
Input: problem data, maxStart, maxiter, maxSub, Ms, Mr
Output: global best solution, Xpest
it—1;
while it < maxStart
determine working visit combination set WR; for each i € N", WorkingSets(Ms,
Mr);
select a visit combination vci € WRi randomly for each i € N;
solve the production-inventory subproblem, PI(vci);
solve the routing subproblem, Route(vci), and complete the initial solution, X;
calculate Air for each i € N" and r € WR; \ {vci};
initialize tabulist; s < 0; Xip < X;
ifitisequal to 1
Xbest «— X;
end if
while s < maxIter
solve LS(X, tabulList, Air, maxSub) subproblem and get vc; for each i € N';
solve the routing subproblem, Route(vci), and complete the new solution, X;
X X:
calculate new ir values with respect to X;
if f(X) < f(Xib)
X — X; s« 0;
initialize tabuL.ist;
generate new working visit combination sets, WorkingSets(Ms, Mr);
else
S«—sSs+1;
add X to tabulList;
end if
end while
if f(Xib) < f(Xoest)
Xbest <— Xib;
end if
it—it+1;
end while

Figure 3.1 Main steps of MA
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Figure 3.2 Flowchart of MA
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3.3.1 A Brief Description of the Utilized Routing Algorithm

In this section, we briefly describe the utilized ILS to solve the routing subproblems
in our MA. The utilized ILS algorithm starts with a random initial solution. Then, the
random initial solution is improved by a variable neighborhood descent (VND)
(Mladenovi¢ & Hansen, 1997) based local search mechanism. If the corresponding
subproblem is a TSP, only intra-route neighborhood structures are utilized in VND. If
the routing subproblem requires more than one vehicle, both inter-route and intra-route
neighborhood structures are implemented in the local search. At each iteration of ILS,
a perturbation mechanism and the local search procedure are successively applied to
obtain an improved solution. Whenever an improved solution is obtained, the current
solution is updated. The perturbation mechanism has an adaptive nature and it provides
calibrated perturbation moves according to the structure of the search space. The
algorithm is finished when the number of successive iterations without an
improvement reaches a specified number. In our executions, we terminate the
algorithm after 40 failed consecutive iterations. Detailed information on the
perturbation mechanism and the neighborhood structures can be found in Avci &
Topaloglu (2015).

3.3.2 P1 Subproblem Formulation

In this subsection, we describe the mathematical model employed for the PI
subproblem. In this phase, the decisions of when and how much to produce and how
much to deliver are determined. To formulate the PI, we let Sit be a parameter which
is equal to one if retailer i is visited in period t according to its visit combination, vc;,
and zero otherwise. We also let Sot be a parameter being equal to one if the vehicle is
dispatched in period t according to the selected visit combinations, and zero otherwise.
The objective is to minimize production and inventory costs. The subproblem can be

formulated as follows:

(P1) MinZ=> (u.p,+f.y,+> h.ly) (3.19)

teT ieN

subject to (3.2) - (3.6), (3.14)
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0. <M,.B, VieN",vteT (3.20)
D> 0, <Q.5,,VteT (3.21)
ieN"

y, {013, VteT (3.22)

3.3.3 Approximate Visit Combination Substitution Costs (Air) Calculations and LS
Subproblem Formulation

Jir calculations are performed based on the possible insertion/removal costs of
retailer i into/from the existing vehicle routes of X. Fori € N" and r € WR; \ {vci}, let
Insir be the set of time periods belonging to r. For i € N', let Rem; be the set of time
periods belonging to the existing vci. For i € N', and t € T, we also let icit (resp. rcit) be
the cost of inserting (resp. removing) retailer i into (resp. from) the route of the vehicle

in period t. For each i € N" and r € WRj \ {vci}, Air is calculated as follows:

= D, = TG (3.23)

telns; \Rem; teRem;\Ins;,

In Eq. (23), icit is the cheapest insertion cost for inserting retailer i in the route of
period t while rcit is associated with the cost decrease occurred when retailer i is
removed from the route of period t and its predecessor is linked with its successor. In
order to formulate LS subproblem, we define wir as a binary variable being equal to
one if visit combination r € WR; \ {vci} is substituted for vci, and zero otherwise.
Moreover, let git be a parameter which equals to one if period t is covered by vci, and
zero otherwise. Furthermore, we let TLi € WR; \ {vci} be a set of visit combinations of
retailer i that are employed in the solutions of tabuList. The MIP model used in this

procedure is constructed as follows:

(LS) MIinZ =) (up+fy,+> h1)+> > Ay, (3.24)

teT ieN ieN" rewr \{vc; }

subject to (3.2) - (3.6), (3.10), (3.14)
G <M. D (@) +Mg, (- D ), VieN' vteT  (3.25)

rewWR; \{vc; } rewR,; \{vc; }

>y, <LVieN' (3.26)

reWR; \{vc; }
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Z v, =1 (3.27)

VieN, reWr \{vc; }

> > v, <maxSub (3.28)

VieN, reWr; \{vc;}

v, =0,VieN",VreTl (3.29)
Vv, €{0,},vteT,VieN',Vr eWR \{vc} (3.30)

The objective function (3.24) is the sum of fixed and variable production costs,
inventory holding costs at plant and retailers, and the visit combination substitution
costs. Constraint set (3.25) ensures that the delivered quantity to retailer i in period t
can be positive if and only if that retailer is visited in period t. Constraint set (3.26)
guarantees that at most one visit combination can be substituted for each retailer.
Constraint (3.27) enforces that at least one visit combination substitution must be made
while the maximum number of visit combination substitutions is limited in constraint
(3.28). Constraint set (3.29) forbids the possible employment of tabu visit
combinations. Finally, constraint set (3.30) defines nature of the decision variables.

3.3.4 WVCS Generation Mechanism (WorkingSets)

The main steps of WorkingSets are given in Figure 3.3. WorkingSets starts with
calculating a selectivity score, SSir, in a randomized way for each visit combination r
€ Rj of each retailer i having more alternative visit combinations than Ms. In Figure
3.3, TCN; is the total number of alternative visit combinations for retailer i and Mr is
a number in the interval (0, 1]. The number of alternative visit combinations to be
selected for each retailer i is the maximum of Ms and SN; where SN; is equal to Mr x
TCNi. Throughout our preliminary experiments, it is observed that building the
WVCSs predominantly from the visit combinations covering a small number of
periods generally provides high-quality solutions for the PRP-VSP instances. Based
on this observation, the SSir calculation is designed to allow visit combinations
covering fewer time periods to score higher. In order to ensure diversification in the
SSir calculation, the number of times the visit combination r has been added to WR;,

fnir, in the current multi-start execution is also taken into account. To calculate SSir, a
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random number pir is generated in the interval [1, 1.5] for each i € Nc and r € R; and

SSiris setto (p, / fn,)/ D a, .

teT

Algorithm 2: WorkingSets
Input: Ms, Mr
Output: WVCSs (WR; for each i € N")
fori—1:n
TCN;i < the total number of visit combinations for retailer i;
if TCN; > Ms
calculate the selectivity score for each alternative visit combination r € R; of
retailer i;
SNij < TCNi x Mr
if Ms > SN;
add the first Ms of the visit combinations with the highest selectivity scores
to WR;;
else
add the first SN; of the visit combinations with the highest selectivity scores
to WR;;
end if
else
add all visit combinations to WR;;
end if
end for

Figure 3.3 Main steps of WorkingSets

After SSir values are calculated, the visit combinations of each retailer are sorted in
descending order of their scores and Ms or SN; of those at the top of the list are included

to the WVCS of the corresponding retailer.

3.4 Computational Study

While the proposed MA was coded in MATLAB R2016b, the mathematical models
were coded in IBM ILOG CPLEX 12.6. All experiments were executed on a 4.00 GHz
intel core i5-760X computer with 32 GB RAM. Moreover, we utilized IBM ILOG
CPLEX for MATLAB which is an extension to IBM ILOG CPLEX that allows the
user to define and solve optimization problems within MATLAB to solve LS and PI
formulations. The executions of the models and MA have been limited to 3600 CPU

seconds.
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Since there are, to our knowledge, no standard benchmarks for the PRP-VSP, we
created randomly a set of single vehicle problem instances to test the performance of
MA. These instances have also been utilized to observe the effect of the VSP on the
overall system cost. Additionally, by applying small modifications, the proposed
algorithm has been applied to the standard single vehicle PRP instances presented in
Archetti et al. (2011). In the following subsection, details on these utilized problem

sets are given.

3.4.1 Test Instances

In this subsection, we initially give the details of our single vehicle PRP-VSP
instance generation procedure. After that, general characteristics of the utilized
standard PRP data set are explained.

3.4.1.1 Single Vehicle PRP-VSP Instance Generation

Our instance generation procedure is inspired from Archetti et al. (2011). The
problems are divided into four classes according to their cost and capacity
characteristics. The instances belonging to the first class are standard instances and the
rest of the instances are generated by using these instances. The instances in the second
class are comprised of low capacity values by halving the production, vehicle, and the
plant inventory capacities of the first set instances. While the third class instances have
higher production setup and unit production costs, the fourth class instances do not
have any inventory holding costs at the retailers. For each problem class, there exist

56 instances containing 10 to 100 retailers and 10 to 20 time periods.

The problem instances are also classified according to the type of VSP applied for
the retailers. The implemented VSPs are given in Table 3.2. In the table, each couple
of numbers in parentheses indicates a visit time window. As can be seen from the table,
when the VSP type number increases, larger visit time windows are employed in the

problem instances. For example, for the problems with 10 periods and VSP type I, the
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minimum and maximum number of time periods between two consecutive visits are
equal. For the instances with VSP type II, the visit time window of each retailer is
taken as either (1, 2) or (2, 3).

Table 3.2 Visit windows applied for each class of instances

Planning Horizon
VSP 10 periods 20 periods
VSP | (1,1),(2,2) (1,1),(2,2),(3,3)
VSPII  (1,2),(2,3) (1,2),(2,3),3,4)
VSP Il (1,2),(2,4) (1,2),(2,4),3,5)
VSPIV (1,3),(2,5 (1,3),(2,5,B3,7

The first class problem instances have been generated as follows: the coordinate
values of the nodes are uniformly distributed within the interval [0, 100] while the
demand quantities of retailers for all time periods are uniformly distributed within the
interval [5, 25]. The transportation cost between two locations is five times the
Euclidean distance between the locations. The inventory holding costs of the nodes are
generated in the interval [1, 4]. Unit production cost is three times the inventory
holding cost at the production plant, while the production setup cost 100 times the unit

production cost. The inventory capacity at retailer i is generated in the interval [U,

t-+min; TD;

Uz], where U, = MaX,_; 1m-min, ( Z d;) and U, =max (Zdij) -
j=t j=t

The production and vehicle capacities are set to the sum of five and four periods of
retailer consumption on average, respectively. The inventory capacity at the plant is
two times the production capacity. As already mentioned, the production, vehicle, and
plant inventory capacities are reduced by half for the second class instances. For the
third class instances, unit production cost is 10 times the inventory holding cost at the
production plant. We divide all generated instances into two sets, S1 and S2. The first
set (S1) is comprised of the instances with up to 20 retailers while the second one (S2)
is comprised of the other instances. The first and the second sets consist of 96 (S1) and

128 (S2) instances, respectively.
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3.4.1.2 Standard PRP Instances

In order to test the performance of MA on the basic PRP instances with a single
vehicle, we utilize the data set, A1, which is introduced in Archetti et al. (2011). The
data set consists of instances with 14 retailers and six time periods. The problems are
characterized by constant demand, no production capacity, and no plant inventory
capacity but with initial inventory at the plant and retailers. There are 96 instance types
and five instances per type, for a total of 480 instances for the set. The problems are
categorized into four classes according to their cost patterns. The problems in the first
class (types 1-24) are standard instances while those in the second class (types 25-48)
and the third class (types 49-72) are characterized with high production cost and large
transportation cost, respectively. The problems in Class IV have no retailer inventory

holding cost.
3.4.1 Computational Results on Single Vehicle PRP-VSP Instances

In order to test the performance of MA with a heuristic algorithm on the generated
PRP-VSP instances, we have adapted the iterative MIP heuristic (IM) of Absi et al.
(2015) to the PRP-VSP. This version of the algorithm is marked as IM-VSP. Of the
presented IM variants in Absi et al. (2015), we utilized IM-MS, which is implemented
in a multi-start scheme with 20 restarts. The adapted version of IM contains the visit
spacing constraints (3.16), (3.17) and (3.18) in the lot-sizing phase. Moreover, our
implementation of IM differs from its original implementation in the routing phase,

where we apply our routing procedure (Route) to generate the vehicle routes.

IM-VSP and MA are executed three times for each problem instance. After
preliminary test results, the values of the parameters maxStart, maxlter, Ms, and Mr
are set to 10, 10, 50, and 0.35 for MA, respectively. The value of maxSub is adjusted

according to the number of retailers and is set to |'n / 2_| . Note that the LS formulation

of MA and the lot-sizing phase of IM-VSP are solved with a time limit of n seconds.
As the models could not solve the instances in the second set, we made the
performance comparison of MA, IM-VSP, and the models by using only the set S1.
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The executions of the models and the heuristics have been limited to 3600 CPU
seconds. In Appendix A, we also provide the data and optimal solution of a small size

instance with 10 retailers and 10 periods.

The computational results obtained for the set S1 are summarized in Table 3.3.
Moreover, detailed results of MA, IM-VSP and the models for the problem set are
reported in Tables B1 through B4 in Appendix B. In Table 3.3, for each problem class,
the average gap percentages of the algorithms with respect to the optimum results,
when available, or with respect to the lower bounds produced by the models are
presented along with the average computational times. '# best' shows the number of
times a heuristic finds the best solution. From Table 3.3, it is seen that MA outperforms
IM-VSP in terms of the average gap percentages with respect to the lower bounds for
the first set. The average gap of MA and IM-VSP for all instances are found as 1.14
and 1.30, respectively. Moreover, MA and IM-VSP have reached the same solution in
64 instances. In the other 32 instances, MA outperforms IM-VSP in 21 out of 32
instances. These results indicate the superiority of MA over IM-VSP in the set S1.
Furthermore, the overall average computational times are 878.2 and 115.7 seconds for
IM-VSP and MA, respectively, which shows that MA is faster than IM-VSP.

Table 3.3 Summary of computational results for the set S1

IM-VSP MA
Pr. Classes Avg. Gap% Avg.t.(s) Avg.Gap%  Avg.t. (s)
Class | 1.41 677.5 1.20 105.9
Class Il 1.74 636.9 1.52 131.5
Class I 0.38 1203.0 0.31 112.0
Class IV 1.65 995.3 1.53 1135
Avg. 1.30 878.2 1.14 115.7
#Best 75 85

When the detailed results for the set S1 are examined, it is observed that the models
can produce optimal solutions for 48 out of 96 instances, and they fail to provide a
feasible solution for the other instances within the specified computation time. For the
48 instances where the optimality is confirmed, MA and IM-VSP have reached the
optimal solutions in 46 and 41 instances, respectively, and the average gaps of MA
and IM-VSP with respect to the optimal results are 0.00% and 0.24%, respectively. It

is also worth to remark that the computational times of MA are generally far less than
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those of the models. For the 48 instances with a known optimal solution, the smallest
of the computational times spent by the models for finding the optimal solutions are
averaged around 688.6 seconds, while the average computational time of MA for these
instances is only 35.8 seconds. Furthermore, it is also noticeable that the gaps between
the average and the best results of MA are averaged around 0.12%. This outcome
indicates the robustness of the proposed approach. When the results of the models are
compared, it is observed that there does not exist a significant difference between the
performances of the models. Model 1 and Model 2 provide optimal solutions for 43
and 45 instances, respectively. Besides, the average computational times of the models
are 2262.4 and 2255.9 seconds, respectively.

A summary of the computational results obtained for the set S2 is reported in Table
3.4. Detailed results are also given in Tables B5 and B6 in Appendix B. In Table 3.4,
for each algorithm, the average gap percentages with respect to the best solutions and
the average computational times are reported. It can be seen in the table that MA
provided better results than IM-VSP in terms of the average gaps and the
computational times for all classes. Moreover, as in the first set of instances, MA found
more best solutions than IM-VSP. These results also confirm the superiority of MA
over IM-VSP on the PRP-VSP instances.

Table 3.4 Summary of computational results for the set S2

IM-VSP MA
Pr.Classes Avg. Gap% Avg.t. (s) Avg.Gap%  Avg. t. ()
Class | 0.25 2651.7 0.11 1543.0
Class II 0.22 1946.9 0.12 1518.2
Class 111 0.21 3002.2 0.03 1535.7
Class IV 0.56 2845.8 0.05 1431.2
Avg. 0.31 2611.6 0.08 1507.0
#Best 58 87

3.4.2 Analyzing the Effect of the VSP on the Overall Cost

To observe the effect of the VSP on the PRP, we solve all problem instances in the
sets S1 and S2 without imposing the visit spacing constraints. In order to solve the
basic version of the PRP by MA, we initially created a new visit time window (min;,

max;i) for each retailer i in each problem instance. The visit windows are formed as
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follows: for each retailer i, min; is set to zero, which makes it possible to visit the
retailer on consecutive periods. The value of max; is set to the maximum number of
time periods during which the retailer can meet the customer demands without any
visit from the plant. After creating the new windows, we generated all the visit
combinations for all the retailers. When min; and max; are respectively set to 0 and H,
the number of alternative visit combinations grow at a rate proportional to O(2H).
Specifically, allowing visits in consecutive time periods to a retailer gives rise to this
exponential growth. Therefore, throughout the generation process, we observed that
intractable number of visit combinations were created for the retailers in the instances
with 20 periods, which makes these instances unsuitable for solving with MA. To deal
with this issue, we have implemented IM-MS of Absi et al. (2015) to solve the
instances with 20 periods. The implemented algorithm is the same as IM-VSP except
the VSP constraints. In the instances with 20 periods, the cost comparison was
conducted by using the results of IM-MS and IM-VSP for PRP and PRP-VSP,
respectively. In 10-period instances, the results of MA for the PRP and PRP-VSP were
utilized in cost comparison. The reason behind this application is to avoid errors arising

from algorithm differences.

The average cost increase for each problem class and each VVSP type is provided in
Table 3.5. Moreover, detailed cost values for all instances are reported in Tables B7
through B14 in Appendix B. When the cost of imposing the VSP is analyzed, it is
observed that the average increases on the total cost are higher in the first and the
second problem classes compared to the third and fourth class instances. It is also
noticeable that the biggest and the smallest average cost increases have occurred in the
first and the fourth VVSP type, respectively, for each problem class. Moreover, it is
worth to remark that the average cost increase on the second class of instances is bigger
than that on the first problem class of instances. This result indicates that as the

capacities are tightened, bigger cost increases are observed for these instances.
The average cost values obtained by solving the instances with and without VSP

are depicted in Table 3.6. When the results are analyzed, the changes on the inventory
holding costs at the retailers (R. Inv.) are quite noticeable. Without the VSP policy,
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the average total inventory holding costs at the retailers constitute 8.07%, 7.72% and
4.80% of the average overall cost for the first, second, and third problem classes,
respectively. It is observed that these values are increased to 19.93%, 19.57%, and
8.64% for the first, second, and third problem classes, respectively, when the VSP is
applied. On the other hand, it is found that the VSP does not have any significant effect
on the total production costs. The average cost increase is around 3.33% for the
instances where there is no inventory holding cost at the retailers or the production
costs are dominant. However, for the other problem instances, the average cost change
increases to 8.67%. The results show that for the systems where the inventory holding
costs are important, managers need to determine whether the VVSP is bearable in its
impact on the inventory holding costs before deciding to implement it. Moreover, since
it does not lead to significant cost increases in the systems with low inventory holding

costs, the managers of such systems can apply the VSP more easily.

Table 3.5 Average cost increase % for each class of instances between the standard PRP and PRP-
VSP

V'SP type
Pr.Classes VSPI VSPIlI VSPIII VSPIV Avg.
Class | 9.62 832 8.50 6.08 8.13
Class Il 11.90 8.65 9.14 719 9.22
Class Il 365 274 2.96 2.06 2.85
Class IV 6.06 4.66 3.06 1.43 3.80
Avg. 781  6.09 5.91 419 6.00

3.4.3 Computational Results on Single Vehicle PRP Instances

The performance of MA is compared with five heuristic algorithms which are the
optimization based ALNS of Adulyasak et al. (2014a) (Op-ALNS), multi-start 1M
(IM-MS) of Absi et al. (2015), multi-phase heuristic (5P) of Solyali & Siiral (2017),
VNS of Qiu, Wang et al. (2018), three level heuristic (TLH) of Li et al. (2019), and
three-level decomposition matheuristic (CCJ-DH) of Chitsaz et al. (2019). Because it
was mentioned in Solyali & Siiral (2017) that the heuristic proposed by Archetti et al.
(2011) requires a correction in its implementation, the results of this heuristic have not
been included into the comparison. The optimal solutions for the instances have been
found using the branch-and-cut algorithm in Ruokokovski et al. (2010) (Solyali &
Siiral, 2017).
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Table 3.6 Average cost values obtained by solving the instances with and without the VSP

Prod. P. Inv. R. Inv. Trans. Total
Pr. Classes PRP-VSP PRP Diff.% PRP-VSP PRP Diff.% PRP-VSP PRP Diff.% PRP-VSP PRP Diff.% PRP-VSP PRP Diff.%
Class | 69672.6 70336.9 -0.94 570.6 204.3 179.37 221771 8240.4 169.13 18843.9 23386.6 -19.42 111264.3 102168.2 8.90
Class Il 70460.1 707226 -0.37 615.7 239.8 156.77 220459 7919.6 178.37 19503.3 23684.4 -17.65 112625.0 102566.3 9.81
Class 111 225492.0 226117.0 -0.28 3120.8 21909 42.44 23379.4 12581.8 85.82 18486.6 21022.5 -12.06 270478.8 2619121  3.27
Class IV 68917.2 67835.1 1.60 683.6 483.8 41.30 - - - 17454.6 16224.7 7.58 87055.5 84543.6 2.97
Avg. 108635.5 108752.9 0.00 1247.7 779.7 104.97 22534.2 9580.6 144.44 18572.1 21079.6 -10.39 145355.9 137797.6 6.24

Notes. Prod., total production cost, P.Inv., inventory holding cost at the plant, R.Inv., total inventory holding cost at the retailers,
Trans., transportation cost, Diff.% = ((PRP-VSP - PRP) / PRP) x 100



It is important to note that in order to adhere to the PRP formulation given in

Archetti et al. (2011), the maximum inventory level constraint set (3.6) are replaced
with the constraint set (3.31) and M, is the minimum of {L; +d,,Q,DD,} for these

instances. By these changes, it is imposed that the level of inventory at retailer i is not
greater than its maximum level after delivery and consumption. In constraint set (3.6),
it was enforced that the inventory level at retailer i after delivery must be smaller than

its maximum level.

I, <L,VieN", vteT (3.31)

The summary of the results are provided in Tables 3.7 and 3.8. Moreover, detailed
results of MA are given in Table B15 in Appendix B. In the tables, In Table 3.7, '#
optimal’ shows the number of times a heuristic finds the optimal solution. As it is seen
from Table 3.7, MA is the best performing algorithm in terms of the average gap
percentages with respect to the optimal solutions for the data set. The average gap of
MA for all instances is found as 0.02%. Moreover, the number of instances for which
MA has reached the optimal solution is 398, which is the highest number among all
compared heuristics. Furthermore, it can be inferred from Table 3.8 that the
computational times of MA are reasonable for the standard PRP instances. Although
not designed for the PRP, it becomes clear that the proposed MA also performs well
on the standard PRP instances with a single vehicle.

Table 3.7 Average Gap% with respect to the optimal solutions of Al
Classes Op-ALNS IM-MS 5P VNS TLH CCJ-DH MA

Class | 1.70 009 003 025 015 047 0.01
Class Il 0.36 0.01 000 004 0.03 0.08 0.00
Class I 8.43 057 018 156 1.52 220 0.04
Class IV 0.93 0.02 003 021 057 0.23 0.01
Avg. 2.86 0.17 006 051 057 075 0.02
# Optimal 2 307 290 113 168 45 398
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Table 3.8 Average computational times for the set Al
Classes Op-ALNS IM-MS 5P VNS TLH CCJ-DH MA

Class | 9.2 251.0 50 123 293 144 115
Class Il 8.9 2142 49 128 27.8 136 104
Class 111 7.6 237.2 47 122 28.0 12.8 9.2
Class IV 8.7 2169 52 126 251 14.9 9.4
Avg. 8.6 229.8 50 125 275 139 10.1

3.5 Chapter Summary

In this chapter, we introduce our study on the single vehicle PRP-VSP. Initially,
two mathematical formulations have been developed for the PRP-VSP based on
previous formulations. The models have been implemented on the generated test
problems and it has been observed that it can generate feasible and optimal solutions
to only small size instances. Therefore, in order to solve the PRP-VSP, a simple
matheuristic algorithm (MA) is developed. The proposed MA is implemented in a
multi-start scheme in which some subproblems are solved exactly using mathematical

programming.

The performance of MA is tested on a set of randomly generated PRP-VSP
instances. The results show that the developed MA can give high-quality solutions to
the instances in reasonable computation times. Besides, MA is implemented to the
standard PRP instances from the literature. The computational results indicate that the
developed MA is effective in solving both the PRP. Additionally, to reveal the effect
of the VVSP on the overall cost, all problem instances are solved without imposing the
visit spacing constraints. According to the results, it is observed that the VVSP results
in an increase on the overall cost of between 1.43% and 11.90%, on average.
Furthermore, the results indicate that the VSP generally influences the inventory

holding costs at the retailers significantly.

In the following chapter, we extend our study on the PRP-VSP by considering

multiple vehicles.

42



CHAPTER FOUR
MULTI-VEHICLE PRODUCTION ROUTING PROBLEM WITH VISIT
SPACING POLICY

4.1 Introduction

In this chapter, the production routing problem with visit spacing policy (PRP-VSP)
is considered with multiple vehicles. In order to tackle the multi-vehicle problems, we
develop two variants of our matheuristic algorithm (MA) presented in Chapter 3. The
notation, models, and procedures of this chapter are strongly related to those presented
in Chapter 3. For this reason, before proceeding to this chapter, we recommend readers
read Chapter 3.

The performance of the developed MA variants are tested on a set of multi-vehicle
PRP-VSP instances which are generated by utilizing the multi-vehicle PRP data set
introduced in Boudia et al. (2007). In addition, the developed algorithms are applied
to standard PRP instances introduced in Archetti et al. (2011) and the multi-vehicle
inventory routing problem with visit spacing policy (IRP-VSP) instances solved in
Coelho et al. (2012a).

The remainder of this chapter is organized as follows. In Section 4.2, the
mathematical formulation of the multi-vehicle PRP-VSP is presented. In Section 4.3,
the variants of MA are explained in detail. Section 4.4 presents the computational
results obtained for the multi-vehicle problem instances. Finally, the context of the

chapter is summarized in Section 4.5.

4.2 Mathematical Formulations for the Multi-Vehicle PRP-VSP

The PRP-VSP with multiple vehicles can be formulated by extending the
mathematical models, Model 1 and Model 2, presented in Chapter 3. Let K ={1,...,m}

be the set of homogeneous vehicles. The multi-vehicle PRP-VSP formulations are

written using the same variables x, g, z with the same notation as in the models from
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the previous chapter, however, a vehicle index k is added to these variables. The first
multi-vehicle formulation that is the modified version of Model 1 can be stated as

follows:

MinZ = Z(U P+ f. yt"'zh. n"'zz Z Cij Xijic) (4.1)

teT ieN keK ieN jeN\{i}
subject to (3.4), (3.5), (3.11)
IOt—l+pt:ZZqitk+|Ot’VtET (4.2)
keK jeN"
lia+ D Oy =0y + 1, VieN" vteT (4.3)
keK
Lo+ D Oy <L, VieN' VteT (4.4)
keK
Oy <M,.2,,VieN" VteT,VkeK (4.5)
D X = D, Xy, VieN,VteT,VkeK (4.6)
jeN\i} jeN\{i}
D X =y VieN,VteT,VkeK (4.7)
jeN\{i}
D Gy <Q.Zgy, VteT,Vk e K (4.8)
ieN"
Dz = a,s, =0,VieN" VteT (4.9)
keK reR;
SN X £ Ziy — 2oy, VLT, Vk e K, VS N [S]>2,veeS  (4.10)
ieS jeS ieS
> 7, <1LVieN" VteT (4.11)
keK
Pes i, O 20,Vie N, VteT,VkeK (4.12)
Xiter Sirs Yoo Zie €40, VieN,VjeN,VreR,VteT,vkeK (4.13)

When m = 1, constraint sets (4.2) — (4.10) are equivalent to (3.2) — (3.3), (3.6) —
(3.10) and (3.12) — (3.13), respectively. Constraint set (4.11) imposes that each retailer
can be visited by at most one vehicle in a period. Constraint sets (4.12) and (4.13)
define the nature of the decision variables. The visit spacing constraints (3.16) — (3.18)
of Model 2 can be adapted to the multi-vehicle PRP-VSP as follows:

mln

> 20, SLVieN' t=1...(H —min) (4.14)
keK 1=0
ZZZ.MZWIGN t=1,..,(H —max) (4.15)
keK 1=0
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fv, -1
D> 7 2L VieN' (4.16)

keK 1=0

With these new constraint sets, the multi-vehicle extension of Model 2 consists of
the equations (3.4), (3.5), (3.11), (4.1) - (4.8), (4.10) - (4.13), and (4.14) - (4.16).

4.3 Variants of MA for the Multi-Vehicle Cases

For the cases with more than one vehicle (m > 1), we develop two variants of MA.
In this section, we present the modifications made in the steps of MA for the first and
the second variant, respectively. Apart from these modifications, the algorithm is not

changed.

4.3.1 Variant of MA with Aggregated Capacity Constraints for the Multi-Vehicle
PRP-VSP

The first variant of MA makes use of aggregated vehicle capacity constraints in its
Pl and LS subproblem formulations to tackle the multi-vehicle cases of the PRP-VSP.
We call this variant MA-ACC. The aggregated vehicle capacity constraints are
formulated in the P1 and LS formulations of MA-ACC as follows:

D G <Q.f,mVteT (4.17)
ieN"

With constraint set (4.17), the PI formulation of MA-ACC (PI-ACC) consists of the
following equations: (3.2) — (3.6), (3.14), (3.19), (3.20), (3.22), and (4.17). The LS
formulation of MA-ACC (LS-ACC) is comprised of the equations (3.2) — (3.6), (3.14),
(3.24) — (3.30), and (4.17).

Constraint set (4.17) ensures that the total delivered quantity cannot exceed the
available fleet capacity, however, it does not guarantee the feasibility of the solutions
in terms of the number of vehicles utilized in a period. Because the split delivery is

forbidden, it can be possible that all of the deliveries in a period can only be transported
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by using more than m vehicles. In order to get rid of this issue, if Xy, is infeasible at
the end of a multi-start iteration, a repair procedure, Repair, is implemented to make
Xip feasible. In this procedure, a modified version of LS-ACC formulation and the
routing subproblems are successively solved to obtain a feasible solution. The
modified LS-ACC formulation (LSRepair) does not involve the tabu solution
constraints (3.29) and it contains a new aggregated vehicle capacity constraint set
(4.18) instead of the set (4.17).

> 0, <Q.B,mb, VteT (4.18)

ieN"

With these two modifications, LSRepair consists of the equations (3.2) — (3.6),
(3.14), (3.24) — (3.28), (3.30), and (4.18). In (4.18), parameter 6 is introduced to
provide the feasibility of the routing subproblem by reducing the total delivered
quantity in a period. The main steps of Repair are given in Figure 4.1. At the beginning
of the procedure, 6 is initialized to one for each t € T. At each iteration of the
procedure, WorkingSets procedure is executed and Jir values are calculated,
respectively. After that, 6; values are updated according to the vehicle routes of Xi. If
the number of used vehicles in period t exceeds Km, 6; is decreased by 0.01. Otherwise,
if the number of dispatched vehicles in period t is less than m, 6 is increased by 0.01,
unless it is equal to one. This 6; updating strategy is adopted from Absi et al. (2015).
After 0; values are updated, LSRepair and Route subproblems are solved sequentially

and new Xy is formed. The procedure is repeated until a feasible Xy is found.

Algorithm 3: Repair
Input: problem data, Ms, Mr, m, Xj,
Output: Xip
initialize 6:foreacht € T;
repeat
generate WVCSs, WorkingSets(Ms, Mr);
calculate Zir values with respect to Xip;
update 6; values with respect to Xip;
solve LSRepair(X, Air, m, 6;) and get vci and git foreachi e N"and t € T;
solve Route(vci, git), and complete new Xip;
until X, becomes feasible

Figure 4.1 Main steps of Repair
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4.3.2 The Second Variant of MA for the Multi-Vehicle PRP-VSP

In MA-ACC, the delivery quantity decisions are determined according to the
aggregated vehicle capacity constraints. The fact that the PI-ACC and LS-ACC
formulations do not involve decisions on the allocation of retailers to vehicles
increases the efficiency of the algorithm significantly. However, in the problem
instances with a tight vehicle capacity, it may decrease the accuracy of the visit
combination substitution costs. In order to investigate this issue, we develop a second
variant of MA, MA-SV, in which the Pl and LS subproblems involve decisions on the
clustering of retailers to vehicles.

In the PI subproblem formulation of MA-SV, the delivered quantity decision
variable qit is replaced with the decision variable giw that stands for the quantity
delivered to retailer i in period t by vehicle k. Accordingly, the inventory balance
constraint sets (3.2) and (3.3) and inventory capacity constraint set (3.6) are replaced
with the constraint sets (4.2) — (4.4) from the multi-vehicle PRP-VSP formulation,
respectively. Moreover, new delivered quantity constraint sets (4.19) and (4.20) are
employed instead of the sets (3.20) and (3.21). Furthermore, another new constraint
set (4.21) are utilized to forbid the split delivery. Consequently, the Pl formulation of
MA-SV, PI-SV, consists of the equations (3.19), (4.2) — (4.4), (4.12), and (4.19) —
(4.22).

Oy <M,.B,.24,Vie N, VteT,Vk eK (4.19)
D Oy Q. BoZog, VE €T, Vk e K (4.20)
ieN"

D 7y <P, VieN" VteT (4.21)
keK
Yoo Zy €101}, VieN,VteT,VkeK (4.22)

In the LS subproblem of MA-SV, the insertion (resp. removal) cost icit (resp. rcit) is
replaced with iciw (resp. rci«) which is the cost of inserting (resp. removing) retailer i
into (resp. from) route k in period t. The introduced parameters icit and rciw are utilized
in the objective function in place of the visit combination substitution costs Air.

Accordingly, the binary variable yir is not employed in the new formulation. Instead,
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we make use of the s;jr variable from Model 1. Additionally, we define it (resp. dit) as
a binary variable being equal to one if retailer i is inserted (resp. removed) into (resp.
from) route k in period t, and zero otherwise. Moreover, parameter gi: is also extended
with a vehicle index k (gi) and it equals to one if retailer i is visited by vehicle k in
period t, and zero otherwise. As a result, the MIP model for the LS subproblem of MA-
SV is formulated as follows:

(LS=SV)MInZ =) (u.p,+ f.y,+ > h.l,)

teT ieN
) (4.23)
+ Z(Z Z (- i) iCu i — Yit-MCige -G )
teT jeN' keK

subject to (3.4) - (3.5), (4.2) — (4.4), (4.12)
Oigc = Mit(gitk + (1= i )7t — Gie- O ) VieN "vteT,vkeK (4.24)

D Gy <Q,VteT,VkeK (4.25)
ieN"
> s, =LVieN’ (4.26)
rewr; {vc; }
Z(gitk + ¥ — O ) — Z a,.s, =0,VieN",VteT (4.27)
keK rewr; {vc; }
s, =0,VieN',VreTL, (4.28)
Z(gitk + (-0 )i — YO ) <L VieN VteT (4.29)
keK
Z (- 9w )7iw — Y- Oigc) <&, VLT, Vk e K (4.30)
ieN'
Sy Vi O €40, VieN', VteT,Vk e K, Vr eWR U{vc } (4.31)

As in the PI-SV formulation, the q variable has a vehicle index k. The objective
function (4.23) minimizes the total cost. Constraint sets (4.24) is equivalent to the
constraint set (3.25). Vehicle capacity constraints are dictated in constraint set (4.25).
Constraint set (4.26) - (4.27) are the counterparts of the VSP constraint sets (3.11) and
(4.9) from the multi-vehicle PRP-VSP formulation. Constraint set (4.28) is the tabu
visit combination constraints and it is equivalent to the constraint set (3.29). Constraint
set (4.29) prevents the split delivery. In the basic version of MA and MA-ACC, we
limit the maximum number of visit combination substitutions to a specified number,
maxSub. In MA-SV, we remove the parameter maxSub and introduce a new parameter

e in (4.30) for a similar purpose. Constraint set (4.30) enforces that the total number
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of insertions and removals in a vehicle route cannot be bigger than e. Finally, constraint
set (4.31) is for binary restrictions.

In MA-SV, after the PI-SV and LS-SV formulations are solved, the vehicle routes
are determined by applying a two-stage procedure. In the first stage, using the values
of git, a TSP is solved for each vehicle k in each period t. Later, a VRP is solved for

each period to obtain better vehicle routes.

4.4 Computational Study

For the multi-vehicle cases of PRP-VSP, we adapted the standard multi-vehicle
PRP instances proposed in Boudia et al. (2007) to the PRP-VSP. Additionally, by
applying small modifications, the proposed algorithms have been applied to the
standard PRP instances presented in Archetti et al. (2011) as well as to the multi-
vehicle (IRP-VSP) instances solved in Coelho et al. (2012a). The running platform and

the software of the algorithms are the same with those presented in Chapter 3.

4.4.1 Test Instances

4.4.1.1 Multi-Vehicle PRP-VSP Instances

The data set generated by Boudia et al. (2007) contains three problem sets, B1, B2,
and B3, with respectively 50, 100, and 200 retailers and 20 periods. Each problem set
involves 30 instances. The instances are also characterized with a time varying
demand, limited production and storage capacities at the plant and a limited number
of vehicles. In order to apply the VSP, we set the minimum and maximum number of
periods between two consecutive visits to one and seven, respectively. However, the
test instances cannot be made suitable for the VSP by only imposing the visit windows.
For the data set, it is assumed that the initial inventory level of the production plant
equals to the total retailer demand in the first period. Moreover, it is assumed that there
is no production in period 1 and the demand in this period must be satisfied from the

initial inventory at the plant. In this case, all solutions must include distribution
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plans for periods 1 and 2 each of which covers all retailers. To avoid the consecutive
visits in periods 1 and 2, we set the initial inventory level of the production plant to
zero and not assume that production is not be made in the first period for each instance.
After these modifications, we call the modified data sets B1-VSP, B2-VSP, and B3-
V'SP, respectively.

4.4.1.2 Standard PRP Instances

The data set introduced in Archetti et al. (2011) involves problem instances with 14
(Al), 50 (A2), and 100 (A3) retailers and six time periods in three sets. The
characteristics of the single-vehicle set Al are described in Chapter 3. The instances
in the sets A2 and A3 share the same problem characteristics, however, the vehicle

fleet is unlimited in these sets.

4.4.1.3 IRP with the VSP Instances

There exist two data sets utilized to solve the IRP-VSP in Coelho et al. (2012a).
The first data set (S-IRP-VSP) consists of 160 small single vehicle IRP instances
originally proposed in Archetti, Bertazzi, Laporte & Speranza (2007). This data set
contains 100 instances with five to 50 retailers and three periods and 60 instances with
five to 30 retailers and six periods. The second set (L-IRP-VSP) involves 60 larger
instances presented in Archetti et al. (2012), with from 50 to 200 retailers and six time
periods. All instances are also classified according to whether their inventory holding
costs are high or low. The instances of both sets were adapted to the multi-vehicle IRP
in Coelho et al. (2012a) by dividing the original vehicle capacity by the number of
vehicles considered. For the IRP-VSP, the authors have solved the instances with three
vehicles by setting the minimum and maximum number of periods between two
consecutive visits to one and two, respectively. After applying the VSP, we have
observed that six small size instances with six time periods in the set S-IRP-VSP have

become infeasible. Therefore, we have solved 154 instances in this data set.
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4.4.2 Computational Results

4.4.2.1 Computational Results on Multi-Vehicle PRP-VSP Instances

As we have done for the computational study on single vehicle instances, we have
adapted a multi-vehicle variant of the iterative MIP heuristic (IM) of Absi et al. (2015),
IM-VRP, to the multi-vehicle PRP-VSP to test the performances of the multi-vehicle
variants of MA. We call this adapted version of the algorithm IM-MVVSP. As in IM-
V'SP, IM-MVVSP involves the VSP constraint sets (3.16) — (18) in the lot-sizing phase

and our routing algorithm is utilized to construct the vehicle routes.

The value of the parameter maxStart is set to two for both variants of MA.
Additionally, the parameter e of MA-SV is set to 10 after preliminary tests. Except
from these changes, settings of the parameters of MA for the sets S1 and S2 kept
unchanged for the multi-vehicle instance sets. Moreover, the executions of the

heuristics have been limited to 7200 CPU seconds.

Computational results obtained for the sets B1-VSP, B2-VSP, and B3-VSP are
summarized in Table 4.1. Detailed results on these data sets are reported in Tables C1
and C2 in Appendix C. In Table 4.1, the average gap percentages (Avg. Gap%) with
respect to the best results are provided along with the average computation times (Avg.
t. (s)) and the number of best solutions found (#Best) for each algorithm on each data
set. The computational results indicate that MA-ACC is the best performing algorithm
in terms of the average gap percentages with respect to the best solutions and the
number of best solutions found for all data sets. The average gap of MA-ACC is found
as 0.63%. IM-MVVSP is the second best performing algorithm for all data set with an
average gap percentage of 0.99. The performance of MA-SV is significantly worse
than other heuristics in terms of the average gap percentages and the average
computational times. Besides, it is also noticeable that as the problem size increases,
the effectiveness of MA-SV worsens. The reason for that outcome is that the time
required to obtain a good solution by the LS formulation of MA-SV, LS-SV, greatly
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increases with the problem size. Multiple vehicle capacity constraints clearly
complicate the solution of LS-SV.

Table 4.1 Summary of the computational results for the multi-vehicle PRP-VSP instances

IM-MVVSP MA-ACC MA-SV
Set Avg. Gap% Avg.t. (s) #Best  Avg.Gap% Avg.t (s) #Best  Avg.Gap% Avg.t. (s) #Best
B1-VSP 0.95 1862.4 7 0.70 1148.6 18 2.69 4503.4 5
B2-VSP 0.69 5140.4 8 0.54 3828.9 21 4.85 7200.0 1
B3-VSP 1.32 7200.0 12 0.64 7200.0 18 5.42 7200.0 0
All 0.99 4734.3 27 0.63 4059.2 57 4.32 6301.1 6

4.4.2.2 Computational Results on the Sets A2 and A3

The fleet size is unlimited in the sets A2 and A3. As MA-ACC and MA-SV are
designed to solve the PRP-VSP instances with a limited number of vehicles, we have
not implemented these algorithms to these data sets. Instead, we have adapted the basic
version of MA to the data sets by only removing the vehicle capacity constraint set
(3.10) from the LS and PI formulations. The performance of MA is compared with five
heuristic algorithms which are the optimization based ALNS of Adulyasak et al.
(2014a) (Op-ALNS), multi-start IM variants (IM-MultiTSP and IM-VRP) of Absi et
al. (2015), multi-phase heuristic (5P) of Solyali & Siiral (2017), VNS of Qiu, Wang et
al. (2018), three level heuristic (TLH) of Li et al. (2019), and three-level
decomposition matheuristic (CCJ-DH) of Chitsaz et al. (2019). The value of the
parameter maxStart is set to five and two for the sets A2 and A3, respectively.

A summary of the results obtained for the sets A2 and A3 are reported in Table 4.2.
The detailed results of MA on these data sets are provided in Tables C3 and C4,
respectively, in Appendix C. In Table 4.2, # best' shows the number of times a
heuristic finds the best solution. As it is seen from Table 4.2, MA is the best performing
algorithm in terms of the average gap percentages with respect to the best solutions for
the set A2. The average gap of MA for all instances is found as 0.12%. Moreover, MA
has obtained the best results for 136 instances, while improving 125 best known
solutions. When the results obtained for A3 is analyzed, it is observed that MA has
provided the best results for 124 instances, while improving 123 best known solutions.

Although MA is the second best algorithm in terms of the average gap percentages
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with respect to the best solutions, the difference between the average gaps of 5P and
MA is only 0.02%.

The average computational times obtained for A2 and A3 are provided in Table 4.3.
A fair comparison of MA with the other methods in terms of computational time
cannot be made because the algorithms were implemented on different platforms and
software. However, our computational experiments indicate that the computational
times of the proposed MA do not differ significantly from those of other compared
methods. The average computational times are 82.2 and 188.8 seconds for A2 and A3,
respectively. This outcome indicates that MA spends reasonable computation times to

solve the PRP instances.

Table 4.2 Average Gap% with respect to the best solutions of A2 and A3
Classes Op-ALNS IM-VRP IM-MultiTSP 5P VNS TLH CCJ-DH MA

A2 Class | 1.23 0.27 119 015 015 0.27 0.19 0.07
Class II 0.18 0.06 0.11 002 0.04 0.03 0.04 0.02
Class 111 3.88 1.34 3.08 044 039 116 0.68 0.30
Class IV 0.26 0.17 053 013 0.05 0.11 0.07 0.08
Avg. 1.39 0.46 123 019 016 0.39 024 012
# Best 1 9 14 108 55 59 111 136
A3 Class| 1.03 0.25 1.89 010 020 0.20 0.29 0.05
Class Il 0.14 0.03 012 002 0.06 0.02 0.03 0.02
Class Il 3.74 1.32 390 023 039 142 168 0.33
Class IV 0.32 0.23 0.69 0.04 0.07 0.03 0.05 0.07
Avg. 1.30 0.46 165 010 018 042 051 012
# Best 0 28 8 142 29 86 65 124

Table 4.3 Average computational times for A2 and A3

Op-ALNS  IM-VRP  IM-MultiTSP 5P VNS TLH CCJDH MA
A2  Class | 50.2 25.6 3385 16.4 25.2 431 328.8 89.2
Class Il 495 21.7 235.7 13.8 21.3 36.5 272.8 77.5
Class Il 42.7 22.6 317.9 15.8 24.5 39.3 252.6 78.0
Class IV 441 21.7 375.8 254 28.4 421 2715 84.1
Avg. 46.6 244 317.0 17.9 24.9 40.3 281.4 82.2
A3 Class | 2285 855 5142 3235 846 168.6 13131 187.0
Class Il 217.6 76.1 497.4 50.6 734 1319 1062.7 101.6
Class 111 197.8 75.1 509.3  349.6 728 1445 1016.9  290.3
Class IV 206.0 86.6 507.0 1251 83.7 1598 1056.6 176.2
Avg. 2125 80.8 507.0 2122 78.6 151.2 1112.3  188.8

4.4.2.3 Computational Results on the IRP-VSP Instances

Our algorithms can be easily modified to solve the IRP-VSP by fixing the

production decisions. For t € T, let B: be the production quantity made available in
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period t. First, the production setup variable y: and quantity variable p;are set to one

and By, respectively, for each t € T. Second, M, is set to the minimum of {L,,Q}

instead of {L,,Q,DD,}.

The aforementioned IRP with the VVSP data sets, S-IRP-VSP and L-IRP-VSP, have
been solved only in Coelho et al. (2012a), to the best of our knowledge. In this study,
the authors have developed an ALNS algorithm to the multi-vehicle IRP with the
consistency features. Hence, we compare the computational results of MA-ACC and
MA-SV with the results of ALNS. The value of the parameter maxStart is set to five
for both variants of MA.

The computational results on the set S-IRP-VSP are summarized in Table 4.4.
Detailed computational results are provided in Table C5 through C8 in Appendix C.
The first two columns in Table 4.4 give information about the characteristics of the set
instances. The first column (‘Inv. C.”) indicates the type of the inventory holding costs
of the instances while the second column (‘H’) shows the number of periods. For MA-
ACC and MA-SV, we report the average gap percentages (Avg. Gap) with respect to
the best results along with the average computation times (Avg. t. (s.)) obtained for
each instance group. As in the other data sets, # best' shows the number of times a
heuristic finds the best solution. As the computational times of ALNS were not
reported in Coelho et al. (2012a), we only give its average gaps. From the table, it is
seen that MA-SV outperforms other algorithms in terms of the average gap
percentages with respect to the best solutions. Moreover, MA-SV has managed to
obtain the best solutions for 111 out of 154 instances, while improving 76 best known

solutions.

Table 4.4 Summary of the computational results obtained for the set S-IRP-VSP

ALNS MA-ACC MA-SV
Inv.C. H Avg. Gap  Avg.Gap Avg.t.(s)  Avg. Gap Avg.t. (s.)
Low 3 0.95 4.22 62.7 0.13 265.4
High 3 1.49 3.20 61.1 0.09 264.0
Low 6 0.75 3.74 924 0.31 395.9
High 6 0.22 2.74 90.4 0.44 454.8
Avg. 0.96 3.55 76.7 0.20 345.0
#Best 74 9 111
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The performance of MA-ACC on the set S-IRP-VSP is far worse than MA-SV and
ALNS, which is quite interesting. Specifically, as the problem size decreases, the gaps
of the solutions of MA-ACC with respect to the best solutions become larger. Even on
most of the small size instances with up to 10 retailers, MA-ACC has failed to reach
the best known solutions. This issue is probably originated from tight vehicle capacity
constraints on these instances. Because MA-ACC involves aggregated vehicle
capacity constraints in its LS-ACC formulation, the delivered quantity values may
become so large that retailer clusters expected to cause low transportation costs on the
same route cannot be created due to low vehicle capacity. In order to investigate this
issue, we perform a small numerical investigation on a subset of small size instances
with low inventory holding costs under different vehicle capacity scenarios. In our
study, we have resolved the selected group of instances by increasing the vehicle
capacity Q to Q x 2, Q x 3, and Q x 4. The results are reported in Table 4.5. In the
table, we also present the previously obtained results for the original instances (Base
case scenario). When the average gaps between the results of MA-ACC and MA-SV
are analyzed, it has been seen that as the vehicle capacity increases, the average gap
decreases. While the average gap is 5.17% for the base case scenario, it decreases to
0.00% for Scenario 3. This result clearly shows the impact of the vehicle capacity
constraints on the quality of the obtained solutions of MA-ACC.

Table 4.5 Results for different vehicle capacity scenarios of some instances with Inv. C.: Low and H =
3 from the set S-IRP-VVSP

Scenarios

Base case scenario Scenario 1: Q > Q x 2 Scenario 2: Q —» Q x 3 Scenario 3: Q —» Q x 4
inst. n MA-ACC  MA-SV  Gap% MA-ACC  MA-SV  Gap% MA-ACC  MA-SV  Gap% MA-ACC  MA-SV  Gap%
1 5 1540.57 1430.51  7.69 1395.68 1248.54 11.78 1247.68 123594  0.95 1234.68 1234.68  0.00
1 10 3100.87 2766.61 12.08 2038.82 2038.82  0.00 1683.82 1683.82  0.00 1649.82 1649.82  0.00
3 5 3497.96 3497.96  0.00 1884.02 1884.02  0.00 1652.02 1652.02  0.00 1568.02 1568.02  0.00
3 10 2666.69 2649.26  0.66 2096.10 2094.96  0.05 1955.10 1953.84  0.06 1871.10 1871.10  0.00
5 5 1677.21 1516.65 10.59 1220.21 1220.21  0.00 999.42  999.42  0.00 999.42  999.42  0.00
5 10 2648.07 264853  -0.02 1904.96 1904.96  0.00 1837.96 1837.96  0.00 1683.96 1683.96  0.00

Avg. 5.17 1.97 0.17 0.00
Notes. Gap% = (MA-ACC — MA-SV) / MA-SV) x 100

A summary of the computational results obtained for the set L-IRP-VSP are
presented in Table 4.6. Detailed results on this set can be found in Table C9 in
Appendix C. The results on this data set show that MA-ACC and MA-SV perform far
better than ALNS. Both variants of MA outperform ALNS on all of the instances.
Unlike on the set S-IRP-VSP, MA-ACC is the best performing algorithm in terms of
the number of best solutions found on this data set. The average gaps of MA-ACC and
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MA_SV are very close to each other. However, the average computational times of
MA-ACC are less than those of MA-SV, which indicates that MA-ACC is more
efficient than MA-SV on the set L-IRP-VSP.

Table 4.6 Summary of the computational results obtained for the set L-IRP-VSP

ALNS MA-ACC MA-SV
Inv. C. Avg. Gap Avg.Gap Avg.t.(s) Avg. Gap Avg.t. (s.)
Low 54.29 1.20 1554.5 1.34 11556.6
High 18.82 0.85 1634.0 0.63  11593.0
Avg. 36.55 1.03 1594.2 0.99 115748
#Best 0 36 24

4.5 Chapter Summary

In this chapter, we extend our previous study on the PRP-VSP by considering
multiple vehicles. Two variants of MA have been proposed to tackle the multi-vehicle
version of the problem. The performance of developed algorithms has been tested on
randomly generated instances. The results indicate the effectiveness of the proposed
approaches. Moreover, the performance of MA is tested on standard PRP and the IRP
with the VSP instances from the literature. The computational results show that the
developed algorithm generates competitive results with the most powerful algorithms
developed so far, for the standard PRP and the IRP with the VVSP. Especially, it has
been observed that the developed approach has improved the best known solutions for

several test instances.

The following chapter presents our work on the PRP with transshipments.
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CHAPTER FIVE
THE PRODUCTION ROUTING PROBLEM WITH TRANSSHIPMENT

5.1 Introduction

In this chapter, we study the production routing problem with transshipment
(PRPT). The concept of transshipments has been formally integrated within in the
inventory routing problem (IRP) in Coelho et al. (2012b), Lefever et al. (2018), and
Coelho et al. (2014). The IRP with transshipments was introduced in Coelho et al.
(2012). In this paper, the authors presented a formulation and proposed an adaptive
large neighborhood search (ALNS) for the problem. The developed ALNS changed
the vehicle routes while the remaining problem of determining quantity decisions and
transshipment moves is solved by using a network flow algorithm. The authors also
performed an extensive numerical study to assess the effect of transshipments on the
overall system cost. Lefever et al. (2018) proposed a branch-and-cut algorithm for the
IRP with transshipments. In this study, new sets of valid inequalities for the problem
are presented. Computational results indicate that the suggested valid inequalities
greatly reduce the computational burden for solving the problem to optimality. The
IRP with transshipments has been considered in dynamic and stochastic environments
in Coelho et al. (2014). The authors suggested heuristic algorithms for different

solution policies.

In this study, we address the PRP with the concept of transshipment for the first
time. Initially, an MIP model is formulated for the PRPT. Although the formulated
model performs well on small size instances, its performance tumbles in middle and
large size instances. For this reason, we propose a mathematical programming
heuristic (MPH) to solve the PRPT. In order to perform a computational study, some
of the PRP benchmark instances introduced in Archetti et al. (2011) are adapted to the
PRPT. In addition, a set of production routing problem with visit spacing policy (PRP-
VSP) instances presented in Chapter 3 are adapted to the PRPT. The performance of
our MPH is compared with a general-purpose commercial solver. The results indicate

that the developed approach can produce high-quality solutions to the PRPT in
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reasonable computation times. In addition, an extensive study has been performed to
reveal the effect of the transshipments on the overall cost. The results show the benefits

of allowing transshipments.

The rest of this chapter is organized as follows. In Section 5.2, the formal problem
description and the developed MIP model for the PRPT are given. In Section 5.3, we
present our MPH algorithm. The computational results are given in Section 5.4.

Finally, a summary of the chapter is given in Section 5.

5.2 Problem Description and Formulation

We consider a production-distribution system which is defined on a graph G = (N,
A), where N = {0,...,n} is the node set and A = {(i, j): i, j € N, i #j} is the arc set. We
denote by 0 the production plant and by other nodes the retailers. A single product is
manufactured in the production plant, and is sold by the retailers along a discretized
planning horizon T = {1,...,H}. The quantity demanded at retailer i, i € N \ {0}, in
time period t, t € T, is indicated by dit. At each location, the production plant or a
retailer location, there exists a storage area with a limited capacity Li. The inventory
holding cost at node i, i € N, is denoted by hi. In each time period, a decision on
whether to make the product is taken by the production plant. In case of the production,
a fixed setup cost f is resulted along with a unit production cost u that is incurred for
each produced unit. Moreover, the produced lot size is limited with a production
capacity C. A single vehicle with a limited capacity Q distributes the products to the
retailers. The vehicle can perform at most one route in each time period, and the vehicle
routes start and end at the production plant. Each retailer can be visited at most once
in a route. A transportation cost cj is associated with each arc (i, j) € A. Delivered
guantities for each retailer are determined according to the maximum level policy. An
initial inventory lio is defined for each node i, i € N. A transshipment can originate
from the depot or from any retailer on a special request basis. This can be done by
subcontracting to a carrier who will pickup goods from any transshipment point. These
outsourced deliveries are only made by direct shipping and the unit cost associated

with transshipping products from i to j is bij. The aim of the considered problem is to
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combine the decisions of production, inventory, routing, and transshipment operations
that minimize the total cost with respect to the stated constraints. In each time period
in which both regular deliveries and transshipments are performed, the sequence of
operations at the retailer locations is the following: first the regular deliveries are made
by the vehicle, second transshipments are performed, then the demands of the retailers
are satisfied. After that, the final inventory levels are calculated. To formulate the
problem, the following notation is defined:

Sets

N" :setof all retailers{l,...,n}
N :setof allnodes{0,1,...,n}
T :setof timeperiods{1,...,H}

Parameters

u : unit production cost

f : production setup cost

C : production capacity

Q : capacity of the vehicle

h, : unitinventory holding cost at nodei

L, : maximumor target inventory level at nodei
I,, :initialinventory level at nodei

:demand at retaileriin periodt

c. : transportation cost fromnodei tonode j

: unit transshipment cost of the product from node i to node |

H
M, :min{C,> > d,} maximum quantity that can be produced in period t

I=t jeN'

H
M, :min{L,,Q, Zdij}, maximum quantity that can be delivered to node i in period t

j=t

Decision Variables

p, : production quantity in period t
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|1 ifthere is production at the plant in period t
%o otherwise

I, rinventory level at node i at the end of period t
. 1 if the vehicle travels directly from node i to node j in period t
"0 otherwise

g, : quantity delivered to retailer i in period t by the vehicle

S 1 ifretailer i is visited in period t by the vehicle
“10 otherwise

L 1 ifthe vehicle is dispatched in period t
“"l0 otherwise

w;; :amount of product transshipped from node i,i e N, to node j, j € N",in period t

v, :sum of the deliveries made by the vehicle in period t after visiting retailer i

The PRPT can be formulated as follows:

(PRPT)MIinZ =Y (u.p,+ f.y, + D b +D0 D g+ D bwy) (5.1)

teT ieN ieN jeN\{i} ieN jeN"
subject to
(S zq|t+|0t+ZWO|t’Vt€T (5.2)
ieN" ieN'
L, +Gy + Z Wy, =dg+ 1+ D w,VieN", vteT (5.3)
jeN/{i} jeN" /{i}
|0t <M.y, VteT (5.4)
Iy <Ly, VEeT (5.5)
Ly +G+ D, W <L, VieN" vteT (5.6)
jeN\{i}
0, <M,.z,,VieN" VteT (5.7)
> G <Quz, VteT (5.8)
ieN"
D Xp= D %, VieN,vteT (5.9)
jeN\i} jeN\{i}
D> Xy =12, VieN" VteT (5.10)
jeN\{i}
Vi -V +QX; <Q-q,VieN", VjeN",vteT (5.11)
g, <V, <Q,VieN",VteT (5.12)
Per Lo G Wy 20, Vie N, Vje N, VteT (5.13)
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X ¥; €{0, 5, VieN,VjeN,vteT (5.14)
z, €{0,},VieN" VteT (5.15)

The objective function (5.1) minimizes the total production, setup, inventory,
routing, and transshipment costs. Constraint sets (5.2) and (5.3) are the inventory flow
balance constraints at the plant and retailers, respectively. Constraint set (4) ensures
the production setup variable to be one if product is made in a given period and limit
the production guantity to the minimum value between the production capacity and the
total demand in the remaining periods. Constraint sets (5.5) and (5.6) limit the

maximum inventory at the plant and retailers, respectively. Constraint set (5.7) limits

the delivered quantity git to M, which is the minimum of the retailer inventory

capacity Li, vehicle capacity Q, and the total demand of retailer i in the remaining
periods. Constraint set (5.8) dictates the vehicle capacity, and the vehicle flow
conservation constraints are given in Constraint sets (5.9) and (5.10). The subtour
elimination constraints are given in constraint sets (5.11) and (5.12). Finally, the
constraint sets (5.13), (5.14), and (5.15) define the nature of the decision variables.
The introduced PRPT is NP-hard since it contains a traveling salesman problem (TSP)
that is known to be NP-hard (Boudia et al., 2007; Archetti et al., 2011; Adulyasak et
al., 2014a). Due to the complexity of the problem, we develop a heuristic algorithm
for the PRPT.

5.3 Solution Method

We propose a two-phase mathematical programming heuristic (MPH) to solve the
PRPT. In the first phase, a feasible solution is initially constructed by sequentially
solving two decomposed problems, the production-distribution and routing
subproblems. After that, the obtained initial solution is updated by applying an MIP-
based local search procedure iteratively. The local search procedure is based on the
insertion and removal of the retailers from the vehicle routes. The feasible solution
construction and local search procedures are implemented in a multi-start scheme, and
each multi-start execution is repeated until a given number of local search iterations is

reached. Throughout the first phase, the production setup and distribution decisions
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for all solutions, i.e., the production setup configurations and delivery schedules for
the retailers, are recorded in schedule lists. These schedule lists are employed in the

second phase.

The second phase of MPH is based on the a priori tour idea, which is introduced in
Pinar & Siiral (2006) and employed in Solyali & Siiral (2011) for the single vehicle
IRP. The idea is to make the vehicle routing decisions easier by dictating a
predetermined sequence of all retailers for all routes where the vehicle always follows
the given sequence for the retailers to be visited and skips the non-visited ones. At the
beginning of the second phase, the predetermined sequence of all retailers is obtained
by solving a TSP over all nodes. Next, using the obtained sequence and information
collected during the first phase, we formulate and solve a restricted version of the
PRPT as an MIP. Specifically, utilizing the production and delivery schedule lists
constructed during the first phase enables the algorithm to focus the search on the
promising regions of the solution space. Moreover, we tighten the MIP formulations
solved in the local search and in the second phase with some inequalities, which
reduces the computational burden significantly. Main steps of our MPH is given in
Figure 5.1. Next, we explain the components of our heuristic in detail.

5.3.1 First Phase

As mentioned previously, the first phase of MPH consists of the multi-start
executions of the initial solution construction and the local search procedures. We
denote by maxStart and maxlter the number of multi-start executions and the number
of local search iterations applied in a single multi-start execution, respectively. At the
beginning of the first phase, an empty delivery schedule set, Ki, for each retailer i €
N', is created. In addition, an empty production setup configuration set, Ps, is created
to store the production setup configurations. During the search process, whenever a
new solution is obtained through either initial solution construction or local search, the
delivery schedule of each retailer i € N" (resp. the production setup configuration) in

the new solution is added to Ki (resp. Ps) if it does not exist in the current set.
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Algorithm 1: MPH
Input: problem data, maxStart, maxlter, plter
Output: best solution, Xp
Il first phase of MPH //
create an empty set K; for each i € N';
create an empty set Ps;
for i — l:maxStart
construct an initial solution, X;
update set Ps and set K; for each i € N' by utilizing the solution X;
for j < 1l:maxlter
select a random retailer /;
calculate the insertion and removal costs I't and A for each period t € T for retailer 7;
if j is a multiple of plter
solve LSM (X, 4, I't, At) model and obtain a new solution X’;
update set Ps and set K, by using the solution X";
else
solve LSM(X, 4, I't, A)) model and obtain a new solution X",
update set K, by using the solution X;
end if
X« X"
end for
end for
I/ second phase of MPH //
solve a giant TSP over all nodes obtain the sets i and g for each i € N;
solve SP(Ps, Ki, ai, £i) model and obtain Xp;
update the vehicle routes of X, by solving a TSP for each period t € T;

Figure 5.1 Main steps of MPH

5.3.1.1 Initial Solution Construction

Our initial solution construction procedure is developed based on the method

introduced in Absi et al. (2015). In order to obtain a feasible solution, we initially solve
a restricted version of the original PRPT, where the routing costs in the original model
are replaced with fixed costs SCit representing the approximate cost of visiting retailer
i in period t. The value of SCit is calculated for each i € N"and t € T as follows: a
random number pit is generated from the interval [0.5, 1.5] and the visiting cost SCit is

set to pit x (Coi + Cio). The resulting production-distribution subproblem (PDSP) is

formulated as follows:

(PDSP)MInZ => (u.p,+ f.y, + D_h.l, +> > byw, + > SC,.z,) (5.16)

teT ieN ieN jeN" ieN"

subject to (5.2) — (5.8), (5.13) — (5.15)
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This PDSP is solved to determine the continuous p, lit, Qit, and wijt variables as well
as the binary zit and y: variables. Therefore, the remaining problem for each period is
a standard TSP. In this stage, we employ the ILS algorithm utilized in previous

chapters to construct the vehicle route for each time period.

5.3.1.2 Local Search

In the local search, we obtain a new solution by applying a neighbor solution
generation procedure to the current solution at each iteration. The neighbor solution
generation procedure is based on a solution improvement method proposed in Archetti
et al. (2012). In this procedure, we solve an MIP for another restricted version of the
PRPT in which we impose the production setup configuration and the vehicle routes
obtained in the current solution and allow insertion and removal of only one randomly
selected retailer to the vehicle routes. In addition, when the number of local search
iterations is a multiple of a given parameter, plter, the production setup configuration
of the current solution is not dictated in the restricted formulation to produce a new

production plan.

In order to formulate the restricted formulation solved in this phase, we initially
select a random retailer, 1. After that, we define st and r; as binary variables account
for the insertion of retailer A into period t and removal of retailer 2 from period t,
respectively. The insertion and removal costs for each period t € T are represented as
I't and Ay, respectively. I't is the cheapest insertion cost for inserting retailer 4 in the
route of period t while At is associated with the cost decrease occurred when retailer 4
is removed from the route of period t and its predecessor is linked with its successor.
Based on the current solution, we let ait be a parameter being equal to one if retailer i
is visited in period t, and zero otherwise. We also let z: be a parameter which is equal
to one if the production does take place in period t, and zero otherwise. The restricted

model solved in a regular local search iteration can be formulated as follows:
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MinZ =Y (u.p, + f.y,+ > hl)+

teT ieN

> O > byw, +(@-a,) IS —a,.Ax) G147

(T N jeN'

subject to (5.2) — (5.6), (5.8), (5.13), (5.14)
Yo =7, VteT (5.18)
9. <M,.a,,VieN"/{1},VteT (5.19)
d,<M,.(a,-a,r+@-a,)s),vteT (5.20)
D ora, =1 (5.21)
s

r,s, €{0,1},vteT (5.22)

The objective function (5.17) is the sum of fixed and variable production costs,
inventory holding costs at the plant and retailers, transshipment costs, and the insertion
and removal costs of the randomly selected retailer, 2. Constraint set (5.18) imposes
the current production setup configuration in the new solution. Constraint set (5.19)
(resp. constraint set (5.20)) ensures that the quantity delivered to retailer i (resp. 1) by
the vehicle in period t can be positive if and only if that retailer is visited in period t.
Constraint (5.21) enforces that the retailer 2 must be removed from at least one vehicle
route, which guarantees that the new solution to be obtained differs from the current
one. Finally, constraint set (5.22) defines the nature of the decision variables.

We reduce the complexity of this model by implementing new sets of constraints.
To this aim, we define ST as a set of triplets (i, j, t) wherei e N\ {A},j e N"\{/}, t €
T, and wijt equals to zero in the current solution. Moreover, for each i € N"\ {1}, let
TPi be a set of time periods in which retailer i is visited by the vehicle, i.e., TP; = {t: t
€ T, ait = 1}. Foreach i € N'\ {4} and t € TP;, we define a parameter dit which is the
latest time period before the next visit to retailer i, when there exists a time period k
such that k > t and aik = 1. If t is the latest time period in TP;, dit is set to H. For each i
e N"\{A} and t € TPj, we also let yit be a parameter which is the total demand of retailer
I in the periods from t to dit. In order to decrease the computational burden, the

following constaint sets are added to model solved in the local search:
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Wy =0 (5.23)
(i,j,t)esT

l,, =0,VieN (5.24)

Sit Sit
I, +Q, + Z Zwﬁk— Z ZWUkZ;/n,VieNr\{i},VteTR (5.25)

JeN\{i} k=t JeN\{i} k=t

Constraint (5.23) eliminates all transshipment variables which do not related to
retailer 2 and are equal zero in the current solution. Constraint set (5.24) sets the final
inventory level of each node i, i € N, to zero. As mentioned in Archetti et al. (2011),
it is never convenient in a standard PRP to have a final inventory level greater than
zero, both at the plant and the retailers. This is also valid for the PRPT. Finally,
constraint set (5.25) imposes for each i € N" \ {A} and t € TP; that the sum of the
inventory level at retailer i before time period t, quantity delivered to retailer i by the
vehicle in period t, and the total net quantity transshipped to retailer i in periods from
t to dit must satisfy the total demand of retailer i in periods from t to dit. With these new
constraint sets, the restricted formulation (LSM) solved in the local search consists of
the equations (5.2) — (5.6), (5.8), (5.13), (5.14), and (5.17) — (5.25). After LSM is
solved, the new delivery schedule obtained for retailer 4 is added to its corresponding
set K; unless it has already been available in that set. The restricted formulation (LSM")
solved in every plter iterations involves the same set of equations with those of LSM
except for the constraint set (5.18). As mentioned earlier, the production setup
configuration obtained by solving LSM " is added to the set Ps if it has not been created

before.
5.3.2 Second Phase

The second phase of MPH consists of three stages. In the first stage, a giant TSP
over all nodes is solved to obtain the sequence of retailers to be visited in a period.
Secondly, using the information coming from the first phase and the sequence of
retailers, an MIP for a restricted version of the problem is formulated and solved.
Finally, we solve a TSP for each period to improve the solution obtained by solving

the MIP formulation.
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At the beginning of the phase, after the giant TSP is solved, we form two sets, ai
and pi, for each node i € N to save the sequence of retailers to be visited in a period.
Here, o; and S are defined as sets of nodes which can be visited after and before node
i according to its order on the giant tour, respectively. Table 5.1 depicts the generation

of the sets @i and pi for a three-retailer instance.

Table 5.1 All ¢; and p; sets for a 3-retailer instance on a given tour 0-1-2-3-0

i ai Bi

0 {1, 2,3} {1,2,3}
1 {0,2,3} {0}

2 {0, 3} {0, 1}

3 {0} {0, 1,2}

In the MIP formulation, the production decisions in the PRPT are simplified by
considering only the configurations stored in the set Ps. In the same manner, for each
retailer i € N', the delivery schedule of the retailer is selected among those in the set
Ki, which reduces the complexity on the distribution part of the problem. Moreover, as
mentioned earlier, imposing the a priori tour for the vehicles simplify the routing part
of the PRPT. In order to formulate the restricted model, the set TP; and the parameters
dit, yit, and 7 from the first phase are extended with a schedule index as follows:

TPik : according to delivery schedule k, set of time periods in which retailer i is visited
by the vehicle, i € N"and k € Ki.

oikt - according to delivery schedule k, the latest time period before the next visit to
retailer i, i € N", k € Kj, and t € TPi. If t is the latest time period in TPik, dik equals to
H.

yikt - the total demand of retailer i in the periods from t to dik, i € N', k € Kj, and t €
TPik.

|1 if the product is made in period t according to setup configuration r,r € Ps
T
"0 otherwise

Additionally, for each i € N', k € K, and t € T, let gike be one if time period t is
covered by delivery schedule k, and zero otherwise. Let ¢r, r € Ps, be one if setup

configuration r is selected, and zero otherwise, and let ik be one if the delivery
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schedule k € K; is selected for retailer i € N". The restricted formulation solved in this

phase can be formulated as follows:

MinZ =Y (u.p, + f.y, + D L+ D> cox + . D bw,)  (5.26)

teT ieN ieN jeg; ieN jeN"
subject to (5.2) — (5.6), (5.8), (5.13), (5.24)
D 4 =1 (5.27)
rePs
Y, = 4.7, VteT (5.28)
rePs

D KXoy =2y, VteT (5.29)

jea
D Xjo =2, VEET (5.30)

i€hy
D Xy =D G Wi, VieN" VteT (5.31)

jeg kekK;
D X =D Gy Wi, VieN" VteT (5.32)

Jep; keK;
D vy =LVieN' (5.33)

keK;
G <My D Gy Wiy, Vie N, VteT (5.34)

keK;

Jikt Sikt Jikt ]
Iit—1+zqit + Z ijim - Z Z\Nijm > Vi Wi, Vie N,
m=t jeN\{i} m=t jeN\i} m=t (5-35)
vk e K,,Vt e TP,

OSXijtﬁl,VieN,‘v’jeai,VteT (5.36)
Z,., Y, €{0,1},VteT (5.37)
¢, €{0,1},Vr € Ps (5.38)
v, €{0,1},Vie N",Vk e K, (5.39)

The objective function (5.26) is identical to (5.1) except for a minor change in the
sum of the transportation costs. Constraint (5.27) guarantees the selection of one
production setup configuration among the set Ps. Constraint set (5.28) imposes that
the product is made only in the periods corresponding to the selected setup
configuration. Constraint sets from (5.29) — (5.32) are the a priori tour constraints for
the plant ((5.29) and (5.30)) and the retailers ((5.31) and (5.32)), respectively. These
constraints enforce that if retailer i € N" is visited in period t € T, then it will be visited
in the order imposed by the a priori tour. Note that the zi: variables for the retailers in

the original formulation are replaced with the wix variables. Constraint sets (5.33) and
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(5.34) are respectively the counterparts of the constraint sets (5.19) — (5.20) and (5.25)
from the LSM formulation. Finally, constraint sets from (5.36) — (5.39) define the

nature of the decision variables.

The presented restricted model is further tightened by employing the following
inequalities:
X <2y, VieN" Vjeaq, VteT (5.40)
The constraint set (5.40) is originally proposed in Archetti et al. (2007) for the IRP.
Itis also valid for the PRPT. In addition to (5.40), we eliminate the number of possible
transshipments by utilizing the ideas proposed in Lefever et al. (2018). Let SB be a set
of binaries (i, j) for all i € N"and j € N" such that h;j + boj < ho + bjj. We also let STR as
a set of triplets (i, j, t) forall i € N", j € N", and t € T such that ho < h;, bej < bij, and

t
Zdis > |,,. The following inequalities are added to the formulation:

> > w, =0 (5.41)

(i,j)eSB teT

Wi
(i,j,1)eSTR

=0 (5.42)

When h; + bej < ho + bjj, it is more or equally expansive to store a unit in the
inventory of the plant and to transship a unit from retailer i to retailer j than to store a
unit in the inventory of retailer i and to transship a unit from the plant to j. Therefore,
constraint (5.41) eliminates the transshipment variable wijt for each (i, j) € SBand t €
T. Constraint (5.42) is based on the same idea, but it is only valid when the initial
inventory is exhausted. Note that the ideas employed in constraints (5.41) and (5.42)
are proposed for the IRP with unlimited capacity in the storage area of the plant.
Although these constraints are not always valid in the cases with limited storage
capacity in the plant, we add them to the formulation. Because these constraints
significantly reduce the complexity on the transshipment decisions. Besides, it has
been observed in preliminary experiments that the quality of the obtained solutions are
not much affected by the utilization of these constraints.With these new constraints,

the formulation solved in the second phase (SP) consists of the equations (5.2) — (5.6),
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(5.8), (5.13), (5.24), and (5.26) — (5.42). After SP is solved, the vehicle route is
determined for each period by applying our ILS algorithm.

5.4 Computational Study

Our algorithm and the mathematical model were coded in C++ using Microsoft
Visual Studio 2015. We use the callable library IBM ILOG CPLEX 12.8 with default
settings to solve the formulations. All experiments were executed on a 4.00 GHz intel
core i5-760X computer with 32 GB RAM.

5.4.1 Test Instances

To evaluate the performance of our MPH, we have used the single-vehicle PRP
instance set Al presented in Archetti et al. (2011). Moreover, we have adapted a subset
of generated PRP-VSP instances introduced in Chapter 3 to the PRPT.

As mentioned in Chapter 3, The PRP-VSP instances in the set S are categorized
into four classes. In this study, we only adapt the 56 instances in the first class to the
PRPT. For these instances, the visit windows are not applied for the retailers. The set
of adapted test instances are denoted by S-PRPT. The set A1 comprises 96 instance
types and five instances per type, for a total of 480 instances. In this study, we have
utilized the first instance for each problem type resulting in 96 test problems for the
PRPT. We call the set of utilized test instances as set A-PRPT.

All test instances have been adapted to the PRPT by employing a transshipment
cost value bjj for each i € N and j € N"\ {i}. For all instances, each bjj value is set to cij
x 0.1. Table 2 gives an overview of the utilized benchmark instances.

5.4.2 Computational Results

The proposed MPH is executed five times for each problem instance. After

preliminary tests, the values of parameters maxStart, maxlter, and plter are set to five,
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(nxH)/2,and [n/2], respectively. The executions of the model and MPH have been
limited to 3600 CPU seconds.

5.4.2.1 Computational Results on the Instance Set S-PRPT

The computational results obtained for the set S have been reported in Tables 5.2
and 5.3. In the tables, the problem specifications including the number of retailers and
the number of periods for each instances are given in the second and the third columns,
respectively. In the fourth through the sixth columns, the results of CPLEX, i.e., the
lower bound (L.B.), the upper bound (U.B.), and the computational time, are reported
for each problem instance, respectively. For MPH, we report the best solution, average

solution and the average computation time obtained from each instance.

When the results for the set S-PRPT is analyzed, it is seen that the model can
provide optimal solutions for only five out of 56 instances. For each instance where
the optimality is confirmed, MPH has also obtained the optimal result. When the
average gap percentages with respect to the lower bounds are compared, it has been
observed that MPH outperforms CPLEX. The average gaps of MPH and CPLEX for
all instances are found as 5.99% and 80.03%, respectively. In addition, MPH and
CPLEX have produced the same solution in 10 instances. In the other 46 instances,
MPH outperforms CPLEX in 44 out of 46 instances. It is also worth to remark that the
average computational times of MPH (1060 seconds) is far less than that of CPLEX
(3287.8 seconds). These results indicate the superiority of MPH over CPLEX in the
set S-PRPT.

5.4.2.2 Computational Results on the Instance Set A-PRPT

Summary of the computational results obtained for the set A-PRPT is given in
Tables 5.4. Moreover, detailed results of MPH and CPLEX for the problem set are
reported in Tables D1 and D2 in Appendix D. In Table 5.4, for each problem class, the
average gaps with respect to the lower bounds and the average computational times of

both methods have been presented. From the table, it has been observed that our MPH
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has provided better results than CPLEX in terms of the overall average gaps with
respect to the lower bounds. The average gap percentage of MPH and CPLEX are 1.70
and 1.81, respectively. Besides, CPLEX has found the optimal solution on 41 out of
96 instances. For the instances where the optimality is confirmed, MPH has reached
the optimal solution on 22 out of 41 instances. Although MPH cannot provide the
optimal solution for 19 instances, the average gap of MA with respect to the optimal
results is only 0.04%. Moreover, for the 41 instances with a known optimal solution,
the computational times spent by CPLEX for finding the optimal solutions are
averaged around 202.8 seconds, while the average computational time of MPH for
these instances is only 9.4 seconds. Furthermore, the overall average computational
time of MPH is far less than that of CPLEX as observed for the set S.

Table 5.2 Computational results obtained for the first and second class instances in the set S-PRPT

CPLEX MPH
Ins n H L.B. U.B. t.(s) Min. Avg. t.(s)
10 10 24286.5  24519.0* 3600 24519.0  24853.3 7

15 10 31129.6  32361.5* 3600 32361.5  