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ABSTRACT

Nowadays an efficient supply chain system plays a crucial role in manufacturing production.
Suppliers, manufacturers, and customers are the main stakeholders of a supply chain system. For-
ward and reverse networks are two main types of supply chain networks. In a forward supply
chain network, raw materials are transported from suppliers to manufacturing facilities and are
manufactured into final products which are then shipped to the customers. In a reverse supply
chain network, the final products which their quality do not meet the minimum standards, or
reached to end of their lives are transported to upstream facilities such as manufacturing facilities,
recycling centers, or disposal centers. To design an efficient supply chain system, decision makers
encounter a wide variety of strategic, tactical, and operational decision making problems in the
forward /reverse logistics in deterministic and stochastic environments. In this dissertation, vari-
ous mathematical methods have been formulated to study a forward supply chain problem in a
deterministic environments and two reverse logistics problems under uncertainties.

In the first paper, two integrate mixed integer linear programming models have been proposed
for a forward supply chain network. These models aim to find optimal investment on establishing
distribution centers to minimize the transportation costs from suppliers to distribution centers and
from distribution centers to customers. In the first model, vehicles are allowed to load different
types of products to deliver to the customers (multi-product delivery) while in the second model
delivery vehicles are allowed to load only one type of product (single-product delivery). Various
instances with different sizes were generated to validate the introduced models. Three solution
methods including deterministic mode, opportunistic mode, and benders decomposition algorithm
in CPLEX have been employed to solve the proposed models. The results show that integrated
model reduces total system costs by 24.72% on average. Also, multi-product delivery approach

results in saving rate up to 31.27% compared to single-delivery approach. Among the solution

X



methods to solve the proposed models, opportunistic mode outperforms other methods on average
in terms of objective function value and computational run-time.

In the second paper, a two-stage stochastic programming model has been developed for a reverse
logistics network under return and demand quantity uncertainties. This model aims to minimize the
total cost of network including establishing costs of sorting centers, warehouses, recycling centers,
and disposal centers, and transportation cost. Decision on the number of opened facilities among
some candidates are the strategic decisions and tactical decisions include lot sizing, transportation
plan, level of inventory, backorder, and shortage over the planning horizon. Probability distributions
of return and demand quantities are considered normal. Moment matching method was used to
generate discrete sets of scenarios and fast forward selection algorithm was applied as scenario
reduction method. A case study was conducted to validate the proposed model. Numerical results
indicate that the stochastic model solution outperforms the expected value solution.

In the third paper, a multi-stage programming model has been formulated to address a multi-
echelon, multi-period reverse logistics network in which the main uncertain parameters are primary
markets’ return quantity and quality, and secondary markets’ demand quantity. The formulated
model minimizes the total cost of establishing facilities, inventory cost, and backorder and shortage
cost. Moment matching method for scenario generation and fast forward selection for scenario
reduction have been adopted to generate a finite number of discrete scenarios. Extensive form of
the problem is used to solve the introduced stochastic programming model. A case study has been

conducted to validate and evaluate the proposed model and solution method.



CHAPTER 1. INTRODUCTION

1.1 Background

Supply chain management (SCM) is “The holistic management approach for integrating and
coordinating the material, information and financial flows along a supply chain” (Handfield and
Nichols Jr, 1999). Designing a supply chain network is one of the biggest challenges in supply
chain management. A supply chain network is defined as a logistics network by Simchi-Levi et al.
(2004). In this complex logistics system raw materials are converted into finished products and then
distributed to final users (consumers or companies) (Ghiani et al., 2004). These definitions serve as
the forward logistics network concept in SCM. Reverse logistics network is another type of supply
chain network which aims to collect used, refurbished, or defective products from customers and
then carry out some recovery activities (Govindan et al., 2017). Based on the American Reverse
Logistics Executive Council, reverse logistics is defined as “The process of planning, implementing,
and controlling the efficient, cost effective flow of raw materials, in-process inventory, finished goods
and related information from the points of consumption to the point of origin for the purpose of
recapturing value or proper disposal” (Rogers et al., 1999a). According to Hugos (2003) logistics
management is different from SCM in some aspects. Logistic management as part of SCM, is
involved in decision making process for activities such as inventory management, distribution,
and procurement, while SCM focuses on other activities such as marketing, customer service, and
finance as well.

Logistics management involves with a wide variety of decisions which can be categorized into
three levels: strategic, tactical and operational decisions. The most common strategic decisions in-
clude determining the facilities locations and number of facilities and their sizes, technology and area
allocation for production at different facilities, and selection suppliers (Simchi-Levi et al. (2004)).
Tactical decisions consist of decisions on pricing, purchasing raw material from suppliers, produc-

tion planning, transportation and routing. At the operational level, decisions related to demand



fulfillment and inventory control are made. All of these decisions can be made in deterministic or
stochastic environments with the presence of uncertain parameters.

Forward logistics as the traditional form of logistic management has been studied widely in
the existing body of literature. Special form of forward logistics which addresses facilities locating
and vehicle routing decisions in a single problem is called location routing problem (LRP). In
its basic form it can be defined as follows. “Given a set of potential facility locations and a
set of customer demands to be satisfied, we have to simultaneously determine the number and
position of one or more facilities (strategic location decisions); the customer-to-facility (one-to-one)
assignment (strategic assignment decisions); the size of the vehicle fleet used to serve the customer
and the routes to be performed by each vehicle dispatched from the located facilities (tactical
routing decisions). The aim is the minimization of the total system cost, given by the sum of
location and distribution costs”. Most of the LRP contributions consider single-commodity flow
in problem formulation. The other gap is the decision making on routing between suppliers level
(pickup routing). In most cases addressed in the literature final products are distributed among
the customers transported from facilities such as distribution centers, warehouses, and cross docks.
However, if the customers are closer to suppliers or the capacity of facilities are not enough to meet
customers’ demands, a reasonable solution is to ship their demand directly from supplier.

As one of the most recent contributions in the forward logistics network, Ahkamiraad and Wang
(2018) considered multiple cross docks in a capacitated cross dock vehicle routing problem with
pickup, delivery, and time windows. They proposed a hybrid solving method including genetic
algorithm and particle swarm optimization. The authors did not include cross dock locating deci-
sion. Also, their work does not propose exact solution methods to solve the problem. This study
considers establishing multiple distribution centers by locating them among several potential can-
didates. In the first paper, I enriched their work by developing an integrated model including direct
shipment, and distribution centers’ location. I also considered multiple suppliers for each product
and two types of product delivery routes: single-product delivery route and multi-product delivery
route. The objective is to locate multiple distribution centers to minimize the total system costs.
Different types of constraints have been incorporated including pickup routing, delivery routing,

and direct shipment constraints. Three solution methods including deterministic and opportunistic



modes in CPLEX solver, and benders decomposition algorithm have been employed to solve the
proposed model.

The research on reverse logistics, as another type of logistics management, has been continuously
growing in recent years. As per United Nations Environment Program (UNEP) on framework of
Global Partnership on Waste Management (2010), Organization for Economic Co-Operation and
Development (OCED) countries alone produced 1.7-1.9 billion tonnes of municipal solid waste and
490 million tonnes of hazardous waste annually (UNEP (2010)). According to another report, 44.7
million tonnes E-waste generated across the world annually (Balde et al. (2015)). The amount of
waste generated across the world increases the importance of reverse logistics networks in attempt
to decrease waste rate and take the leftover(s) back to supply chain.

Network design for a reverse logistics system is one of the most challenging supply chain problems
(Melo et al. (2009)). Compared to the traditional forward logistics network planning, more activities
are involved in reverse logistics network design. Also, there are more uncertainties both in terms
of quality and quantity in reverse logistics networks. (Yu and Solvang (2018)).

To address these challenges, researchers have developed decision-making models and solution
techniques for reverse logistics problems over the past decades. The second paper of this disser-
tation seeks to fill some gaps existing in the literature. In terms of mathematical modeling of a
reverse logistics network design, I considered real world characteristics of reverse logistics such as
backorder and shortage for secondary markets and outsourcing which have typically been ignored
in the literature. The second paper aims to introduce a two-stage stochastic programming model
for multi-period reverse logistics which includes lot-sizing (allowing backorder and shortage) and
outsourcing. Moment matching method has been used to generate scenarios and fast forward selec-
tion method is used as a reduction method to select a proper subset of generated scenarios as the
most representative scenarios to approximate underlying continuous distributions of stochastic pa-
rameters. The third paper generalizes the second paper by extending the problem to a multi-stage
stochastic programming model. In this model return and demand quantity, and return quality have
been considered as uncertain factors. Scenario generation and scenario reduction algorithms were

implemented and extensive form of the model was used to solve the formulated problem.



1.2 Dissertation structure

The reminder of this dissertation is organized as follows. Chapter 2 presents the first paper
with the title “Multi-product pickup and delivery supply chain design with location-routing and
direct shipment”. This paper has been published in International Journal of Production Economics
(IJPE). Chapter 3 presents the second paper with the title “A two-stage stochastic programming
model for multi-period reverse logistics network design with lot-sizing”. This paper has been
published in Computers and Industrial Engineering (CIE). The third paper with the title “Multi-
stage stochastic programming for multi-period reverse logistic with location routing and lot-sizing”

is presented in chapter 4. Finally, conclusions and future research directions are outlined in chapter

5.
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CHAPTER 2. Multi-product pickup and delivery supply chain design with

location-routing and direct shipment

A paper accepted by International Journal of Production Economics

2.1 Abstract

This paper presents a decision making model that considers distribution centers locating, pickup
and delivery vehicle routing, and direct shipment simultaneously. The goal is to optimize the
distribution centers’ location, the delivery, pickup, and direct shipment routes so that the total
costs are minimized. Two types of delivery modes are considered. In the first type, each vehicle
loads the same type of products and in the second type, each vehicle is allowed to load multiple
types of products. An integrated mixed integer linear programming model was formulated for
each delivery type. Computational experiments were conducted to validate the models. Three
solution methods: deterministic mode, opportunistic mode, and benders decomposition algorithm

in CPLEX have been analyzed.

2.2 Introduction

Developing efficient supply chain strategy is critical to managing the material flows and logistics
costs. A key player in supply chain systems is the third party logistics provider (3PL). Nowadays,
companies typically outsource their logistics, warehousing, and cross docking to 3PL to improve the
logistics efficiency and focus on the essential production. Such activities have been adopted success-
fully in many companies across multiple industry sectors such as: Wal-Mart (Stalk et al. (1992);
Gue (2001)), Robert Bosch LLC (Yildiz et al. (2010)), Eastman Kodak Co. ((Cook et al., 2005)),
Goodyear GB Ltd. (Kinnear (1997)), and Toyota (Witt (1998)). 3PLs usually integrate operation,
warehousing, and transportation services in order to meet customers’ or suppliers’ needs, such as
pickup and delivery services for products and materials. 3PLs consolidate incoming shipments from

different suppliers, store them for a limited time, and then distribute the products with a fleet of



delivery vehicles. Therefore, developing an efficient distribution system is very important for 3PLs.
However, due to the computational complexity, the optimization models designed for a distribution
network are often simplified and somewhat disconnected from the real industrial scenarios Ladier
and Alpan (2016). Specifically, the supply routing, distribution centers’ location, and customer
delivery problems are often studied separately in the current literature.

There has been some recent literature on vehicle routing problem (VRP) with distribution cen-
ter location. A distribution center might be a warehouse which related problem is called location
routing problem (LRP) or a cross dock which related problem is vehicle routing with cross docking
(VRPCD). Boccia et al. (2018) introduced a multi-commodity LRP and solved it with a branch
and cut algorithm. Ferreira and de Queiroz (2018) presented two heuristics incorporating simu-
lated annealing method to solve the capacitated Location-Routing problem. The solution methods
improved overall average available in the literature. Lee et al. (2006) studied an integrated problem
including VRP and cross docking. The authors proposed a mathematical model with an objective to
find an optimal number of vehicles in order to minimize the overall costs. They developed a Tabu
search algorithm to solve the problem. Liao et al. (2010) proposed new Tabu search algorithm
to improve the solution method introduced by Lee et al. (2006). They proved that the average
improvements were as high as 10-36% for various instances. Agustina et al. (2014) studied cross
docking operations to ensure food to be delivered just in time and minimize total system costs. The
total system costs include inventory holding costs, transportation costs, and the penalty costs of
early/tardy deliveries. Hasani-Goodarzi and Tavakkoli-Moghaddam (2012) proposed capacitated
vehicle routing problem for multi product cross docking with split deliveries and pickups. Goods
are collected in a distribution center by a fleet of vehicles before shipped to customers. Products
are then sorted according to their destinations, and finally shipped to customers.

Most of the studies in supply chain design consider single distribution center in a fixed location.
Santos et al. (2013) developed a model with single distribution center and two routing types. In the
first routing type, a delivery process starts at the cross dock and then visit a subset of suppliers. In
the other type, namely pickup and delivery routes, delivery process starts after visiting a subset of
suppliers without any stop at cross dock. Dondo and Cerda (2015) addressed a VRPCD problem

with heterogeneous vehicle fleet routing and truck scheduling in a multi-door cross dock system.



They developed an approximate sweep-based model considering a set of constraints mimicking
the sweep algorithm for assigning nodes to vehicles in order to improve branch and cut search.
Numerical examples have been solved for up to 50 transportation requests and a heterogeneous
fleet of 10 vehicles within reasonable running time. Birim (2016) addressed vehicle routing problem
with cross docking in which vehicle fleet were heterogeneous with different capacities. The author
proposed a simulated annealing algorithm to solve the problem. Keshtzari et al. (2016) formulated a
mixed integer programming model for scheduling of inbound and outbound trucks in a cross docking
system. They also proposed a particle swarm optimization algorithm hybridized with a simulated
annealing to solve large size instances. Comparisons were made with two other metaheuristics
in the literature. Baniamerian et al. (2018) proposed a vehicle routing and scheduling problem
with cross docking in a supply chain network with three echelons. The authors presented a mixed
integer linear programming model to minimize early/tardy deliveries and transportation cost. The
authors developed a two phase genetic algorithm to solve the problem. Ahkamiraad and Wang
(2018) considered multiple cross docks in a capacitated cross dock VRP with pickup, delivery
and time windows. However, the authors did not include cross dock locating decision. They
proposed a hybrid solving method including genetic algorithm and particle swarm optimization.
This study considers establishing multiple distribution centers by locating them among several
potential candidates.

Direct shipment is another characteristic which has been seldomly studied with other charac-
teristics such as warehousing or cross docking. Musa et al. (2010) addressed the transportation
problem of a cross docking network where both direct shipment and indirect shipment from sup-
pliers to customers were included. They developed an integer programming model and an ant
colony optimization (ACO) to solve the model. Ma et al. (2011) studied a transportation and
shipment consolidation problem with cross docking which includes direct shipment and takes into
account inventory and time scheduling and transportation cost altogether. They provided a two
stage solution method to solve integer programming model.

In distribution network design for a supply chain, complex issues arise such as collecting and
delivering multiple products, considering capacity decision for distribution centers and vehicles.

Typically, these decision models are formulated and solved without coordination due to computa-



tional tractability. It should be noted that the more integrated the resolution of these problems is,
the more efficient a supply chain system can be (Santos et al., 2013). To the best of our knowledge,
integrating multiple distribution centers’ locating, vehicle routing and direct shipment has not been
studied as a single decision making problem in the existing literature. Thus, the main motivation of
this study is to develop a distribution system to address this gap and to integrate multiple decision
making problems into a single framework. The problem addressed in this paper is similar to the
one studied in Ahkamiraad and Wang (2018). In this study, we enriched their work by including
direct shipment, and distribution centers’ location. We also considered multiple suppliers for each
product and single-product delivery route. The objective is to locate multiple distribution cen-
ters to minimize the total system costs. Different types of constraints are incorporated including
pickup routing, delivery routing, and direct shipment constraints. Three solution methods includ-
ing deterministic and opportunistic mode in CPLEX solver, and benders decomposition algorithm
have been employed to solve the proposed model. Numerical results show that opportunistic mode

outperforms two other solution methods. The main contributions of this study are as following:

e Proposing integrated models including capacitated distribution center location, pickup and

delivery vehicle routing and direct shipment.

e Introducing multi-product and single-product delivery concepts and developing two different

models based on them.

e Employing deterministic and opportunistic solution methods to solve the proposed problem.

The rest of the paper is organized as follows. Problem statement and decision models are
described in Section 2.3. The solution methods are detailed in Section 2.4. Numerical results are

discussed in Section 2.5 and conclusions are outlined in Section 2.6.

2.3 Problem statement and decision models

This paper addresses a decision making problem in a distribution network involving suppliers,
distribution centers, and customers. Goods are collected from suppliers and delivered to customers

either directly or after consolidation in distribution centers. The decision maker aims to minimize



the total cost of distribution centers’ investment and products transportation. In this integrated
problem, each delivery route can consist of a subset of customers with demand of multiple products,
as illustrated in Figure 2.1, or a subset of customers with demand of single product as shown in
Figure 2.2. Implementing these two scenarios results in two different models. This section describes
mixed integer linear programming models for both scenarios. The first formulation considers multi-

product delivery scenario and the second one addresses single-product delivery scenario.

[ Product type 1
I Product type 2
| Product type 3

/\ Opened distribution center
/\ Closed distribution center
O Customer

[1 supplier

——> Delivery route
J— > Pickup route
> Direct shipment

[ Product type 1
i Product type 2
| Product type 3

f\ Opened distribution center
/\ Closed distribution center
(O Customer

[] supplier

——> Delivery route
e > Pickup route
> Direct shipment

Figure 2.2: Single-product delivery illustrating

2.3.1 Model assumptions

The following assumptions have been adopted in the model formulation:

— Each node is either pickup node (supplier), distribution center node, or delivery node (cus-

tomer).

10



— All delivery requests must be fulfilled either by delivering from distribution centers or direct

shipments.

Every delivery node must be visited just once but pickup nodes are allowed to be visited more

than once.

Every pickup or delivery vehicle must come back to its originated distribution center after

completing pickup or delivery route.

— The pickup and delivery are performed by a fleet of homogeneous capacitated vehicles.

All distribution centers and vehicles are capacitated.

— Every supplier has a supply capacity.

2.3.2 Mathematical notations

e Indices and sets

Neo ={1,2,..,n.}: Set of distribution centers’ nodes

Np ={nc.+1,n.+2,..,n. +ng}: Set of delivery nodes (customers)
Nep = No U Np: Set of distribution centers and delivery nodes.
Np ={nc+nqg+1,nc+nq+2,..,nc+nqg+ny}: Set of pickup nodes (suppliers)
Neop = No U Np: Set of distribution centers and pickup nodes.

Vb ={1,2,..,ndv}: Set of delivery vehicles

Vp ={1,2,..,ndv}: Set of pickup vehicles

R =1{1,2,..,npr}: Set of products

i, 7, k: Distribution centers and delivery nodes i, j,k € Nop

p,p ,e: Distribution centers and pickup nodes p,p, e € Nop

v: Delivery vehicles v € Vp

v': Pickup vehicles v € Vp

11



r: Products r € R
e Parameters

n.: Number of available distribution centers

ng: Number of customers

np: Number of suppliers

ndv: Number of available delivery vehicles in each distribution center
npv: Number of available pickup vehicles in each distribution center
npr: Number of products

d;: Demand of customer

cdi;: Cost of traveling from node ¢ to node j per product unit

Py Cost of traveling from node p to node p per product unit
cdrpi: Cost of traveling from node p to node ¢ per product unit
CCj: Capacity of distribution center j

CSp: Maximum amount of supply by supplier p

CDV: Capacity of delivery vehicles

CPV: Capacity of pickup vehicles

FCj: Fixed cost of opening of distribution center j

FDV: Fixed cost of using a delivery vehicle

FPV: Fixed cost of using a pickup vehicle

FDr: Fixed cost of using a vehicle for direct shipment

apr = 1 if supplier p supplies product type 7, 0 otherwise

b;» = 1 if customer ¢ demands product type r, 0 otherwise.

12



e Decision variables

w; = 1 if distribution center j is open, 0 otherwise.
2z = 1 if customer i is assigned to distribution center j, 0 otherwise.
Z;iju = 1 if delivery vehicle v travels from node ¢ to node j, 0 otherwise.

y;plvl = 1 if pickup vehicle v travels from node p to p’ in a route originated from distribution

center ¢, 0 otherwise.
D,; = 1 if a direct shipment vehicle travels from supplier p to customer 4, 0 otherwise.

uijv: Load on delivery vehicle v during traveling on arc (4, j).

s; " Load on pickup vehicle v’ during traveling on arc (p, pl) in a route originated from

distribution center <.

gi

M Amount of pickup load of product type r from node p by vehicle v during a route

originated from distribution center 1.

2.3.3 Model formulation

As discussed in Section 2.3, two different delivery scenarios have been studied in this paper.

This section includes mathematical formulations based on both delivery scenarios.

e Multi-product delivery scenario

In multi-product delivery scenario, each delivery vehicle is allowed to load and deliver various
types of products. The following formulation addresses an integrated model including pickup,
delivery and direct shipment constraints considering multi-product delivery. The objective function

is expressed as following:
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Min f = Y FCjw;j+ Y > > FDVagut

JENC i€N¢o jeNcop vEVD

PIEDBEDILTED DD DD DED D & 46N

i€Nep jENeD vEVD i€Nc pENc p'eNp v eVp
p=i

Z Z Z Z cppp/s;p,v,—l— Z Z(FDr—l—cdrpidi)Dpi (2.1)

t€Nc peENcP p'eNegp v eVp peNpieNp

The first term of objective function represents fixed costs of distribution centers. The second
and third terms represent setup costs for delivery vehicles and transportation costs for delivery
routes, respectively. Similarly, the fourth and fifth terms represent setup costs for pickup vehicles
and transportation costs for pickup routes, respectively. The last term denotes the setup and

transportation costs for direct shipment vehicles.

Constraints (2.2)-(2.14) formulate delivery process:

Zij S’wj 1€ Np,j € N¢o (22)
Y @ijp<l i€Nc,veVp (2:3)
JEND
Z dlz” < CCJ j € N¢o (2'4)
i€Np
Tijp < 25 1€ Np,j € Nog,v € Vp (2.5)
Tjiw < 25 1€ Np,j € Ng,v € Vp (2.6)
Z Z Tiky = Z zij 1€ Np (2.7)
k€ Ncp veEVD JENC
ki
Zl'jiv - Z%’jv =0 i€ Ngp,veVp (2.8)
j€NcD JENcD
Jj#i J#i
xz’jv+zu+zzik§2 i€ Np,j € Np,l € Nc,veVp (2.9)
k€ENc
kAl

14



Z Z Ujiy — Z Z Uiy = d; Z zij 1€ Np (2.10)

JENcp vEVD JENcp vEVD jENe
YD wiw= Y dizy j€N¢o (2.11)
iGND UEVD iGND
uijo < (CDV —d;)xijp i@ € Nop,j € Noep,v € Vp (2.12)
Uijo > djxijy 1 € Nop,j € Nop,v € Vp (2.13)
Z Z Tijv <ndv 1€ N¢ (2.14)
JENp veVp

Constraints (2.2) ensure each customer is assigned to one open distribution center. Constraints
(2.3) guarantee that a vehicle traveling from a customer toward distribution centers is allowed to
end its route in one of the distribution centers. Constraints (2.4) state that total demand of assigned
customers to a distribution center should not exceed capacity of the distribution center. Constraints
(2.5) state that traveling from a customer to a distribution center is allowed only if the customer
is assigned to that distribution center. Similarly, constraints (2.6) ensures that traveling from a
distribution center to a customer is allowed only if the customer is assigned to that distribution
center. Constraints (2.7) state that traveling to customer i from other customers or distribution
centers is allowed only if customer i is assigned to one of distribution centers. In constraints (2.8),
arrivals to each customer or distribution center node must be equal to departures. Constraints (2.9)
prohibit illegal routes, e.g. routes do not start and end at the same distribution center. Constraints
(2.10) state that the amount of unloading in each node is equal to its demand. Constraints (2.11)
ensure total amount of loads on vehicles starting routes for a distribution center is equal to total
demand of customers assigned to that distribution center. Constraints (2.12) are related to vehicle
capacity such that the total load on each arc does not exceed the vehicle capacity. Constraints
(2.13) state that total load on each arc arriving to a customer must meet demand of the customer.
Constraints (2.10)-(2.13) ensure customers’ demands are satisfied. Constraints (2.14) set the limit

on the number of delivery vehicles based on the fleet size.

Constraints (2.15)-(2.26) formulate pickup process:
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y,  <w; i€ Ne,p€No,p € Np,v € Vp,p=

pp v
Z Z ' s <1 i€Ng,peNg,r€R,p=i
p/ENp’U eVp

Z Z p - , > bjrzji 1€ Nc,p€ N¢,j € Np,r€ R,p=1
p/ENp’UEVP

Z y;p/v, <1 i€ Ng,p€Ne,w €Vp,p=i

p' €ENp
. ’ ’
Z Y Z Yy =0 i€Nc,p € Npv €Vp
PENc/P pGNc;P
P#Ep PFED

ypv,w;/pv,ﬁ i€ Nc,p € Np,p € Np,v € Vp,p#p

pv _Zapr‘a’ ieNCvpeNPap GNP,’U GVP)p#p
relR

9y < >, CPVy ., i€Nep €Nop,r€R €Vp
pENcP

> g, <CPV ie Ne,r € Rv € Vp

pENcp
Z E g;m, = Z bjrdjzji 1 E Nc,T €ER
PENP ' eVp J€ND

Z Gpre T+ Z Seprr < (1= y;pfv,)CPV + s;pfv, 1€ Ng,p€ Np,p € Nop,v € Vp

reR e€ENcp

! /,U/SCPVy;p/v/ ieNCvpeNPap/eNCP)v/GVP

(2.15)

(2.16)

(2.17)

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)

(2.23)

(2.24)

(2.25)

(2.26)

Constraints (2.15) state a pickup route is allowed to start from a distribution center only if

the distribution center has been opened. Constraints (2.16) ensure each pickup route is allowed to

start by meeting only one supplier. Constraints (2.17) ensure pickup route starting a distribution

center, must visit suppliers which are capable to provide products for assigned customers to the

distribution center. Constraints (2.18) guarantee each pickup route is allowed to start by meeting

only one supplier. Constraints (2.19) indicate the number of arrivals must be equal to the number

of departures in each distribution center or supplier node for every pickup route. In constraints

(2.20), subtours are eliminated. Constraints (2.21) ensure a pickup vehicle travel among pickup
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nodes which supply same type of product. Constraints (2.22)-(2.24) determine the amount of pickup
loads which should be picked up from each supplier. Constraints (2.25)-(2.26) are flow inequalities

that update pickup load on each vehicle through the route.

Constraints (2.27)-(2.28) formulate direct shipment process:

> zij+ Y DD birayy) =1 i€ Np (2.27)

JENC pENp rER
S Y N st X D08, pe 229
i€Nc rER Y cvp ieNp

Constraints (2.27) ensure customers either are assigned to distribution centers and delivery
routes or direct shipment routes. Constraints (2.28) limit pick up loads to supply capacity of each
supplier. Direct shipment is viable because of following reasons. Firstly, if a customer is closer
to a supplier, it is less costly to ship quantities directly than to ship to a distribution center, and
then transport to the customer. Secondly, if the optimal number of opened distribution centers’
capacity cannot meet all customers’ demand, direct shipment from suppliers to some customers is

necessary.

Constraints (2.29)-(2.36) include additional constraints:

zijo =0 1€ N¢,j € No,v e Vp (2.29)
Uijy =0 1€ Np,j € No,veVp (2.30)
st 1y =0 i€Ng,peNe,p € Np,veVp (2.31)
g;m, =0 i€ Ng,pe Ne,re Rv € Vp (2.32)
Yy =0 i€Ngpe Ne,p € No,v € Vp (2.33)
y;plv, =0 ¢€ N¢g,p€ No,i# p,p, € NCP,U, eVp (2.34)
wj,zij,xijv,y;plv,,Dpi € {0, 1} (2.35)
Uijos Gyt oty 2 0 (2.36)
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Constraints (2.29) indicate travel among distribution centers by delivery vehicles are not allowed.
Constraints (2.30) ensure delivery vehicles are empty when after visiting last customer in route.
Constraints (2.31) show pick up vehicles are empty before visiting first customer in their route.
Constraints (2.32) indicate pick up from distribution centers is not allowed. In Constraints (2.33)
travel among distribution centers by pick up vehicles are prohibited. Constraints (2.34) state pickup
vehicle leaving a distribution center is not allowed to visit suppliers which are assigned to different
distribution centers. Constraints (2.35) and (2.36) show the binary and non-negative variables,

respectively.

e Single-product delivery scenario

Mathematical model for single-product delivery would have the objective function (2.1), con-
straints (2.2)-(2.36) plus following set of constraints:

Tijp < Y bipbjy i€ Np,j € Np,v € Vp (2.37)
reR

Constraints (2.37) ensure delivery vehicles meet customers with demand of same product.

2.4 Solution techniques

Since vehicle routing problem is NP-hard, the models formulated in this paper are NP-hard
as well. Therefore, efficient solution methods are necessary to solve the problems. This section
discuses the solution methods to obtain optimal or near optimal solutions. In this study, CPLEX
solver is used to solve the linear programming models and three different solution methods in-
cluding deterministic mode, opportunistic mode, and benders decomposition algorithm have been
analyzed. Most of the problems in the literature solved by CPLEX use deterministic mode and the
performance of opportunistic mode has not been explored. So, this paper evaluates the performance
of using opportunistic mode in the introduced problem. Benders decomposition method as another

well-known solution method is used to compare the results.
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e Deterministic mode

By default, CPLEX uses parallel algorithms only when the optimization remains deterministic.
Therefore, deterministic means that repeated solving of the same model at the same parameter
settings on the same computing platform results in exactly the same solution path, the same level

of performance and the same values in the solution (IBM, 2018).

e Opportunistic mode

Opportunistic parallel optimization needs less synchronization between threads. Therefore, it
leads to better performance on average. In opportunistic mode the differences in timing among
threads, or the order in which tasks are executed in different threads may result in a different
solution path and consequently different solution vectors or different timings during optimization
with parallel threads. In opportunistic mode, the actual optimization may differ from run to run,

including the the path traveled in the search and solution time (IBM, 2018).
e Benders decomposition algorithm

In benders decomposition algorithm the model was decomposed into master problem and subprob-
lem. This method aims to find optimal solution by solving both problems repeatedly and adding

feasibility and optimality cuts to master problem.

The mathematical formulation presented in Section 2.4 can be represented with:

Min C1V + Cy®

AU >a
B® >0
DU+ Ed > f
Ve Zy
¢ e R
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. . . . 7» X o .
Where ¥ includes binary variables w;, Zigs Tijus Y oo and Dy;. In addition, ® represents con-

tinuous variables including w;;,, 9" , and s , ;.
prv pp v

Therefore the master problem becomes:

Min C{V¥ + 2z
AV > ¢
Feasibility cuts
Optimality cuts
Ve Zy

z>0

The subproblem becomes:

Min CQ(ID
B®>b
Ed > f— DV

¢ e R}

In the master problem, feasibility cuts are formed by r1b + ro(f — D¥) < 0. Feasibility cut
will be added to the master problem if dual of subproblem is unbounded. In this set of constraints
r = {r1,r2} is a direction of unboundedness. Optimality cuts are formulated by mb+me(f—DV¥) <
z. Optimality cut will be added if dual of subproblem has an optimal solution. Considering this

concept, m = {m, m2} is an extreme point and optimal solution of dual of subproblem.
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2.5 Numerical results and analysis

This section provides a numerical example to validate and illustrate the introduced models.
Then, three different analyses are provided. Firstly, comparisons between the integrated and sep-
arated problems are presented. Secondly, multi-product delivery scenario is compared with the
single-product delivery. The last analysis evaluates the implementation of the proposed model with
single-product delivery scenario on problem sets.

To test the models and solution methods, small, medium and large sets of problem instances
were generated. Parameters have been adapted from Lee et al. (2006). The values of parameters
for different size of instances are given in Table 2.1.

Each problem set consists of 10 randomly generated instances. The MIP models have been
implemented in CPLEX 12.8 on a PC with two 2.6 GHz 8-Core Intel and 100 GB of RAM memory.

Table 2.1: Problem parameter values

Small Medium Large
|Nc| 2 3 3
|INp| 10 24 30
|INp| 5 6 10
|Np U Np| 15 30 40
\%) 2 3 3
|Vp] 2 3 3
|R)] 2 3 3
d; U(5,30) U(5,30) U(5,30)
cdij U(0.1,3.1) U(0.1,3.1) U(0.1,3.1)
Py U(0.1,5.1) U(0.1,5.1) U(0.1,5.1)
cdrp; U(0.1,7.1) U(0.1,7.1) U(0.1,7.1)
FDV 100 100 100
FPV 200 200 200
FDr 250 250 250
FC; U(500,1000) U(500,1000) U(500,1000)
caC; U(250,500) U(250,500) U(250,500)
cs, U(150,300) U(300,500) U(400,700)
CDV 100 100 100
CPV 150 150 150

2.5.1 A numerical example

The applicability of the proposed model is demonstrated with a numerical example of supply

chain network. The potential supply chain network consists of 17 nodes including 2 potential
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candidates for distribution centers (DC), 5 suppliers (S), and 10 customers (C) with demand of two
different types of products.

Each distribution center has two homogeneous pickup vehicles with the capacity of 150 units
which costs 200 and two homogeneous delivery vehicles with the capacity of 100 units and cost of
100. Fixed cost of using a vehicle for direct shipment is 250. Transportation cost for each unit of
product between network’s nodes are listed in Table 2.2 and Table 2.3. Other parameters of the
example are shown in Table 2.4.

Table 2.2: Transportation cost from all nodes to distribution center or supplier nodes

DC1 DC2 S1 52 S3 S4 S5

DC1 0 2.27 3.44 4.37 3.97 3.81 1.53
DC2 1.72 0 4.71 4.95 2.38 3.20 2.50
S1 2.25 2.26 0 3.57 0.51 4.46 2.99
S2 1.25 3.31 3.26 0 1.46 4.94 1.58
S3 1.29 0.94 4.87 1.93 0 5.07 2.58
S4 4.98 1.16 4.30 1.87 1.47 0 1.85
S5 4.65 4.80 0.11 1.14 3.09 3.89 0

C1 1.71 2.84 0.15 0.79 4.12 1.56 0.98
C2 0.19 1.26 0.39 2.94 1.83 2.32 0.59
C3 1.39 0.78 6.41 5.46 2.29 6.41 5.21
C4 0.39 3.05 4.94 3.05 0.2 3.99 0.77
Ch 2.54 2.43 1.59 5.78 1.07 6.24 6.15
C6 1.54 0.81 5.29 3.45 5.86 0.75 1.04
c7 0.25 2.04 2.72 4.99 6.57 0.56 6.44
C8 1.06 1.07 6.09 4.23 2.9 6.20 0.37
C9 1.77 3.01 0.41 6.75 5.83 5.19 2.55
C10 2.71 2.54 6.83 6.39 6.56 2.86 3.81

This example were solved in three different approaches introduced in this paper. First, it was
solved by considering a separated modeling approach in which direct shipment is not allowed. The
optimal solution of using separated problem is presented in Table 2.5. As shown in Table 2.5
separated problem results in establishing two distribution centers leading to enhancement of objec-
tive function value. The Second approach is using integrated problem with single-product delivery
and direct shipment. Table 2.6 reports optimal solution obtained by employing this formulation.
Integration of problems results in opening one distribution center and decreasing facility location
cost. This achievement leads to less overall cost compared to separated problem. However, due

to small number of delivery vehicles available in each distribution center, two customers’ demand
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Table 2.3: Transportation cost from all nodes to customer nodes

C1 C2 C3 C4 Ch C6 c7 C8 C9 C10
DC1 1.47 2.51 0.16 1.78 2.45 2.89 0.77 1.30 0.90 1.89
DC2  2.25 2.54 2.29 2.82 1.41 0.65 3.08 1.20 1.34 2.04
S1 0.15 0.39 6.41 4.94 1.59 5.29 2.72 6.09 0.41 6.83
S2 0.79 2.94 5.46 3.05 5.78 3.45 4.99 4.23 6.75 6.39
S3 4.12 1.83 2.29 0.20 1.07 .86 6.57 2.90 5.83 6.56

S4 1.56 2.32 6.41 3.99 6.24 0.75 0.56 6.20 5.19 2.86
S5 0.98 0.59 5.21 0.77 6.15 1.04 6.44 0.37 2.55 3.81
C1 0 0.96 2.90 2.87 2.42 0.65 1.96 1.30 2.72 1.54
C2 0.14 0 0.24 2.15 2.58 1.61 2.59 2.48 1.10 1.65
C3 1.65 0.45 0 1.76 0.32 0.41 2.86 1.82 1.64 0.95
C4 1.14 1.94 2.74 0 1.76 0.42 1.00 0.32 0.18 1.05
Ch 1.94 3.02 1.42 0.72 0 2.75 1.57 0.4 2.22 1.19
C6 1.01 0.82 2.17 3.01 2.48 0 1.82 1.57 2.85 2.98
c7 1.14 2.40 1.12 2.97 1.63 2.29 0 0.77 2.97 0.71
C8 1.89 2.42 1.43 0.14 0.44 0.42 1.32 0 2.82 2.99
C9 2.42 1.67 1.31 0.65 1.30 2.55 0.89 0.59 0 1.61

C10 0.70 1.32 1.11 1.19 2.27 0.43 0.35 1.07 0.77 0

Table 2.4: Parameter values in example problem

DCI DC2S1 S2 S3 S4 S5 C1 C2 C3 C4 C5 C6 C7 C8 C9 C10
FC; 825 937
CC; 336 352
cs, 241 294 250 264 183
ap 0 1 1 1 1
aps 1 0 0 0 0

14 14 25 25 28 19 26 17 16
10 0 1 1 0 1 1 1
0o 1.1 0 o0 1 0 0 O

N =
o =

were met by direct shipment. The Third approach is to solve the example with integrated problem
with multi-product delivery and direct shipment. Optimal solution of this model is shown in Table
2.7. As discussed for second approach, this method also decides to establish one distribution cen-
ter. Since in this approach multi-product delivery is allowed, the two available delivery vehicles in
distribution center were able to meet all customers’ demand. Establishing less number of distribu-
tion centers and using less number of vehicles to deliver products to customers resulted in better

objective function value in third approach.
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Table 2.5: Optimal solution for separated problem

Opened DC(s) DC1, DC2

Pickup tour(s) DC1—S1—-DC1
DC1—-52—DC1
DC2—S3—=DC2

Delivery tour(s) = DC1—C3—C4—C7—DC1
DC1—-C9—C8—C5—C10—DC1
DC2—C6—C2—C1—-DC2

OFV 3057.58

Table 2.6: Optimal solution for single-product delivery integrated problem

Opened DC(s) DC1
Pickup tour(s) DC1—S1—-DC1
DC1—-52—DC1
DC2—S3—DC2
Delivery tour(s) = DC1—C3—C4—C7—DC1
DC1—-C9—(C8—C5—C10—C1—DC1
Direct shipment S4—C6
S5—C2
OFV 2290.70

2.5.2 Integrated versus separated models (without direct shipment)

The first analysis compares the integrated problem (IP) with separated problem (SP) in terms
of objective function value (OFV) and CPU run-time in small size instances. The main goal of this
analysis is to validate that integrated problem outperforms the separated problems even without
direct shipment feature. The integrated problem is the formulation introduced in previous section
but without direct shipment variables. The separated problem divides integrated problem into two
mixed integer linear models. The first model solves a location routing problem (LRP) formulated
by distribution center and delivery nodes. The mathematical formulation of the LRP is shown as

following;:

Table 2.7: Optimal solution for multi-product delivery integrated problem

Opened DC(s) DC1
Pickup tour(s) DC1—-S1—-DC1

DC1—-52—DC1

Delivery tour(s)  DC1—-C7—C10—C6—C2—C3—C1—DC1
DC1—-C9—C4—C8—C5—DC1

Direct shipment

OFV 1894.40
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Min f: Z FC'jwj+ Z Z Z FDinjU—l- Z Z Z cdi,juijv (238)

JENC i€N¢o jeNcop vEVD i€Ncp jeNop vEVp

Subject to:
Constraints (2.2)-(2.14),(2.29)-(2.30),(2.35)-(2.36) and

Y zj=1 i€Np (2.39)
JeNc
The second model is obtained by assigning values of variables in solved LRP model to the
corresponding variables in the integrated model. Solving the second model represents the final
solution for the separated problem.
The computational results have been reported in Table 2.8. Two important observations can
be made. On one hand, the results indicate that compared to integrated problem, CPU run-time

for solving the separated problem is 12.34 times faster on average.

Table 2.8: Integrated model versus separated model, small size instances

Separated problem Integrated Problem
Instance OFV t(s) OFV t(s) OFV  improve-
ment %

1 2972.70 0.74 1966.68 21.81 33.84

2 2567.01  0.50 2043.84  0.59 20.38

3 277171 0.42 1965.13  0.63 29.10

4 2502.73 0.44 1834.35 1.50 26.71

5 1672.10  0.27 1672.10 3.98 0.00

6 3057.58  0.47 2290.70  10.50 25.08

7 1613.03  0.25 1613.03 0.38 0.00

8 2419.97  0.77 1577.95 0.79 34.79

9 2805.71  0.52 2052.48 17.12 26.85
10 3169.03 0.34 2219.39 0.71 29.97
Avg. 2555.16  0.47 1923.56 5.80 24.72

It makes sense, because separated problem can be considered as a relaxation of the integrated
problem. On the other hand, solving the integrated problem reduces the total system costs by
24.72 % on average. As shown in Figure 2.3, the integrated problem improves total cost in 8 out

of 10 small instances.
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Instance

Figure 2.3: Total cost improvement in changing from SP model to IP model in small size problems

2.5.3 Single-product delivery versus multi-product delivery

This section evaluates the effect of loading strategy in delivery routes. Two scenarios have been
considered: First, delivery vehicles are allowed to deliver various type of products so called multi-
product delivery. Second, each delivery vehicle is allowed to load same type of products, namely
single-product delivery. The formulated mathematical model in Section 2.4 with constraints (2.2)-
(2.36) follows multi-product delivery scenario and adding constraints (2.37) results in single-product
delivery scenario.

Table 2.9 includes the results of implementing multi-product and single-product delivery on
small instances. As expected, CPU run-time for solving model with multi-product delivery scenario
is longer than model with single-product scenario in all instances due to larger feasible solution space
to explore. On average, it can be observed that the consumed CPU time in multi-product delivery
scenario is 11.35 times greater than single-product delivery scenario. Regarding the objective
function value, single-product delivery model is expected to have higher total costs because the
system is expected to use more delivery vehicles than in single-product delivery scenario. In the
case there is not enough number of delivery vehicles, the system uses direct shipment, inevitably.
Both cases would increase the total costs of the distribution system. As indicated in Figure 2.4,

allowing the multi-product delivery increases the total cost saving by 7% to 31.27%.
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Table 2.9: Single-product delivery versus multi-product delivery, small size instances

Single-product Multi-product OFV
Instance OFV t(s) OFV t(s) improvement %
1 1966.68 21.81 1778.80 332.88 10.56
2 2043.84 0.59 1556.94 0.54 31.27
3 1965.13 0.63 1736.29 22.37 13.18
4 1834.35 1.50 1506.89 1.00 21.73
5 1672.10 3.98 1593.97 72.21 4.90
6 2290.70 10.50 1894.40 183.51 20.92
7 1613.03 0.38 1500.17 0.49 7.52
8 1577.95 0.79 1282.20 1.53 23.07
9 2052.48 17.12 1731.66 32.32 18.53
10 2219.39 0.71 2074.19 11.57 7.00
Avg. 1923.56 5.80 1665.55 65.84 15.49

w
&t

) ) w
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T T T

Saving(%)

10

Tnstance

Figure 2.4: Total cost saving in multi-product delivery scenario (small size problems)

2.5.4 Pickup and delivery with location-routing and direct shipment: single-product

delivery scenario

As discussed before, there are two delivery scenarios and the experiment results showed that
multi-product delivery outperforms single-product delivery in terms of objective function value.
But usually using single-product delivery is inevitable due to the delivery products nature and
unloading difficulties. This section provides comprehensive analysis of computational results of
solving introduced problem with single-product delivery scenario (constraints (2.2)-(2.37)) using

three solution methods on small, medium and large instances.
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Table 2.10 shows the comparison of deterministic mode, opportunistic mode and benders de-
composition algorithm. It reports best objective function value, consumed CPU time, and gap in
small size instances. For opportunistic mode each instance runs for 10 times and best

Table 2.10: Numerical results for single-product delivery scenario, small size instances

Deterministic Opportunistic Benders
Instance OFV  t(s) Gap OFV  t(s) Gap OFV  t(s) Gap
1 1966.68 52.52 0.00 1966.68 36.02 0.00 1966.68 3049.05 0.00
2 2043.84 0.58 0.00 2043.84 0.38 0.00 2043.84 48.19 0.00
3 1965.13  0.60 0.00 1965.13  0.48 0.00 1965.13 23.02 0.00
4 1834.35 1.25 0.00 1834.35 1.07 0.00 1834.35 5.95 0.00
5 1672.10 3.38 0.00 1672.10 2.69 0.00 1672.10 126.69 0.00
6 2290.70 10.82 0.00 2290.70 7.36 0.00 2290.70 358.40 0.00
7 1613.03 0.43 0.00 1613.03 0.30 0.00 1613.03 5.01 0.00
8 1577.95 0.82 0.00 1577.95 0.51 0.00 1577.95 10.65 0.00
9 2052.48 15.56 0.00 2052.48 3.77 0.00 2052.48 145.14 0.00
10 2219.39 0.70 0.00 2219.39 0.55 0.00 2219.39 36.38 0.00
Avg. 1923.57 8.67 0.00 1923.57 5.31 0.00 1923.57 380.85 0.00
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Figure 2.5: Comparison of computational time between deterministic and opportunistic modes

results based on objective function value have been reported.

Reported results in Table 2.10 indicate that all three methods can find optimal objective function
value in small size problems. In terms of CPU run-time, benders decomposition algorithm has the
worst performance and as shown in Figure 2.5, opportunistic mode outperforms deterministic mode

in all small instances.
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Table 2.11: Numerical results for single-product delivery scenario, medium size instances

Deterministic Opportunistic Benders

Instance OFV  t(s) Gap  OFV  t(s) Gap  OFV  t(s) Gap

11 4315.89 18000.00 1.21 4315.89 3415.97 0.00 4586.47 18000.00  35.65
12 3929.98 7458.53 2.65 3929.98 18000.00  2.65 4122.76 18000.00  21.25
13 4667.10 10058.76  3.26 4667.10 1165.85 0.00 4684.76 18000.00  13.71
14 3255.68 18000.00  8.19 3257.46 18000.00  6.10 3339.57 18000.00  23.74
15 4131.84 18000.00  6.90 4124.23 18000.00  5.90 4271.46 18000.00  24.70
16 4325.03 6172.48 12.83  4265.10 6111.41 11.52  4421.89 18000.00  24.65
17 5434.17 3064.25 7.24 5434.17 6757.82 4.64 5434.16 18000.00  13.81
18 4739.08 18000.00  2.11 4739.01 18000.00  1.65 4758.15 18000.00  14.07
19 4437.37 18000.00  5.26 4437.37 9007.92 4.49 4667.07 18000.00  28.15
20 3632.40 9632.87 17.53  3532.92 5628.36 15.30  3870.17 18000.00  28.77

Avg. 4286.85 12638.69  6.72 4270.32 10408.73  5.22 4415.65 18000.00  22.85

Table 2.12: Numerical results for single-product delivery scenario, large size instances

Deterministic Opportunistic Benders

Instance OFV  t(s) Gap OFV  t(s) Gap OFV  t(s) Gap

21 4738.99 18000.00  22.70 4782.99 18000.00  23.94 5389.16 18000.00  36.54
22 4329.26  18000.00  13.88 4311.79 18000.00 11.79  5256.76 18000.00  35.36
23 4264.58 18000.00  24.32  4059.86 18000.00  20.15 6023.53 18000.00  50.07
24 4296.91 18000.00  14.93 4245.63 18000.00  11.37 5210.58 18000.00  36.37
25 4553.97 18000.00  25.01  4546.24 18000.00  21.89  3340.84 18000.00  36.52
26 4455.27 18000.00  28.57  4442.45 18000.00 27.69 5363.21 18000.00  44.72
27 4272.78 18000.00  28.03 4153.80 18000.00  25.71  5151.77 18000.00  42.73
28 4604.58 18000.00  20.27  4604.57 18000.00  17.47 5259.81 18000.00  32.82
29 5220.48 18000.00 15.16  5082.84 18000.00  8.62 6304.50 18000.00  38.05
30 4725.72 18000.00  17.83 4711.04 18000.00  16.44 5521.63 18000.00  34.78

Avg. 4546.25 18000.00  21.07 4494.12 18000.00  18.51  5282.18 18000.00  38.80

Detailed results of medium and large instances have been listed in Table 2.11 and Table 2.12,
respectively. Due to size of these problem sets, it may be computationally infeasible to find the
optimal solution by CPLEX. Therefore, a time limit of 18000 seconds was imposed for the medium
and large instances. Similar to small instances in opportunistic mode, each instance runs 10 times
and best results based on objective value are reported. The cases with gaps greater than zero and
CPU-time less than 18000 seconds indicate out of memory status. Reported results in Table 2.11
show that out of memory status happens for 6 out of 10 instances in deterministic mode and 7 out
of 10 instances in opportunistic mode.

Based on Tables 2.11 and 2.12, it can be concluded that benders decomposition fails to find

solutions with lower gap, compared to the other methods.
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Figure 2.6 illustrates box plot of the gap obtained by opportunistic mode combined with scatter

plot of the gap reported by deterministic mode for medium and large size instances, respectively.
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Figure 2.6: Solution gap (opportunistic mode versus deterministic mode)

Figure 2.6(a) indicates that running opportunistic mode for 10 times for each medium instance
is 100% successful to find solution with equal or lower gap in comparison to the deterministic
mode. Compared to deterministic mode, 80% of instances opportunistic mode provides the lower
25 percentile of gap. In addition, it can be seen from Figure 2.6(a) that the median value of gap
obtained by opportunistic mode is better than gap value reported by deterministic mode in 60%
of cases.

Figure 2.6(b) repeats same plots for large size instances. As shown in Figure 2.6(b), opportunis-
tic mode results in better solutions with lower gaps, lower 25 percentile of gaps, and lower median
of gaps in 90%, 90% and 80% of the large size instances, respectively.

Figure 2.7 traces the trend of gap in small, medium and large size problem sets in opportunistic,
deterministic and benders decomposition algorithm. The gap for opportunistic mode is the best
with running each instance for 10 times. As depicted in Figure 2.7, the gap increases as the number
of nodes in instances increase. Deterministic and opportunistic modes follows each other closely,
but benders decomposition performance shows an inefficient solution method for the introduced
problem. Based on the results in Table 2.11 and Table 2.12, compared to average gap in medium

size instances, the average gap for large size instances enhances 14.35%, 13.29%, and 15.95% for
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deterministic, opportunistic and benders algorithm, respectively. Obviously opportunistic outper-

forms two the other methods in these instances.

2.6 Conclusions

This paper presents a new supply chain design model in which the location of distribution cen-
ters, pickup and delivery process and direct shipment are considered as an integrated model. A
mathematical formulation has been developed and two different scenarios have been analyzed for
delivery routes. The first scenario refers to status in which delivery vehicles are allowed to load
various type of products, called multi-product delivery, and in the second scenario each delivery
vehicle is restricted to load just one type of product, called single-product delivery. To evalu-
ate the formulated models, numerical analysis were conducted for 30 instances. The first part of
computational results shows that integrated model proposed in this paper outperforms the sepa-
rated models. The second part of experiments provide a comparison of multi-product delivery and
single-product delivery scenarios and shows multi-product delivery reduces total cost of the system.
Considering real life cases sometimes using single-product delivery is inevitable, so the third part
of computational experiments devoted to single-product delivery. The instances have been tested
in CPLEX using deterministic mode, opportunistic mode, and benders decomposition algorithm.
Based on the numerical analysis, opportunistic mode outperforms other solution methods in terms

of objective function value and the computational time.
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For future studies, proposed models can be extended considering uncertainty in parameters like
customer demand, capacity of distribution centers and supply capacity. The other direction can
be devoted to develop better exact or heuristic solution methods. Considering objective functions
other than cost function such as customer satisfaction and environmental emission effect can also

serve as future research direction.
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CHAPTER 3. A two-stage stochastic programming model for multi-period

reverse logistics network design with lot-sizing

A paper accepted by Computers & Industrial Engineering

3.1 Abstract

This paper proposes an integrated model for a multi-period reverse logistics (RL) network
design problem under return and demand uncertainty. The reverse logistics network is modeled as
a two-stage stochastic programming model to make strategic and tactical decisions. The strategic
decisions are the first stage decisions in establishing network’s facilities and tactical decisions are
the second stage decisions on material flow, inventory, backorder, shortage, and outsourcing. The
uncertainties considered in this study are the primary market return and secondary market demand.
The model aims to determine optimal numbers of sorting centers and warehouses, optimal lot sizes,
and transportation plan that minimize the expected total system cost over the planning horizon.
A case study was conducted to validate the proposed model. Numerical results indicate that the

stochastic model solution outperforms result of expected value solution.

3.2 Introduction

Reverse logistics has been gaining popularity in the supply chain design (Agrawal et al. (2015)).
The term reverse logistics refers to “the process of planning, and managing the flow of raw materials,
in-process inventory, and finished goods from the point of consumption to the point of origin for the
purpose of recapturing value or proper disposal” (Rogers et al. (1999b)). Nowadays, manufacturing
industry and related stakeholders have recognized that reverse logistics is critical for their success in
current competitive market environment. Major companies such as Dell, General Motors, Canon,
and Hewlett-Packard have taken advantage of reverse logistics (Jayaraman and Luo (2007)). Hence,

reverse logistics network planning is crucial for sustainable competitiveness.



One of the most challenging supply chain problems is the network design for a reverse logistics
system (Melo et al. (2009)). It involves locating multiple types of facilities, such as sorting centers,
warehouses, disposal centers, and recycling centers, and decisions on material flow between facilities.
The designing of reverse logistics network is more complicated compared to the traditional forward
logistics network planning due to two reasons (Yu and Solvang (2018)). First, more activities
are involved in reverse logistics, such as collection, sorting, stocking, distribution, remanufacturing,
recycling, and disposal. Therefore, the structure of network in reverse logistics is more complicated.
Second, there are more uncertainties both in terms of quality and quantity in reverse logistics
networks.

To cope with these challenges, researchers have developed decision-making models and solution
techniques for reverse logistics problems over the past decades. In terms of mathematical modeling,
existing literature commonly ignore some real world characteristics of reverse logistics such as
backorder and shortage for secondary markets and outsourcing. Regarding the solution method,
most of the studies do not include appropriate scenario generation and scenario reduction methods
to approximate underlying distributions of uncertain parameters. This paper aims to overcome
these drawbacks with a two-stage stochastic programming model for multi-period reverse logistics
which includes lot-sizing (allowing backorder and shortage) and outsourcing. Moment matching
method has been used to generate scenarios and fast forward selection method is used as a reduction
method to select a proper subset of generated scenarios as the most representative scenarios. A case
study was conducted to illustrate and validate the model and solution method. The computational

results have been provided to evaluate the stochastic programming model’s performance.

3.3 Literature review

The earlier models have focused on the decision-making in deterministic environments (Govin-
dan et al. (2015)). However, it is essential to consider uncertainties in reverse logistics system design
(Govindan et al. (2017)). Demand quantity is among the common uncertain parameters considered
in the literature. Aghezzaf (2005) presented a robust optimization model for warehouse capacity
and location problem under demand uncertainty. The author developed a Lagrangian relaxation

algorithm to solve the problem. Lee and Dong (2009) formulated a dynamic location and allocation
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model for reverse logistic network design problem. They formulated the problem as a two-stage
stochastic programming model and developed a solution method based on sampling and a simulated
annealing (SA) algorithm. The other common uncertainty to consider in reverse logistics network
is return amount and quality. Ayvaz et al. (2015) studied a reverse logistics network under return,
quality and transportation cost uncertainties. They proposed a two-stage stochastic programming
model for multi-echelon, muti-product and capacitated reverse logistics network for an electrical
and electronic equipment company. They used sample average approximation method to solve the
model in order to maximize the total profits. Khatami et al. (2015) designed a reverse logistics
network and incorporated it to an existing supply chain network under demand and return uncer-
tainties. The authors generated scenarios based on Cholesky’s factorization method and decreased
the number of scenarios by k-means clustering algorithm. They used an Epsilon-constraint method
to find the solution. Salema et al. (2007) proposed a generic multi-product capacitated reverse
logistics under demand and return uncertainty. They formulated the problem as a mixed integer
problem and solved it by standard branch and bound solution method. Ene and Oztiirk (2015)
formulated a linear programming model for reverse logistics in a vehicles’ recovery network to mini-
mize pollution and maximize revenue in end-of-life product operations. Trochu et al. (2018) studied
a reverse logistics under environmental policies in a wood industry. They conducted a scenario-
based analysis to evaluate the influence of uncertainties on the reverse logistics network design.
Yu and Solvang (2017) presented a stochastic programming model for a sustainable multi-product
multi-echelon carbon-constrained reverse logistics network under uncertainty. The proposed model
considers both optimal value expectation and its reliability in decision making.

Closed-loop supply chain networks include both forward and reverse logistics networks as an
integrated system. Soleimani et al. (2016) studied a multi-product multi-period closed-supply chain
problem with stochastic demand and price. They developed a multi-criteria scenario based solution
method to find the optimal solution. A case study of an Indian manufacturer was conducted to
validate model and solution approach. Ameknassi et al. (2016) developed a stochastic programming
model for a multi-objective closed-loop supply chain under demand, capacity of facilities, quantity
and quality of returns, and the transportation, warehousing and reprocessing costs uncertainties.

Ozceylan et al. (2017) studied a closed-loop supply chain network based on a case study for the
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end-of-life vehicles (ELV) in Turkey. They formulated problem as a linear programming model and
analyzed the results under a variety of scenarios. Kusakeci et al. (2019) developed a fuzzy mixed
integer programming model for reverse logistics network of ELVs under supply uncertainty. A case
study was conducted to validate the proposed model. Pishvaee et al. (2009) developed a scenario-
based stochastic programming model for a closed-loop logistic network under uncertainty. El-Sayed
et al. (2010) addressed multi-period multi-echelon closed-loop logistic problem under uncertain
demand. The authors formulated problem as a multi-stage stochastic program to maximize the
total expected profit. Pishvaee et al. (2011) studied a closed-loop supply chain network under
uncertainty and proposed a robust optimization model to handle the uncertainties.

To better summarize the literature, we constructed two tables to compare the studies from
literature to our proposed study. Table 3.1 focuses on the model assumptions and formulation
settings and Table 3.2 focuses on the solution methods or techniques.

Table 3.1: Literature review (model assumptions)

Cost elements

Reference Network # Layers SP MP L T I B S E O CS
Ayvaz et al. (2015) RL 5 v v v
Salema et al. (2007) RL 4 v v v v
Lee and Dong (2009) CL 3 v v
Trochu et al. (2018) RL 4 v v v v
Soleimani et al. (2016) CL 6 v v v Y v v
Ameknassi et al. (2016) CL 5 v v v v
Pishvaee et al. (2011) CL 4 v v v
Miranda and Garrido (2004) RL 3 v v v
Listeg and Dekker (2005) RL 4 v v v
Ramezani et al. (2013) CL 5 v v v
Our study RL 6 v v v v v v v v

RL=Reverse Logistics, CL=Closed-Loop, SP=Single-Period, MP=Multi-Period, L=Location/Allocation,
T=Transportation, I=Inventory, B=Backorder, S=Shortage, E=Environmental, O=Outsourcing,

CS=Case Study

As shown in Table 3.1, some of the existing mathematical models did not incorporate all of
the characteristics of reverse logistics such as backorder and shortage for secondary markets and
outsourcing. Table 3.2 illustrates stochastic programming properties such as stochastic parameters
and solution method’s elements. Scenario generation and scenario reduction are two important
components of a stochastic programming model. The two most common methods for scenario
generation are by sampling and by statistical methods (Mitra and Domenica (2010)). As shown

in Table 3.2, most of the proposed solution methods do not provide appropriate scenario genera-
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Table 3.2: Literature review (solution methods)

Stochastic parameters Solution method elements
Reference # Stages Return Demand SG SR SAA H EC RO EF
Ayvaz et al. (2015) 2 v v
Salema et al. (2007) 2 v v v
Lee and Dong (2009) 2 v v v
Trochu et al. (2018) 2 v
Soleimani et al. (2016) 2 v
Ameknassi et al. (2016) 2 v v v
Pishvaee et al. (2011) 2 v v v
Miranda and Garrido (2004) 2 v v
Listes and Dekker (2005) 3 v v
Ramezani et al. (2013) 2 v v v
Our study 2 v v v v v

SG=Scenario Generation, SR=Scenario Reduction, SAA=Sample Average Approximation,

H=Heuristic, EC=Epsilon Constraint, RO= Robust Optimizaion EF=Extensive Form
tion and scenario reduction methods to approximate underlying distributions. Some studies focus
on the sample average approximation method. However, a key drawback of using sampling-based
scenario generation methods is that the obtained scenario tree may have completely different sta-
tistical properties from the original distribution if the size of scenario set is small. To solve this
problem, the number of scenarios should be increased which may be computationally expensive.
The advantage of statistical methods like moment matching is that it can generate better scenar-
ios when the size of generated scenario tree is small (Mitra and Domenica (2010)). Arpén et al.
(2018) and Romisch (2010) reviewed comprehensively scenario generation methods. In order to
fill the mentioned gaps of mathematical modelling and solution methods, this paper addresses a
two-stage stochastic programming model for multi-period reverse logistics which includes lot-sizing
and outsourcing. Moment matching and fast forward selection are used as scenario generation and
scenario reduction methods, respectively.

The reminder of this paper is organized as follows: Section 3.4 describes the two-stage stochastic

programming model. Section 3.5 discusses the computational results and stochastic programming

performance. Lastly, conclusions and scope of future research are included in Section 3.6.

3.4 Two-stage stochastic programming model

This section provides a two-stage stochastic programming model for a reverse logistics network

with lot-sizing under uncertainty. Return and demand uncertainties are the common uncertain
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factors for reverse logistics problems thus they are considered in this paper. The first-stage decisions
of this study are related with facilities (sorting centers, warehouses, recycling centers and disposal
centers) location in strategic level, and the second stage decisions represent the transported and
stocked products, unmet demand as backorder, shortage, and outsourcing quantities in tactical level.
This paper considers return and demand with continuous distributions as the stochastic factors to
be investigated. As problems with uncertain parameters represented with continuous distribution
are computationally challenging (Escudero and Kamesam (1995)), scenarios are typically used to
approximate the underlying continuous distributions. Each scenario is a set of discrete values

showing returns from the primary markets and demands in the secondary markets.

3.4.1 Problem statement

The study addresses multi-echelon and multi-period supply chain design problem for reverse lo-
gistics network including a set of distributed primary and secondary markets with locations known
and fixed, and a set of facilities to be located among candidate locations. If a product provided
by manufacturer does not meet primary market’s demand, the product will be returned to sorting
center for quality assessment. After collecting products, they are inspected in sorting center and
based on quality assessment three outcomes are possible: (1) The quality level of product is accept-
able. Therefore, it will be sent to the warehouses where prepare the products to secondary markets;
(2) the product is recyclable and needs to be transported to recycling center for re-processing; (3)
the product is scrapped and needs to be transported to the disposal centers where it is disposed
in proper manner. The quantity of primary markets’ returns and secondary markets’ demands
are assumed to be stochastic. Because of these stochastic factors, the problem is formulated as a
stochastic programming model.

The objective is to minimize overall system cost including facility capital investment, trans-
portation cost, inventory cost, backorder cost, shortage cost, and outsourcing cost. The proposed

stochastic programming includes following decisions:

e The locations of facilities such as sorting; centers, warehouses, recycling centers, and disposal

centers.
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The material flow between various facilities;

Inventory level in each warehouse;

Backorder level for each secondary market;

Shortage level for each secondary market;

Outsourcing quantity.

3.4.2 Mathematical Formulation

This section introduces the proposed two-stage stochastic programming model. Assumptions

are listed as follows:

Inventory in sorting centers, recycling centers and disposal centers are not allowed.
Initial inventory is not allowed in warehouses.
End of each period is set to measure inventory level of warehouses.

Fulfilling of secondary markets’ demand can be delayed or ignored since backorders and

shortages are allowed.

Transportation between the same kind of facilities are not allowed (e.g. transportation be-

tween warehouses is prohibited).

The notations of the model formulation are as following.

3.4.2.1 Sets
PM  Set of primary markets, indexed by m
SC Set of possible facility locations for sorting centers, indexed by ¢
14% Set of possible facility locations for warehouses, indexed by w and w/
SM  Set of secondary markets, indexed by ¢ and j
WS  Set of warehouses and secondary markets, WS = W U SM, indexed by ¢ and j
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w3 9 X[

Set of recycling centers, indexed by r
Set of disposal centers, indexed by d
Set of periods, indexed by ¢ and ¢/

Set of scenarios, indexed by s

3.4.2.2 Parameters
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Probability associated with scenario s

Fixed cost for establishing sorting center in location ¢

Fixed cost for establishing warehouse in location ¢

Fixed cost for establishing recycling center in location r

Fixed cost for establishing disposal center in location r

Return of primary market m under scenario s in period ¢

Transportation cost per product unit from primary market m to sorting center ¢
Transportation cost per product unit from sorting center ¢ to warehouse w
Transportation cost per product unit from sorting center ¢ to recycling center r
Transportation cost per product unit from sorting center ¢ to disposal center d
Transportation cost per product unit from node ¢ € WS to node j € WS
Inventory cost per product unit in warehouse w in period ¢

Backorder cost per product unit for secondary market ¢ in period ¢

Shortage cost of one unit of unmet demand of secondary market ¢

Outsourcing cost per product unit

Demand of secondary market ¢ under scenario s in period ¢

Disposal ratio in period ¢

Recycling ratio in period t

Capacity of sorting center ¢

Capacity of warehouse w

Capacity of recycling center r

Capacity of disposal center d
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3.4.2.3 Binary first stage decision variables
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1 if sorting center ¢ established, 0 otherwise
1 if warehouse w is established, 0 otherwise
1 if disposal center d is established, 0 otherwise

1 if recycling center r is established, 0 otherwise

3.4.2.4 Nonnegative second stage decision variables
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Amount of product transported from primary market m to sorting center under scenario s

in period ¢

Amount of product transported from sorting center ¢ to warehouse w under scenario s in

period t

Amount of product transported from sorting center ¢ to recycling center r under scenario s

in period t

Amount of product transported from sorting center ¢ to disposal center d under scenario s

in period ¢

Amount of product transported from warehouse w to secondary market ¢ under scenario s

in period t

Inventory level of product in warehouse w under scenario s in period ¢
Backordered demand for secondary market ¢ under scenario s in period ¢
Outsourced product of shipment from primary market m to sorting center ¢ (because of

capacity exceeding in sorting center ¢) under scenario s in period ¢

Outsourced product of shipment from sorting center ¢ to recycling center r (because of

capacity exceeding in recycling center r) under scenario s in period ¢

Outsourced product of shipment from sorting center ¢ to disposal center d (because of ca-

pacity exceeding in disposal center d) under scenario s in period ¢

Outsourced product of shipment from sorting center ¢ to warehouse w (because of capacity

exceeding in warehouse w) under scenario s in period ¢

Cumulative total demand of secondary market ¢ over ¢ periods under scenario s, (dgt]s =

I’ __
St dle)
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Mﬂ‘s

i

Cumulative total shipment transported from warehouse w to secondary market i over t

. . t]s t'=t ¢
periods under scenario s, (Ml[u]i =Y T uhE)

s _

Cumulative total backorder for secondary market ¢ over ¢ periods under scenario s, (Bi
t'=t !
v=1B0°)

Cumulative total shipment transported from sorting center ¢ to warehouse w over ¢ periods

under scenario s, ( s = St BL)

3.4.2.5 Objective function

The objective function minimizes the total expected costs of network including location costs

(21),

transportation costs (Z3), inventory costs (Z3), backorder costs (Z;), shortage costs (Z5)

and outsourcing costs (Z4) over the determined planning horizon. Equalities (3.1)-(3.7) present the

objective function and its elements:

Min F =214+ 294+ 235+ 24+ 25+ 2 (31)

Z = Z escle + Z €Wy G + Z eryzy + Z edgyq (3.2)

2, =

ceSC wew rerR deD
Zps ( Z Z Z tPSmectls, + Z Z Z t8Wen BLE, + Z Z Z tsTerfts 4 (3.3)
sES teT mePM ceSC teT ceSCwew teT ceSCreR

Z Z Z tsdegA\Ls, + Z Z Z twsijuf‘;

teT ceSC deD teT ieW jeEW )

S (34)

SES LT wew

Zy=) Y > psbiBP (3.5)

Zs =

sES teT\T ieESM

> > pesdBl® (3.6)

seSieSM

20— (oo(Z S Y Y w3 Y e £ dog3>) G

seS teT ceSC teT wew teT reR teT deD
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In Eq.(3.2), the four terms include all first stage decision variables and represent location cost
for sorting centers, warehouses, recycling centers and disposal centers, respectively. Eq.(3.3), with
five terms, calculates transportation costs of primary markets to sorting center, sorting centers
to warehouses, sorting centers to recycling centers, sorting centers to disposal centers, and ware-
houses to secondary markets, respectively. Eq.(3.7) includes outsourcing costs for sorting centers,

warehouses, recycling centers and disposal centers.

3.4.2.6 Constraints

> al,<CSd. ceSCteT,seS (3.8)
mePM

Y 0 <CR»z reRteT,seS (3.9)
ceSC

S ANy <CDayq deDiteT,seS (3.10)
ceSC

> B <CWuge weWt=15€8 (3.11)
ceSC

> Bl =CWage — I8V weW,teT\1Ls€S (3.12)
ceSC

Constraints (3.8)-(3.12) are for the capacity of facilities and transportation amount the facilities.
These constraints prohibit product flow between facilities that are not established. Meanwhile,

they prevent capacity exceeding in facilities by transported products.

> (ol +sols) =gl mePMteT,seS (3.13)
ceSC
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Constraints (3.13) state that the amount of return products from primary markets include trans-

ported products to sorting centers and the portion of return which exceeds sorting centers’ capacity.

> orrtals, = (0 4 rolf) ceSCteT,seS (3.14)
mePM reR

S odrfaly, =) (M5+dol) ceSCteT,ses (3.15)
mePM deD

Z (1 —rrt —dr)als, = Z (B +wos) ceSC,teT,s€S (3.16)
mePM weWw

Constraints (3.14) calculate transported amount of products from sorting centers to recycling cen-
ters. At the same time, these constraints calculate the amount of products exceeding the capacity
of recycling centers. Constraints (3.15) and (3.16) do the same task for disposal centers and ware-

houses, respectively.

Z sobs. < ( Z gi)le c€SCteT,seS (3.17)
mePM mePM

ngé ( Z @)z TERMEET,sES (3.18)
cese mePM

ZdOZ‘ZS( Z Gn)ys deDteT,seS (3.19)
ceSC mePM

dwols, < (> di)gw weW teT,s€S (3.20)
cesSC mePM

Constraints (3.17)-(3.20) state outsourcing is not allowed from facilities that are not established

since capacity exceeding does not occur in this situation.
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ts<plls wewteT,seS

b= B — > s weWit=1s€S

ceSC i€ESM
Ly =T34 Y By = Dt weWEET\1Ls€S
ceSC iESM

Constraints (3.21)-(3.23) determine the inventory level at each warehouse.

STl <> Bl wewt=1s€S

1eSM ceSC

YooHm SIETV LY Bl weWteT\LseS
ieSM ceSC

S <dt+BY” ieSMiteT ses

weW

(3.21)

(3.22)

(3.23)

(3.24)

(3.25)

(3.26)

Constraints (3.24)-(3.26) determine the amount of product transportation to each secondary mar-

ket.

dopls=0 iewteT,ses
wew

Constraints (3.27) state transportation between warehouses is not allowed.
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Bt =d” - 3"l iesmiteT ses (3.28)
weWw

Constraints (3.28) calculate backorder level for each secondary market.

3.5 Case study

In this section, the applicability of the proposed model is demonstrated with a real case study
from Europe. Data used in the case study were adapted from Kalaitzidou et al. (2015). The
case study focused on a European consumer goods company and due to confidentiality policy, the
parameters have been scaled with a common factor and real currency units have been substituted

with relative money units (rmu).

3.5.1 Data sources

The potential reverse logistics network consists of 38 nodes, as shown in Figure 3.1. Five of
them including Italy (IT), United Kingdom (UK), Belgium (BE), France (FR), and Norway (NO)
concern primary markets. Six of them including United Kingdom (UK), France (FR), Sweden
(SE), Spain (ES), Austria (AT), and Belgium (BE) are potential sorting centers. Three of them
including Netherlands (NE), Italy (IT), and France (FR) represent potential warehouses. Three of
them including Germany (DE), France (FR), and Italy (IT) are potential recycling centers. The
potential disposal site are same as recycling centers’ candidates. The remaining 18 nodes represent
secondary market nodes. The secondary markets are located in Italy (IT), United Kingdom (UK),
France (FR), Spain (ES), Ireland (IE), Sweden (SE), Greece (GR), Netherlands (NL), Finland
(FI), Denmark (DK), Czech Republic (CH), Belgium (BE), Portugal (PT), Norway (NO), Germany
(DE), Austria (AT), Turkey (TR), and Poland (PL).

Establishing cost and capacity of facilities including sorting centers, warehouses, disposal centers

and recycling centers are shown in Table 3.3. Furthermore, the unit backorder cost, unit shortage
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Shapes:

O Sorting center
B Warehouse

* Recycling center
| Disposal center

Colors:
[ Primary markets
== Primary and secendory markets

Figure 3.1: Network of facilities, primary markets, and secondary markets

cost, and unit holding cost are included in Table 3.4. The rate of recyclable and disposable products
in different periods are listed in Table 3.5.

Quantity of returned products from the primary markets and demand by secondary markets
are assumed to follow Normal distributions (Abdallah et al. (2012)). Four moments of return
distribution and demand distribution for primary and secondary markets are listed in Tables 3.6
and 3.7, respectively. We assume that returns in different periods are independent from each other.
The same assumption holds for demand (i.e. demands in different periods are independent). The
planning horizon the model studies is 5 months. Unit outsourcing cost for each facility is considered

to be 30 rmu.

3.5.2 Scenario generation

It is computationally challenging to solve stochastic models including parameters with contin-
uous distribution Feng and Ryan (2013). In such a situation, a discretization process so-called

scenario generation is used to approximate continuous distribution with a discrete distribution
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Table 3.3: Capacity (Cap) and establishing cost (EC) of facilities

Sorting Center Warehouse Recycling center Disposal center
Node Cap EC Cap EC Cap EC Cap EC
UK 8000 40000
FR 10000 32500 9500 25000 1500 20000 1500 6000

SE 7000 22500
ES 9500 20000
AT 6000 15000
BE 7500 25000

NE 6000 12000
IT 8000 15000 1500 11500 2200 5400
DE 2000 15000 2500 6500

Table 3.4: Holding, backorder and shortage cost

Holding cost Backorder cost
Secondary market #Period #Period Shortage cost
1 2 3 4 5 1 2 3 4 5
IT 1.28 1.31 132 1.28 1.30 046 252 136 1.16 - 7.46
UK 3.54 1.28 0.22 0.26 - 6.89
FR 0.99 1.03 1.03 0.99 1.00 2.00 2.68 240 054 - 8.98
ES 0.60 294 25 290 - 4.53
1E 0.76 2.36 1.52 140 - 6.12
SE 1.76 3.30 0.54 0.76 - 5.07
GR 0.52 2.22 3.18 3.42 - 7.85
NL 1.13 1.16 1.15 1.13 1.14 2.56 3.36 3.06 3.06 - 7.91
FI 1.04 0.16 0.76 3.58 - 6.24
DK 1.78 3.80 3.20 1.82 - 4.28
CH 3.38 396 3.04 388 - 9.28
BE 1.04 248 2.66 0.46 - 8.96
PT 396 246 330 1.74 - 9.77
NO 0.68 1.94 3.52 1.32 - 6.58
DE 3.64 3.8 1.70 3.54 - 7.20
AT 0.58 3.50 1.88 2.52 - 8.88
TR 054 276 09 012 - 5.23
PL 2.84 1.08 224 352 - 4.42

with limited number of outcomes. In this study the moment matching method is adopted to gen-
erate limited number of outcomes to represent each continuous distribution (Hgyland and Wallace
(2001)). Since statistical properties are able to approximate continuous distributions, we minimize
the distance between statistical specifications of continuous distributions and statistical properties
of fitted discrete distributions subject to a constraint ensuring summation of branching probabil-
ities to be one. In this study mean, variance, kurtosis and skewness have been used as statistical

specifications. The values of these statistical properties for the 5 return distributions and 18 de-
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Table 3.5: Recycling and disposal rate

Period rr(t) dr(t)
1 0.24 0.06
2 0.29 0.09
3 0.18 0.03
4 0.16 0.04
5 0.23  0.09

Table 3.6: Return properties in each period

Properties
Primary market = PDF Mean  Variance Skewness Kortusis
UK Normal 2338.27 132986.03 0 3
FR Normal 2605.81 184908.17 0 3
BE Normal 2102.58 76003.87 0 3
IT Normal 2027.70 92385.29 0 3
NO Normal 1375.71 15104.41 0 3

mand distributions are listed in Tables 3.6 and 3.7, respectively. Following notations are used in

moment matching method:

e x Specifies a statistical property

K Set of all statistical properties

v Specifies branches (outputs)

x Vector of realizations for uncertain factors

7 Probability vector for branches (outputs)

V AL, Specified value of statistical property of

w,; Refers to the importance weight of statistical property

fr(x,m) Mathematical function for representing statistical property

Scenario generation may be formulated as a nonlinear programming model as follows Hgyland

and Wallace (2001). Although the optimal solution for this model is not guaranteed but any solution

with objective function close to zero can be considered a good solution.
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Table 3.7: Demand properties in each period

Properties
Secondary market  PDF Mean Variance Skewness Kortusis
UK Normal 351.33 2777.24 0 3
ES Normal 348.00 2724.84 0 3
IT Normal 317.67 2270.57 0 3
FR Normal 310.00 2162.25 0 3
SE Normal 299.67 2020.54 0 3
IE Normal 233.00 1221.50 0 3
NL Normal 348.00 2724.84 0 3
GR Normal 332.00 2480.04 0 3
DK Normal 317.33 2265.71 0 3
FI Normal 551.33 6839.20 0 3
PT Normal 443.00 4415.60 0 3
BE Normal 462.00 4802.49 0 3
CH Normal 571.33 7344.41 0 3
NO Normal 546.33 6715.72 0 3
AT Normal 529.33 6304.28 0 3
DE Normal 518.00 6037.29 0 3
PL Normal 495.00 5513.06 0 3
TR Normal 461.33  4788.57 0 3

We assume continuous distribution of uncertain factors are independent from each other. Also,
we assume that realization of uncertain factors at a certain point of time during time horizon
is independent from previous outcomes. Hence we assume the outcomes in different periods are

identical. The minimum number of outcomes can be achieved by formula (32) (Hoyland and Wallace

(2001)).

min Z we(fi(z,m) — VAL,)?

Ty, Ty

KEKX

s.t. Z?TU =1

veY

m >0 ve X

(D + 1)y — 1 ~ the number of specifications
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Where D indicates the dimension of scenario in each node, and y represents the number of
branches from each node (outcomes). In this paper, D is 115 (product of 23 random variables and
5 periods) and the number of specifications is 460 (product of 23 uncertain factors, 5 periods, and 4
moments). Hence, according to the formula (32) the value of y is 4. To obtain better results we chose
5 as the number of branches of each node in each period. The nonconvex nonlinear program (3.29)-
(3.30) was solved by COUENNE solver in GAMS 23.5. Obtained solution with objective function
value of zero or close to zero demonstrates that generated outcomes have statistical properties
which perfectly match with specified properties of continuous distributions. A full scenario tree for
5 periods with size of 5° is created and shown in Figure 3.2.

Scenario #1

Scenario #2

o000 Scenario #3
Scenario #4
Scenario #5
°
o000 L4
e
Scenario #3121
Scenario #3122
o000 Scenario #3123
Scenario #3124
Scenario #3125
t=1 =2 t=5
#nodes=5!  #nodes=52 #nodes=5°

Figure 3.2: Full scenario tree

Since using different importance vectors, w, lead to different optimal solutions, we use different
w’s to see how uncertainty in return and demand values affects reverse logistics network. Table
3.8 shows 5 importance vectors used to obtain 5 outputs in each node. Vector w; considers equal
importance to all moments. Vector we gives greater importance to mean and variance. Vector ws
considers greater weights to skewness and kurtosis. Vectors wy and ws assign the largest weight to

mean and variance, respectively. The results of moment matching method using w; are listed in

Table 3.9.
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Table 3.8: Weight vectors used in moments matching method

Property  w; w9 w3 Wy Ws

Mean 0.25 035 0.15 0.5 0.2
Variance 0.25 0.35 0.15 0.2 0.5
Skewness 0.25 0.15 0.35 0.15 0.15
Kurtosis 0.25 0.15 0.35 0.15 0.15

3.5.3 Scenario reduction

Increasing the number of uncertain factors and number of time periods leads to increasing the
number of scenarios and decreasing the tractability of solution. In such a situation, a strategy is to
select a subset of scenarios as representative of whole scenario set which is called scenario reduction.
Heitsch and Romisch (2003) introduced forward and backward scenario reduction algorithms. The
results of implementation of proposed algorithms show that for small size reduced scenario tree,
the fast forward selection (FFS) algorithms is faster and more accurate. Thus, in this paper, the

fast forward selection algorithm is employed to reduce the size of scenarios in full size scenario tree.

The notations of this algorithm are listed below:

K Scenario set indexed by k and [
Br Scenario k
v Probability of occurring scenario k

n(.) Le-norm function

2 Weighted distance of scenario k at iteration ¢

(5,@1 Distance value between scenarios k£ and [ at iteration

JU Set of scenarios which are not selected up to iteration i

Q Reduced scenario set

The basic steps of FFS are described as follows:

Step 1: Let ¢ = 1, calculate the distance between two scenarios 5,&1% =nBk, 51),k, =1, ...

Note: For two identical scenarios, the distance is zero.

For each scenario, calculate the total weighted distance zlm = 2521, kit ’yké,[:]l.

Find the scenario I; which leads to the smallest z

(1, KY\ .

93

l[l]a ll

= arg mingegy,. g} zl[l] and set JI =



Table 3.9: Moment matching method’s results (w;)

Output
Stochastic parameter Node 1 2 3 4 5
Return UK  2974.35 1523.25 1992.63 2279.40 2506.73

FR 227281 1594.71 2497.82 2497.82 3234.52
BE 2590.59 1506.29 1809.50 2120.15 2173.31
IT 1981.28 1311.83 1821.50 1950.79 2471.86
NO  1587.29 1095.60 1450.69 1356.83 1276.55
Demand UK  311.12  227.36  341.59 33543  428.37
ES 308.10 22521  338.15 33242 424.31
IT 280.83  205.62 306.82 304.91  387.34
FR 27426  200.64 29594 299.84 377.98
SE 269.87  193.62  296.18  280.77  365.30
IE 216.95 15044  231.31  214.25  284.00
NL 308.10 22521  338.15 33242 424.31
GR 29345 21490 318.84 319.93 404.81
DK  286.58 20499 314.01 296.69  386.82
FI 487.68  356.84  534.18  527.90 672.23
PT 391.85  286.73  423.31  428.24  540.15
BE  409.06 298.98  449.00 441.25 563.31
CH  505.83 369.74 555.16 545.74  696.61
NO  483.67 353.56 530.79  521.93  666.13
AT 46794 342.63 507.59 510.58  645.42
DE 45856  335.23 503.18 49494 631.59
PL 437.62 32040 47436 477.66  603.56
TR  408.47 298,55  448.35 440.61  562.49
Probability 0.150 0.058 0.216 0.314 0.262

Step 2: Let i = ¢ + 1, compute 5,@[ = n(ﬁgfl},ﬁlﬁ*”),k,l e Jti—1,

Calculate the total weighted distance zlm = ZkeJ[FU\l ykél[j}l,l e Jli—1,

Find the scenario I; which leads to the smallest zl[i], l; = arg min;g ji-1) zlm and update JI =
JU=1 1.

Step 3: If the size of selected scenarios set is equal to the number of scenarios determined by user
go to step 4 otherwise return to step 2.

Step 4: Find the set of the closest unselected scenarios to selected scenario [ which is called L(I).
For this purpose, for each unselected scenario I(k) = arg mingeq §(8k, 51), k € {1, ..., K} \ finds the
closest scenario; the probability of occuring scenario [ is updated by adding its probability before

being selected and the probabilities of all unselected scenarios that are close to l, g = py+) ;¢ L) Pk

(Hu and Hu (2016)).
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We applied FFS for 15, 20, 50, 100, and 200 scenarios on each full scenario tree obtained by
importance vectors of Table 3.8. The results of scenario reduction process to obtain 15 scenarios
are listed in Table 3.10. This table shows the selected scenarios from whole scenario trees with
3125 scenarios and redistributed probability values. A reduced scenario tree with 15 scenarios from
a full scenario tree (obtained from importance vector w) is shown in Figure 3.3.

Table 3.10: Scenario reduction results (|S| = 15)

w1 w9 w3 w4 Ws

Sc # Pr Sc # Pr Sc # Pr Sc # Pr Sc # Pr

#1744  0.080 #1 0.102 #2225 0.056 #1563 0.109 #1561  0.050
#2324 0.087 #51  0.059 #2350 0.042 #1570 0.083 #1563 0.223
#2334 0.045 #124  0.061 #2450 0.106 #1604 0.087 #1565 0.080
#2342 0.042 #386 0.043 #2469 0.021 #1740 0.061 #1575 0.031
#2344 0.186 #459  0.044 #2869 0.058 #1820 0.056 #1598 0.091
#2345 0.109 #1094 0.046 #2988 0.095 #1844 0.098 #1738 0.083
#2374 0.057 #1719 0.071 #2993 0.062 #1865 0.040 #1740 0.037
#2469 0.083 #1878 0.066 #2994 0.039 #2223  0.092 #1823 0.036
#2470 0.028 #1964 0.052 #2999 0.061 #2225 0.058 #1868 0.041
#2474 0.047 #1975 0.071 #3089 0.050 #2489 0.061 #2438 0.091
#2969 0.084 #2126 0.061 #3090 0.076 #2869 0.054 #2440 0.042
#2970 0.038 #2279 0.044 #3095 0.061 #2875 0.021 #2818 0.082
#2994 0.028 #2344 0.113 #3118 0.084 #2948 0.061 #2824 0.038
#3094 0.028 #2495 0.066 #3124 0.078 #2969 0.072 #2840 0.039
#3120 0.058 #2969 0.101 #3125 0.111 #3021 0.047 #2863 0.036
Sc= Scenario, Pr= Probability

Figure 3.3: Reduced scenario tree (wy, |S| = 15)
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3.5.4 Analysis for stochastic solution

Return and demand are considered as uncertain parameters in the case study. In this section,
optimal decisions from deterministic model and stochastic model are compared. Deterministic
model, or expected value problem, substitutes uncertain factors of stochastic model with their
expected values which are assumed to be known and certain. Using scenario generation algorithm
and scenario reduction method described in previous sections provides a smaller set of scenarios
which can approximate underlying continuous distribution. However, deciding on the number
of the selected scenarios is important to reach acceptable solution quality within a reasonable
computational time. Hence, in this study the stochastic problem is solved using scenario sets of
different sizes including 15, 20, 50, 100, and 200 obtained from full scenario tree and considering
different importance vectors.

Table 3.11 reports the model complexity for both deterministic model and stochastic model.
The complexity elements such as the number of variables, the number of constraints and CPU
run-time are listed in this table. The deterministic model, as expected, has the least number of
variables, constraints and CPU run-time. It can be seen in Table 3.11 that the larger number of

scenarios make the problem less tractable.

Table 3.11: Complexity of deterministic and stochastic models

Model Number of variables Number of constraints CPU run-time (s)
Deterministic 1296 491 0.98

RP (w1, [S] = 15) 12073 4215 30.61

RP (w1, |S| = 20) 15760 5489 33.12

RP (w1, |S| = 50) 34408 11957 160.48

RP (wi, |S| = 100) 65080 22541 669.04

RP (w1, |S| = 200) 117715 40671 2524.30

To evaluate the performance of stochatic programming model, we use following metrics (Birge
and Louveaux (2011)).

A perfect information solution assumes that decision-maker would be able to perfectly predict
future uncertainty. This solution method solves the problem for each realization of £ and determines

optimal first stage decisions. Wait-and-see value measures the expected value of solutions.
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WS =Ep [gg(l f(x;g)} (3.33)

The expected value of recourse problem is called here-and-now value and is calculated as follows:

RP =minEpf(x;§) (3.34)
rzeX

A common measurement to evaluate effect of uncertain parameters in the stochastic model is

the expected value of perfect information which is defined as:

EVPI=RP-WS (3.35)
The expected value problem replaces all random variables by their expected value.
EV = min f(z;€) (3.36)

Where ¢ = E(¢) indicates the expectation of (£). If we denote the optimal solution of expected

value problem by Z(€£) then the EEV is defined as:

EEV = Epf(z(8);€) (3.37)

The quantity, FEV, measures the performance of (), allowing second stage decision variables

to be selected optimally as function of Z(£) and £. The following definition is used to calculate the

value of stochastic solution (VSS).

VSS = EEV — RP (3.38)
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V' SS refers to the potential cost saving obtained by solving stochastic program instead of solving

deterministic model.

Table 3.12: Summary of stochastic programming results

Weight vector |S]| EV WS RP EEV EVPI VSS
wy 15 194437.56 199682.05 201660.09 203463.67 1978.04 1803.58
20 194437.56 200066.46 201739.92 204084.13 1673.46 2344.21
50 194437.56 199933.51 201820.39 205848.39 1886.88  4028.00
100 194437.56 200782.74 202338.56 209001.07 1555.82 6662.51
200 194437.56 201326.54 203008.20 212729.05 1681.66 9720.85

wa 15 196505.58 200428.70 203413.81 206220.69 2985.11 2806.88
20 196505.58 200162.14 203181.66 206051.58 3019.52  2869.92
50  196505.58 199978.30 203039.17 205985.19 3060.87  2946.02
100 196505.58 200146.85 203283.15 206409.73 3136.30 3126.58
200 196505.58 199993.86 203095.92 206207.89 3102.06 3111.97

w3 15 184554.10 199064.12 202704.76 253928.04 3640.64 51223.28
20  184554.10 199345.01 202968.51 255737.66 3623.50 52769.15
50  184554.10 199489.12 203194.50 258705.41 3705.38 55510.91
100 184554.10 199307.69 203009.78 259191.77 3702.09 56181.99
200 184554.10 199154.35 202837.87 258619.83 3683.52 55781.96

Wy 15 185333.82 198640.81 202278.57 256315.44 3637.76 54036.87
20 185333.82 198786.13 202384.94 256336.13 3598.81 53951.19
50 185333.82 198883.69 202517.64 258725.07 3633.95 56207.43
100 185333.82 198829.73 202520.82 258908.37 3691.09 56387.55
200 185333.82 198913.79 202594.20 259504.86 3680.41 56910.66

ws 15 193269.97 200190.40 203084.40 244471.89 2894.00 41387.49
20 193269.97 200443.73 203495.94 248396.53 3052.21 44900.59
50 193269.97 200310.75 203490.02 253271.99 3179.27 49781.97
100 193269.97 200073.67 203337.41 253235.21 3263.74 49897.80
200 193269.97 199884.01 203040.30 252913.72 3156.29 49873.42

Avg 190820.21 199752.73 202801.62 235770.53 3048.89 32968.91
Std 5016.11 689.54 532.69 24585.046  717.20 24482.17
Min 184554.10 198640.81 201660.09 203463.67 1555.82 1803.58
Max 196505.58 201326.54 203495.94 259504.86 3705.38 56910.66

The results of deterministic problem and stochastic program for different number of scenarios
are reported in Table 3.12. Figure 3.4 shows EV, WS, RP, and EEV values for different importance
vectors obtained by solving stochastic program with 200 scenarios. EVPI and VSS values are

illustrated in Figure 3.5.
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Table 3.13: Cost components (w;)

EV EEV(]S] =200) RP(|S] =200)
Total 194437.56 212729.05 203008.20
Location 91900.00 (47.26 %)  91900.00 (43.20%)  111900.00 (55.12%)
Transportation  99787.16 (51.32%) 103819.04 (48.80%) 85019.90 (41.88%)
Inventory 2417.83 (1.25%)  3012.84 (1.42%)  3675.43 (1.81%)
Backorder 332.57 (0.17%) 2336.01 (1.10%)  2327.45 (1.15%)
Shortage 0 134.16 (0.06%) 85.40 (0.04%)
Outsourcing 0 11526.98 (5.42%) 0

wy wo w3 wy Ws

Weight

Figure 3.4: Metrics’ value (|S| = 200)

As shown in Table 3.12 and Figure 3.5, applying deterministic (EV problem) decisions to
stochastic scenarios (EEV problem) results in larger objective function value which means the
total cost increases. Considering this point and VSS values in Table 3.12 and Figure 3.5, stochastic

program’s solution outperforms the EEV solution. Also the EVPI values demonstrates the potential

worth of achieving more precise predictions.

By evaluating EV values in Table 3.12 for different importance vector, it can be seen that
importance vectors with larger weights for skewness, kurtosis and variance leads to larger objective
function value. The reason lies in the fact that larger weights for these properties scatters the
selected scenarios in wider interval around mean value in continuous distributions and leads to
larger expected value for uncertain variables in selected scenarios which results in larger objective

function value for EV problem. Employing ws and wy4 leads to smaller objective function values
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Figure 3.5: EVPI vs. VSS (|S| = 200)

x10°

—/\— Shift in transportation cost
———— Shift in location cost
—{— Shift in holding cost
——— Shift in backorder cost

1.8

1.6

4 1 1
-50% —40% —30% —20% —10% 0%  10% 20% 30%

Shift in costs parameters

Figure 3.6: Sensitivity analysis (|S| = 50)
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compared to other importance vectors with larger wight for variance property. Large standard
deviation for EV problem proves discussed analysis. However, using different importance vectors
affect WS, RP, and EEV less than EV, because they consider all realizations of uncertain variables
in spite of EV problem which replaces uncertain variables with their expected value.

The results of solving deterministic and stochastic models including all components of objective
function are shown in Table 3.13. As can be seen, applying optimal decision of EV problem to
EEV problem causes an increase in objective function value. Backorder and shortage cost increase
because of stochastic nature of EEV problem. Capacity exceeding happens because the number
of established facilities with the EV problems are not sufficient to meet the capacity requirements
of EEV problem. Results of sensitivity analysis on cost parameters for stochastic programming
model are shown in Figure 3.6. As can be seen in this figure, facilities location investing cost
and transportation cost are the most critical cost parameters which affect total cost of the system
significantly. Since backorder and inventory costs are small portions of RP’s total cost, any shift
in their cost parameters do not affect the overall cost remarkably.

In terms of managerial insights, the major findings from the case study are given as follows:
e Using stochastic programming approach may lead to cost saving up to 28%.

e Stochastic programming approach eliminates outsourcing costs caused by lack of capacity in
facilities. Opening more facilities by stochastic programming model helps to cope uncertain-

ties.
e Based on sensitivity analysis results, investment on facilities location and transportation cost

are the two critical cost elements of stochastic programming model.

3.6 Conclusions

This study addresses a two-stage stochastic programming model to consider the return and de-
mand uncertainty in a multi-echelon multi-period reverse logistics network. The first stage decision
variables include facility location variables and the second stage decision variables consist of ma-

terial flow variables, backorder variables, shortage variables and outsourcing variables. The results
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obtained by solving stochastic program demonstrates the importance of incorporating uncertainty
in problem formulation.

A case study for the European consumer goods company with uncertain return and demand
is performed. The two-stage stochastic programming approach is employed to study the problem.
Scenario generation method and scenario reduction algorithm have been applied to generate a set
of scenarios to approximate underlying continuous distributions for return and demand. The nu-
merical results and solution evaluation provide the optimal network structure for reverse logistics
system and indicate the usefulness of stochastic programming approaches in an uncertain envi-
ronment. The results show that the main source of cost enhancement in deterministic model is
outsourcing while recourse problem avoids from this cost component by establishing more facilities.

This research is subject to a number of limitations which suggest future research directions.
Firstly, the described model assumes that demand and return are independent. However, sometimes
in supply chain systems the demand and return in different time periods are dependent to each other.
One future research direction is taking account of this assumption and analyzing the correlation
between them. Secondly, we considered return and demand as two sources of uncertainty while
supply chain systems may include many other uncertain factors such as quality, travel time and
facility capacity. Hence, the other future research direction could be considering more uncertain
parameters in modeling the problem as a multi-stage stochastic program to represent the system’s

stochasticity.
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CHAPTER 4. A multi-stage stochastic programming model for the

multi-echelon multi-period reverse logistics problem

A paper submitted to Resources Conservation and Recycling

4.1 Abstract

Reverse logistics planning plays a crucial role in supply chain management. This paper proposes
a multi-stage, multi-period reverse logistics with lot sizing decisions under uncertainties. The
main uncertain factors are return and demand quantities, and return quality. Moment matching
method was adopted to generate a discrete set of scenarios to represent the original continuous
distribution of stochastic parameters. Fast forward selection algorithm was employed to select the
most representative scenarios and facilitate computational tractability. A case study was conducted
and optimal solution of the recursive problem obtained by solving extensive form. Sensitivity

analysis was implemented on different elements of stochastic solution.

4.2 Introduction

Reverse logistics problem is one of the most challenging problems in supply chain management
(SCM) which aims to address collecting used, refurbished, or defective products from customers or
primary markets and then carrying out some recovery and disposal activities (Govindan et al., 2017).
According to American Reverse Logistics Executive Council, reverse logistics is defined as “The
process of planning, implementing, and controlling the efficient, cost effective flow of raw materials,
in-process inventory, finished goods and related information from the points of consumption to the
point of origin for the purpose of recapturing value or proper disposal”. Another report shows 4.7
million tonnes E-waste were generated across world annually (Balde et al. (2015)). The amount of
waste generated across the world increases the importance of reverse logistics systems in decreasing

waste rate and return the leftover(s) to supply chain.



Reverse logistics has been gaining popularity in recent years. A great portion of reverse logistics
literature has been devoted to deterministic reverse logistics problems. John et al. (2018) formulated
a multi-stage reverse logistics network for product recovery as a mixed integer linear programming
model. The authors validated the model with a used refrigerator recovery network. Min et al.
(2006) developed a nonlinear mixed-integer linear programming model for a reverse logistics network
which makes decision on the number and locations of centralized return centers. They proposed
a genetic algorithm to solve the formulated model. Lee et al. (2009) proposed a mathematical
model for a multi-stage, multi-product reverse logistics network. The authors developed a hybrid
heuristic based on genetic algorithm for solving the introduced model. Silva et al. (2013) studied a
reverse logistics network for a company located in Brazil. They developed a returnable packaging
model which decreases material consumption by 18% compared to disposable packaging model.
In addition, they concluded that returnable packaging model is the best alternate in terms of
environmental concerns since it has less environmental impacts compared to disposable packaging
models. Demirel et al. (2016) addressed a reverse logistics network for end-of-live vehicles in
Turkey. The authors proposed a mixed-integer linear programming model for the network. Solving
the model led to the optimal number of facilities to be located. Alshamsi and Diabat (2017)
formulated a reverse logistics network for a case of household appliance in the Gulf Cooperation
Council (GCC) region with 68 cities. The authors developed a genetic algorithm with running time
reduction up to 38 times compared to GMAS in solving the problem. Ghezavati and Beigi (2016)
studied a multi-echelon capcitated reverse logistics network with location-routing, and time window
constraints. The authors formulated the problem as a bi-objective mathematical programming
model and proposed a non-dominated sorting genetic algorithm II (NSGA II) to obtain Pareto
frontier solutions.

Compared to traditional forward logistics, more activities are involved in reverse logistics plan-
ning which makes it more challenging. One of the challenges in designing reverse logistics network is
the presence of several uncertain factors such as return and demand quantities, and return quality.
Therefore considering uncertainty and designing a robust decision making framework are crucial for
reverse logistics design. Lieckens and Vandaele (2007) combined queueing models with traditional

reverse logistics models to incorporate lead time, inventory positions in an uncertain environment.

67



This combination led to a mixed integer nonlinear programming model. The authors solved the
formulated model by a genetic algorithm with the technique of differential evolution. While most
of the studied models in reverse logistics are case based, Salema et al. (2007) proposed a general-
ized model considering capacity limits, multi-product management, and uncertainty in demand and
return quantities. They solved the formulated model by standard branch and bound techniques.
Soleimani and Govindan (2014) studied a risk-averse, two-stage stochastic programming approach
reverse logistic network design problem. They considered return quantity and price as two sources
of uncertainty. Niknejad and Petrovic (2014) focused on a reverse logistics problem with decisions
on inventory control and production planning. They considered return and demand quantities as
two stochastic parameters and modelled them using fuzzy trapezoidal numbers. The authors devel-
oped a two phase fuzzy mixed integer optimization algorithm to solve the formulated model. Ayvaz
et al. (2015) studied a reverse logistics network with three uncertainty sources: return quantity,
return quality, and transportation cost. They formulated the problem as a two-stage stochastic
programming model and validated it by a real world case for waste of electrical and electronic
equipment recycling center in Turkey. The authors used sample average approximation method
to solve the model. Lee and Dong (2009) proposed a dynamic location and allocation model for
reverse logistic problem and formulated it as a two stage stochastic programming model. Also,
they developed a heuristic solution method based on sampling to solve the model. Azizi et al.
(2020) studied a multi-period reverse logistics network under return and demand uncertainty with
lot sizing and formulated it as a two-stage stochastic programming model. They used scenario
generation and scenario reduction methods to generate sets of discrete scenarios to approximate
underlying probability distributions. The authors used a case of consumer company in Europe to
validate the proposed model.

By reviewing body literature of the reverse logistics in deterministic and stochastic environments
and review papers (Govindan et al. (2017), Prajapati et al. (2019), and Rachih et al. (2019)) the
following gaps are recognized: Firstly, little attention has been paid to multi-echelon, multi-period
stochastic reverse logistics with lot sizing. Secondly, multi-stage stochastic programming models

for reverse logistics problem has not been investigated. Thirdly, to the best of our knowledge, the
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solution techniques introduced to solve stochastic reverse logistics problems are not efficient to solve
large-scale instances which include large number of scenarios, stages, and decision variables.

This study proposes a multi-stage stochastic program for multi-echelon, multi period reverse
logistics program with lot sizing. Scenario generation and scenario reduction methods were em-
ployed to generate a representative set of discrete scenarios for underlying distribution of stochastic
parameters. Extensive form of problem was used to solve the problem and stochastic solution was

evaluated by implementing sensitivity analysis on recursive problem’s parameters.

4.3 Problem Statement

In the reverse logistics network considered in this research, returned products flow from primary
markets as upstream level to sorting centers. After screening products at sorting centers, the
products are sorted to three groups. The products with good quality are transported to warehouses
to meet secondary markets’ demand. The products with lower quality level that are recyclable will
be transported to recycling centers. The rest of the returned products will be transported to disposal
centers. During these processes, return and demand quantities, and quality level are the main
sources of uncertainty. In this study, we formulate and solve multi-echelon, multi-period reverse
logistics problem as a multi-stage stochastic programming model. In fact, this study provides a
framework for decision makers to make the optimal decisions on (1) locating facilities such as sorting
centers, recycling centers, and disposal centers; (2) the amount of products should be transported
between different facilities and from facilities to secondary markets as final customers; (3) inventory,

outsourcing, backorder, and shortage levels. Structure of network is illustrated in Figure 4.1.

4.3.1 Model Formulation

This section introduces the proposed multi-stage stochastic programming model.

Assumptions are listed as follows:

e Inventory in sorting centers, recycling centers and disposal centers are not allowed.
e Initial inventory is not allowed in warehouses.

e End of each period is set to measure inventory level of warehouses.
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Figure 4.1: Network structure

e Fulfilling of secondary markets’ demand can be delayed or ignored since backorders and

shortages are allowed.

e Transportation between the same kind of facilities are not allowed (e.g. transportation be-

tween warehouses is prohibited).

The notations of the model formulation are as following.

4.3.1.1 Sets
PM  Primary markets
SC Candidate locations for sorting centers
w Candidate locations for warehouses
SM  Secondary markets
WS  Union of warehouses and secondary markets, WS = W U SM
R Candidate recycling centers
D Candidate disposal centers
T Time periods
)

Set of scenarios
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4.3.1.2 Parameters

Ps

ese
€Wy
ez
€Yd
ap
IpSme
tSWeqp
tsrer

tsdcd

twsij

SC;
ocC

ds

drts

rrts

CS.
CW,
CR,
CDy

Probability of scenario s

Cost of establishing a sorting center in location ¢

Cost of establishing a warehouse in location i

Cost of establishing a recycling center in location r

Cost of establishing a disposal center in location 7

Return quantity of primary market m in period ¢ under scenario s

Cost of transportation for one unit of product from primary market m to sorting center ¢
Cost of transportation for one unit of product from sorting center ¢ to warehouse w
Cost of transportation for one unit of product from sorting center ¢ to recycling center r
Cost of transportation for one unit of product from sorting center ¢ to disposal center d
Cost of transportation for one unit of product from node i € WS to node j € WS
Holding cost for one unit of product in warehouse w in period ¢

Cost of backorder for one unit of product for secondary market ¢ in period ¢

Cost of shortage for one unit of unmet demand of secondary market ¢

Cost of outsourcing for one unit of product

Demand of secondary market 4 in period ¢ under scenario s

Ratio of disposal in period ¢ under scenario s

Ratio of recycling in period ¢ under scenario s

Sorting center ¢’s capacity

Warehouse w’s capacity

Recycling center r’s capacity

Disposal center d’s capacity

4.3.1.3 Decision variables

le
Juw

Ya

Zr

1 if sorting center ¢ established, 0 otherwise
1 if warehouse w is established, 0 otherwise
1 if disposal center d is established, 0 otherwise

1 if recycling center r is established, 0 otherwise
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Amount of products transported from primary market m to sorting center under scenario s

in period t

Amount of products transported from sorting center ¢ to warehouse w under scenario s in

period t

Amount of products transported from sorting center ¢ to recycling center r under scenario

s in period ¢

Amount of products transported from sorting center ¢ to disposal center d under scenario s

in period t

Amount of products transported from warehouse w to secondary market ¢ under scenario s

in period t

Inventory level of products in warehouse w under scenario s in period ¢
Backordered demand for secondary market ¢ under scenario s in period ¢
Outsourced products of shipment from primary market m to sorting center ¢ (because of

capacity exceeding in sorting center ¢) under scenario s in period ¢

Outsourced products of shipment from sorting center ¢ to recycling center r (because of

capacity exceeding in recycling center r) under scenario s in period ¢

Outsourced products of shipment from sorting center ¢ to disposal center d (because of

capacity exceeding in disposal center d) under scenario s in period ¢

Outsourced products of shipment from sorting center ¢ to warehouse w (because of capacity

exceeding in warehouse w) under scenario s in period ¢

Cumulative total demand of secondary market i over ¢ periods under scenario s, (dgt]s =
t'=t '
r—1d;°)

Cumulative total shipment transported from warehouse w to secondary market ¢ over t

. . [t]s _ t'=t s
periods under scenario s, (uwi =) v wi)
. . . . t|s
Cumulative total backorder for secondary market ¢ over ¢ periods under scenario s, (BZ-H =
t'=t t's
v—1 BE®)

Cumulative total shipment transported from sorting center ¢ to warehouse w over ¢ periods

under scenario s, ( s — Zi;j Bﬁ;j)
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4.3.1.4 Objective function

The objective function minimizes the total expected costs of network including establishment
costs (Z1), transportation costs (Z3), inventory costs (Z3), backorder costs (Z4), shortage costs
(Z5), and outsourcing costs (Zg) over the planning horizon. Equations (4.1)-(4.7) present the

objective function and its elements:

Min F=2Z21+20+ 23+ 24+ 25+ Z¢ (41)

Z = Z escle + Z €Wy G + Z eryzy + Z edqyq (4.2)
ceSC wew reR deD

Zy = ZPS(Z Z Z tPSmelts . + Z Z Z t8Wen B, + Z Z Z tsr a0+ (4.3)
seS teT mePM ceSC teT ceSCwew teT ceSCreR

Z Z Z tsdeg N\ + Z Z Z tws,;juﬁj)

teT ceSC deD teT ieW jeW

2= Y ptl 1t (4.0
seSteT weWw

2= Y Y piiBt (4.5)
SES teT\T iESM

2= Y pusd Bl (4.6)
seSieSM

Z5=3 p, (oc(Z S sl 4 3 wolt, £ Y el Y dog;>) (47)
seS teT ceSC teT weWwW teT reR teT deD

In equation (4.2), the four terms include all first stage decision variables and represent location
cost for sorting centers, warehouses, recycling centers and disposal centers, respectively. equation
(4.3), with five terms, calculates transportation costs of primary markets to sorting center, sorting
centers to warehouses, sorting centers to recycling centers, sorting centers to disposal centers, and
warehouses to secondary markets, respectively. Equation (4.7) includes outsourcing costs for sorting

centers, warehouses, recycling centers and disposal centers.
4.3.1.5 Constraints

> al,<CSd. ceSCteT,seS (4.8)
mePM
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> 0 <CRz reRteT,s€S (4.9)
ceSC

S MY <CDaya deDteT,seS (4.10)
ceSC
> Bl < CWugw weWt=15€8 (4.11)
ceSC
> Bl = CWuge — I8 weW,teT\1,s€8 (4.12)
ceSC

Constraints (4.8)-(4.12) are related to capacities of facilities and transportation amount between
the facilities. These constraints prohibit product flows between facilities that are not established.

Meanwhile, capacities for the facilities can not be exceeded.

Z(afﬁc—l—soifw):qfﬁ mePM,teT,seS (4.13)
ceSC

Constraints (4.13) state that the amount of return products from primary markets include trans-
ported products to sorting centers and the amount of returned products which exceed sorting

centers’ capacity.

Z rrtals, = Z(ij +70%) ceSCteT,s€S (4.14)
mePM reR

Y drfaly, =) (M5 +doly) ceSCteT,ses (4.15)
mePM deD

S @—rrt—dals, =" (B, +wol) ceSCteT,s€S (4.16)
mePM weWw

Constraints (4.14), (4.15) and (4.16) calculate the transported amount of products from sorting
centers to recycling centers, disposal centers, and warehouses, respectively. At the same time, these

constraints calculate the amount of products exceeding the capacities of these facilities.
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ceSC mePM
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(4.17)

(4.18)

(4.19)

(4.20)

Constraints (4.17)-(4.20) state outsourcing is not allowed from facilities that are not established.

I"<plls wewteT,seS

L= Ph= D mi weWi=lses

ceSC 1€ESM
Iﬁzlg_l)s—l—z éfﬂ—Zuf@ weW,teT\1,seS
ceSC 1€ESM

Constraints (4.21)-(4.23) determine the inventory level at each warehouse.

DoM< Y, Bh weWt=1s€ES

1eSM ceSC

Soopls <IN B weW teT\1,s€S
1ESM ceSC

Sl <df+ B ieSMiteT,ses

weWw

(4.21)

(4.22)

(4.23)

(4.24)

(4.25)

(4.26)

Constraints (4.24)-(4.26) determine the amount of product transported to each secondary market.

Zu“ =0 ieEW,teT,seS
weW

Constraints (4.27) state transportation flows between warehouses are not allowed.

75

(4.27)



the problem.

T=0 Stage=1

Decision Variables:
ley Qws 2, Yd

Observing /
1s
Im

T=1 Stage=2

Decision Variables:

1s 1s
‘me> SOme

T=1 Stage=3

Decision Variables:

ﬁls 0ls \1s uls_ Ils
we?

cws Yerd “ed? w

1 1 1 i
Bi 37 womsuﬂ Toc;f’ doc;

Observing
25
Im

Observing
rris, drls, d}s

«Q

T=2 Stage=5

Decision Variables:
2s pn2s \2s ,,2s 72s
c%mecr%/\cd’g‘wﬂllzu )

S S S S

B;*,wozy,, roz;, doz;

T=2 Stage=4

Decision Variables:

25 25
Qnes SO0me

Observing
3s
Im

Observing
28, dr?s, d?s

T=3 Stage=T7

Decision Variables:

ﬁ3s 935 )\35 ,u3sv I3s
cw? w Tw Y

crs Neds
B?S,wo3s roﬁﬁ,dog’j

cw?

T=3 Stage=6
Decision Variables:
Ct3s s 033

me? mc

Observing
T3S, dr3s, d3s

Figure 4.2: Decision variables in different stages
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Constraints (4.28) calculate backorder level for each secondary market.

4.4 Case study

logistics network.

76

(4.28)

Figure 4.2 shows the different decision making stages and their associated decision variables in

To validate the proposed multi-stage stochastic programming model, a case study adapted from
Kalaitzidou et al. (2015) was applied. Kalaitzidou et al. (2015) developed a deterministic mixed
integer linear program for the case of a European consumer goods company. This study extended

their work by proposing multi-echelon, multi-period, and multi-stage stochastic program for reverse



The network logistics of this case consists of 38 nodes distributed in different European countries
including five primary markets, six potential candidates for sorting centers, three potential candi-
dates for warehouses, three potential candidates for recycling centers, three potential candidates
for disposal centers, and eighteen secondary market nodes.

Table 4.1 reports the facilities capacities and establishment costs. Table 4.2 lists the unit holding
cost, unit backorder cost, and unit shortage cost. Quantities of returned products from the primary
markets and demand of secondary markets are assumed to follow normal distributions (Abdallah
et al. (2012)). Four moments of return and demand quantities distributions are reported in Tables
4.3 and 4.4, respectively. Return quantities in different time periods are assumed independent from
each other. Demand quantities are also independent from each other in different time periods. The
rates of recyclable and disposable products are the other stochastic parameters with 5 possible
outputs listed in Table 4.5. The planning horizon for this research problem is considered to be 3
months and outsourcing cost per unit of product for all facilities is assumed to be 30 rmu.

Table 4.1: Establishing cost (EC) and Capacity (Cap)

Sorting Center Warehouse Recycling center Disposal center
Node Cap EC Cap EC Cap EC Cap EC
UK 8000 40000
FR 10000 32500 9500 25000 1500 20000 1500 6000

SE 7000 22500
ES 9500 20000
AT 6000 15000
BE 7500 25000

NE 6000 12000
IT 8000 15000 1500 11500 2200 5400
DE 2000 15000 2500 6500

The most effective method to solve small to medium size stochastic programs is to generate
the deterministic equivalent of the problem so-called extensive form. Extensive form specifies all
scenarios in one single mathematical model.

Section 3 provided extensive form mathematical model of the introduced problem. To solve the
problem in extensive form, discrete scenarios are generated by moment matching method and then
the total number of scenarios is reduced by fast forward selection algorithm. Scenario generation and
scenario reduction were implemented in GAMS 23.5 to create the most representative scenarios for

the stochastic problem. The scenarios data files for the problem was generated by Matlab R2020b

77



Table 4.2: Costs of holding, backorder and shortage per unit of product

Holding cost Backorder cost
Secondary market #Period #Period Shortage cost
1 2 3 4 5 1 2 3 4 5
1T 1.28 1.31 132 1.28 1.30 0.46 2.52 1.36 1.16 - 7.46
UK 3.54 1.28 0.22 0.26 - 6.89
FR 0.99 1.03 1.03 0.99 1.00 2.00 2.68 240 054 - 8.98
ES 0.60 294 25 290 - 4.53
IE 0.76 236 152 1.40 - 6.12
SE 1.76 3.30 054 0.76 - 5.07
GR 0.52 2.22 3.18 3.42 - 7.85
NL 1.13 1.16 1.15 1.13 1.14 2.56 3.36 3.06 3.06 - 7.91
FI 1.04 0.16 0.76 3.58 - 6.24
DK 1.78 3.80 320 182 - 4.28
CH 3.38 396 3.04 388 - 9.28
BE 1.04 248 266 0.46 - 8.96
PT 396 246 330 174 - 9.77
NO 0.68 194 352 132 - 6.58
DE 3.64 3.8 170 3.54 - 7.20
AT 0.58 3.50 1.88 2.52 - 8.88
TR 0.54 276 09 0.12 - 5.23
PL 2.84 1.08 224 352 - 4.42

Table 4.3: Return properties

Properties
Primary market =~ PDF Mean Variance Skewness Kortusis
UK Normal 2338.27 132986.03 0 3
FR Normal 2605.81 184908.17 0 3
BE Normal 2102.58  76003.87 0 3
1T Normal 2027.70 92385.29 0 3
NO Normal 1375.71 15104.41 0 3

and stochastic program was coded in Python 3.7 to solve and find the optimal solution. Optimal
solution for a relatively small-scale instance with 5 scenario is listed in Tables 4.6 and 4.7. Figure
4.3 shows the objective function value of extensive form for cases with 10 to 500 scenarios. As it can
be seen from this figure, the total cost is gradually converging by increasing number of scenarios
from 50 up to 500. For analyzing experimental results the case with 300 scenarios is considered.
Figure 4.4 shows the run time of the cases with different number of scenarios. As expected, the
run time increases by increasing number of scenarios.

To evaluate the quality of stochastic solution, the model is solved for EV (Expected Value),
EEV (Expected problem of Expected Value solution) and RP (Recourse Problem) are solved. EV
problem assigns fixed values to stochastic parameters. The fixed value is the mean of distribution

for each stochastic parameter. In other words, EV problem ignores stochasticity but stochasticity
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Table 4.4: Demand properties

Properties
Secondary market ~ PDF Mean Variance Skewness Kortusis

UK Normal 351.33 2777.24 0 3
ES Normal 348.00 2724.84 0 3
1T Normal 317.67 2270.57 0 3
FR Normal 310.00 2162.25 0 3
SE Normal 299.67 2020.54 0 3
1IE Normal 233.00 1221.50 0 3
NL Normal 348.00 2724.84 0 3
GR Normal 332.00 2480.04 0 3
DK Normal 317.33  2265.71 0 3
FI Normal 551.33  6839.20 0 3
PT Normal 443.00 4415.60 0 3
BE Normal 462.00 4802.49 0 3
CH Normal 571.33 7344.41 0 3
NO Normal 546.33 6715.72 0 3
AT Normal 529.33  6304.28 0 3
DE Normal 518.00 6037.29 0 3
PL Normal 495.00 5513.06 0 3
TR Normal 461.33 4788.57 0 3

Table 4.5: Rate of recycling and disposal
Possible output rr(t) dr(t)

1 0.02 0.02
2 0.06 0.05
3 0.10 0.08
4 0.15 0.10
b} 0.20 0.13

Table 4.6: First stage decision variables values

Sorting Center Warehouse Recycling center Disposal center

Node 1 EC g EC zZ EC y EC
UK 0 40000

FR 0 32500 0 25000 0 20000 0 6000
SE 0 22500

ES 0 20000

AT 1 15000

BE 1 25000

NE 0 12000

IT 1 15000 1 11500 1 5400
DE 0 15000 0 6500
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Table 4.7: Extensive form results (|S| = 5)

Scenarios
Cost #1 #2 #3 #4 #5
Stage 1 71900.00 71900.00 71900.00 71900.00 71900.00
Stage 2 6129.75 6129.75 6129.75 6129.75 7417.03
Stage 3 71256.69 71256.69 71256.69 71256.69  66741.04
Stage 4 6129.75 6129.75 6129.75 7417.03 4115.00
Stage b 71256.69 71256.69 71256.69  66741.04  90576.36
Stage 6 6129.755 5205.69 7417.03 6129.75 6129.75
Stage 7 71256.69  93332.62 66741.04 71256.69 71256.69
Total cost 304059.34 325211.21 300830.97 300830.97 318135.89
Probability 0.4036 0.0793 0.1705 0.1889 0.1577
Stochastic OFV  306796.27
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Figure 4.3: Total cost of the system

exists and what will happen in reality (EEV solution) is different from the optimum solution of
EV. EEV problem solves the formulation by fixing first stage variables with the solution obtained
from EV problem. Table 4.8 shows the solutions obtained by solving EV, EEV, and RP. The value
of stochastic solution (VSS) is the difference between EEV and RP which in this case is 12516.7
indicating RP solution outperforms EEV solution.

In the next step we do a sensitivity analysis in outsourcing cost (OC) which is one the important
elements in total cost of system. Figure 4.5 shows the change in total cost by decreasing or increasing
OC. Linear relationship between OC and objective function value indicates no change in other cost

elements of objective function which means optimal solution is not changing by change in OC.
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Table 4.8: EV, EEV, and RP problems results

First Stage Variables

Sorting Centers Warehouses Recycling Centers Disposal Centers
Problem UK FR SE SP AT BE NE IT FR FR GR IT FR GR IT  Total Cost
EV 0 0 0 0 0 1 0 1 0 0 0 1 0 0 1 226398.8
EEV 0 0 0 0 0 1 0 1 0 0 0 1 0 0 1 325917.4
RP 0 0 0 0 1 1 0 0 1 0 0 1 0 0 1 313400.7

Since total demand of secondary markets is less than total return of primary markets, final solution

always includes outsourced extra returned items.

In terms of managerial insights, the major findings from the case study are given as follows:

e Stochastic solution decides to open two sorting centers. Increasing capacity of one of these

sorting centers may result in establishing one sorting center and decreasing total cost of the

System.

e Since outsourcing cost is one of the largest portion of total cost of the system, it might

be beneficial to decrease this cost or contract with another third party company to handle

outsourced products.

4.5 Conclusions

Traditional supply chain design considers product flow from suppliers to customers. However in

reverse logistics problem as a supply chain problem, the product flow starts from customers(primary
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Figure 4.5: Sensitivity Analysis on Outsourcing Cost (OC)

markets) and end at manufacturers(secondary markets). Decision making in such environments face
several uncertainty factors. Recently, designing a reverse logistics network involved in stochastic
environment has attracted more attention in the literature.

In this paper, we design a reverse logistics network by formulating it as a multistage stochas-
tic programming model. Uncertainty sources in this problem include return quantity in primary
markets, demand quantity in secondary markets, recycling rate, and disposal rate. The first two
uncertainty sources have normal distribution. Hence, moment matching method was used as a sce-
nario generation approach to create discrete scenarios. Then fast forward selections was applied to
decrease the number of scenarios. Finally extensive form of the formulation was solved to find the
optimal solution of stochastic problem and sensitivity analysis was implemented to get managerial
insights. This study is subject to to a few limitations which suggest some future research directions.
First, considering return quality as a continuous variable would be desirable in finding the optimal
solution. Second, developing exact and heuristic algorithms to solve the large-scale problems can
be appealing. Last but not the least, developing valid inequalities is crucial in decreasing the time

complexity of the problem.
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CHAPTER 5. GENERAL CONCLUSIONS

Supply chain management is one one the most critical decision making areas in a wide variety
of industries. Designing a robust, cost-effective supply chain network is a crucial factor for man-
ufacturing companies to survive in the current competitive environment. Forward logistics and
reverse logistics are two important types of network design in supply chain management field. This
dissertation includes three manuscripts aiming to fill some available gaps in the literature of these
two problems and contribute on designing supply chain networks in deterministic and stochastic
environments.

Forward logistics problem is one of the most studied problems in supply chain management.
In this problem product flow starts from suppliers through in-between facilities and end to cus-
tomers.In the first paper, we studied a multi-product pickup and delivery forward logistics problem
with location routing and direct shipment decisions. We proposed a mixed integer linear program-
ming model including two delivery mode for this problem. Two types of delivery mode considered
for product delivery process. The first mode allows vehicles load the same type of products. While
in the second mode, vehicles can load multiple types of products in each delivery route. Mixed inte-
ger programming models were developed for each mode. To solve the models, three solution method
were implemented by CPLEX solver: deterministic mode, opportunistic mode, and benders decom-
position algorithm. Results show that opportunistic mode outperform other two solution methods.
This study is subject to a few limitations, which can be covered by future research directions:
strengthening formulation by adding valid inequalities is one potential direction. Exact and heuris-
tic solution methods can be developed to solve the large scale instances of the problem. For future
studies, proposed models in this paper can be extended considering uncertainty in parameters like
customer demand, capacity of distribution centers and supply capacity. The other direction can
be devoted to develop better exact or heuristic solution methods. Considering objective functions
other than cost function such as customer satisfaction and environmental emission effect can also

serve as future research direction.



Reverse logistics problem is another important network design problem in supply chain man-
agement. In reverse logistics problem the product flow starts from customers or primary markets
to manufacturers or secondary markets. There are a wide variety of uncertain factors involved in
such problems. In the second paper, we designed a reverse logistics network by formulating it as a
two-stage stochastic programming model. In this problem primary markets’ demand quantity and
secondary markets’ return quantity, both with normal distribution, were considered as the main
sources of uncertainty. Moment matching method and fast forward selection algorithm were used
to generate discrete scenarios and reduce the number of scenarios, respectively. A case study was
conducted for this problem and stochastic solution analysis showed that recursive problem optimal
solution outperforms expected value and wait and see problems’ solution.

Recycling and disposal processes are crucial elements of reverse logistics networks. In the third
paper, to address uncertainty in these processes, we proposed a multi-stage stochastic programming
model for reverse logistics network considering uncertainty in demand and return quantity, and
return quality. The stochastic programming was formulated by PySP and solved for a case study.
The optimal solution for this problem was obtained for different sets of discrete scenarios and
sensitivity analysis was implemented for stochastic solution. In the second and third paper, 1
studied uncertainty in reverse logistics problems. However, these studies are subject to to a few
limitations which suggest some future research directions. First, the described models assumes that
demand and return are independent. However, sometimes in supply chain systems the demand and
return in different time periods are dependent to each other. One future research direction is taking
account of this assumption and analyzing the correlation between them. Second, we considered
return and demand quantity and return quality as three sources of uncertainty while supply chain
systems may include many other uncertain factors such as travel time and facility capacity. Hence,
the other future research direction could be considering more uncertain parameters in modeling
the problem. Third, considering return quality as a continuous variable would be desirable in
finding the optimal solution. Fourth, developing exact and heuristic algorithms to solve the large-
scale problems can be appealing. Last but not the least, developing valid inequalities is crucial in

decreasing the time complexity of the problem.
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