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ABSTRACT

In this study, we focus on a problem where the supplier manages the customers’ in-
ventories and coordinates the distribution of multiple products to customers. Hereby
the supplier can minimize the transportation costs by determining distribution routes,
frequency of visits and distribution amounts simultaneously in a way that customer
demands are satisfied on time. Customers place orders for each day and each product
without following any pattern and have separate storage capacities for each product.
Multi-compartment vehicles are used to enable different products to be distributed
on a single route. We assume to have a fleet of vehicles with a certain number of
unit compartments and the capacity dedicated to each product on a route can be
adjusted discretely with the use of separators. This compartment structure provides
the supplier with flexibility in making distribution plans, while on the other hand
makes the problem more challenging since the capacity dedicated to each product on
each route emerges as an additional decision to be made. To solve the proposed multi-
compartment inventory routing problem we develop a novel Adaptive Large Neigh-
borhood Search based matheuristic. We compare our performance with a benchmark
algorithm we adapt from the literature by using an extensive set of instances. We
observe that our solution approach outperforms the benchmark algorithm by 24.57%

on average.
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OZETCE

Bu caligmada, tek bir tedarik¢inin miigterilerin envanterini yonettigi ve birden fazla
uriniin dagitimini koordine ettigi bir problem tizerine yogunlagmaktayiz. Boylece
tedarik¢i miigterilerin talepleri zamaninda kargilanacak gekilde dagitim rotalarini, zi-
yaretlerin sikligini ve dagitim miktarlarini es zamanl bir gekilde belirleyerek ulagim
maliyetini en azlayabilmektedir. Miigteri talepleri her bir giin ve iirtin i¢in rast-
gele olugturulmustur ve miigteriler her bir tirtin icin belirli bir stoklama kapasitesine
sahiptir. Farkl iirtinlerin tek rotada dagitimina imkan saglayan ¢ok bolmeli araclar
kullanilmigtir. Her arag belirli sayida birim bélmeden olugur ve araclarda bulunan
ayraclar kullanilarak her bir rotada her bir iirtine ayrilacak olan kapasite kesintili bir
sekilde ayarlanabilmektedir. Bu bolme yapisi tedarikciye, dagitim plani yaparken es-
neklik tanisa da 6te yandan her bir rotada her bir tiriine ayrilacak kapasite, verilmesi
gereken ekstra bir karar olarak kargimiza ciktigi i¢in problemi zorlagtirmaktadir. Bu
¢ok bolmeli envanter rotalama problemini ¢ozmek i¢in Uygulanabilir Genis Komsuluk
Aramasi tabanli bir mat-sezgisel yontem sunmaktayiz. Genig c¢apl bir dizi veri
kiimesi kullanarak literatiirden uyarladigimiz bir kiyaslama algoritmasi ile algorit-
mamizi kargilagtirdik. Coziim yontemimizin buldugu sonuclarin kiyaslama algorit-

masiin buldugu sonuglardan ortalamada %24.57 daha iyi oldugu gozlenmistir.
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CHAPTER 1

INTRODUCTION

Logistics management is crucial in terms of ensuring customer satisfaction by deliv-
ering the right amount of quantity on time with the minimum possible cost. Vendor-
managed inventory is a valuable logistics management strategy, where the supplier
determines when and how much of each product should be resupplied to each customer
location. A vendor-managed inventory routing setting brings along coordination in
distribution and is advantageous for all parties, since while the supplier can reduce
the transportation and inventory costs, the customers are less likely to encounter sit-
uations where their demands are not met on time, plus they do not need to allocate
resources for the inventory management.

We examine a variant of the vendor-managed inventory routing problem (IRP),
where the supplier is in charge of optimizing the distribution of multiple products
to customers for a multi-period planning horizon. The customers place orders for
different products during the planning horizon with no certain pattern. Therefore,
distribution needs may emerge at different times for different products. Customers
have a limit on the amount of each product they can store, so distribution plans should
be made accordingly. Using multi-compartment vehicles enables the distribution of
different products on a single tour. When the vehicle capacity can be shared among
different products, it becomes cheaper to meet the customers’ unstable demands for
different products. In this study, we examine the Multi-Compartment Inventory
Routing Problem (MCIRP), where we use a fleet of multi-compartment vehicles to
distribute various products to customers by ensuring that the daily demand of each

customer places for each product is met with the minimum total transportation cost.



While in some applications of the MCIRP compartment capacities dedicated to
products are assumed to be fixed, we assume that the capacity dedicated for each
product can be adjusted discretely. In other words, a vehicle consists of a certain
number of unit compartments and the number of unit compartments allocated to each
product is a decision to be made. The configurable compartment structure provides
the supplier with flexibility in meeting the inconsistent demands of the customers
for different products. A compartment can be loaded with one type of product at a
time, and the number of compartments dedicated to each product can be different for
any route. This flexible compartment structure may be benefited in many real-world
operations, such as distributing food to groceries [1, 2, 3] and collecting different
colored glass waste to be recycled [4].

Since the vehicle routing problem is NP-hard [5], MCIRP falls into the class of
NP-hard problems as well. Dealing with inventory management and routing simulta-
neously within a multi-period time horizon is already challenging even in the presence
of a single product. As for MCIRP, since there are multiple products and the cus-
tomers consume products at different rates, the supplier may need to visit the same
customer at different times for different products, which further complicates the prob-
lem. On top of that, when we consider that the supplier also needs to determine the
capacities dedicated to each product on each route, the solution space of our problem
becomes even much larger.

To obtain a good solution for this challenging problem in a reasonable time, we
use mathematical models within an Adaptive Large Neighborhood Search (ALNS)
framework. Matheuristics arise as the integration of the mathematical models into
metaheuristics and are popular in solving many routing problems [6, 7, 8], yet there
exists no matheuristic proposed to solve the MCIRP. ALNS enables us to search the
solution space in a systematic fashion while integrating mathematical models helps

us make optimal decisions within the algorithm. Based on different assumptions in



the literature in terms of whether to allow split delivery to customers (i.e., allowing a
customer to be visited by different vehicles on a day/period) we design our algorithm
in three different ways while (i) a customer can only be visited by one vehicle on a
day /period, (ii) a customer can be visited by different vehicles for different products
on a day/period, but one product type can be distributed to a customer by a single
vehicle, (iii) any product can be distributed to a customer by different vehicles on
a day/period. The use of mathematical models also helps us modify the algorithm
easily for these three assumptions since we only need to make slight adjustments to
them.

There exist a branch of studies in the maritime transportation dealing with the
MCIRP, which is called the Maritime Inventory Routing Problem (MIRP). However,
maritime operations differ from the land operations in many aspects, therefore so do
the routing and the scheduling problems studied in these areas [9, 10]. The most
significant differences between MCIRP and the MIRP can be summarized as; in
maritime transportation, (i) as in customer nodes, there are multiple supply nodes
with certain storage capacities, (ii) vessels travel for days and visit only a couple of
nodes where they unload a great portion of the vehicle, whereas inland transportation,
vehicles unload a smaller portion of products at customer nodes, thus many customers
can be visited on a route, (iii) on contrary to the homogeneous vehicle fleet used in
the land transportation, vessels usually differ in size, compartment structure and
cost. Due to these differences, throughout the paper, we only refer to the multi-
compartment studies in the land transportation.

To the best of our knowledge, there exists no multi-period routing problem adopt-
ing the flexible compartment structure in this study. The first contribution of this
study is that we are the first to elaborate the MCIRP assuming that the capacities
dedicated to each product can be adjusted discretely in terms of the unit compart-

ment capacity. And secondly, we are the first to propose a matheuristic to solve the



MCIRP.

We test the performance of our algorithm on a set of instances we generate by
adapting from [11]. We deem it appropriate to use the algorithm proposed by [1]
as our benchmark. Similar to us, they assume that compartment capacities can be
adjusted discretely on each route depending on the distribution needs, however, they
approach the problem for a single period as the Multi-Compartment Vehicle Routing
Problem (MCVRP). To make a fair comparison, we solve their algorithm for every
day of the planning horizon separately. We obtain 24.57% better results on average

compared to their algorithm.



CHAPTER 11

LITERATURE REVIEW

In this section, we review the multi-compartment routing studies covering both single-
period and multi-period planning horizons. In [12], authors present the most recent
literature review on the MCVRP studies with a focus on the different compartment
structures, delivery assumptions, and solution approaches. We observe that multi-
compartment routing studies can be examined in three groups in terms of how the
compartments are structured in a vehicle as follows;(i) compartments have fixed ca-
pacities and are dedicated to products, (ii) compartments have fixed capacities and
they are not dedicated to products, (iii) compartments have flexible capacities and
are dedicated to products.

The first group of multi-compartment routing studies is only examined under the
single period assumption, meaning that no inventory decisions are addressed. Here,
compartment capacities are assumed to be fixed and compartments are assigned some
certain products meaning that they can only be loaded with those products. This
group of studies has real-life applications in the feed distribution to livestock farms
[13], distribution of foods with different temperature needs to groceries [14], and
the collection of different recyclable wastes [15, 16]. In [13], authors propose two
algorithms to solve MCVRP; a memetic algorithm combined with a path relinking
method and a tabu search method. In [15] and [16], authors use an ant colony sys-
tem to solve the MCVRP and report high-quality solutions with two-compartment
vehicles. In [17], authors study an MCVRP where they respect unloading times and
propose an iterated tabu search algorithm to solve the problem. In [18], authors

study a multi-depot MCVRP and develop a hybrid solution method using ALNS and



Variable Neighborhood Search (VNS). In [19], authors present a new local search pro-
cedure which is a combination of local search moves such as 2-opt, relocate, exchange
and cross to solve the MCVRP.

The second group of studies contributes to the literature by providing examples of
the MCIRP. Here, compartments are assumed to have fixed capacities and they are
not assigned to any products, meaning that any compartment can be loaded with any
product. Compared to the first group of studies, compartments being not dedicated
to any product provides flexibility to the supplier in making distribution plans when
compartments have different capacities. For example, in the first group of studies,
if one compartment has a relatively lower capacity, the product dedicated to that
compartment must always be delivered in relatively small amounts. However, when
compartments can carry any product, this is no longer a must. Yet, the assignment
of products to compartments on each route arises as a new decision to be made. The
multi-compartment routing studies with this compartment structure have real-life
applications in the collection of different quality olive oils from the manufacturer [20],
and the distribution of different fuel types to gas stations [11, 21, 22, 23, 24, 25].

In line with the second group of studies, when it comes to the distribution of
liquid products, some studies assume that vehicles are equipped with debit meters
[20], which allow them to split the content in a compartment among several customers.
Whereas, it is more common to ignore the presence of debit meters to deal with a
simpler problem [11, 21, 24, 26, 27, 28, 29]. These studies assume that when a vehicle
visits a customer to deliver a product, the content in the respective compartment
must be emptied at that customer node. It means that the content in a compartment
cannot be split among different customers and partial deliveries are not allowed. This
assumption simplifies the problem since the route size is limited by the number of
compartments in a vehicle.

Next, we review how the MCIRP studies with the fixed-capacity and undedicated



compartment structure are handled in the literature. In [11, 21, 24|, the authors
narrow the feasible region by limiting the number of customers to be visited on a
route. In [11] and [21], the authors address almost the same problem where they
assume that the compartment capacities are equal and the periodic demand of each
customer for each product is constant. The only difference in [21], is that they
assume there are two different vehicle types with two and four compartments. In
[11], the authors propose a VNS to solve the problem, while in [21], authors solve it
by a variable neighborhood descent algorithm. In [24], the authors propose an exact
solution method where they decompose the problem and handle the truck loading and
routing decisions separately. Similar to [24], in [29] and [30], the authors decompose
the problem to avoid the challenges of handling all the decisions simultaneously. In
[29], the authors consider late deliveries and in their solution method, they first obtain
the optimal order quantities and time windows by using an inventory model which
aims to minimize the total expected costs emerge in the customer nodes, then they use
this information in determining vehicle routes by using mixed-integer models. They
use a VNS framework to enhance the distribution routes. In [30], in the first stage, the
authors generate a set of multi-period routes by using a column generation approach
and in the second stage, they solve the problem by providing these routes to a mixed-
integer linear programming model. In [22], the authors handle the MCIRP both
with and without debit meters, as well as considering both allowing and disallowing
split deliveries to customers. They solve the problem with a branch-and-cut exact
solution method. Finally, in [31], the authors study an application of the MCIRP
where animals are collected from farms and transported to slaughterhouses under very
restricted conditions with respect to health and hygiene rules. They use a column
generation based exact solution method.

The third group of multi-compartment routing studies is also examined only under

the single period assumption as MCVRPs. The compartment structure adopted in



this group of studies is the same as we consider in this study, where compartments
consist of a certain number of unit compartments and with the use of separators, the
total capacity (i.e., the total number of unit compartments) dedicated to each product
can be adjusted discretely. In [1], the authors study the problem by considering the
loading and unloading costs arising from the flexible compartments and develop a
Large Neighborhood Search (LNS) algorithm by defining the problem-specific removal
and insertion operators. In [2], the authors study a similar problem and develop an
LNS algorithm to determine the vehicle types to be used among single compartment
and multi-compartment vehicles since the loading and unloading costs depend on the
compartment structures of the vehicles.

To the best of our knowledge, we are the first to address the challenges of the
MCIRP with this challenging, yet very useful in practice, compartment structure.
With our novel matheuristic approach, we believe that we bridge an existing gap
in the literature by effectively solving the MCIRP by providing the supplier with

flexibility in adjusting compartment capacities depending on the distribution needs.



CHAPTER II1

PROBLEM DEFINITION AND FORMULATION

The MCIRP can be defined on a network with a single supplier (i.e., depot) and
a set of customers, each with deterministic demands that can vary over product
and/or period basis. On each period over the planning horizon, a set of identical
multi-compartment vehicles perform routes between the depot and the customers, to
distribute their needs in a way that no customer faces stock-outs in any product on any
period. Customers can keep inventory up to a certain level specified for each product.
Considering that the working hours of the drivers cannot be exceeded, the length of
each route is restricted by an upper bound. Capacities dedicated to each product on
a vehicle can be adjusted depending on the distribution needs. Each vehicle consists
of a certain number of unit compartments. Herein, the supplier needs to determine
how many of these compartments to allocate for each product on each route. Overall,
the MCIRP examined in this study deals with determining the following for each
period; (i) amount of products to be distributed to the customers, (ii) routes to be
performed, (iii) inventory levels of the customers, and the (iv) allocation of the vehicle
capacity among products. We examine this problem under three different distribution
assumptions; (i) each customer can only be visited by one vehicle on a period, (ii)
each customer is allowed to be visited by one vehicle for each product on a period, (iii)
each customer can be visited by more than one vehicle on a period. We formulate the
problem as a mixed-integer programming (MIP) model. We explain how to modify
the model for each of these assumptions. The notation and variables used in these

models are provided in Table 1.



Table 1: Notation and variables used in MIP

Sets

Vo Set of customer locations (V' = {1,...,n}), and the depot (0)

T  The planning horizon (T = {1,...,T})

P Set of products (P ={1,...,m})

K Set of vehicles

Parameters

b;;  Cost of traversing from node i to j Vi€ Vp,j e V)

dipr  The demand of customer ¢ from product pondayt VieV,pe PteT

L Maximum route length

«71'(;3; Initial inventory level of customer ¢ from product p Vie V.pe P

C;, Storage capacity of customer ¢ for product p Vie V.,pe P

B Unit compartment capacity

H  Total number of compartments in a vehicle

Decision Variables

Qipt  Amount of product p delivered to customer i on day ¢ by vehicle k Vi€ V,p €
PteT keK

xiee 1, if vehicle k travels from node ¢ to node j on day t; 0, otherwise Vi,j €
Vo, t €T, ke K

Lipt Amount of product p in the inventory at customer i on day t Vi € V,p €
PteT

Yipte 1, if vehicle & delivers product p to customer 7 on day ¢; 0, otherwise Vi €
Vipe PteT ke K

zZie 1, if vehicle k visits customer ¢ on day t; 0, otherwise Vie V,te T, ke K
opt.  Number of unit compartments that product p is loaded with on vehicle k£ on

dayt VpePteT,keK

10



First, we present the model assuming that each customer can be visited by multiple

vehicles on a period.

MIP: min Z Z Z Z bijTijek

st.

1€V jeVo teT keK

.7;;, + Z Gipik = Lip1 + dipy

keK

Lipt—1 + Z Giptk = Lipt + dipt
keK

Z Giptk S Boptk

eV

Z Z bijxije < L

NALWIAD)

Iip,tfl + Z Qiptk S Cz'p

keK

T+ Z Gipie < Cip

keK

Z T < |S]—1

ijes
Giptk < CipYiptk

Yiptk < g X itk

J€Wo

E xijtk:E T jitk

i€Vp i€Vp

H > Z Optk

peP
Qipte = 0
Tijik € {0, 1}

Lipy >0

pt —
Yiptk € {0,1}

optk, > 0 and integer

VieV,pe P

VieV,pe PteT\{1}
Vpe Pte T, ke K
Vte T, ke K

VieV,pe PiteT\{1}
VieV.pe P

Vie T, ke K,SCV,|S|>2

VieVipe Pte T, ke K

VieVipe Pte T, ke K

VieVo,teT ke K

Vte T, ke K

VieVpe Pte T, ke K
Vi,jeVo,te T, ke K
VieV,pe P,teT
VieVpe Pte T, ke K

Vpe PteT, ke K

(11)
(12)

(13)
(14)
(15)
(16)

(17)

The objective function (1) aims to minimize the total travel distance. Constraints
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(2) and (3) are the inventory flow-balance constraints. Constraints (4) ensure that
the total amount of a product distributed to the customers by a vehicle on any period,
cannot exceed the total capacity allocated for that product. Constraints (5) set an
upper limit for the total distance traveled by each route. Constraints (6) and (7)
ensure that the storage capacities cannot be exceeded for any customer-product pair
on any period. Constraints (8) are the sub tour elimination constraints. Constraints
(9) and (10) determine whether a distribution is performed to a customer on a route.
Constraints (11) force each vehicle visiting a customer to also leave that customer.
Constraints (12) ensure that the total number of compartments used for all products
on a vehicle cannot exceed the overall vehicle capacity. Constraints (13)-(17) are
either the nonnegativity or the integrality constraints.
If we assume that each customer is allowed to be visited by one vehicle for each

product on a period, we need to include Constraints (18) into the MIP.

> Y <1 VieVpe PiteT (18)

keK

If we assume that each customer can only be visited by one vehicle on a period,

then we need to include Constraints (19)-(22) into the MIP.

Giptk < CipZitk VieV,pe Pte T, ke K (19)
Zzitk <1 VieViteT (20)
kEK
Z(xijtk + Tiik) < 2z VieViteT ke K (21)
J€V0
zir, € {0, 1} VieViteT, ke K (22)
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CHAPTER IV

SOLUTION APPROACH

4.1 Inatial Feasible Solution

We needed a computationally efficient and well-performing method to find an initial
feasible solution to our matheuristic approach. In this regard, to save the model from
building routes, we formulate the MIP-IF'S, which takes a set of routes generated in
advance as an input. MIP-IFS aims to determine which routes to be used on each
period and how much of each product to be distributed to customers on each route
while minimizing the total length of the routes performed. Here, the larger the size
of the set of routes generated, the more likely the model will find a better objective
function value. As a matter of fact, if the MIP-IF'S can be solved with all the possible
routes provided, it finds the optimal solution for the problem. However, the number of
all possible routes grows exponentially as the number of customers increases, therefore
it is not efficient to generate all possible routes (unless the instance size is small
enough). Hence, in the route set we generate, we include all the feasible routes with
sizes one and two and some routes (the feasible ones among 1000 randomly generated
routes) with sizes three to seven. Here, the feasibility of the routes is ensured by
keeping the route length within the upper limit (L). Each route in the route set
should be TSP-optimal, meaning that the routes should navigate between the depot
and the customers with the minimum cost. To obtain the TSP-optimal routes, we
use the Lin-Kernighan algorithm [32], which is a prevalent approach in the literature.

Table 2 introduces the new sets and parameters required to formulate the MIP-

IF'S, as well as presents the decision variables used in the model.
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Table 2: Notation and variables used in MIP-IFS

Sets

R Set of routes generated

R"  Among the set of routes generated, the ones that visit customer i Vi € V
Parameters

a1, if route r visits customer ¢; 0, otherwise Vie V,r e R

L, Length of route r Vr € R

Decision Variables

¢iprt Amount of product p distributed to customer 7 on route r onday ¢t Vi€ V,p €
PreRteT

xr 1, if route r is performed on day t; 0, otherwise Vr € Rt €T

Iy Amount of product p in the inventory at customeriondayt Vie V,pe Pt €T
Yipre 1, if Toute 7 is used to distribute product p to customer 7 on day ¢; 0, otherwise
VieV,pe PreRteT

Wyt  Number of unit compartments that product p is loaded with on route r on day

t VpePreRteT

First, we present the model assuming that each customer can only be visited by

one vehicle on a period.

MIP-IFS:  min Y ) L,y (23)

teT reR
st Y am<1 VieViteT  (24)
reR?
[ip,tfl + ZQiprt = ['L'pt + dipt Vi € V7p S P7t € T\{l} (25>
reR
T+ it = Lipt + dipa VieV,pe P  (26)
reR

14



]ip,t—l + ZQiprt S Cip Vi S V7p € Pat € T\{l} (27)

reR
Tip+ D it < Cip VieV,peP (28)
reR
Z Qiprt < Bwprt Vp S P, re R,t ceT (29)

eV

DY gl =) =0 Vre R (30)

1€V peP teT

prrt < Hxp Vre RiteT  (31)
peP

Qiprt 2> 0 VieVipe PreRteT (32
z; € {0,1} Vre RiteT  (33)
Iipy >0 VieVipe PteT (34)
Wpre > 0 and integer Vpe P,re RiteT  (35)

The objective function (23) aims to minimize the total length of the routes per-
formed. Constraints (24) ensure that each customer can only be visited by one route
on a period. Constraints (25) and (26) are the inventory flow-balance constraints.
Constraints (27) and (28) ensure that the storage capacities cannot be exceeded for
any customer-product pair on any period. Constraints (29) ensure that the total
amount of a product distributed to the customers on a route on any period, cannot
exceed the total capacity allocated for that product. Constraints (30) ensure that
if a customer is not visited on a route, there cannot be any product distributed to
that customer on that route. Constraints (31) ensure that if a route is performed
on a period, the total number of compartments used for all products cannot exceed
the overall vehicle capacity. Constraints (32)-(35) are either the nonnegativity or the
integrality constraints.

If we assume that each customer is allowed to be visited by one vehicle for each

product on a period, we need to exclude Constraints (24) from the MIP-IFS, and
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include Constraints (36) and (38) into it.

QiprtSBHyiprt WEV,pEP,TER,tET (36)
> Y <1 VieVipePteT (37)
reR

Yiprt € {0,1} VicV,pe PreRteT (38)

If we assume that each customer can be visited by multiple vehicles on a period,

then it is sufficient to exclude Constraints (24) from the MIP-IFS.

4.2 Adaptive Large Neighborhood Search

Adaptive Large Neighborhood Search (ALNS), introduced by [33], is an extension of
the Large Neighborhood Search (LNS) metaheuristic which is first proposed by [34].
ALNS allows the use of multiple destroy and repair methods within the same search
process rather than using one large neighborhood as in LNS.

In the ALNS proposed in [33], at each iteration, the algorithm destroys the current
solution, s, using a destroy operator and repairs it differently with a repair operator
to find a unique solution s’. Afterward, it applies an improvement operator to s’ to
generate a better solution s”, and it accepts or rejects the obtained solution according
to some acceptance criteria. Every destroy, repair, and improvement operator has a
weight that the algorithm adjusts at the end of every segment.

We adapt the ALNS structure proposed in [7] and [35] to solve the MCIRP. In this
ALNS variation, unlike the ALNS introduced previously, the algorithm only selects
destroy operators by using a roulette-wheel mechanism, and it applies repair and
improvement operators in a given order for every iteration. In other words, only
the destroy operators have weights that the algorithm adjusts at the end of every
segment. This ALNS adaptation, as in many other ALNS adaptations, uses the
simulated annealing (SA) method as the acceptance criteria to consider including

worse solutions found in each iteration into the algorithm. However, in this study, we
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observe that not accepting any worse solutions gives better results when solving the
MCIRP. We check the feasibility of every solution that is obtained after applying a
destroy operator because a feasible solution does not need to enter a repair operator.
We use a linear programming model (LP-S Model) to check whether the solution is
feasible or not. The LP-S Model takes routing and compartment size information as
parameters and minimizes stock-out amounts of every customer over the time horizon.
If the objective function of this model is zero, it means that the current solution is
feasible for our problem. If it is more than zero, it means it is not feasible with the
current route and compartment sizes.

For the following LP-S Model, we introduce a new decision variable S;, that
denotes the amount of stock-out customer ¢ has in product p at the end of the day
t. We also introduce f3;+, which is a binary parameter indicating whether customer
1 is visited by route r on the day t. R; denotes the set of routes that are performed
on the day ¢. Finally, wp is a parameter in this model, indicating the number of

unit compartments dedicated to the product p on route r, on the day ¢ in the current

solution.
LP-S: min 3 % > S (39)
i€V peP teT
lipi1+ Z Giprt + Sipt = Lipt + dipn VieV,pe Pite T\{1}
reR
(40)
TS+ 3" et + Sipt = Lt + di VieV,peP
reR;
(41)
Lipt—1 + Z Giprt < Clip VieV,pe PiteT\{1}
reR:
(42)
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reRy
(43)
ZQiprtSBwprt VpEP,rERt,tET
2%
(44)
qumrt(]— - Birt) - 0 VT < Rt,t c T
i€V peP
(45)
Sipt >0 VieV,pe P,teT
(46)
Lipe > 0 VieV,pe PteT
(47)
Qiprtzo VZ.EMPGP,TGRt,tGT
(48)

The objective function of the LP-S (39) aims to minimize the total amount of
unsatisfied demands of all customers for all products on all days. Constraints (40-
41) are the inventory flow balance constraints. Constraints (42-43) guarantee that
storage capacities are not exceeded at customer locations. Constraints (44) guarantee
that the capacity dedicated to each product is not exceeded. Constraints (45) ensure
that only visited customers on a route can be delivered any products. The remaining
constraints are the nonnegativity constraints.

Throughout the algorithm, we regularly use the LP-S model after every destroy
operator and within some of the repair operators. Since the LP-S model is a linear
programming model, we are affected as little as possible by the potential computa-
tional burden that can occur by using a mathematical model this often. However,
for the second distribution assumption where each customer is allowed to be visited

by one vehicle for each product on a day, the LP-S model cannot guarantee that a
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product is delivered to a customer by only one vehicle on a day. In other words, the
LP-S model can have a zero objective value even when the solution is infeasible for
the second assumption. To prevent this, we need to add a binary variable to the
LP-S model which makes it a mixed-integer programming model. Changing to a MIP
model would cause a huge computational burden on the algorithm since we use this
model frequently. Thus, we decide to create a fixing operation that we use after the
LP-S model instead of changing the model for the second assumption. When the
LP-S finds an objective value equals to zero, we check the solution to see if there is
a violation in deliveries for the second assumption. If we detect any, we apply this
fixing operation. The goal of this operation is to combine deliveries of a product to a
customer into one vehicle. We consider two cases; (i) we try to combine deliveries in
a vehicle that is already being used, (ii) we try to combine deliveries on a new route
that makes direct delivery to the customer. For the first case, for all the vehicles
visiting that customer, we check the empty spaces dedicated to that product. If there
is enough space in a vehicle, then we combine these deliveries in that vehicle. If the
first case is not possible, then we check for the second case. If we can add a new
route into the solution, we combine these deliveries in this new route. However, if
adding a new route would cause a customer to be visited by more than the number
of products, then we remove that customer from the route it belongs to, insert it to
a new route and combine these deliveries in this new route. It is worth mentioning
that, in this fixing operation, we compare two cases where we adjust the capacities
dedicated to products (w,,;) manually and not. Since the results suggest that adjust-
ing these values manually performs better for the algorithm (see the numerical results
presented in §5.3), we continue our algorithm in this way. This fixing operation does
not guarantee feasibility. In that case, we assume that the solution is infeasible and

continue with our algorithm.
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4.2.1 Destroy operators

There are 20 different destroy operators in our ALNS variant, we adopt the first 13
of them from [7] and [35], and we developed the remaining specifically for MCIRP.
We describe the destroy operators used in our implementation below:

(i) Randomly remove p visits: This operator starts with selecting a random
day/period, then selects a random route from that day/period, and removes a ran-
domly selected customer from that route. This operator is repeated p times.

(ii) Randomly insert p visits: This operator starts with selecting a random
day /period, then selects a random route from that day/period, and inserts a randomly
selected customer that is not visited on that day/period into that route. It is repeated
p times.

(iii) Remove worst p visits: This operator calculates the cost decrease for each
customer in case that customer is removed from their route. Then it removes the
customer who yields the highest cost decrease from its route. It is repeated p times.

(iv) Insert best p visits: This operator calculates the cost increase for each
customer if that customer is inserted into a route it’s not visited. Then inserts the
customer into the route with the lowest cost increase. This operator repeated p times.

(v) Shaw removal: This operator starts with selecting a customer from a ran-
domly selected route on a randomly selected day/period. It calculates the distance
of the selected customer to a customer who is closest to it and is on the same route.
It then removes all customers who are within twice that distance from the selected
customer from the route.

(vi) Shaw insertion: This operator selects a random day/period, then selects
a customer who is not visited in that day/period. It calculates the distance of the
selected customer to the customer who is closest to it among all the customers. It then

inserts all customers who are within twice that distance from the selected customer
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into the route. The operator inserts customer/s into the route in the most cost-
effective way.

(vii) Remove p customers: This operator randomly selects a customer and
removes it from every day/period it exists. It is repeated p times.

(viii) Insert p customers: This operator randomly selects a customer. It inserts
the selected customer into a route for every day/period that was not present before.
The operator inserts the customer into a route that will result in the lowest cost
increase. This operator is repeated p times.

(ix) Empty one period: This operator randomly selects a day/period and
removes all routes within that day/period.

(x) Swap routes: This operator randomly selects two days/periods from the
solution and swaps their routes with each other.

(xi) Randomly move p visits: This operator starts with selecting a customer
from a randomly selected route on a randomly selected day/period. It removes the
selected customer from the selected route on the current day/period and then inserts
it into a route that is performed on another day/period. The operator inserts the
customer into a route that will result in the lowest cost increase. It is repeated p
times.

(xii) Remove p routes: This operator randomly removes p routes from the
solution.

(xiii) Insert p routes: This operator randomly inserts p routes to the solution.

(xiv): Divide p routes: This operator randomly selects p routes from the
solution and randomly divides them into two.

(xv): Merge 2p routes: This operator selects a random pair of routes from
the same day/period and combines the selected pair into one route. It solves the
Lin-Kernighan TSP algorithm proposed in [32] to combine the pair in the most cost-

effective way. It is repeated p times.
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(xvi): Decrease p compartments: This operator randomly selects a route (')
from a randomly selected day/period (t'). It decreases the capacity of a randomly
selected product by U. Here U is taken as a positive multiple of B. It then calcu-
lates the capacities of other products (€ OP) with the help of an updated version
of the MIP-IFS. The update aims to ensure that the model uses only the w,,,; vari-
ables in the selected route. To achieve this, we replace Constraints (31) with the
following constraint. Here wy,, is a parameter that denotes the previous number of
unit compartments that product p is assigned on the selected route r’ on the selected
day/period t'. Tt is repeated p times.

Z Wpr'y = Z w;r,t, +U (49)

peOP peOP

(xvii): Increase p compartments: This operator, on the contrary to the (xvi),
increases the capacity of a randomly selected product by U. It calculates the capac-
ities of other products (€ OP) with the updated version of MIP-IFS, however for
this operator we update MIP-IFS by replacing Constraints (31) with the following
constraint. It is repeated p times.

Z Wty = Z wg)r,t, U (50)

peOP peOP

(xviii): Decrease worst p compartments: This operator reduces the size of
the capacity dedicated to a product with the highest number of unused unit com-
partments by the number of its empty unit compartments. It uses the same modified
MIP-IFS model described in (xvi) to calculate the capacities dedicated to other prod-
ucts at the same route (Here, U equals the number of empty unit compartments
dedicated to the regarding product). It is repeated p times.

(xix): Increase best p compartments: This operator increases the size of the
capacity dedicated to a product with the highest capacity utilization rate by U. It
uses the same modified MIP-IFS model described in (xvii) to calculate the capacities

dedicated to other products at the same route. It is repeated p times.
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(xx): Delete p compartments: This operator randomly selects a route and
randomly removes one of the product’s all dedicated compartments. It uses the same
modified MIP-IFS model described in (xvi) to calculate the capacities dedicated to
other products at the same route (Here, U equals the number of unit compartments
dedicated to the regarding product). It is repeated p times.

We explain all of the above operators as if they were to be used in the first
distribution assumption examined in our problem, which ensures that each customer
can only be visited by one vehicle in a given period. While applying this assumption
in the algorithm, we tailor the operations so that they insert a customer into a solution
by following this assumption. In other words, for the operators (ii), (iv), (vi), (viii),
(xi), and (xiii), we ignore the solutions where a customer is visited more than once in a
day/period. For the second distribution assumption, where each customer is allowed
to be visited by one vehicle for each product on a period, we update these operators so
that they can insert a customer into a day/period at most as the number of products.
For the third distribution assumption, where each customer can be visited by more
than one vehicle on a period, we update these operators so that they can insert a

customer into a day/period as much as it needs.
4.2.2 Repair operators

At each iteration, our ALNS algorithm destructs the solution with a destroy operator.
The solution obtained by this destruction may not be feasible for the MCRIP and
may need a repair operation for the algorithm to continue. Therefore, we check
the feasibility of every solution after applying a destroy operator by solving the LP-
S Model. If the objective function value of this model is zero, we skip the repair
operators since the solution is already feasible and apply improvement operators. If
it is greater than zero, then it means the solution is infeasible, and we apply repair

operator(s) to the obtained solution. We have three repair operators; (i) MIP-S, (ii)
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Minimum ratio insert, and (iii) Break routes.

In the case where the solution obtained after a destroy operator is infeasible, we
first apply an updated version of the LP-S model, which we call MIP-S. MIP-S is
formulated by adding the integer variable wy,; to the LP-S model, which makes it
a mixed-integer programming model. For the w,,; variable to perform correctly, we

add the following constraints to the LP-S model.

prrt < Hz,y Vr € R, t €T (51)

peP
The MIP-S model determines the distribution quantities for the customers and the
number of unit compartment sizes allocated to products. It does not have a chance
to increase or decrease the cost of the solution, as it does not affect routing decisions.
The main reason we use this model as the first repair operator is that it can make
the solution feasible without increasing the cost of the solution.
For the second distribution assumption where each customer is allowed to be
visited by one vehicle for each product on a day/period, we update the MIP-S model.
First, we introduce a new binary variable f;,; that takes 1 if product p is delivered

to customer 7 by route r on day t. Secondly, we add the following two constraints to

the MIP-S model.

QiprtSBHfiprt ViGV,pEP,T‘ERt,tET (52)
> Gipet < BH(L = fipn) VieV,pe Pre R,teT (53)
ecRi\{r}

For the third distribution assumption where each customer can be visited by more
than one vehicle on a day/period, we don’t need to update the MIP-S model.

The second repair operator is the Minimum ratio insert operator which is applied
when the solution obtained by the first repair operator (MIP-S) is not feasible. The
main goal of this operator is to insert customers with unsatisfied demands into the

solution in a cost-effective way. The operator calculates a ratio for every customer that
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has stock-out by dividing the increase in the cost of inserting the customer into a route
by the decrease in the stock-out amount. The operator calculates the cost increase
of inserting the customer with the cheapest insertion option. The operator calculates
the decrease in the stock-out amount by taking the minimum of the total amount
of the customer’s out-of-stock products and the amount of free space in the unit
compartments reserved for the products in that vehicle. The operator also considers
creating a new route and making a direct delivery to the selected customer when
calculating this ratio. It selects the customer-route pair with the lowest ratio and
inserts the customer into that route. After each iteration of insertion, the operator
solves the LP-S model to calculate the current stock-out amounts of customers. If
the objective function value of this model is zero, then the solution is feasible and
we terminate this operator. If it is greater than zero, then it means the solution is
infeasible. Thus we continue with this operator by trying to insert a customer with
the lowest ratio. We terminate this operator also when it cannot insert a customer
into any day/period.

We tailor the Minimum ratio insert operator for each distribution assumption we
examine. For the first assumption, we ignore inserting a customer to a day/period
that is already visited. For the second assumption, we limit the number of visits to a
customer on a day/period by the number of products. And for the third assumption,
we don’t limit anything in the operator.

Our algorithm applies the Break routes operator when the first and second repair
operators cannot obtain a feasible solution. The Break routes operator aims to obtain
a feasible solution by removing a customer that has stock-out product/s and making
a direct delivery to it on the same day/period. The operator calculates a similar
ratio to the previous repair operator for each customer with unsatisfied demand(s).
Dividing the cost increase occurred by removing the customer from its current route

and making direct delivery to it, by the decrease in the stock-out amount gives us the
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ratio. In this operator, unlike the previous one, we use the LP-S model to calculate
the decrease amount in the stock-out when we remove that customer from its route
and make a direct delivery to it. If the LP-S model finds feasible solutions during
the calculation of the ratio of each customer, the operator selects the customer-route
pair with the lowest ratio among these feasible solutions and terminates itself, and
continues with the feasible solution found. If it doesn’t find any feasible solution
during the ratio calculation, then the operator selects the customer-route pair with
the lowest ratio among all solutions found. After removing the selected customer from
its route and making a direct delivery to it, the operator continues calculating ratios
for the remaining customers that have stock-out product/s. The operator terminates

when there are no customers left with unsatisfied demands.
4.2.3 Improvement operators

Our algorithm seeks to decrease the total cost of the solution by applying improvement
operators at each iteration. We use the improvement operators, which are (i) Remove
route operator and (ii) Remove customer operator, either after a destroy operator if
the solution obtained is feasible or after a repair operator that successfully repaired
a solution.

We use the MIP-IFS model as the Remove route operator for the first step of
the improvement phase. Our goal in developing this operator is to eliminate the
routes that can be removed from the solution without ruining the feasibility of the
solution. To achieve this goal, we provide the model with the route set containing
only the ones that are currently being used in the solution. Thus, the model is able to
eliminate routes from the solution. While updating the operator for the second and
third distribution assumption, we make the same changes to the MIP-IF'S model. For
the second assumption, we exclude Constraints (24) from the MIP-IFS, and include

Constraints (36) and (38) into it. And for the third assumption, we only exclude
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Constraints (24).

The second step of the improvement phase of our algorithm is handled by the
Remove customer operator. This operator aims to decrease the total cost of the
solution by eliminating customers from the solution while ensuring feasibility. To
figure out whether the solution will be feasible when a customer is removed from its
route, we need to solve a mathematical model. For this, we compare using LP-S and
MIP-S models, and we decide on using the MIP-S model since it performs better for
the algorithm (see the numerical results presented in §5.3).

However, we observe that the computational burden of solving this model for
every customer affects the algorithm negatively. Therefore, we minimize the number
of MIP-S models used in the operator to reduce this computational burden. The
operator tries to predict whether a customer can be removed from the solution without
ruining the feasibility. For this, it creates a candidate list of promising customers
that can be removed from their routes. To make this prediction, we first calculate
the maximum inventory amount that can emerge from the days before the current
day. Then, we calculate the minimum inventory required for the days after the
current day. We make both of these calculations using the unused capacities in the
compartments. If the maximum inventory amount that can emerge is greater than the
minimum inventory amount required, the operator adds that customer-route pair to
the promising list. After calculating this for every customer-route pair, the operator
obtains a list of candidate customers to remove from their routes. The operator solves
the MIP-S model to determine the feasibility when each customer in the list is removed
from its route. To take into account the solutions where two customers are removed
from the same solution, we also consider the cases where each pair of customers on
the list is removed from the same solution and compare the results in §5.3. The
solution that yields the highest cost decrease whilst ensuring the feasibility is selected

and that customer or customer pair is removed from its/their route(s). If there is
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no feasible solution, the operator is terminated without any improvements. While
updating the operator for the second and third distribution assumption, we update
the MIP-S model. To update this operator for the second and third distribution
assumption, we make changes to the MIP-S model. For the second assumption we
introduce f,+ and we add to Constraints (52) and (53) to the MIP-S model. For the

third assumption, we don’t need to update the MIP-S model.
4.2.4 Parameter settings and pseudocode

In our ALNS, we use a roulette-wheel mechanism to select which destroy operator to
apply to the solution at each iteration. Destroy operators are associated with prob-
abilities of being selected, which are proportional to their performance (i.e., weight).
Each destroy operator starts a segment with its score (7;) being zero and its score is
increased by o each time it yields an improvement on the solution. The calculation
of the weight of a destroy operator in the next segment has two components (54).
The first component is the weight of the destroy operator 7 in the previous segment
J (w;;). The second component is the total score destroy operator i collects within
that segment divided by the number of times the destroy operator ¢ is used within
that segment (6;). We combine these two components by some proportion r, which

is the reaction factor (0 < r < 1). We take r as 0.7 in our algorithm.

wij+1 = U}”(l — 7’) + T% (54)

The probability of destroy operator ¢ being selected in segment j is denoted by p;;

and calculated as in (55). Initially, all the weights are taken as zero and probabilities

are equal for all operators.
Wi

> Wi
el

(55)

Different than the classical applications, we employ a second roulette wheel to

give a second chance for the destroy operators whose probabilities of being selected
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have converged to zero, specifically have dropped below 0.1%. While the first roulette

wheel is called with 90% chance, the second roulette wheel is called with 10% chance.

The remaining two parameters we use in our algorithm are p and U values which

are both selected randomly in the interval [1, 3].

Next, we present the steps of our ALNS algorithm (Algorithm 1).

Algorithm 1: ALNS algorithm for MCIRP

1:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24.
25:

All weights are set to 1 and all scores are set to 0.
Spest = Initial solution
iterations = 0
time = 0
while iterations < 5000 and time < 7200 seconds do
k=1
while k < K do

Select a destroy operator (d € D) using the roulette-wheel mechanism based on the
current weights.
0(d) =0(d) +1
s’ = d(sbest)
s' = LP-SO(¢')
if s’ is not feasible then
SI/ — R(SI)
" = I(s//)
else
§" = I(S/)
end if
if 2(s") < z(spest) then
Sbhest = s
w(d) =w(d)+o
end if
k=k+1
iteration = iteration + 1

end while
update the weights of all operators and reset their scores.

26: end while
27: return  Spest
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CHAPTER V

COMPUTATIONAL STUDY

5.1 Test Instances

While creating our test instances, we adapt the pattern used in [11] by altering some
of the points to better reveal the complexity of the problem. We use a 100x100 map by
taking the origin point as the center of the map. We assume that the depot resides on
the origin point. We generate instances with 12 different sizes. For each instance size,
we generate two test instances, which add up to a total of 24 instances. The smallest
size instance has 20 customers, and up until 50 we increase the size by 5; after 50,
we increase the size by 10 up to 100 customers. We calculate the distances between
any nodes based on Euclidean distance. We have three different product types and
consider 3-, 5-, and 7-day long planning horizons. For each customer, product, and
day, demand (d;,) takes a value between [1,2] tons with %40 probability, between
[2,3] tons between %40 probability, and between [3,6] tons with %20 probability.
For each customer and product, the storage capacity (C;,) is 40 tons. For some
instances, the initial inventory levels used in [11] suffice to meet a significant portion
of some customers’ overall demands, which is a situation that reduces the difficulty
of the problem. Hence, for each customer and product, we set the initial inventory
levels (.J),) randomly between [0,3] tons. Rather than an upper limit on the route
lengths, [11] has an upper limit on the number of customers to be visited on a route,
which they set as three. We, on the other hand, set the maximum route length
(L) to 300 units, so that a vehicle leaving the depot can visit at most half of the
map periphery. Unlike our flexible compartment structure, the MCIRP examined

in [11] assumes to have compartments with fixed capacities. Therefore, they use a
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parameter denoting the capacity of compartments dedicated to each product. The
smallest vehicle used in their setting has an overall capacity of 18 tons, while the
largest one has an overall capacity of 30 tons. Since it is likely to visit more than
three customers within a distance of 300 units, we decide to use a larger vehicle than
in [11] and assume that vehicles have 36 unit compartments, whereas the capacity of
a unit compartment is one. We evaluate the performance of our ALNS algorithm in
the test instances described above and perform numerical analysis on a system with
a 2.80 GHz i7-7700HQ processor and 16GB RAM. We code our algorithm in Python

and use CPLEX 12.8 with default parameter settings.

5.2 Benchmark Algorithm

Our benchmark algorithm is proposed by the authors in [1]. In this study they
examine an MCVRP with flexible compartments as in our problem and similar to
our second distribution assumption, they assume that each customer can only be
visited once for each product on a day/period. They solve this problem with a
Large Neighborhood Search (LNS) algorithm. Different than ALNS, operators in
the LNS are not associated with a probability of being selected proportional to their
performance. To find an initial feasible solution, they use the savings algorithm
proposed in [36]. They use two operators within the algorithm; (i) shaw removal and
(ii) regret-k insertion. Shaw removal selects a random customer-product pair and
calculates its similarity to all other customer-product pairs. Based on these similarity
measures, r number of customer-product pairs are removed from the solution. The
customer-product pair with a higher similarity measure is more likely to be selected.
Regret-k insertion, on the other hand, inserts the customer-product pairs that are
removed by the shaw removal operator back into the solution. For this, it calculates

a regret value for all the removed customer-product pairs and inserts the pair with
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the highest regret value into the solution. This operation continues until all customer-
product pairs are inserted into the solution. An iteration is completed by applying
these two operations. If the objective value of the solution achieved in an iteration
is less than the best solution found so far with D added to its value, this solution
is accepted and the algorithm continues with this solution. If the objective value
of the solution achieved in an iteration is more than the best solution found so far
with D added to its value, the algorithm continues with the previous solution. If no
better solution is found than the best solution in 500 iterations in a row, the number of
customer-product pairs to be removed from the solution in the shaw removal operator
is increased by one for one time only. If the solution found in 2000 consecutive
iterations is worse than the best solution, the algorithm is terminated. Since the
authors examine an MCVRP, the LNS algorithm is designed to find solutions for a
single period. For this algorithm to find a solution for the MCIRP, we run the LNS
for each day of the planning horizon separately. We subtract the initial inventory
levels starting from the first day’s demand to generate the daily demand parameters
for each customer-product pair.

To modify the LNS algorithm so that it complies with our first and third distri-
bution assumptions, we make the following adjustments. For the first assumption,
where a customer can only be visited by one vehicle on a day/period, we ensure
that instead of considering each customer-product pair separately, the algorithm con-
siders customers solely and applies the removal and insertion operators only on the
customer basis. For example, in a scenario with 20 customers and 3 products, the
LNS algorithm developed for the second assumption examines 60 customer-product
pairs separately and calculates similarity and regret for each. However, for the first
assumption, the modified algorithm makes the calculations for the 20 customers. As
expected, the LNS algorithm modified for the first assumption runs faster than its

original state.
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As for the third assumption, where a product can be distributed to a customer
by more than one vehicle on a day/period, to include this flexibility to the LNS, we
allow inserting more than one customer-product pair to the solution in the regret-
k insertion operator. To enable this, we integrate a similar method we use in our
second repair operator (i.e., minimum ratio insert operator) to the regret-k insertion
operator. While the customer-product pairs removed in the shaw removal operator
are added to the solution in the regret-k insertion operator, even if the empty space
in the route to be inserted is lower than the demand of the customer for that product,
the operator tries to insert as much as the free space to that route. Considering the
case of each customer-product pair being inserted into each route, the ratio of the
amount to be deducted from the demand of that pair (which is equal to the free
space in that vehicle) by the cost increase that will occur in the routes is calculated.
The customer-product pair with the highest ratio is inserted into that route and the
feasibility of the resulting solution is checked by solving the LP-S model. The operator
continues until all customer-product pairs are inserted into the solution at least once
and the solution obtained by the LP-S model is feasible. The LNS modified for the
third assumption runs slower than both its original state and the LNS modified for
the first assumption due to the use of the LP-S model.

We compare benchmark algorithms modified for every distribution assumption
with each other to measure their performances. We run each algorithm for two hours
for a 3-day planning horizon in the first 14 instances with 20 to 50 customers. For each
algorithm, we calculate the percentage deviation of the solution found from the best
solution and present these percentage deviations in Table 3. We name the algorithm
adapted for the first assumption as LNS-al, the second one as LNS-a2, and the third
one as LNS-a3.

LNS-al achieves the best result for all 14 instances while LNS-a2 deviates 2.64%

and LNS-a3 deviates 2.87% from the results found by LNS-al on average. The main

33



Instance LINS

# n LINS-al LINS-a2 LINS-a3
1 20 0.00 1.90 3.31
2 20 0.00 5.07 6.37
3 25 0.00 0.29 0.97
4 25 0.00 3.60 3.60
5 30 0.00 2.50 2.50
6 30 0.00 5.40 5.40
7 35 0.00 2.80 2.80
8 35 0.00 1.59 1.47
9 40 0.00 2.01 2.01
10 40 0.00 2.36 2.36
11 45 0.00 3.51 3.51
12 45 0.00 3.71 3.61
13 50 0.00 1.89 1.89
14 50 0.00 0.40 0.40
Average 0.00 2.64 2.87

Table 3: Percentage deviation of the solutions found by each benchmark algorithm
modified for every distribution assumption from best solution found for that instance
reason why the LNS-al performs better than the others is that the LNS-al completes
much more iterations during the 2 hours of run time. To summarize this difference,
we present the number of iterations completed for each modification in Table 4.

As can be seen in Table 4, LNS-al can complete 10.67 times more iterations
than LNS-a2 and 30.79 times more than LNS-a3. These results support the superior
performance of LNS-al in Table 3. Due to its performance, we decide to use the

LNs-al modification as our benchmark algorithm.

5.3 Numerical Results

As mentioned in §4.2.3, the Remove customers operator seeks to reduce the total cost
by removing customers from their route. After removing a customer from its route, it
is necessary to use a mathematical model to check whether the solution is feasible. The
LP-S model, which we often use to check the feasibility of the solutions, or the MIP-S

model, which is a version of the LP-S model with the w,,; integer decision variable
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Instance LINS

# n LINS-al LINS-a2 LINS-a3
1 20 6126 572 303
2 20 7149 838 263
3 25 5407 447 177
4 25 4119 432 179
5 30 4367 408 140
6 30 4228 426 122
7 35 3725 294 90

8 35 3482 339 114
9 40 3265 281 78
10 40 2916 262 80
11 45 2483 228 60
12 45 2913 210 63
13 50 1961 186 o7
14 50 2609 205 52
Average 3910.7 366.3 127.0

Table 4: Comparison of the number of iterations completed by each benchmark
algorithm modified for each distribution assumption.

added, are suitable for this purpose. We generate two different ALNS algorithms;
the first one (ALNS-1) uses LP-S to check feasibility, and the second one (ALNS-2)
uses MIP-S to check feasibility. We run each algorithm for two hours with our first 14
instances and compare their results. For both algorithms, we calculate the percentage
deviation of the solution found from the best solution and present these percentage
deviations in Table 5.

Based on the results in Table 5, we observe that determining the number of unit
compartments allocated to products along with the distribution quantities allows us
to find better solutions. In other words, ALNS-2 deviates 0.3% from the best solution
found while ALNS-1 deviates 2.1% on average.

In the Remove customer improvement operator, we also consider removing more

than one customer from the same solution. To take into account the solutions where
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Instance ALNS

# n ALNS-1 ALNS-2
1 20 0.1 0.0
2 20 0.0 0.0
3 25 3.1 0.0
4 25 3.1 0.0
5 30 0.0 1.0
6 30 0.0 0.5
7 35 3.1 0.0
8 35 0.0 3.1
9 40 5.7 0.0
10 40 1.8 0.0
11 45 2.7 0.0
12 45 4.8 0.0
13 50 4.5 0.0
14 50 0.6 0.0
Average 2.1 0.3

Table 5: Percentage deviation of the solutions found by ALNS-1 and ALNS-2 from
best solution found for that instance

two customers are removed from the same solution, we solve the MIP-S model includ-
ing the cases where each pair of customers on the promising list can also be removed
from the same solution. We name this adaptation as ALNS-3 and we run the algo-
rithm for two hours with our first 14 instances and compare its results with ALNS-2.
For both algorithms, we calculate the percentage deviation of the solution found from
the best solution and present these percentage deviations in Table 6.

From Table 6, we observe that including the removal of customer pairs from the
solution improves the results. ALNS-3 deviates 0.3% from the best solution found,
while ALNS-2 deviates 0.8% on average, and as a result, it outperforms ALNS-1 and
ALNS-2 for the first 14 instances.

As ALNS-3 gives the best solution overall, we decide to use and update ALNS-3
for the other two delivery assumptions. We name our algorithm that we update for
the first assumption as ALNS-3-al, for the second assumption as ALNS-3-a2, and for

the third assumption as ALNS-3-a3.
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Instance ALNS

# n ALNS-2 ALNS-3
1 20 0.3 0.0
2 20 0.0 0.0
3 25 1.5 0.0
4 25 0.8 0.0
5 30 1.7 0.0
6 30 0.0 0.0
7 35 3.3 0.0
8 35 0.0 0.0
9 40 0.0 1.3
10 40 0.0 0.1
11 45 3.3 0.0
12 45 0.0 2.6
13 50 0.0 0.2
14 50 0.7 0.0
Average 0.8 0.3

Table 6: Percentage deviation of the solutions found by ALNS-2 and ALNS-3 from
best solution found for that instance

As mentioned in §4.2, for the fixing operation that is used after the LP-S model,
we compare two cases where we adjust the capacities dedicated to products (wp¢)
manually and not. We name the algorithm which assumes that capacities dedicated
to products are fixed for the fixing operation as ALNS-3-a2, and the algorithm that
can manually adjust capacities dedicated to products during the fixing operation
as ALNS-3-a2-v2. For both algorithms, we calculate the percentage deviation of the
solution found from the best solution and present these percentage deviations in Table
7.

Among these two algorithms we develop for the second assumption, ALNS-3-a2-
v2 deviates 0.6% from the best solution found while ALNS-3-a2 deviates 1.4% on
average (Table 7). In other words, adjusting the capacities allocated to products
(wpr¢) manually allows us to find better results when trying to make an infeasible
solution feasible by combining deliveries in a single vehicle. Based on these results,

we decide to use the ALNS-3-a2-v2 for the second assumption.
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Instance ALNS

# n ALNS-3-a2 ALNS-3-a2-v2
1 20 0.0 0.0
2 20 1.0 0.0
3 25 0.0 2.7
4 25 0.0 0.8
5 30 0.0 1.2
6 30 5.1 0.0
7 35 1.4 0.0
8 35 0.9 0.0
9 40 1.6 0.0
10 40 0.0 3.0
11 45 1.7 0.0
12 45 2.8 0.0
13 50 3.1 0.0
14 50 2.7 0.0
Average 14 0.6

Table 7: Percentage deviation of the solutions found by ALNS-3-a2 and ALNS-3-a2-
v2 from best solution found for that instance

To evaluate the performance of our algorithms for every delivery assumption (i.e.,
ALNS-3-al, ALNS-3-a2-v2, ALNS-3-a3), we compare the results of these algorithms
with the modified benchmark algorithm (i.e., LNS-al) using the instances we generate
for the MCIRP. We run each algorithm in each instance for two hours considering
3-, 5-, and 7-day long planning horizons and present the results obtained in Table 8.
The first two columns represent the instance ID and the number of customers in the
instance. For each algorithm in each instance, we calculate the percentage deviation
of the solution found by our approach from the solution found by the benchmark
algorithm and present these percentage deviations in Table 8.

Our algorithm is able to find better solutions than the benchmark algorithm for
every instance (Table 8). To be specific, our algorithm finds 24.63% better solu-
tions than the benchmark algorithm for the first assumption, 23.05% for the second
assumption, and 26.03% for the third assumption on average.

If we examine how much our ALNS algorithm improves the initial solution, we
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ALNS

Instance First Assumption Second Assumption Third Assumption

# n T =3T=5T=7TT=3T=5T=7T=3T=5T=7
1 20 -31.6 -40.7  -41.8 -319 -39.3 -415 -31.9 -423 427
2 20 -33.6  -40.9 -41.0 -348 -385 -40.2 -34.8 -43.1 -41.5
3 25 -31.3 337 -375  -281  -32.1  -35.1 -32.8 -35.0 -38.2
4 25 -33.2 335 -387 -334 -326 -356 -346 -37.1 -390
5 30 -23.2 327 -35.7 -26.1 -32.6 -324 -28,0 -343 -35.0
6 30 -309 347 -36.5 -326 -34.0 -36.0 -32.7 -34.1 -36.5
7 35 -246  -29.0 -283 -225 -225 -273 -249 -28,0 -29.6
8 35 -271 316 -320 -286 -27.5 -31.7 -309 -29.6 -33.2
9 40 -206 -26.8 -27.2 -20.1 -25.0 -25.3 -24.7 -229 -27.7

10 40 -2.2  -30.0 -30.8 -239 -282 -264 -25.0 -31.5 -319
11 45 -224 215 -269 -193 -20.1 -22.0 -194 -224 -27.6
12 45 -21.1 246  -28.1  -205 -284 -265 -249 -31.7 -29.8
13 50 -20.3 227 -259 -16.8 -234 -23.7 -194 -26.1 -26.7
14 50 -16.7  -23.2  -269 -154 -21.2 -25.7 -22.3 -25.2 -244
15 60 -22.2  -263 -27.2 -16.7 -22.3 -26.1 -23.8 -248 -26.9
16 60 -13.7  -198 -240 -180 -194 -228 -19.6 -259 -23.7
17 70 -16.4  -209 -235 -146 -214 -246 -142 -249 -21.9
18 70 -17.0  -232 -23.2 -161 -20.8 -219 -20.5 -25.8 -25.1
19 80 -15.7  -186 -21.1 -11.0 -154 -19.7 -144 -208 -214
20 80 -83 -141 -163 -102 -163 -180 -154 -17.8 -11.9
21 90 -104 -169 -159 -136 -10.7 -199 -16.8 -19.5 -19.8
22 90 -125  -179 -195 -121 -10.5 -127  -13.0 -19.2 -18.7
23 100 -116 -16.3 -159 -4.2 -13.9  -9.6 -14.8  -12.2 -19.6
24 100 -89  -129 -19.0 -4.6 -12.0  -126 -12.8 -16.1 -19.7

Average -20.8 -25.5 -27.6 -19.8 -23.7 -25.7 -23.0 -27.1 -28.0

Table 8: Percentage deviation of ALNS from the benchmark algorithm for each
distribution assumption
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observe that ALNS-3-al improves the solutions found by the MIP-IFS model by
17.92%, ALNS-3-a2-v2 improves by 18.80%, and ALNS-3-a3 improves by 7.27% on

average for each time horizon.
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CHAPTER VI

CONCLUSION

In this study, we close an existing gap in the literature by addressing the MCIRP
by employing a fleet of vehicles with flexible compartments. Each vehicle consists of
a certain number of unit capacities. Here, the supplier is entitled to determine the
number of unit capacities allocated for each product on each route. In a setting where
there are multiple products to be distributed to customers, whose demands vary on
product and period basis, this flexibility benefits the supplier in better coordinating
the distribution needs.

The simultaneous decision-making of the distribution amounts, inventory levels,
vehicle routes, and capacity allocations yields a very challenging problem, however
solving this problem in an effective and efficient way brings a lot of advantages for both
the supplier and the customers. To this end, we develop a novel matheuristic where
we use mathematical models in an ALNS framework. We consider three different
split delivery assumptions and tailor our approach separately for each. We introduce
problem-specific operators and strategies to enhance our algorithm.

We generate a set of test instances with up to 100 customers and a 7-day planning
horizon. To evaluate the performance of our matheuristic, we select a benchmark
study from the literature [1], which adopts a flexible compartment structure as we
do, yet examine the problem for a single period and solve the MCVRP. To make
a fair comparison, for all the days of our planning horizon, we run their algorithm
and observe that our matheuristic finds 24.57% better results than the benchmark
algorithm. Here, we do not only show the good performance of our approach, but

also the advantages of handling the problem as a multi-period problem.
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