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ABSTRACT

Nowadays because of globalization and complex supply chain, logistics plays
a more important role in developing a successful optimization algorithm. Total
logistics costs have become one of the most important economic indicators of
logistics efficiency. The total costs included: transportation, order processing or
customer service, warehousing, administration and inventory holding costs.

The purpose of this research is optimization of transport logistics using
algorithms to optimize finding the optimal path and implementing the basic
necessary for the logistics company, taking into account the characteristics of the
goods. The goal of the work is to create the optimal algorithm for logistic
transportation with customized superstructures for goods delivery.

In this dissertation we will introduce famous logistics optimization
algorithms. And try to develop new algorithm which solve main problems of supply
chain and try to proof that this new algorithm will be best solution of logistics
optimization.

Keywords: logistics, optimizations, algorithm, cost optimizations



AHJIATIIA

Kazipri yakeiTTa >kahaHmaHy mpollecciHe OalIaHBICTEI JKOHE JJIEMIIK
KOMOAHHsIap/AbIH JIOTHCTHKAHBI TOJIBIKTal KOJIAAHYBI, Tayapiap MEH KbI3METTepai
Te3 JKOHE THIMJI JKOJIMCH JKETKI3YIIH KaXKeTTUIIr TYBIHIAI TYpP. THIMII KOJIMeH
’KoHe a3 UILIFBIHMEH TayapIbl HeMece KBI3METTi JKeTKI3y Ke3 KeIreH KOMIaHUSIHBIK
0acThl MaKcaTbiHa alHBIN OTBHIP. JIOrHCTUKAHBIH 6AaCTBHl Macenenepl o1 Te3, THIMI]
KOJIMEH, a3 MIBITBIHMEH KETKI3y KoHe KoWMalapApl Oyphic 0aKapy KoHE Tarbl
6ackanapsl. OcblIapasl )KyHeleHaIpy KaKETTLIIN AUCEPTalUAia KapacThIPbUIIbI.

Byn >KYMBICTBIH HETI3Ii MakcaThbl OHTAHJBl JOJI JKOHE TayapiapIsiH
CHIIATTaMachlH €CKEPE OTHIPBIN AKNApaTThl €Hri3y Taly HEri3iHNe OHTalIaHAbIpy
QIrOPUTMIEPIHIH KOMETIMEH KOJNIK JIOTMCTHUKACBIH OHTAaHIaHABIPY  6oibin
Tabbinansl. SIFHM, Tayapiapabl XETKI3y YUIIH )XOHE JIOTMCTHKANBIK TacklMainay
YLIiH OHTaHIB! AJITOPUTMIH KYPY.

Byn xyMbICKa aieMze Oenrimi KonnaHeicTa Gap aJrOpuTMIapAbl Tajiham,
ONapIblH K&XKETIH, QNCI3 XOHE MBIKTHI JKaKTapeiH KapacThipy. JKsHe seprrey
HOTHIKECIH eCKepe OTHIPHIII JKaHa XoHE TUIMAI AITOPUTM KYPY.

KinT ce3nep: ABTOKONIK, TachIMal[ay, KHBUIBICY, KENTEINIC, JIOIMCTHKa,

MEXaHHM3aLMs, KOJ TOpadbl, CHIBIMABLIBIFEI, TACHKOJL



AHHOTALIUA

B HacTosmee BpeMs 6narogaps rio6ain3ainy U CJI0XKHOH HEToYKe II0CTABOK
JIOTUCTUKA MrpaeT 0ojiee BaXKHYIO poib B pa3paboTKE YCNEIIHOIO alropMrMa
ontuMuzaunu. OOLIMe JTOTHCTHYECKHE H3NEPKKH CTATH OJHHM H3 BaKHEHIIHMX
3KOHOMHMYECKHMX TIoKasaTeneil 3¢ddekTHBHOCTH JOTHCTHKH. OOmmie pacxoabr
BKJIIOYAJTH: TPAHCIIOPTHPOBKY, 00pabOTKy 3aka30B MM OOCIyXHMBaHHE KIUEHTOB,
XpaHeHHe, aIMHHHCTPUPOBAaHKE U pacXobl Ha coAepkKaHUe HHBEHTaps.

Ilenblo  MccnenoBaHus  JaHHOM  pabOTBl  ABIAETCA  ONTHMM3AIUS
TPAHCIOPTHOH JIOTUCTHKH C IOMOMUBIO AITOPUTMOB ONTHMHU3ALUH HAXOXKIEHIs
ONTHMAJIBHOTO IIyTH U BHEAPECHHEM OCHOBHBIX HEOOXOIUMBIX AN JIOTHCTHYECKHX
KOMITAaHHHK YCJIOBHM C YYETOM XapakTepucTUku rpy3a. Llens pabotel - coszgats
ONTHMAJIbHBIT AITOPUTM U1 JIOTHCTHYECKHX IEPEBO30K C HACTPAMBAEMBIMH
HaJCTPOHKAaMHU Ui JOCTAaBKH IPy30B HJIH YCIYT.

B 3T0i1 paboTe MBI NO3HAKOMHM C H3BECTHBIMH JITOPUTMAMK ONTHUMHM3ALMK
noructukd. M mombiTacMcs paspaboTaTe HOBBIM QJITOPHTM, KOTOPBI pemaer
OCHOBHBIE NPOOJIEMBI LIEMOYKH ITOCTABOK U TIOMBITAETCS JOKA3aTh, YTO 3TOT HOBLI
aJIrOpUTM OyIET JIy4LIMM PEIICHHEM sl ONTHMH3ALMH JIOTHCTHKH.

KiroueBble  €N0Ba: aBTOMOOMJIB, TPAHCIOPT, JIOTHCTHKA, MIPOOKa,
NPONyCKHAasl CIOCOOHOCTB, MEPEKPECTOK, aBTOMOOMIM3ANMSA, YIUYHO-AOPOXKHAs

CETh, MarKCTPAJIb.
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INTRODUCTION

In Kazakhtan industrial and business firms, provision prices are stable
throughout the last years, accounting for 11-14% of companies’ total prices. the whole
transportation prices area unit the largest single provision value part with eight,4% of
total value on the average. beside repositing prices, they account for 50-60% of
provision value and virtually eight.9% of total value.

On the opposite hand, within the major business areas of the case company, the
provision expenses will be as high as twenty five you look after total prices. In these
firms the transportation and repositing expenses account for over thirteen of the whole
prices. it's necessary to judge logistical processes and their value potency. Optimizing
the processes associated with repositing and transporting is that the key to provision
value potency. particularly the actions associated with outward-bound provision, that
account for a serious a part of transportation prices, have to be compelled to be
examined. This analysis takes a better look in one individual case within the case
company’s provide chain and examines ways that of optimizing total provision valye
through determination this drawback and optimizing the prices associated with it.

Because of the many existing applications of different vehicle routing problems,
a wide variety of researchers and programmers have focused on developing solutions
to them. This research described above has shown that existing algorithms based on
accurate and heuristic algorithms aims to achieve the lowest transportation cost
possible. To our knowledge, no study has considered the time window, step by step
planning, using real path instead of straight route and other constraints in the
transportation cost model. This features constraints transportation expenses in logistics
enterprises, and so it is necessary for logistics to take the this constraints into

consideration.

1.1  Supply Chain Management
Supply chain management may be a field of growing interest for each firms and

researchers. As nicely told in the recent book by Tayur[1], Ganeshan[2], and Magazine
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every field has a golden age: This is the time of supply chain management(SCM). The
term SCM has been around for more than twenty years and its definition varies from
one enterprise to another. We define a provide chain as AN integrated method wherever
different business entities like suppliers, makers, distributors, and retailers work along
to set up, coordinate, and management the flow of materials, services, and merchandise
from suppliers to customers. This chain is consisting with 2 main flows: a forward flow
of materials and a backward flow of knowledge. Geunes[3], Pardalos[4], and
Romeijn[5] have emended a book that gives a recent review on SCM models and
applications.

For many years, researchers and practitioners have centered on the individua]
processes and entities at intervals the SC. Recently, however, there has been AN
increasing effort among the improvement of the whole SC. As companies began
realizing the benefits of optimizing the SC joined entity, analysisers began utilizing
research techniques to higher model give chains. Typically, a SC model tries to figure
out

» the transportation modes to be used,

» the suppliers to be chosen,

- the number of inventory to be management at varied locations among the chain,

» the number of warehouses to be used, and

« the case and capacities of these warehouses.

Following Hax and Candea’s treatment of production and inventory systems, the
higher than SC selections is classified within the following way:

» Strategic level. These are long-term decisions that have long-lasting effects on
the firm such as the number, location and capacities of warehouses and manufacturing
facilities, or the flow of material through the SC network. The time horizon for these
strategic decisions is often around three to five years.

. Tactical level. These are decisions that are typically updated once every quarter
or once every year. Examples include purchasing and production decisions, inventory
policies and transportation strategies including the frequency with which customers are

visited.



*  Operational level. These are day-to-day decisions such as scheduling, routing and
loading trucks.

Beamon gave a summary of models in the area of multi-stage supply chain
design and analysis. Erengu[6], Simpson[7], and Vakharia[8] surveyed models
integrating production and distribution planning in SC. Thomas and Griffin surveyed
coordination models on strategic and operational planning.

As a results of the economic process of the economy, however, the models
became a lot of advanced. world SC models currently typically attempt to embrace
factors like exchange rates, international interest rates, trade barriers, taxes and duties,
market costs, and duty drawbacks. All of those factors ar usually difficult to incorporate
in mathematical models as a result of uncertainty and nonlinearity. Vidal provided
review of strategic production-distribution models with stress on world SC models. we
have a tendency to mentioned a number of the recent models that address the planning
and management of worldwide SC networks. Cohen and Huchzermeier[9] additionally
gave an intensive review on world SC models. They specialise in the mixing of SC
network optimisation with real choices valuation strategies. Most of these SC problems
can be modeled as mathematical programs that are typically global optimization

problems. Therefore, we next give a brief overview of the area of global optimization_

1.2 Global Optimization

The field of global optimization was initiated during the mid 1980s mainly
through the primary works of Hoang Tuy. Since then, and in particular during the last
fifteen years, there has been a lot of interest in theoretical and computationa]
investigations of challenging global optimization problems. This has resulted in the
development and application of global optimization methods to important problems in
science, applied science, and engineering. Exciting and intriguing theoretical findings
and algorithmic developments have made global optimization one of the most
attractive areas of research. Global optimization deals with the search for a global
optimum in problems where many local optima exist. The general global optimization

problem is defined by Horst, Pardalos, and Thoai as Definition 1 Given a not empty,
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closed set D € Rn and a continuous function f : Q — R, where Q < Rn is a suitable
set containing D, find least one point x* € D satisfying f(x*) < f(x) for all x € D.

A major difficulty of the global optimization problems is the existence of many
local optima. As Horst and Tuy [44] stated, standard local optimization methods are
trapped at a local optimum or more generally at a stationary point for which there is
not even any guarantee of local optimality. Thus, the use of standard local optimization
techniques is normally insufficient for solving global optimization problems.
Therefore, more sophisticated methods need to be designed for global optimization
problems, resulting in more complex and computationally more expensive methods.
Horst and Pardalos gave a detailed and comprehensive survey of global optimization
methods. Floudas[10] presented a review of recent theoretical and algorithmic
advances in global optimization along with a variety of applications.

In contrast to the objective of the global optimization, the area of loca]
optimization aims at determining a feasible solution that is a local minimum of the
objective function fin D (i.e., it is a minimum in its neighborhood, but not necessarily
the lowest value of the function f). Therefore, in general, for nonlinear optimization
problems where multiple local minima exist, a local minimum (as with any other
feasible solution) represents only an upper bound on the one of the global minimum of
the main objective function.

In sure categories of nonlinear issues, an area resolution is usually a world one.
for instance, during a minimisation downside with a convex (or quasi-convex)
objective perform f and a convex possible set D, an area minimizer could be a world
resolution (see as an example, Avriel, Horst, Zang and Avriel). it's been shown that
many necessary improvement issues will be developed as bursiform minimisation
issues. a widely known result by Raghavachari states that the zero-one whole number
programming downside is love a bursiform (quadratic) minimisation downside over a
linear set of constraints. Giannessi and Niccolucci have shown that a nonlinear,
nonconvex whole number program will be equivalently reduced to a true bursiform
program underneath the idea that the target perform is finite and satisfies the Lipschitz

condition. Similarly, the quadratic assignment downside will be developed as a world
10



improvement downside (see as an example, Bazara and Sherali). In general, additive
programming issues square measure love a form of bursiform minimisation downside.
The linear complementarity downside will be reduced to a bursiform downside and
linear min-max issues with connected variables and linear multi-step bimatrix games
square measure reducible to a world improvement downside. The on top of examples
indicate yet again the broad vary of issues that may be developed as world
improvement issues, and thus make a case for the increasing interest during this
space.Global optimization problems remain NP hard for very special cases such as the
minimization of a quadratic concave function over the unit hypercube (see for example
Garey[11] et al, Hammer[12]), in contrast to the corresponding to main quadratic this
problems that can be solved in any time.

Most of the optimization problems that arise in SC are global optimization
problems. These problems are of great practical interest, but they are also inherently
difficult and cannot be solved by conventional nonlinear optimization methods. Despite
the fact that the majority of the challenging and important problems that arise in
science, applied science and engineering exhibit non convexities and hence multiple
minima, there has been relatively little effort devoted to the area of global optimization
as compared to the developments in the area of local optimization. This is partly
attributed to the use of local optimization techniques as components of global
optimization approaches, and also due to the difficulties that arise in the development
of global optimization methods. However, the recent advances in this area and the
explosive growth of computing capabilities show great promise towards addressing
these issues.

Global optimization methods are divided into two classes, deterministic and
stochastic methods. The most important deterministic approaches to nonconvex globa]
optimization are: enumerative techniques, cutting plane methods, branch and bound,
solution of approximate sub problems, bilinear programming methods or different
combinations of these techniques. Specific solution approaches have been proposed for

problems where the objective function has a special structure (e.g., quadratic,
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separable, factorable, etc.) or the feasible region has a simplified geometry (e.g., unit

hypercube, network constraints, etc.).

1.3 Goal and Summary

The focus of this dissertation is to study optimization problems in supply chain
operations with cost structures that arise in several real-life applications. A typical
feature of the logistics problems encountered in practice is that their cost structure is
not linear, due to the presence of fixed charges, discount structures, and different modes
of transportation. These price structures haven't been given sufficient attention within
the literature, maybe thanks to the difficulty of the underlying mathematica]
optimisation issues. The goal of this thesis is to develop new optimisation models and
algorithms for determination large-scale provision issues with nonlinear price
structure.

The supply chain improvement issues we tend to think about square measure
developed as giant scale mixed whole number programming issues. The network
structure inherent in such issues is employed to develop efficient algorithms to resolve
these issues. Due to the scale and difficulty of these problems, the focus is to develop
efficient heuristic methods. The objective is to develop approaches that produce
optimal or near optimal solutions to logistics problems with fixed charge ang
piecewise-linear concave cost structures. In this dissertation we also address the
generation of experimental data for these optimization models since the performance
of heuristic procedures are typically measured by the computation time required and
the quality of the solution obtained. Conclusions about these two performance
measures are drawn by testing the heuristic approaches on a collection of problems,
The validity of the derived conclusions strongly depends on the characteristics of the
problems chosen. Therefore, we generated several sets of problems with different
characteristics. The outline of the dissertation is as follows. We first introduce the
single-item economic lot sizing problem and then discuss extensions to the basic
problem to arrive at our problem, which we call the production-inventory-distribution

(PID) problem. We present local search based heuristic approaches. We give a brief
12



history of local search and present two approaches for constructing solutions to initiate
our local search procedure.

We discuss the complexness of the matter and provides different formulations
for issues with fixed charge and piecewise linear cupulate price structures. A dynamic
slope scaling procedure (DSSP) is bestowed in section three.3 and a greedy randomised
adaptive search procedure (GRASP) is developed in section three.4. DSSP was first
introduced by Kim and Pardalos. we have a tendency to refined the heuristic to boost
the standard of the solutions obtained. The final section in Chapter three discusses
boundary procedures that square measure wont to check the standard of the solutions
obtained from native search. The results of intensive machine results square measure
bestowed in Chapter four. Details on the planning, implementation, and usage of the
subroutines developed are enclosed in Chapter four. Finally, in Chapter five we have 3
tendency to finish the treatise with a outline of the findings and future analysis

directions.
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PRODUCTION PLANNING AND LOGISTICS PROBLEMS

2.1 Single Item Economic Lot Sizing Problem

Many issues in SC optimisation like internal control, production designing,
capability designing, etc. ar associated with the straightforward economic ton filler
(ELS) downside. Harris is sometimes cited because the first to check ELS models. He
thought-about a model that assumes settled demands that occur ceaselessly over time.
In 1958, a different approach was projected severally by Manne and by Wagner and
Whitin. They divided time into distinct periods and assumed that the demand over 3
finite horizon is understood before. within the past four decades ELS has received tidy
attention and lots of papers have directly or indirectly mentioned this model. Aggarwal
and Park gave a quick review of the ELS model and its extensions.

To describe the essential single-item ELS model we are going to use the
subsequent notation. Demand (d) for the merchandise happens throughout every of T
consecutive time periods. The demand throughout amount t are often satisfied either
through production therein amount or from inventory that's carried forward in time.
The model includes production of the perform and inventory prices, and to the target
is to schedule production to satisfy and be demand at minimum. price|the value|the
price} of manufacturing p units throughout amount t is given by 1(p) and also the cost
of storing It units of inventory from amount t to amount t+1 is h(I). while not loss of
generality, we have a tendency to assume each the initial inventory and also the fina]
inventory area unit zero. The mathematical illustration of the ELS model will currently

incline as

minimize f(x) = ¥ _ (r:(p;) + h(1)) (1)
subject to
re+h=lL+d, t=1,...,T, 2)
In the higher than formulation, the first set of constraints needs that the total of

the inventory at the beginning of a amount and therefore the production throughout that

amount equals the total of the demand throughout that amount and therefore the
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inventory at the top of the amount. Constraint merely assures that the initial and final
inventories ar zero, whereas the last set of constraints limits production and inventory
to plus values.

The basic ELS drawback conjointly should be developed as a network flow
issues (NFP). This formulation was first introduced by author. The network in Figure
2—1 consists of one supply node and T sink nodes. every sink node needs AN inflow
of dt (t=one, 2, ..., T) ANd node D is capable of generating an outflow of dt. for every
arc from node D to node t there's AN associated price perform rt(-) for t = one, 2, ...,

T, ANd for every arc from node t to node t + one there's an associated price perform

ht(-) fort=one, 2, ..., T— 1.

GOy 0

Figure 2—-1: The single-item ELS model.

If the price functions rt(-) and ht(-) square measure allowed to be whimsical
functions, then the essential ELS downside is sort of difficult to solve; as Florian,
Lenstra and Rinnooy Kan have shown it's NP-hard. because of this difficulty and to
represent value functions found in follow, sure assumptions square measure typically
created concerning the price functions. Aggarwal and Park gave a review of a number
of these assumptions and provided improved algorithms for the ELS downside.

We take into account extensions to the essential ELS downside and embody
distribution choices within the model. we have a tendency to additionally take into
account multiple production plants (facilities) and multiple demand points (retailers).

The goal is to fulfill the best-known demand at the retailers through production at the

15



facilities, specified the system wide total production, inventory, and cost is reduced.
As mentioned earlier in Chapter one, we have a tendency to tend to hunt

recommendation from this downside as a result of the disease downside..

2.2 Production Inventory Distribution Problem

The girdle sickness disadvantage ar developed as a network flow disadvantage
on a directed, single offer graph consisting of the various layers. Figure a pair of—2
provides academic degree example with 2 facilities, three retailers and a pair of time
periods. each layer of the graph represents a measure. In each layer, a bipartite graph
represents the transportation network between the facilities and thus the retailers.
Facilities in ordered time periods unit connected through inventory arcs. there is g
dummy provide node with offer up to the complete demand. Production arcs connect
the dummy provide to each facility in once quantity. usually]|this can be} often an easy
downside if all costs unit linear. However, many production and distribution activitieg
exhibit economies of scale at intervals that the price of the activity decreases as a resy]t
of the amount of the activity can increase. as AN example, production costs typically
exhibit economies of scale attributable to fixed production setup costs and learning
effects that modify heaps of efficient production as a result of the amount can increase.
Transportation costs exhibit economies of scale attributable to the fixed worth of
initiating a consignment and thus the lower per unit. shipping price because the volume

delivered per cargo will increase. Therefore, we assume

16



Figure 2-2: A supply chain network with 2 facilities, 3 retailers, and 2 periods.

The production prices at the facilities area unit either of the fixed charge kind or
piecewise linear umbilicate kind, the price of transporting product from facilities to
retailers area unit of the fixed charge kind, and therefore the inventory prices area unit
linear. we tend to additionally create the subsequent simplifying assumptions to the
model:

« Backorders don't seem to be allowed.

« Transportation isn't allowed between facilities.

* Products square measure keep at their production location until being transported
to a distributer.

« There are not any capability constraints on the assembly, inventory, or
distribution arcs.

The first three assumptions can merely be relaxed by adding more arcs among the
network and thus the last assumption is justified since the subsequent result by Wagner
shows that a network flow drawback with capability constraints is remodeled into a
network flow drawback while not capability constraints.

Proposition one each capacitated minimum price network flow drawback on a
network with m nodes Associate in Nursingd n arcs is remodeled into the same

uncapacitated MCCNFP on an distended network with (n + m) nodes and (n + n) arcs.

17



Romero Morales thought of similar issues. They assumed that production and
inventory prices area unit linear which there's a fixed price of distribution a facility to
a distributer. In different words, they accounted for the presence of alleged single-
sourcing constraints wherever every distributer ought to be provided from one facility
solely. Pardalos and Romeijn[11] and Wu[12] and thought of the multi artefact case
wherever there area unit multiple merchandise flowing on the network. assumed
production and inventory prices area unit linear and transportation prices area unit of
fixed charge kind, whereas Wu dialect and assumed production prices area unit fixed

charge and inventory and transportation prices area unit linear.

2.3 Complexity of the PID Problem

The inflammatory disease disadvantage with dish-shaped costs falls below the
category of minimum dish-shaped value network flow problems (MCCNFP),
Guisewite and Pardalos gave an in depth survey on MCCNFP throughout the primary
Nineteen Nineties. it's well-known that even sure special cases of MCCNFP, just like
the fixed charge network flow disadvantage or the one offer uncapacitated minimum
dish-shaped value network flow disadvantage ar NP-hard (Guisewite and Pardalos).
MCCNEFP is NP-hard even once the arc costs ar constant, the underlying network is
bipartite, or the relation of the fixed charge to the linear charge for all arcs is constant.
This has driven the thought of additional structures that might build the matter further
tractable.In fact, polynomial time algorithms area unit developed for type of
speciallystructured variants of MCCNFP (Pardalos and Vavasis).

The variety of provide nodes and conjointly the quantity of arcs with nonlinear costs
affect the difficulty of MCCNEFP. it's so convenient to speak to MCCNFP with a fixed
selection, h, of sources and fixed selection, k, of arcs with nonlinear costs as
MCCNFP(h,k). Guisewite and Pardalos were the first to prove the polynomial
solvability of MCCNFP(1,1). Later, powerfully polynomial time algorithms were
developed for MCCNFP(1,1) by Klinz and Tuy and Tuy, Dan and Ghannadan.
throughout a series of papers by Tuy and Tuy et al. polynomial time algorithms were

given for MCCNFP(h k) where h and k ar constants. it completely was put together
18



shown that MCCNFP(h,k) area unit usually resolved in powerfully polynomial time if

min=1.

2.4  Problem Formulation

The problem that we have a tendency to think about could be a multi-facility
production, inventory, and distribution drawback. one item is created in multiple
facilities over multiple periods to satisfy the demand at the retailers. the target is to
attenuate the system wide total production, inventory, and transportation value. Let J,
K, and T denote the amount of facilities, the amount of outlets, and therefore the

coming up with horizon, severally. Then the ensuing model is minimize

J T J T J T
S ripi) + ) Z D Fine(xine) + D> hj
j=11=1 j=1k=1t=1 j=1t=1
Subject to
pit+ L = L+ wjy j=1.....Jit=1,....T. (2.4)
J
Z:rjk, = djy k=1..... K:t=1.....T. (2,5)
=1
I)Tt S “—][ j = 1. PRI e]:f == 1 ---- T? (2'6)
Iy £ Vy j=1l.... Jit=1..... T (2.7)
ikt < U j=1.....J:;k=1,... . K:t=1.....T. (2.8)
piLoxie = 0 j=1...... Jik=1... . K:it=1...T. (2.9

Constraints (2.4) and (2.5) square measure the flow conservation constraints and
(2.6), (2.7), and (2.8) square measure the capability constraints. If Ujkt, Vjt, and Wjt

square measure massive enough then the matter is effectively uncapacitated. As we
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tend to discovered earlier MCCNFP has the combinatorial property that if it's associate
optimum resolution, then there exists associate optimum resolution that's a vertex of
the corresponding possible domain. A possible flow is associate extreme flow (vertex)
if it's not the bulging combination of the other possible flows. Extreme flows are
characterised for potential exploitation in finding the MCCNFP. A flow is extremal for
a network flow drawback if it contains no positive cycles. A positive cycle in associate
uncapacitated network could be a cycle that has positive flow on all of its arcs. On the
opposite hand, for a drag with capability constraints on arc flows, a positive cycle could
be a cycle wherever all of the arcs within the cycle have positive flows that square
measure strictly but the capability. this suggests that for the PID drawback with
unlimited capability associate extreme flow could be a tree. In alternative words,
associate optimum resolution exists during which the demand of every merchant are

satisfied through just one of the facilities.

2.4.1 Fixed Charge Network Flow Problems
In the fixed charge case the production cost function r(p) is of the following

form:

0 if Pjt = 0,
rit(pit) = 4

L S‘jt + Cjipjt lf 0 < pﬂ S ‘13,‘

where s and c are, respectively, the setup and the variable costs of production.

If the distribution cost function, is also of a fixed charge form then it is given by
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. 0 if v = 0,
fike(xjne) = 9

\ Sjkt T CjktTjkt it 0 < ajp < Ukt

where s and c represent, respectively, the setup and the variable costs of
distribution.

Due to the separation of the worth functions at the origin, downside is
transformed into a zero — one mixed variety applied mathematics (MILP) drawback by

introducing a binary variable for each arc with a fixed charge. forward s > zero, the

worth operate r(p), is replaced with
ri(pjt) = cjtbjt + SjtYit-
Similarly, the distribution cost functions can be replaced with

fikt(Tjre) = CipaZine + SiktYjke
where

, r
0 if Pjt = 0, 0 if Tkt = 0.
Yyit = and  Yjkt = 9
L 1 if Pjt > 0. L 1 if Tkt > 0.

The MILP formulation of the problem is as follows:
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J K

T T
Y (cipj + sjyje + hjdy) + YO (CimiTine + Siktyine)

1t=1 j=1k=1t=1

>

J

J

The MILP formulation is employed to find associate best resolution. This
formulation is beneficial in follow since the relaxed issues area unit linear value
network flow issues. we tend to use the final purpose convergent thinker CPLEX, that
employs branch and certain algorithms, to resolve the MILP formulation. this is often

done to determine the difficulty of finding associate best resolution.

2.4.2 Piecewise-linear Concave Network Flow Problems
If the cost functions in problem (P1) are piecewise-linear concave functions

(Figure 2-3), then they have the following form:

sjt1 + cjapiy 0 < pj < B

rie(Pit) =3 sjrz + Cirapj if B0 < pi < Fjea,

Sjtdy T Cjtl;, Pjt if Fjea,-1 < Pje S -"3jt1,,-,-)

where p fori=1,2, .., 1— 1 are the break points in the interval (0, W), B, 1=W, and 1
is the number of linear segments of production cost function t(-). Due to the concavity

of the cost functions the following properties hold:

22



® Cj11>Cjta2 > - > Cly,

® Sjip1 < Sji2 < L. < St

We also assume ¢, 1 > 0 and s, 1 > 0, since these are production costs.

ripir)
ﬂu
' |
l |
| | — l
Sj”.? cnl' CjI ‘2 |I :
................ l I
Sjr.2 | ‘ I
| I l
] l l
S | I l
jt.d
| I I
I ‘ l
| l '
| I | > Pir
Bii - |

Figure 2-3: Piecewise-linear concave production costs.

Similarly, if the transportation cost functions are piecewise-linear and concave,

they have the following form:

(

0 lf Jﬂ'j}d = 0,

Sikt.1 T Cikt 1T jkt if 0 < Tt < Bjkt.le
.f}k~z(;1*jkr) = Sikt.2 + Cjk1.27 jki if .'3.;;‘4,1 < T jkt < ,.13‘7-;;1,2,

Siktd e T Ciktd, e Tkt if #33'&‘:?1_7-,\.,—1 < Tjp < djkt.l.,k,e
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The PID problem with piecewise-linear concave costs can be formulated as a
MILP problem in several different ways. Below we give four different MILP
formulations for the problem: A-formulation, slope-formulation, ASP formulation, and
NSP formulation.

A-formulation. Any p value on the x-axis of Figure 2-3 can be written as a
convex combination of two of the adjacent break points, i.e., Note that at most two of
the A, i values can be positive and only if they are adjacent. This formulation can be
used to model any piecewise-linear function (note necessarily concave) by introducing

the following constraints.

Note also that we have O(l) (not O(21)) possibilities for each z vector. In other
words, only one of the components of the vector z = (z,1,z,2,...z]) will be 1 and the
rest will be zero. The production cost functions can now be written in terms of the new

variables. An additional binary variable, y, is added to take care of the discontinuity at

the origin

Ao < Zjtds

)‘jt,l

IA

Zjra T Zjt2s

IA

Aji2

Zjt2 T ZjL3:
)\ﬂ*l.ﬂ‘l + Zjtdje—1 S zﬂ-.-lj:*
)\jt,l.” é Z‘)t.ljf‘

U 1

3jt.‘i & {0. 1}
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Note also that we have O(l) (not O(21)) possibilities for each z vector. In other
words, only one of the components of the vector z = (zjt,1, zjt,2, . . . z, 1) will be 1 and
the rest will be zero. The production cost functions can now be written in terms of the
new variables. An additional binary variable, y, is added to take care of the

discontinuity at the origin

L |
ri(pjt) = Sjtayi + St (T (B0d) — S501) Ajea

The new variable, y, must equal 1 if there is a positive amount of production at
plant j during period t and it must be 0 if there is no production. This is handled by the
following constraints: y = (1 — A,0) and y € {0, 1}. The distribution cost functions can
similarly be modelled by introducing new y, z, and A variables. The PID problem with

piecewise-linear concave production and distribution costs can now be written as

J T Lje
S S (sjeayse + haLie + D (r(Bea) = sjt1) Ajea)
=1

j=11t=1
J K T Liks
+ Z Z Sﬂ,t 1y7k1 + Z fyk i Jkt 1) Sjkt.l))\jkt,i)
j=1k=11t=1 =1

Slope-formulation. The slope-formulation is analogous to the A-formulation
within the sense that the p values on the coordinate axis of Figure 2—3 area unit once
more rewritten in terms of the break points. However, this point p isn't a convexo-
concave combination of the break points. However, during this case one or a lot of of

the elements of z may be one. If one in all the elements is one (e.g. z ,m=1), then all of
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the preceding elements should equal one (z ,i = one for alli=one, ..., m~— 1). The

slope-formulation of the inflammatory disease drawback is given by

™

] 1 J K T Uit

J T
SN (sjeauset DL+ Arjeitjea)+ > > (Siktaljn A fikeitjri)
=1

j=1t=1 i=1 j=lk=11=1

ASP formulation. Kim associate degreed Pardalos used an Arc Separation
Procedure (ASP) to remodel network flow issues with piecewise-linear indented prices
to network flow issues with fixed charges. exploitation identical procedure, the
inflammatory disease downside with piecewise-linear indented prices is remodeled
into a fixed charge network flow downside. every arc is separated into ljt arcs as shown

in Figure 2—4. All of the new arcs have fixed charge value functions.

Pir

ridpin) Yt @jir) ri2(Pir2)  ind(Pi3)

A 4 4 T
/ —

.
»

Pjt1 Pir2 Pijrz

A 4

> pir
Figure 2—4: Arc separation procedure

The network grows in size after the arc separation procedure. The number of

production and transportation arcs in the extended network is given by
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J K T

le i Lo+ Y.YD L.

The production cost can now be written in terms of the cost functions of the new

arcs created in the following way:
I jt IJ;r Zlﬂ; ;u) = Z((;r 1Pt + 8 ]rlJJu)

Note that the equality may not hold in general without additional constraints to
restrict the domain for each separated arc cost function.

However, for concave cost functions the equality holds due to the properties
given by. Kim and Pardalos gave a simple proof based on contradiction. This
formulation isclosely related to the A-formulation in the sense that only one of the linear
pieces will be used in an optimal solution. As the z variables in the A-formulation, the
vector of y variables in the below formulation will have O(1) possible values. The MILp

formulation after the arc separation procedure is

{e

J T
Z Z > (ejripjed + Sjalini)+

I=lt=11i=1

K T 1,

J J T
Z Z Z Z((ﬂah-‘ﬂ\t i T Skt zyﬂ.h ) + Z Z hjfljf,

J=lk=li=1i= J=11t=1

NSP formulation. We developed a Node Separation Procedure (NSP) to rework
the PID downside with piecewise-linear Associate in Nursingd depressed prices to PID

issues with fixed charge prices in an extended network. The NSP procedure is
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comparable to the ASP procedure, however it leads to a bigger network as a result of
the NSP separates the inventory arcs furthermore. though the network grows in size,
this formulation is helpful as a result of its applied mathematics (LP) relaxation ends
up in tight lower bounds. Once {the downside|the matter} is remodeled into a fixed
charge network flow problem through NSP, the lower bounding procedure explained
in section three.5 is wont to get smart lower bounds. Figure 25 illustrates the node

separation procedure.

Pi

Figure 2-5: Node separation procedure.

The MILP formulation for PID problems with piecewise-linear concave
costs,linear inventory costs, and fixed charge distribution costs after the node

separation procedure is

lye K Lke

J T J T
Z Z Z CitiPjta + SjiYja h ;tI;r i)+ Z Z Z (Cjkf‘rj’t'm + SjiktYjkt.i)

jult=la=l Jj=lk=1lt=1i=1

P
kol
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SOLUTION PROCEDURES

The inflammatory disease downside, as represented in section a pair of.4, is
developed as a zero — one Mixed whole number Linear Program (MILP) because of
the structure of the assembly and cost functions. In fact, most of the precise answer
approaches for combinatorial optimisation issues remodel the matter into the same zero
— one MILP and use branch and certain techniques to unravel it optimally. 2 of the
newest branch and certain algorithms for fixed charge transportation issues were
conferred by McKeown and Ragsdale and Lamar and Wallace. Recently, Bell, Lamar
and Wallace conferred a branch and certain formula for the capacitated fixed charge
transportation downside. Most of the branch and certain algorithms use conditional
penalties known as up and down penalties, that contribute to finding smart lower
bounds.

Other actual answer algorithms embody vertex enumeration techniques,
dynamic programming approaches, cutting-plane strategies, and branch-and-cyt
strategies. though actual strategies have matured greatly, the procedure time needed by
these algorithms grows exponentially because the downside size will increase. Ip
several instances they're ineffective to provide associate best answer efficiently. Qur
procedure experiments indicate that even for moderate size inflammatory disease
issues the precise approaches fail to find an answer.

The NP-hardness of the matter motivates the utilization of approximate
approaches. Since the inflammatory disease downside with fixed charge or piecewise-
linear cup-shaped prices falls beneath the class of MCCNFP, it achieves its best answer
at associate extreme of the possible region (Horst and Pardalos). Most of the
approximate answer approaches exploit this property. Some recent heuristic
procedures are developed by Holmqvist, Migdalas and Pardalos , Diaby , Khang and
Fujuwara , Larsson, Migdalas and Ronnqvist , Ghannadan et al., and Sun Recently,
Kim and Pardalos provided a dynamic slope scaling procedure (DSSP) to unrave]

FCNFP. refined the DSS and presented results for bipartite and layered fixed charge

network flow problems.
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A wide kind of the heuristic approaches for NP-hard issues square measure
supported native search. native search ways offer a framework for looking the answer
area specializing in native neighborhoods. within the following we have a tendency to

gift native search primarily based resolution ways for the PID drawback.

3.1 Local Search

Local search relies on an easy and natural technique that's most likely the oldest
improvement technique, trial and error. However, native search algorithms have
verified to be powerful tools for backbreaking combinatorial improvement problems,
specifically those known as NP-hard. The book altered by Aarts and Lenstra may be é
very good offer that gives some applications nonetheless as quality results.

The set of solutions of associate improvement disadvantage which is able to be
visited by an {areala districtja region|a locality|a vicinityla partla section} search
formula is known as the search area. Typically, the potential region of the matter is
defined as a result of the search space. However, if generating potential solutions is not
straightforward, then a different search space is additionally defined, that takes
advantage of the special structures of the matter. If a look space with the exception of
the potential region is utilized, then the target operate got to be modified so as that the
impracticability of a given answer is identified.

A basic version of native search is repetitive improvement. in several words, a
general native search formula starts with some initial answer, S, and keeps replacement
t with another answer in its neighborhood, N(S), until some stopping criterion is

satisfied. Therefore, to implement a section search rule the following ought to be

identified:
. a neighborhood, N(S),
. a stopping criterion,
. a move strategy,
. associate degreed Associate in Nursing analysis perform (this is alone the

target perform if the search space is that the doable region).
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Good neighborhoods sometimes profit of the special combinatorial structure of
downside and unit sometimes drawback dependent. The rule stops If the current answer
does not have any neighbors of cheaper price (in the case of minimization). the
elemental move strategy in native search is to maneuver to associate improved answer
among the neighborhood. usually two strategies unit enforced that unit celebrated as:
the first higher move strategy and so the most effective admittible move strategy.
among the first higher move strategy, the neighboring Associate in Nursingswers unit
investigated associate passing a really pre-specified order and so the first answer that
shows an improvement is taken as a result of consecutive answer. The order throughout
that the neighbors unit searched might affect the solution quality and so the procedure
time. among the most effective admittible move strategy, the neighborhood is searched
totally and so the most effective answer is taken as a result of consecutive answer.
throughout this case, since the search is thorough the order of the search is not very
important.

Lately, completely different heaps of delicate strategies square measure
developed to allow the search to escape from domestically optimum solutions among
the hopes of finding higher solutions. These delicate procedures unit spoken as
metaheuristics among the literature. among the subsequent we tend to tend to first
provides a transient history of native search beside an inventory of metaheuristics, then
discuss the procedure quality of native search, and finally offer our native search

procedure for the pelvic inflammatory disease drawback.

3.1.1 History of Local Search

The use of native search in combinatorial optimisation features a long history. Back
in late Nineteen Fifties, lager beer and Croes resolved travelling salesman issues (TSP)
mistreatment edge-exchange native search algorithms for the first time. Later, sculptor
refined the edge-exchange algorithms for the TSP and bestowed 3-exchange and Or-
exchange neighborhood functions. Reiter and Sherman examined numerous
neighborhoods for the TSP and introduced the multi-start strategy. after, Kernighan

and sculptor bestowed a variable-depth search rule for uniform graph partitioning.
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Afsculptor and Kernighan [56] conjointly with success applied a variable-depth search
‘rule for the TSP.
In the Nineteen Eighties a lot of generalized approaches were planned that
combined native search with different heuristic algorithms. These approaches permit
moves to solutions that don't essentially offer higher objective perform values. samples
of these subtle approaches, known as metaheuristics, are: simulated hardening, search,
genetic algorithms, neural networks, greedy randomised adjustive search procedure
(GRASP), variable neighborhood search, hymenopter systems, population heuristics,
memetic algorithms, and scatter search. Recent reviews on these procedures is found

within the book altered by Pardalos and Resende.

3.1.2 Complexity of Local Search

An important question a few native search formula is that the variety of steps it
takes to succeed in a domestically optimum resolution. The time it takes to go looking
the neighborhood of a given resolution is sometimes polynomially delimited. However,
the amount of moves it takes to succeed in a neighborhood optimum from a given
resolution might not be polynomial. as an example, there ar TSP instances associate
degreed initial solutions that the native search takes an exponential variety of steps
underneath the 2-exchange neighborhood. to investigate the quality of native search
Johnson, Papadimitriou and Yannakakis[15] introduced a quality category referred to
as PLS (polynomial-time native search). PLS contains issues whose neighborhoods ig
searched in polynomial time. He provides an intensive survey for the speculation of
PLS-completeness.

It is necessary to tell apart between the quality of a neighborhood search drawback
and a neighborhood search heuristic. A native an area a neighborhood search drawback
is that the drawback of finding native optima by any means that whereas a
neighborhood search heuristic is finding local optima by the quality repetitive
procedure. a noteworthy and typical example is applied math (LP). For record native
optimality coincides with world optimality and also the Simplex technique is viewed

as a neighborhood search formula. The move strategy of a neighborhood search
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brmula affects the period. Similarly, the pivoting rule affects the period of the Simplex
chhique. it's well-known that within the worst case the Simplex technique could take
ssociate degree exponential variety of steps for many pivoting rules. it's still associate
egree open drawback whether or not there exists a pivoting rule that makes the
implex technique a polynomial time formula. However, record is resolved by
lternative ways like the ellipsoid or interior purpose algorithms in polynomial time.
In the past twenty years there has been significant work on the speculation of native
earch. many native search issues are shown to be PLS-complete, however the quality
f finding native optima for several fascinating issues remains open, though machine

Iresults are encouraging.

3 1.3 Local Search for the PID Problem
In this section, we tend to explain concerning the neighborhood, the move strategy
the stopping criterion, and also the analysis operate for the inflammatory disease

drawback, that area unit the most ingredients of an area search formula. The

inflammatory disease drawback is developed as a network flow drawback in section a
pair of.4, wherever the target is that the diminution of a umbilicate operate. we tend to
cash in of the special structure of network flow issues to define a section and a move
strategy. we tend to first provide many definitions of neighborhood for MCCNFP and
so adopt one among these definitions and supply a section definition for the
inflammatory disease drawback. Next, we tend to discuss the move strategy, the
stopping condition, and also the analysis operate. The generation of initial solutions are
going to be mentioned later in sections three.3 and 3.4.

Neighborhood definitions for MCCNFP. the standard definition of native optimality
defines a section of an answer S within the following means wherever could be a vector
norm and € > Zero. underneath this definition of a section an answer S is domestically
optimum if it's uphill to decrease the target operate worth by rerouting atiny low portion
¢ of flow really, sure as shooting umbilicate functions the e-neighborhood ends up in
all extreme flows to be domestically optimum. Therefore, this normal definition of

neighborhood, known as the e-neighborhood, isn't terribly helpful for our drawback.
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Proposition a pair of each extreme flow could be a native optimum for associate
degree uncapacitated network flow drawback with one supply and with fixed arc prices
underneath Ne. Proof. so as to make associate degree e-neighbor of a given extreme
flow allow us to reroute associate degree € quantity to 1 of the demand nodes. deduct
associate degree ¢ from all the arcs on the trail from the supply thereto demand node.
this may not amendment the present value owing to 2 reasons. First, the present flow
on all arcs on the trail from the supply thereto demand node is beyond € so that they

can still have positive flow. Second, the arcs have the subsequent value structure:

S5t if Pjt > 0.
"jf(l)jt) =
|0 ifpu=0

Now flow that £ quantity from a different path. can produce a minimum of one cycle
within the network which implies a minimum of one arc that had zero flow wil]
currently have positive flow. Thus, the overall value won't decrease. Gallo and Sodinj
have conjointly shown that each extreme flow may be a native optimum below Ng for

similar issues with the subsequent value structure:

ri(p;e) = #P?f

where 0 <o < 1and u>0.

There area unit different pouch-shaped price functions, however, that each
extreme flow isn't essentially a neighborhood optimum underneath Ne. take into
account the subsequent example in Figure 3—1 wherever there area unit 2 demand

nodes, 2 transhipment nodes, and one supply node.

34



dn

Figure 3—1: An example for e-neighborhood.

If price functions square measure fixed charge then the intense flow on the left
in Figure 3-1 includes a total cost. The non-extreme g-neighbor on the correct in Figure
3-1 includes a total price. The difference between the prices is €. If applicable price
values square measure chosen then this difference is negative that indicates that the
intense flow isn't an area optimum. However, the g-neighborhood remains not helpful
for our downside as a result of it's tasking to look this neighborhood efficiently.

Gallo and Sodini developed the subsequent generalized definition of
neighborhood for MCCNFP. Definition three NAEF(S) is possible to the matter
associated it's an adjacent extreme flow. Here, 2 extreme flows square measure adjacent
if and provided that they differ solely on the trail between 2 vertices. Thus, the graph
connection the 2 extreme flows S and Si contains one aimless cycle. Gallo and Sodinj
delineated a procedure that detects if a given extreme flow may be a native optimum
or finds a brand new higher extreme flow by finding a series of shortest path issues.
Their procedure constructs a modified network and solves a shortest weighted path
downside for every vertex within the current answer, S. The modified network is built
to stop moving to nonextreme or distant solutions.

Guisewite[16] and Pardalos[17] developed the subsequent a lot of relaxed
definition of neighborhood for MCCNFP. Definition three.3 NAF(S) is possible to the
associated it's an adjacent flow. OUnder this definition, S is adjacent to the

matter

extreme flow S if it is obtained by rerouting a single sub-path within S. NAF() is a

relaxed neighborhood with respect to NAEF(+) in the sense that adjacent solutions but

treme adjacent solutions are included in the neighborhood. In this case it is
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easier to reach the neighboring solutions because the modified graph that prevented
fonextreme solutions is not required and the shortest weighted path problem need not
be solved for all vertices of S. It is sufficient to solve the shortest weighted path problem
for the branch points (nodes with degree greater than two) and the sink nodes.

Neighborhood definition for the PID problem. A generally accepted rule is that
the quality of the solutions are better and the accuracy of the final solutions are greater
if a larger neighborhood is used which may require additional computational time.
Therefore, it is likely that NAF(-), which is defined above, will lead to better solutions.
Thus, we define a neighborhood for the PID problem in the following way which is, in
principle, similar to NAF ().

Definition three answer S could be a neighbor to the present possible solution S
if the ability provision in an exceedinglyll amongst in every of} the merchants is
modified or if the demand of a retailer comes from constant facility however through
production in a different amount. Here, to achieve a neighbor Si from Associate in
Nursing extreme answer S we tend to first reckon the demand of a merchant from the
present path to it merchant then route it through a different path. Associate in Nursing
example is shown in Figure 3—2 wherever the demand of merchant one in amount a
pair of (R1,2) at first comes from facility one in amount a pair of (F1,2), however it's
rerouted through facility a pair of in amount one (F2,1). Note that dynamical the ability
that provides a merchant might not essentially end in Associate in Nursing extreme
possible answer. Therefore, when the flow to a merchant is rerouted we want to force
the answer to be a tree, which can end in further price savings..

In Figure 3-2, for example, there is a cycle between nodes D, F2,1, and F22.
This cycle indicates that there is a positive amount of inventory carried forward from
period 2 at facility 2 and at the same time there is a positive amount of

period 1 to

production at facility 2 in period 2. To remove this cycle we should either eliminate the

inventory of the production from the cycle. However, we know that rerouting the

inventory through node F2.2 will actually increase the total cost and this can easily be

shown. When we moved from the extreme point solution on the left to the nonextreme

right rerouting the demand of node R1,2 was cheaper if node F1,2 is
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used rather than F2,2. Therefore, the production arc should be removed from the cycle.

A more formal discussion on cycle detection and elimination is given later in this

section.

Figure 3-2: An example of moving to a neighboring solution.

The move strategy, the evaluation function, and the stopping Condition. The
move strategy determines the order in which the neighboring solutions are visited. Ag

we mentioned earlier, first better and best admissible are the two common move

strategies implemented. Guisewite[18] and Pardalos[19] and presented computationa

results using both move strategies on network flow problems. These authors provided
empirical evidence that the first better move strategy requires less time and the quality

of the solutions are comparable for both strategies. Therefore, in our local search

algorithms we used the first better move strategy. In this strategy, the neighboring

solutions are investigated in a pre-specified order and the first solution that shows an

improvement is taken as the next solution. The improvements are measured by an

evaluation function. The evaluation function that we use calculates the total cost of

solution which is simply the objective function. The local search algorithm terminates

when there is no more improvement. In other words, the stopping condition determines

whether the cu

optimum then the proc

rrent solution is a local optimum or not. If the current solution is a local

edure terminates.
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The local search algorithm is summarized in Figure 3-3. Let j be the facility that
currently supplies retailer k’s demand in period t through production in period. Also,
let § be the additional cost of changing the supplier to facility j in period T (t > 1). In
other words, 87 is the cost of rerouting the demand of retailer k under consideration.
Note that 8t = 0 when j = j and T = 1. In the local search procedure given in Figure 3—
3, j* and t are such that

Cycle detection and elimination. Due to the special structure of our network,
identifying cycles and removing them can be done efficiently. A cycle for the PID
problem means that at least one of the facilities is producing and also carrying
inventory in the same period. Therefore, with a single pass over all facilities and time
periods the cycles can be identified. The procedure is summarized in Figure 3—4. Note
that two types of cycles can be created and they are analyzed separately in the following
paragraphs.

Type I cycle. Assume that the demand of retailer k in period t is satisfied through
production at facility j at time T after it is rerouted. If facility j is already carrying
inventory from period T~ 1 to period 1, then a type I cycle is created. Only one cycle
is created and it can be eliminated by rerouting the inventory. Figure 3-5 gives an
example of a type I cycle where the demand of retailer 1 in period 3 is originally
satisfied from production at facility 2 in period 3. If it is cheaper to satisfy the demand
of retailer 1 in period 3 by production at facility 1 in period 3, then this will result in
the network flow given on the right of Figure 3-5. To eliminate the cycle the amount

of inventory entering node F1,3 is subtracted from its current path and added on to the

production arc entering F1,3.
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procedure Local
Let S be an initial extreme feasible solution
while (S is not a local optimum) do
for (t=1..... T)and (A=1..... L) do
Caleulate 9. j = 1...... J.r=1..... t
Ni=min{d,;:j=1...... Lr=1..... t}
if A = 0 then S is a local optimum

else if A < 0 then
Reroute the flow through the new path
Check for any cveles and eliminate them
end if
end for ¢ and A
end while

return S
end procedure

Figure 3-3: The local search procedure.

procedure Cycle
for I=1..... 0) do
if (pj > 0 and I > () then
if p;; is on the new path then reroute /;;

otherwise reroute pj

end for
return S

end procedure
Figure 3—4: Cycle detection and elimination.
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Figure 3-5: An example of a type I cycle.

Type II cycle. Assume that facility j currently produces in several periods and
that the demand of retailer k in period t is satisfied through production from an earlier

period after it is rerouted. The rerouting of retailer k’s demand may result in one or

more cycles. Figure 36 gives an example of a type II cycle. The flow on the left is the

starting extreme flow which indicates that the demand of retailer 1 in period 3 ig

hrough production in period 3 at facility 2. Assume that it is actually
e demand of retailer 1 in period 3 through production at facility |

currently satisfied t
cheaper to satisfy th
in period 1. This will re

cycles. To eliminate the

sult in the flow given on the right of Figure 3—6 which has two
se cycles the production amounts in periods 2 and 3 at facility

1 are eliminated and carried forward as inventory from period 1.
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Figure 3-6: An example of a type II cycle.

So far, we have talked about the neighborhood, the move strategy, the evaluation
function, and the stopping condition. However, we have not discussed how the initial
solutions are found. Generation of initial solutions may be critical for local search

procedures. Good starting solutions may lead to better quality local optima. In sections

3.3 and 3.4 we discuss several procedures for generating good initial solutions.

3.2 Dynamic Slope Scaling Procedure (DSSP)
The DSSPis a procedure that iteratively approximates the concave cost function
by a linear function, and solves the corresponding network flow problem. Note that

each of the approximating network problems has exactly the same set of constraints,
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procedure DSSP
g := 0 /*set the iteration counter to zero®/

Initialize 'EE-',’) and F(I'Z), /*find an initial linear cost*/

while (stopping criterion not satisfied) do
q = q+1

Solve the following network flow problem:

. . . J S" f-—(q_l) q [q T-] S‘*I T _{g—
. I Pa) s . L d + . ! .+. S . ] l) q

subject to original constraints of (P1)

. g . )
Update (5;} and €y

if cost(S) < cost(S) then S = S

end while
return S

end procedure
Figure 3—7: The DSSP algorithm.

and differs solely with relevance the target operate coefficients. The motivation behind

the DSSP is that the indisputable fact that a cotyloid operate, once reduced over a group

of linear constraints, can have Associate in Nursing extreme best answer. Therefore
2

there exists a linear value operate that yields an equivalent best answer because the

cotyloid value operate. Figure 37 summarizes the DSSP formula. necessary problems

relating to the DSSP formula square measure finding initial linear prices, change the

linear prices, and stopping conditions.

Finding Associate in Nursing initial linear value (c(j0)). Kim and Pardalos

ifferent ways in which to initiate the formula for fixed charge and

investigated 2 d
d network flow issues. Here, we have a tendency to generalize

piecewise-linear cotyloi

¢ for all cotyloid prices wi
zero. In different words, rjt(") and fikt(-) square measure cotyloid

the heuristi th the property that the overall value is zero if the

activity level 18
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| functions on the interval [0, %) and rjt(0) = fjkt(0) = zero. The initial linear value factors
~ we have a tendency to use.

Updating scheme for c(jqt). Given a feasible solution S(q) = (p(q), I(q), x(q)) in
iteration q, the objective function coefficients for the next iteration are expressed in

linear form as

(@) /..
rje(D5e )/ pjt

Jg _
&9 if p;-f) = ().

D it plt > 0.

D)/ if 2l > 0.

F(q) B { fjkf(i'jk‘

a0 if 249, = 0.

Stopping condition. If two consecutive solutions in the above algorithm are
equal, then the linear cost coefficients and the objective function values in the following

iterations will be identical. As a result, once S(q) = S(q—1) there can be no more

improvement. Therefore, 2 natural stopping criterion is to terminate the algorithm when

S(q) — S(q-1) <& An alternative is to terminate the algorithm after a fixed number of

iterations if the above criterion is not satisfied.
The initiation and updating schemes for fixed charge and piecewise-linear

concave cases are analyzed below separately. In the remainder of this dissertation we
will refer to the local search approach that uses DSSP to generate the initial solutions

as LS-DSSP.

3.1 Fixed Charge Case

Kim and pardalos [20] investigated two different ways to initiate the algorithm.

The initiation scheme presented here is shown to provide better results when used for

large scale problems (Figure 3-8). The initial value of the linear cost we use is ¢(jt0) =
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~ cjt + sjt/Wit. This is simply the LP relaxation of the original problem. However, note
 that the problems we are solving are NFPs which can be solved much faster than LPs.
The linear cost coefficients are updated in such a way that they reflect the

variable costs and the fixed costs simultaneously in the following way:
rikPir)
4

e — e —— — — — — —

S j’ ,
’
‘. § it
2 C it 4+ —
, J
, W,

|

|

|

|

. |
“ |
|

|

|

I

[

|

—p pj:

W,

Figure 3-8: Linearization of the fixed charge cost function.

(q) . )}(q)
Cii + 3.7'*/1{;‘: if Pt > ().

Coy = -
gt o
l i‘ﬂi’) if pj; = 0.
@ f D

_{q) C'jk-f. -+ Sj}"f/‘rjkl if 'Tj}d > 0.

Cikt =

. —(Q) o {q) _
Cikt if 73 = 0.
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3.2.2 Piecewise-linear Concave Case

When production or transportation costs are piecewise-linear and concave, the
problem can be transformed into a fixed charge network flow problem as described in
section 2.4.2. After the transformation, the solution approach given in section 3.3.1 can
be used to solve the problem. However, the transformed problem does not always lead
to generation of feasible solutions since the problem is not solved to optimality.
Therefore, we apply the procedure to the original problem instead of the extended
network with some modification to account for each piece in the cost functions.

The linear cost coefficients are initialized in the same way as the fixed charge
case, i.e. c(jt0) = cjt + sjt/Wjt for the production arcs. To update the costs, the flow
values are checked to see which interval it falls into and the corresponding fixed and

variable costs are used. The updating scheme (Figure 3-9) is as follows:

) ) .
! Cjt + Sjt/p_(j(tl. if 3jrim1 < Pjr < Fjea-

C (
it _(q) oo(@)
l Tji if pj = 0.
(q) ¢ - ) Aq) .
(g) ! ciet + Sil ik Fikio1 < T S gkt
‘jkl‘ = _{q} o (a) p—
Cjkt if I‘jkt 0.

45



- > I
.................... l , ' (fj 1.3 |
.......... e
Sjt.3 A |
 — | |
............ L |
g | | |
| I |
" I |
Sir.1 } | | |
gt L’ !
- I |
7 | | 1 |
, -
S Lo |
7’ " .
L ' l L P
B P2 Pir B
Figure 3-9: Linearization of the piecewise-linear concave cost function.

3.2.3 Performance of DSSP on Some Special Cases

In this section W€ analyze the performance of DSSP on some basic problems.

The problems considered are simple cases with only a single time period. We identify

some cases where the DSSP heu
d one retailer. If there is only a single retailer but multiple facilities in the

ristic actually finds the optimal solution. Multiple

facilities an

problem is easy to solve, provided that there are no capacities on the

production and transportation arcs and the cost functions are concave. The problem in

this case simply reduces to 2 shortest

network, then the

path problem (Figure 3—10) which can be solved

in O(J) time by complete enumeration. In an optimal solution only one pair of
production and transportation arcs will be used since this is an uncapacitated concave
minimization problem. The optimal solution has the following characteristics (j*

indicates the facility used in the optimal solution):
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pj1 = rjn = dn

pjl = -I‘j]l = () V] = {12]}\{]*}

Figure 3-10: A bipartite network with many facilities and one retail
iler.

Proposition 3 The DSSP finds the optimal solution in J +2 iterations, in th
> € worst

case, for the single retailer problem. Proof. In every iteration of the DSSP heuri
uristic the

following network flow problem is solved (derived from problem (P1) for a si
a single

retailer): minimize

J

_(g-1) | Aa-1hy (g}
Z(Fjl + G )i
J=1

It

J
g}
Z P d1
Jj=1

i ,
pﬂ) > 0 J= I,.... /.

(P1)is uncapacitated, the heuristic requires an upper bound to initiali
ze

Although
and Ujl1 be the upper bounds for the

st coefficients. Therefore, let Wjl
47
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production and transportation arcs, respectively, such that. Hence, the initial cost

coefficients are.

The heuristic will visit each facility at most once and facility, j*, will be visited
at most three times (twice in the last two iterations and possibly once during the

previous iterations). The total number of iterations, therefore, is J + 2 in the worst case.

If then the optimal solution will be found in only 2 iterations. 2

Two facilities and two retailers. When there are only two facilities and two

retailers the problem is obviously easy since there are only a few feasible solutions to

consider (Figure 3-11). If there are no production and transportation capacities then

the two retailers are not competing for capacity and they can act independently.

This indicates that the problem decomposes into two single-retailer problems

both of which can be solved to optimality using the DSSP. In general, if there are J

facilities, K retailers, T periods, and no capacity constraints, then the problem can be

solved to optimality by solving KT single-retailer problems (with the additional

condition that only distribution costs are nonlinear).

Figure 3-1 1: A bipartite network with two facilities and two retailers.

If. however the facilities have production capacities then the DSSP may fail to

al solution. We will illustrate this by creating an example for which DSSP

find the optim
fails to find the optl

charge rather than £°

mal solution. We assume production and distribution costs are fixed

neral concave functions to simplify the analysis. The MILP

em in Figure 3—11 with fixed charge costs can be given as

formulation for the prob!
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(derived from problem (P2) in section 24.1)
Multiple facilities and multiple retailers. If the problem has multiple facilities,

multiple retailers, and concave cost functions, then it falls under the category of

MCCNEP which is known to be NP-hard (section 2.3).

Figure 3—12: A bipartite network with multiple facilities and multiple retailers.

tribution costs are concave, (ii) there are equal number of

However, if (i) the dis
(iii) the demands at the retailers are all the same, and (iv) all

facilities and retailers,
qual to the constant demand, then the problem becomes

production capacities ar¢ ©

12). In other words, if J=K and Wjl =dkl =dforj, k=1,2,...,J the

easier (Figure 3—

problem formulation is

J .

J
S~ () + 2 2 Jim (k)
j=1 j=1k=1
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J
pii— Ot = 0 =
= J j=1l..... ].

J
Z Tkl = d k=
Z Lo.o..oJ.
pj]. S (] J = 1 ...... I.
v < d jok=1...d
Pjl- Tkl Z 0 ] Ak=1...... ]

Due to tight production capacities the only feasible way of meeting the d d
cman

is if all facilities produce at their full capacity. This means that pjl =d forj=1,2

uction variables can be dropped from the formulation and the probl
em

J so, the prod

reduces to

J oJ
Z Z fj’\fl(l;kl)
j=1k=1
J
Y orjk = d j=1l.... ]
fez=1
J
Z T jk1 = d k= 1.....- ]
j=!
‘l’.jkl __>_°_ () )k =1.....¢ ]

straints (3-36) and (3.37) together with zjkl € {0, 1} are the

|-known assignment
i1l refer to @8 the co
e DSSP finds the op
roof. If DSSP is U

Note that con
problem. If the transportation costs, fik1(-)

constraints of the Wel
ncave assignment problem.

are concave then we W
timal solution in 2 iterations for a concave

Proposition 4 Th
sed to solve the following network flow

assignment problem- P
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problem i i
em is solved in every iteration:

Tikl 2 Jik =
(P8)

Thisis e
| solution to (P7). The objective

to (P8) gives the optima
iteration of DSSP will be the same since. The
: same

tion and DSSP will terminate with the optimal
ma

Th
erefore, the solution
functi :

tion cocfficients in the next

soluti r :
tion will be found in the second itera

solution.

arch Procedure (GRASP)

omized Adaptive S¢
cedure 1S associate reiterative method

3.3 Greedy Rand
tative Search Pro

The Greedy irregular adap
that gjves a possible resolution at eac
forced as @ multi-
d an area search P
to make Up associ

s an attempt within th
ange of iterations and also the final

1 iteration for combinatorial optimisation iss
ues.

start procedure wherever every iteratio
n

GRASP is sometimes €1
consists of a construction part an
rm iS employed
rovement make
ed for a fixed T
.\ found OVET al
o be tuned- the oppo

ment part.
vary of research and trade

art. within the construction part, a
ate initial resolution. This

iI‘]‘e
gular greedy perfo
e native search
part.

res . . :
olution is then used for imp
| iterations. the quantity of

result’ imp
ult's mere]y the S
site parameter 18 that

parameters t
in the develop

ess for @ large
location, assignment, producing
v

n every of the 2
e list employed

lied with sucC
partitioning,

i : .
terations is one 1
the i

size of the candidat

GRASP has been apPP
ning, routing, logic,

1S :
sues like prograt
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transportation, telecommunications. Festa associated Resende offer an extended list of
GRASP literature. GRASP has been enforced in numerous ways in which with some
modifications to reinforce its performance. Here, we tend to develop a GRASP for the
PID downside. within the following, we tend to discuss generation of initial solutions

we tend to offer 2 different construction procedures. The second construction

procedure, known as the modified construction part, is developed to boost the

performance of the heuristic procedure.

3 3.1 Construction Phase

In the construction part a possible resolution is made step by step, utilizing a
? 5

number of the matter specific properties. Since our issues square measure uncapacitated

cupular price network flow issues the best resolution are a tree on the network

Therefore, we have a te

equipped by one facility. the developme
t Jeast one of the facilities. The procedure finds the facilities that provide

ndency to construct solutions wherever every distributor is

nt part starts by connecting one among the

retailers to a
rock bottom per unit production and transportation price for a distributor, taking into

consideration the effect that already co
st, 0, of assignment facility j to distri
stributor square measure then place into a restricted candidate

nnected retailers wear the answer.

The co butor k. the most cost effective

connections for this di
list (RCL) and one among the facilities from RCL is chosen every which way. the scale

¢ among the parameters that nee
based scheme and a value-based scheme to

of the RCL is on ds standardisation. Hart and Shogan

and Feo and Resende prop

build an RCL. In the cardinality-based
e value-based scheme, all ca
st candidate are placed in the RCL where o € [0, 1]. We use

ate facility is added to the RCL if its cost is no

ose a cardinality-
scheme, a fixed number of candidates are placed

in the RCL. In th ndidates with greedy function values

within (100a)% of the be

ed scheme and a candid

the value-bas
hen the chosen facility is connected

f the cheapest one. Finally, W
res are updated accordingly. The procedure is given in

ro the procedure 1s totally randomized and

more than a multiple 0
iler, the flows on the a

to the reta
When o, 10 Figure 313, is ze

Figure 3—13.
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the greedy function value, 6], is irrelevant. However, when a is equal to 1 the procedure
is a pure greedy heuristic without any randomization.

Holmgqvist develop a similar GRASP for single source uncapacitated MCCNEP.
Their problems are different from ours because they use different cost functions and
network structures. Also, our approach differs from theirs in the greedy function used
to initialize the RCL. They use the actual cost where as we check the unit cost of
connecting retailers to one of the facilities. Due to the presence of fixed costs the unit-
cost approach performed better. We have tested both approaches and our approach
consistently gave better results for the problems we have tested. The results are
presented.

The construction procedure in Figure 3—13 handles every amount severally. In
different words, the initial answer created doesn't carry any inventory and demands ar
met through production inside identical amount. A second approach is to permit

demand to be met by production from previous periods. The second approach junction

rectifier to raised initial solutions, however the final solutions when native search we

have a tendency tore worse compared to those we got from the first approach. One
rationalization to the current is that the initial solutions within the second approach ar

probably alrcady native optima. within the first approach, however, we have a tendency

to don't begin with a really sensi
proves the answer. The native search approach that uses the development

d during this section are going to be mentioned as LS-GRASP

ble answer in most cases however the native search

section im
procedure represente

from here on
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procedure Construct

0; = Fieldpe)/dre + 156(pje + dit) [ (pje + dp), j = 1 ]
©:=min{l; :j=1,..... ]} :
RCL = {j 18; £ f?.(} <a<l}

Select [ at random from RCL

pie 1= Pt + Ak
i = di
end for &

end for 7
return the current solution, S

end procedure
Figure 3—13: The construction procedure.

3 3.2 Modified Construction Phase
art procedure, if initial solutions are uniformly generated from the

In a multi-st
procedure will eventually find a global optimal solution

feasible region, then the
(provided that it i started enoug

function, they may not be in the
ount of variability in these solutions is typically smaller. Thus, the local

ate with a suboptimal solution in most cases. GRASP tries to find a

h times). If initial solutions are generated using a

greedy region of attraction of a global optimum

because the am
search will termin

balance between these tW
e same tIMe adding some Vv

y using the construction proc

ach to diversify the initial sol

o extremes by generating solutions using a greedy function
and at th ariability to the process. After the first set of results
we obtained b edure explained in section 3.4.1, we wanted
to modify our appro utions and increase their variability.
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In order to diversify the initial solutions we use the same greedy function but w

: . ¢

allow candidates with worse greedy values to enter the RCL. The modified construction
procedure is similar to the procedure given in Figure 3-13. The only difference is in

the way the RCL is constructed. The RCL in the modified construction procedure is

defined as
RCL:= {j:8 £0; < 8 + Ao}

3.4 Lower Bounds
The local search procedures presented above give suboptimal but feasible

solutions to the PID problem. These feasible solutions are upper bounds to our

minimization problem. To evaluate the quality of the heuristics, when the optimal
solution value is unavailable, we need a lower bound. It is as important to get good

lower bounds as it is to get good upper bounds. For the fixed charge case, the LP

relaxation of (P2), unfortunately, gives poor lower bounds, particularly for problems
with large fixed charges. Therefore, we reformulated the problem, which led to an

increase in problem size but the LP relaxation of the new formulation gave tighter

linear concave case we reported lower bounds

lower bounds. For the piecewise-
CPLEX in Chapter 4. The MILP formulation is run for a certain amount

obtained from
X may fail to find even a feasible solution by that time, but a lower

of time and CPLE

bound is available. For

problems with piecewise-linear and concave costs, we have
unds using the procedure given below. These problems were

also obtained lower bo
d charge network flow problems using the node separation

first transformed into fixe
Once they are fixed charge type problems the procedure

procedure (section 2.4.2).
o find lower bounds.

provided below can be used
fixed charge costs we define new variables which help

To reformulate the problem with

ose the amount transported from 2 facility to a retailer by origin. Figure 3~

us decomp .
work representation for the new formulation.

14 gives a net
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ﬁﬁﬁﬁﬁﬁ > Inv. & Trans. Arcs
—

Trans. Arcs

Figure 3~14: Extended network representation.

from period t to t+1 is equal to the total demand of all retailers in

carried at facility j
periodst+ 1to T satisfied by facility j through production in periods 1 to t. Finally,

indicates that the amount of production at facility j during period t is

equation (3.44)
emand met from this production for all retailers in periods t

equal to the amount of d
and (3.44) into (P2) will give the following new

through T. Substituting (3.42), (3 43)

-"," ], }1‘ = ] t

formulation:
Kk T J K {]«-\ t
Z ‘S,i"}-'fy.f';"f + Z Z p Z ]'J,f?‘r'\’:".f/.;i.—)d
=1 1= 1 1 =1

$=1 J &

== ‘)1
J 1
Z Z Sl 7 Z
Tt je=1k

citated PID problems with fixed charge costs the

Proposition 5 For uncapa

the LP relaxation of (P10) is greater than or equal to the optimal cost

optimal cost of
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of the LP relaxation of (P2).
Proof. Let (yjt, yjtkt) be a feasible solution to (P10). Multiplying the constraints by

dkt and summing them over k and t leads to (3.55). Constraints can be reached in a
similar way. Substituting the yjtkt values into, and (3.44) will give a feasible solution

to (P2). It follows that every solution to the LP relaxation of (P10) gives rise to a

feasible solution of the LP relaxation of (P2).
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PROPOSED ALGORITHM AND SYSTEM

4.1 Existing Models and Algorithms
Now exists a lot of models, methodologies and algorithms for solvi
. . . . ln
optimization problems. First we made research for this models and algorithms. W g
. wetry

to get cons and pros to analyze and best features for featured system. Existi
. ing

algorithms
High Dencity Routing - points to waste of collection, local post deliveries, sno
- o > SNOW
cleaning, newsletter delivering and meter reading actions. High Density Routing i
ing is

used when you have big number of locations to visit on the same scheduled time

Point-to-Point Routing

to visit less than 200 for each day.

_ refers to the sales, deliveries and collections with points

With this algorithm, boundary is not so important

as the schedule and sequence.

Paired Routing — points to p
t-to-point routing algorithm, but the sequence requires to

ara transit, car with armor routing and etc. This

algorithm is gimilar to poin

every stop to be “paired” with trip.

First of all, we need to find mathematical calculations and formulas for route

optimization. Route optimization algorithms are the mathematical calculations and
o solve the routing formulas which includes traffics and having many

formulas t
different routes and points.

Types of routing:

e Vehicle Routing Problem

o Travelling Salesman Problem
and etc

we should use Vehicle Routing Problem. Because this

ems solution. And for algorithm we chose existing

e Ant Colony Problem

For proposed algorithm

solution is more close to probl
ich give us mathematical result for future using in algorithm.

engine for wh
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4.2 Proposed Algorithm
Many existing applications of different routing problems, a wide variety of
; y o

rese: - :

earchers and programmers have focused on developing solutions to them. S

; . See

re : .

previous parts. This research described above has shown that existing algorithms based
S e

on accurate and heuristic algorithms aims to achieve the lowest transportation
cost

possible. To our knowledge, no study has considered the followings:

e Time window

Step by step planning
Using real path instead of straight route

Ruin and recreate procedure

Constraint programming
This features constraints transportation expenses in logistics enterprises, and so it is
?

necessary for logistics t0 take the time window constraints into consideration. Next

parts explain why wee need add this features and how it helps us to make optimal

algorithm for logistics.

4.2.1 Time window
st model with following constraints, which

This paper presents a transportation co
h modified genetic algorithm. In our research, the simultaneous

is modeled throug

minimization of total route an
odel is formulated under the following assumptions:

oft, and the time windows specified by customers are elastic

d total transportation cost are considered following
ol

functions. The m

1. Time window ar¢$
its destination is equal to zero.

The service time for a vehicle at

3
fined as starting from a warehouse, going through a number of

3. A route is de

customers, and ending
er on the route must be

at the depot.
visited only once by one of the courier or

4. Every custom

vehicles.
paper takes time window constraints into

rtation cOSt model in this

omer i must be serviced within a pre-defined time interval [ES,

The transpo

consideration. Any cust
59



LEL. limi : o
], limited by an earliest arrival time ES, and a latest arrival time LF. The vehicl
b fimit . vehicles
arriving time later than the latest arrival time are penalized, while those arriving ti

| . > ; g time
earlier than the earliest arrival time have to pay for the inventory cost involved

In order to formulate the model, the notations in it are defined as follows (Figure 4.1
e 4.

and 4.2):
BEGIN:
(1) Randomly generate a number g, such that 1 < g, < K and B ta;

(2) Let I” = IM\ (Bl b
(3) Randomly select agene g° in Bl
(4) FOR i=1TO length(I”);

(3) Generate the partial schedule P, = ( 2, g5 IR L
Compute the total transportation cost C; of P.. If P, is infeasible, let C, = a sufficiently large numb
! er;

(6)
(7) Leti* = min {r | C,} and reinsert gene g" in the position i" of 1P,
(8) Update = 111.’_' . 5, Iil')—wmd) and ﬁfm - ﬁfm \ gF; ENDFOR
9 1If pf ., # @, return to Step (3); otherwise, terminate the procedure.
END
Figure 4.1 Procedure 1
BEGIN
Input: all necessary data related to customers and vehicles

GA parameters: POP, Peross> Pt
Generate a new population of individuals

While maximal iteration number is not met DO

Evaluate the individuals

Select the better individuals
Generate the offspring population using evolutionary operators

Output: a set of non-dominated solutions

END
Figure 4.2 Procedure 2

e and of straight route

4.2.2 Real path rout
cle Routing Problem have to follow the roads.

] world, vehicles in a Vehi
a directly line from customer to customer. Most Vehicle Routing

mplementation detail. Using road distances (not

In the rea

They cannot travel in

ch papers ignore this 1

Problem resear
t impact the Vehicle Routing Problem too much but it does

straight distances) does 10

result in a few extra challenges.
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Fi.rst off all, we will need real datasets of points. Unfortunately, open Vehicle
Routing Problem datasets with road distances are less than needed in the VRP
CO@uniw. The Vehicle Routing Problem database with dataset with 29 locations for
testing. So we generate some data by myself with requirements:

o [ need to use Google or Yandex Maps for real distance roads in KM between

every pair of point in the dataset. For example, use highways when reasonable

over small roads.
To compare every dataset, I will generate straight and road distance

Vehicle Routing Problem compare scalability, I need to generate a similar

dataset in many orders of magnitude.
Add reasonable vehicle parameters and customer demands, for the vehicle

capacity constraint in VRP.
11 focus on choosen dataset of points, which has 50 locations

For clear vision, I wi
h. Using straight distance (which calculates the

10 vehicles with capacity 125 eac

euclidean distance based on latitude and longitude) results in figure: 4.3

7
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Figure 4.3 Straight distance
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The total distance is 20.99 KM, it doesn’t say any interesting information
because, our vehicles fly between points. Next thing what I do is, apply real distance
solution on my straight roads which is shown in figure 4.4 The road distance is
2366.76 KM. Now I will compare the road distance which I generated using

Graphhopper and OpenStreetMap. In the figure 4.5 we can see that road distance is

108 .45 KM less than air distance, so it’s almost 5% better.

2,366.76 km

Figure 4.4 Real path road distance

w
g \125 /125
ac:,;g 5 'i:~ . e & 7t ]
1
N
116/175
»
2,258.31 km
Figure 4.5 Real distance
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4.2.3 Ruin and recreate procedure
The algorithms Ruin & R i
ecreate is main part of the algori i
gorithm. Firstly, algori
, algorithms

. . . . -

route created by first part and improving it.

In fi I i
irst graph of Figure 4.6 we can see that it is not the optimal road to deliver. R
er. Ruin

& Recreate destroy

this route. In the end

S SO 1
Or

of ruining and recreating we will get optimal routing plan th
an

visits all vertices with less resources.

Figure 4.6 Simple Ruin & Recreate

method of using ruin and recreate is radiusing the ruin area

One of the useful
it takes only edges which is in

When ruining algorithms looks for vertices t0 destroy,

is useful

when company has geo Zones in routing. View in Figure 4.7

selected radius, it

7 Radius Ruin

Figure 4.

programming

gramming is one O
it inclu

4.2.4 Constraint

The constraint Pro
inatorial optimization problems,

f the way of modeling and solving

des artificial intelligence, logical
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programming, and o i
perations research strategi
gies. The benefits
of Constrait

programming:
e Systematic search
e Reasoning on individual at each search state
e Reduce search space filtering at variable domains
o Domains contain holes very suitable for highly combinatorial problems

We can see how ruin and recreate works. The idea of using constrait programmi
: . . . . ln
is applying own constraint as logistic company, which includes: :
e Goods weight and volume

o Time to unload
Maximum weight for courier’s transport

Maximum volume of goods

e Courier’s working hours

Maximum orders which courier can take for each route

o Incompatible orders

e Geozones by routes where courier works

e Geozones by prices
o Time window
COMPUTATIONAL EXPERIMENTS AND COMPARISON

5.1 Experimental Data

mary goal of our comput
ped and presented in Chapt
characteristic is the computation
ested in evaluating how close the solution value

The pri ational experiments is to evaluate the solution
procedures develo

solution, an important
one is often inter

er 3. For a procedure that finds an optimal

al effort needed. For a heuristic

procedure,
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GRASP for Production-Inventory-Transportation Problem

CPU time 0.00
Number of plants
Number of retailers
Number of periods
Numnber of iterations
Initial seed

00 N NN

\linimum cost before local search  1288.10
\inimun cost after local search 1288.10

Production  Period Plant Retailer
55.61 1 2
38.58 2 2
[nventory
Shipment
19.98 1 2 1
35.63 1 2 2
8.67 2 2 1
29.91 2 2 2

All other variables are zero.

Figure 4-3: Sample output

value. One method for evaluating these characteristics is running

is to the optimal
_world or library test problems. Real-world problems are useful

experiments on real
n accurately assess the practical usefulness o

are important because the properties of the problems and the
s are usually known for these problems. However, the

because they ca f a solution procedure.

Library test problems

rmance of other procedure

perfo
ata for either of these types of

availability of d
there may also be disa
are briefly described late
enerated problem inst

ution procedures develop
Jems and some library test problems from the literature.

problem instances is limited. Moreover,

dvantages of using real-world and library test problems, which

r in section 4.5. Therefore, many research studies use
ances as we do in this dissertation. To test the
randomly & .

ed for the PID problem we primarily use

behavior of the sol
mly generated prob

we were not able to find library test problems that fit our problem
Y,

Therefore, we found other library problems

them as PID problems. Once they

rando

Unfortunatel
haracteristics exactly.

requirements and ¢ "
h as facility location problems and formulate

suc
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. were formulated as PID problems, we tested the algorithms on these

‘ problems.

5.2 Randomly Generated Problems

The behavior and performance of solution procedures are frequently tested on a
collection of problem instances. The conclusions drawn about these performance
characteristics strongly depend on the set of problem instances chosen. Therefore, it is
important that the test problems have certain characteristics to ensure the credibility of
the conclusions. Hall and Posner gave suggestions on generating experimental

data which are applicable to most classes of deterministic optimization problems. They

developed specific proposals for the g
practical relevance, invariance, regularity, describability

eneration of several types of scheduling data.

They proposed variety,

efficiency, and parsimony as SOme of the principles that should be considered when

generating test problems. We take these properties into account when generating our

data.
The first set of issues we have a tendency to resolved were inflammatory disease

issues with fixed costs production and distribution costs. LS-DSSP and LS-GRASP

were accustomed resolved these issues. for a few of the issues LSM-GRASP was used
drawback size, structure, and also the price values appear to have an effect on the

he issues. Therefore, we have a tendency to generated 5 teams of issues

problem of t
r a pair of issues ar single amount issues while not inventory and

cluster one and cluste

multi-period issues. To capture the result of the structure of

teams three, 4 and five ar
K on the problem of the issue
and periods inside every cluster. the matter sizes ar given in Table

the networ s we have a tendency to varied the amount of

facilities, retailers,
gh five ar in cluster one, issues half dozen to ten ar in cluster a

4-2. issues one throu
ssues eleven to fifte

- five consists of issues tW
it's been shown that the quantitative relation of the full variable

pair of, i en ar in cluster three, issues sixteen to twenty ar in cluster
2
four. and cluste enty one to twenty five. a complete of 1250
b
issues were resolved.

he full fixed charge is a vital live of the matter.

price to t
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Therefore, we randomly generated demands, fixed charges, and variable costs
for each test problem from different uniform distributions as given in Table 4-3. Note
that only the fixed charges are varied. For example, data set A corresponds to-those
problems that have small fixed charges. The fixed charges increase as we go from data

set A to data set E. The distances between the facilities and the retailers are used as the
unit transportation costs (cjkt). For each facility and retailer we uniformly generated x

and y coordinates from a 10 by 10 grid and calculated the distances. The values of the

parameter fi, which is used in the construction phase of LS-GRASP, were chosen from

the interval (0, 1). Experiments indicated that better results were obtained for fi in the
interval [0.80, 0.85].

For each problem size and for each data set we randomly generated 10 problem

instances. The algorithms are programmed in the JAVA language, and CPLEX 7.0

callable libraries aré used to solve the linear NFPs and the MILPs. The algorithms are

compiled and executed on an IBM computer with 2 Power3 PC processors, 200 Mhz

CPUs each.
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No. of No. of No. N
Group | Problem | Facilities Retailers Pcrio(()li :\(.?X.r::f
1 25 100 1 ]10.0%
2 50 400 1 | 20,050
1 3 75 100 1 |30.075
1 100 100 1 | 40,100
5 125 100 1 |50,125
6 125 200 T 2515
7 125 250 1 | 31375
2 8 125 300 1 | 37.625
9 125 350 1 | 43875
10 125 400 1 |350,125
i1 10 70 30 | 14.390
12 15 70 20 | 21.585
3 13 20 70 20 | 28,780
14 25 70 20 | 35975
15 30 70 20 | 43.170
— 16 30 60 5 9.270
17 30 60 10 |18.570
1 18 30 60 15 | 27.870
19 30 60 20 | 37.170
| 30 60 25 | 46,470
21 30 50 20 | 31,170
2 30 55 20 | 34,170
- 93 30 60 90 | 37,170
24 30 65 20 | 40,170
25 30 70 20 | 43,170
I -

Table 4-2: Problem sizes for fixed charge networks

nd for issues exploitation information set A were the tiniest. this

The errors fou
mounted charges for this set ar little. because the fixed cost

expected since the

the linear approximati
¢ information set E were

r encountered for data set A
_DSSP and L.S-GRASP are both powerful heuristics for

n for getting such good solutions is because the

is often
on isn't a detailed approximation any longer. Thus,

will increase,
the best. even so, all errors reportable were

the error bounds fo
set was 0:02% for both heuristics.

less. The maximum erro
s indicate that LS
put another reaso
elatively €asy- We we
s in this setin a reasonable

gs than a second to solve the largest problems in Groups 1 and 2. LS-

ions took about 1.5s

The result

these problems
s in set A are I

re actually able to find optimal solutions

problem :
amount of time. On average,

from CPLE
LS-DSSP took Ie
GRASP with g iterat

econds for the same problems. Finding lower
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bounes also took about a second, whereas it took more than 25 seconds to find opti

solutions for each of these problems using CPLEX. The problems in Grot N 301mmal
5 were relatively more difficult. Average times were &, 10, 15, and 50 sec:)iii ,f4, "
DSSP, LS-GRASP with 8 iterations, LP, and CPLEX, respectively. Optimal S 101 'LS_
were found for all problems using data set B as well. However, for data set CSO ut'lons
solutions were found for only Group 1, 2, and 3 problems and for some of the I;;i?:j:

in Groups 4, and 5. For data set D, optimal solutions were found for some of the G
roup

1 and 2 problems. Finally, data set E was the most difficult set. CPLEX was abl
. ’as able to

provide optimal solutions for only a few of the Group 1 and 2 problems and f
i none for

the other 3 groups. From Figure 44 we can see that LS-DSSP gave better results f
=] SUuItsS 101

Group 1 and 2 problems and LS-GRASP gave slightly better results for problems i
CIT1S 1N

Groups 3,4, an

The result

d 5. Similar behavior was observed for the other data sets
s also indicate that LS-GRASP was more robust in the sense that the

quality of the solutions was not affected greatly by the network structure. The d
. The propose

local search also proved to be powerful. For example, average errors for the probl
ems

in Figure 4-4-d without t
s. If more iterations are performed, LS-GRASP finds bett
er

he local search were roughly 2:9% for the DSSP and 11% for

GRASP with Q iteration

Figure 4-5 shows that the errors decrease as the number of iterati
ions

solutions.

increase. However, the computational time required by LS-GRASP increases linearl
arly

as more iterations.

5 3 Library Test Problems
entioned in section 4.2, real
it is usually difficult to obtain these kind of problems. He also notes

As we m -world problems and library test problems

are useful, but

that library data s

Moreoverl, it

ets may quickly become obsolete.

is difficult to generalize results from a small set of problem
dvantage of using library problems is that researchers may be

nces. Another disa

mnsta
thm so that it works well on that particular set of instances

tempted to tune their algori

This ma

y favor procedures that work poorly for general problems and may disfavor

edures that have superior performance. We could not find any PID problems

those proc
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in the OR-library, but there were uncapacitated warehouse location problems. We

formulated these as PID problems and used LS-DSSP and LS-GRASP to solve them

The data files have the following information:

No. of No. of | No. of | No. of | No. of No. of

Problem | Facilities | Retailers | Periods | Picces Arcs Arcs
(org) | (ext)

10 125 200 1 8 25,125 1 201.000
13 10 70 20 8 14,390 | 1.177.600
46 30 G0 H 8 9270 | 217.200
49 30 50 20 8 31.170 | 2.524.800

Table 4—17: Problem sizes for the extended formulation after NSP

number of potential warehouse locations,

number of customers,
the fixed cost of opening a warehouse,

the demand of each customer, and

e the total cost of flowing all of the demand from a warehouse to a customer.

The warehouses in the location problems are treated as the facilities in the PID

problem and the customers are t
s of opening a warehouse are used as the fixed production costs at the

reated as the retailers. There is only a single period and

the fixed cost

facilities. Note that the variable costs of production will be zero.

[ Error (%) LP-NSP
LS- LSM- CPU
Data Set | Problem DSSP | GRASP | CPLEX | (seconds)
A 40 .88 0.71 1.81 6.761
46 0.77 0.66 2.73 1,370
B 40 1.04 0.72 27.67 6,340
46 0.78 0.48 3.69 1.662
C 40 117 0.51 N/A 6.053
46 1.43 0.73 6.59 1,617
D 40 1.89 0.73 N/A 6.079
46 1.48 1.39 N/A 2.350
— E 40 1.65 1.41 N/A 7,126
46 2.94 2.66 N/A 3,626

Table 4-18: Summa

The distributi

there is nO fixed cost of placin

70

ry of results for problems 40 and 46 after NSP.
on 85 arcs, on the other hand, will have linear cost functions since

g an order in the location problems.



A general purpose solver, CPLEX, was used in an attempt to solve our problems
optimally. We compared the solution values obtained from LS-DSSP, LS-GRASP, and
LSM-GRASP to the solution values obtained from CPLEX. Due to the difficulty of the
problems CPLEX failed to find an optimal solution in most cases. In fact, for some
problems CPLEX was not able to find even a feasible solution. We initially compared
our solution values to lower bounds obtained from CPLEX. However, these lower
bounds were poor, particularly for problems with high fixed charges and for problems
with piecewise-linear and concave COSs. Therefore, we provided extended
formulations for these difficult problems and solved the LP relaxations of these
extended formulations. A disadvantage of these formulations is that the problems grow

in size and they become harder to solve. However, the lower bounds obtained from the

extended formulation were much tighter compared to the ones obtained from CPLEX.
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SUMMARY

- We h.ave deV@lO.Ped local search algorithms for the incapacitated concave
production-inventory-distribution problem. We first characterized the properti
optimal solution to incapacitated PID problems with concave costs, and th:nl ies of an
DSSP and GRASP algorithms which take advantage of these pr;pe11ies ];);(;Slfmej
GRASP provide initial solutions for the local search procedure. Computatilonal reszlllt
for test problems of varying size, structure, and cost characteristics are provided. Tl S
first set of problems for which experimental results were presented was ir1capaci-tat ]Z
PID problems with linear inventory costs, and fixed charge production and distributie
costs. The second set of problems included PID problems with fixed charge Productizz
costs, and linear inventory and distribution costs. These problems had production

capacities. Since our local search algorithms are designed for incapacitated probler
1S,

only DSSP was used to solve these problems because DSSP works for both capacitated
c

and incapacitated problems. The third set of computational results presented were fi
e for

incapacitated PID problem
charge distribution costs, and linear mventory costs.
A general purpose solver, CPLEX, was used in an attempt to solve our problems

s with piecewise-linear and concave production costs, fixed
2

optimally. We compared the solution values obtained from LS-DSSP, LS-GRASP, and

L.SM-G
problems C
problems GPLE

our solution values t

RASP to the solution values obtained from CPLEX. Due to the difficulty of the
PLEX failed to find an optimal solution in most cases. In fact, for some
 was not able to find even a feasible solution. We initially compared

o lower bounds obtained from CPLEX. However, these lower

ularly for problems with high fixed charges and for problems

bounds were poor, partic
piecewise—linear and concave costs. Therefore, we provided extended

with
roblems and solved the LP relaxations of these

ulations for these difficult p

form
A disadvantage of these formulatious is that the problems grow

formulations.
y become harder to solve. However, the ]

;on were much tighter compared to the ones obtained from CPLEX

extended
ower bounds obtained from the

in size and the

extended formulat

The computati indicated that LS-DSSP was more sensitive to

onal experiments
problem structure and input data, but the errors obtained from LS-GRASP and LSM-
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N\

GRASP w

charge COS:Sr,ep;n:ircillr;]:;lS;(.)rI;i;D]SSP -gave smaller errors for problems with fixed
+ettor rosuls for probl . .g ¢ p?HOd. problems. LSM-GRASP, in general,gave
. ' problems with piecewise-linear and concave costs. However, the C
times required by LS-DSSP were much smaller compared to the CPU tim’ o
GRASP and LSM-GRASP. LS-DSSP has a natural stopping condition eZOf o
GRASP and LSM-GRASP can be performed for many iterations. Thus th; ;}:‘i‘ S-
approaches lead to better results if more iterations are performed in the exl;ense ofextsrz

computational time. The CPU times of the local search procedures with both DSSP
and

GRASP can further be improved since they are multi-start approaches and are suitabl
suitable

for parallel implementation.
The main contributions of this work can be summarized as follows:

o Several local procedures are developed that provide solutions to uncapacitated
itate

PID problems with concave costs in a reasonable amount of time

o An extended formulation is given for PID problems with fixed charges costs. I
sts. It

s also shown that the LP relaxation of the extended formulation gives 1
ower

bounds that are

of the original formulation.
unt of computational results are presented that show th
e

no worse than the lower bounds obtained from the LP relaxation

e Extensive amo
e proposed solution approaches.

effectiveness of th
problems are identified for which one of the heuristic

o Some special PID

procedures finds an optimal solution.

The codes developed for the implementation of the algorithms are mad
e

available for distribution.
The proposed solution approaches are useful in practice, particularly, fo
’ ’ T

production, inventory, and distribution problems for which the supply chain network
e. For example, 2 network with 30 facilities, 70 retailers, 10 time periods, and

harge costs is quite big. Fin
r smaller networks, may b

is larg

fixed €

ding optimal solutions for networks of this size, and

e computationally expensive or impossible. The

even fo
£ the number of retailers is much larger.

computational results indicated that i

73



than the number of facilities, the heuristic approaches performed better. Therefore, we

recommend the use of the proposed algorithms for problems that can be modeled as

PID problems which have the characteristics mentioned above.
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CONCLUSION

Today’s market condition becomes additional volatile and causes additional
pressure on value and speed. thanks to high competition within the economic process
market and also the additional hard to please client, the merchandise life cycle and time
to plug become shorter, price cutting war is harder, and also the responsiveness to
dynamical demand is additional crucial. Beside high product quality, general value and
latency appear to be the key success factors and vital missions of firms and its provide
chain and supply functions got to optimize so as to realize the value and supplier

leadership.
In addition, thanks to this market condition increasing the importance of four

major supply performances that ar the delivery time, delivery value, delivery quality,
and delivery utilization; the provision chain and supply functions have to be compelled
to attain all performances with the minimum total value. the choice choice method
which mixes the whole supply prices, performance measuring, and systems
improvement conception altogether is made to make sure the optimum deciding within
the supply operations. The conversion of some performance measurements like the
delivery time and delay time into penalties is generated. The new approach are

expected to administer the ensured optimum resolution and increase the transparency

of the choice creating if it's used because the SOP.

Generally, the improvement algorithmic rule during this paper ar developed with
the intention to optimize the supply value together with the intangible prices. Desired
were thought of and reworked into prices for comparison and {every one}

ledge from every operate within the supply has been shared to form

t and gain higher communications that ar the vital characteristics

objectives
connected know
the method alignmen

of the responsive provide chain.
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