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WAREHOUSE REDESIGNING IN A THREE-ECHELON SUPPLY CHAIN
NETWORK WITH CONSIDERATION OF ROUTING UNDER UNCERTAINTY:
A LIGHT ROBUST APPROACH

ZAHRA AZADEHRANJBAR'!, ALI BOZORGI-AMIRI'* AND ARASH ZANDI?

Abstract. This paper addresses the problem of redesigning a three-echelon supply chain network
under uncertainty. Since one of the most realistic problems that supply chains are dealt with is routing
of vehicles, routing constraints with a split delivery condition are considered in our proposed model.
Also, the possibility of outsourcing is considered in order to satisfy demands that exceed the produc-
tion capacity. Furthermore, in order to deal with the presence of uncertainty in the problem, a light
robust approach is developed. The performance of the proposed model is illustrated using a simulation
procedure. Sensitivity analysis on the proposed model is also presented in the paper. The results show
that the proposed method has a better performance than Light Robust approach and can be used as
a useful managerial tool in redesign problems.
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1. INTRODUCTION

Supply chain network design (SCND) is a strategic planning process for optimizing the configuration of a
supply chain network. In broad terms, SCND involves finding the optimal location and number of facilities
(e.g., factories and warehouses), and determining the flow of products across the supply chain so that customer
demands are satisfied at minimum cost or maximum profit.

Due to real business requirements, a company may consider either redesigning an existing supply chain in
order to adapt it to new business situations or to meet new strategic objectives. Supply chain network redesign
(SCNR) is generally triggered by changing market and business situations, often in regard to increased cost
pressure and service requirements. For instance, some changes in the demand of different markets, customer and
supplier’s zones, regional taxes and government rules, etc., turn the optimality of supply chain network. These
conditions oblige companies to develop or redesign their supply chain configuration. Due to the rapid changes of
conditions in today’s world, a company may wish to evaluate to what degree its existing supply chain network
deviates from the optimal configuration. Therefore, supply chain network redesign is a strategic planning process
for optimizing an existing supply chain and which should consider current locations, constraints and properties
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with respect to finding a gradual process for a transition from the current condition to the optimal configuration.
Thus, redesigning a supply chain is more complex compared to designing a new supply chain network.

During the redesign process, some old facilities may be closed and some new ones may be opened. Due to
the manager’s decision, some facilities can be consolidated, meaning that the capacity of some facilities may
be moved to others. The word capacity has a vast domain of meaning for this situation. It can include all the
physical capacities, equipment, human resources or the production power. The possibility of consolidation can
help the model to use this capacity in some other places.

Since warehouses’ redesigning has much more benefits in an operating supply chain, redesign projects in
the warehouses network are more common compared to other layers of supply chain. Ballou and Masters [2]
reported that, out of 200 logistic networks, 65% of them will redesign their warehouse networks. Consolidation
and phase-out activities in the warehouse network can save transportation, inventory and warehousing costs [22].

Melachrinoudis and Min [21] introduced a multi-objective model to relocate a single facility. Capacity can be
transferred from a source facility to a destination. However, the increase or decrease is not considered for the
total network capacity, nor is uncertainty. Finally, a resulting mixed integer linear program (MILP) was solved
using commercial software. Melo et al. [25] presented a fairly comprehensive model in this scope. The strategic
redesign decisions are not limited to a single layer of the supply chain. The capacity of the facilities can be
partially transferred, as an integer or in continuous manner, to another one. The total network capacity can be
extended or decreased. Another trait is the consideration of budget limitation on redesign decisions. Again, the
uncertainty has not been considered. The authors did not suggest a solution method for their MIP model in
this paper, but they proposed some heuristic solution methods in their next articles [23,24].

Melachrinoudis and Min [22] introduced a warehouse network redesign problem. The strategic redesign deci-
sions contains the phase-out, consolidation of existing warehouses and establishing new sites, and the capacity
could be totally transferred. The relocation decisions are considered simultaneously for multi-facilities. There is
a limitation on the distance between the warehouse and the customer. Hence, redesign decisions must be made
so as not to disrupt the ability to meet the customer’s demands. Finally, the authors solved this MILP model
by partially relaxing the allocation integer variables combined with rounding procedures.

Martins et al. [20] addressed the problem of redesigning a humanitarian supply chain network for the collection
of donated food products and their distribution to non-profit organizations that provide food assistance to the
needy population. Their redesign includes opening, closing and expansion in the food bank capacities. They
proposed a mathematical model for this multi echelon, multi-product and multi-period problem. . This model
had three objectives involved economic, environmental and social objectives and they considered different types
of capacitated vehicles for their direct transportations from origins to destinations.

Lee et al. [18], Bing et al. [7], Khatami et al. [15] and Feit6-Cesp6n et al. [10] used redesigning in reverse
and close loop supply chains in different conditions. For example, Feit6-Cespén et al. [10] have used redesign
problem on a sustainable reverse supply chain. Development of this study can be seen in some of other works
[8,28,30].

On the other hand, different sources of uncertainty exist in reality, such as inaccurate information, vagueness
in data and variability [16]. So, many researchers have used uncertain data in their papers and they have applied
different methods to solve uncertain SCND problems. Govindan et al. [9] have provided a comprehensive review
on SCND papers under uncertainty and existing optimization techniques for dealing with uncertainty.

A review by Klibi et al. [17] demonstrates that “stochastic programming” has been the predominant method to
tackle uncertain models in the past researches. Also, Scenario-based stochastic programming have used in many
supply chain design and redesign problems. For instance, Bashiri and Rezaei [4] and Kiya and Davoudpour [16]
separately considered uncertainty and scenario based stochastic programming in supply chain redesign, and used
Sample Average Approximation (SAA) approach together with Benders decomposition as a solution method.
Fattahi et al. [10] studied a multi-product supply chain redesign problem in which customer zones’ demands
were stochastic and price-dependent. Under a multi-period planning horizon, a multi-stage stochastic program
was developed for the SCNR, problem.
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Despite of wide use of stochastic method by researchers in recent years, this method has shown significant
limitations in reality. For example, stochastic programming approaches usually require the availability of prob-
ability distributions of random variables such as the probability of an interruption occurrence and its measure
of impact. Such historical data, particularly for some rare events, is limited or non-existent. So it is difficult to
define the true probability distribution of uncertain parameters [34].

One of other important issues affecting a supply network optimality, is to design a proper vehicle routing plan
to supply the demands of each echelon of the chain. Regarding to the literature, although no research has been
done in redesigning a supply chain network with consideration of routing, the cutting edge researches in supply
chain network design demonstrate the importance of this issue in developing a proper supply network plan. In
recent years many researchers considered routing as a vital problem of real supply chains which is so effective in
total cost, routing and location decisions. Thus, many papers have considered routing as important as including
the uncertainty in the problem and solved the mathematical models based on these considerations. For instance,
recently Fazayeli et al. [11] addressed a distribution system including location and routing decisions in a time
window to satisfy customers. They considered demand as fuzzy numbers. Also, Majidi et al. [19] considered
a fuzzy green routing problem in a pickup and delivery system. Another paper published recently belongs to
Rabbani et al. [29] which tried to manage stochastic amount of hazardous wastes while deciding for location,
routing and inventory problems. Asadi et al. [1] considered a stochastic multi objective distribution system with
economic and environmental objects. Schiffer and Walther [31] used another type of uncertainty and presented
a robust location-routing approach to design electric logistics fleets in a real case. More recent researches about
uncertain supply chain designs can be found in other papers such as Nadizadeh and Kafash [27], Jouzdani et al.
[14], Bashiri and Ghasemi [3], T6nissen and Arts [33].

More recently, robust supply chain design models have been proposed to overcome this drawback, and it can be
a good method for many problems in supply chain design and redesigns. The most important reason for this result
returns to the type of our decision making. Due to the difficulty and expensive cost of a supply chain redesign,
such decisions are to be a long-term decision which cannot change by every small changes in situation. Thus, a
robust method which can consider different possible circumstance of coming periods, can be a good candidate.
As mentioned above, in stochastic programming ones require the availability of probability distributions of non-
predetermined parameters. However, in many cases it is not possible to obtain such distributions. On the other
hand, fuzzy methods are not suitable for the problem investigating in this paper because uncertain parameters
are quantitative and the reason of uncertainty existed is unpredictability of them in the decision period.

The problems presented in the redesign literature have two approaches to consider transportation costs:

— Considering a direct distance and definite cost between the warehouse and the customer.
— Considering a coverage matrix with a definite radius to find proper allocation of customers to warehouses.

These approaches are not useful in real cases, because making a tour of deliveries is more cost-effective than
single routes. Hence, companies prefer to use a vehicle for a group of customers instead of a single customer.
On the other hand, routing can obviously affect the relocation of the warehouses, since defining the routes can
decrease the force of proximity to some customers and it helps with the problem of finding the best warehouse
network in a fewer number of warehouse zones. Indeed, one of the basic reasons of redesigning supply chain
networks is related to this issue that previous strategic decisions may impose a big amount of operational costs
such as routing costs due to changing in demands and/or network. Thus, it is important to consider these
operational decisions during supply chain redesign and combine them to have complete participation in terms
of optimizing future costs.

In this paper, an integrated model of redesign has been developed considering routing, capacity constraints,
and outsourcing in redesign decisions under uncertain situations. In this network redesign, based on warehouse’s
capacity and location and also the location of customers and suppliers, some warehouses can be closed, opened or
consolidated with each other to have an optimized network. Considering routings in the network, based on cost
and capacity of vehicles, lead to finding optimal allocations of vehicles to customers. Another equally important
part of this paper is concerned with the issue that considering the capacity of plants helps managers to use
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other sources such as the market to satisfy customer’s demands to avoid losing them. To deal with the uncertain
concept, we adapted the light robust formulation with interval data uncertainty and developed a revised light
robust model, which will be shown to provide better solutions for uncertain situations. The objective is to
minimize the sum of fixed, production, outsourcing, warehousing, transportation, relocation, and consolidation
costs.

Based on the literature review provided above, in this paper, the following contributions can be considered:

— Considering routing effects on supply chain network redesign.
— Using a revised light robust approach to handle the magnitude of conservativeness in uncertain model.

In order to enhance the practicality of the model, the following features are considered in mathematical modeling:

— The possibility of outsourcing for the condition that total demand exceeds the production capacity.
— Customer’s demand can be split among several vehicles (split delivery routing).
— Capacitated and heterogeneous fleet of transportation vehicle for products delivery.

The rest of this paper is organized as follows: In the next section, we propose a deterministic model for the
redesign of a warehouse with respect to routing and capacity constraints. In Section 3, we describe the light
robust method. Following that, a revision on the light robust model is developed in order to optimize the
uncertain redesign model. Section 4 presents an experimental example generated and solved using random test
problems. Also, two types of sensitivity analyses are done. The first one proves that the proposed revision on
the light robust model makes a better solution in comparison with the classic light robust model. The other
analysis is done to observe the balance of robustness and the quality of solution. Finally, Section 5 draws some
conclusions and suggestions for future studies.

2. PROBLEM DESCRIPTION

In the current study, we considered a multi-product and three-echelon logistics network comprising man-
ufacturing plants, warehouses and customer zones. The main assumptions are based on Melachrinoudis and
Min [22].

The network encounters production capacity, thus we have to outsource a portion of products to satisfy
all demands. The purpose of this problem is to consolidate capacity of available warehouses, and select the
appropriate sites to open new warehouses or close some old warehouses to reach an optimal network and to
determine the vehicle routes and quantity of products transported between facilities to minimize the total costs,
including transportation, warehousing, procurement and infrastructure costs involving fixed, relocation and
capacity costs.

Assumptions

1. When a warehouse is consolidated into another warehouse, its whole capacity is relocated.

2. The whole capacity of every existing warehouse can be transferred to every new or existing warehouse that
is established or will be remained [22].

3. There are various kinds of products and all of the plants can produce all or some of them within their
production capacity.

4. Outsourced demands are transferred to the warehouses directly.

5. There is a heterogeneous fleet for transportation, including some vehicles with different sizes of capacity and
different variable and fixed costs.

6. There is a split delivery system so that the demand of each customer can be satisfied from different ware-
houses.

7. Outsourcing cost for one unit of product type p includes all of its procurement costs involving purchasing,
transportation and fixed costs per unit.
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2.1. Deterministic supply chain network redesign with routing consideration (DSCNRR)

In this section, we introduce a mathematical model for a comprehensive SCNR problem regarding routing

decisions.

Sets and indices

F Set of manufacturing plants indexed by i, j

We Set of existing warehouses indexed by i, j

Wi, Set of potential sites for new warehouses indexed by i, j

W Set of all of warehouses; w = w, U w,,; indexed by 1, j

K Set of customers indexed by 1, j

i,7 Indices of all of nodes; (i,7 € FUW UK)

\% Set of vehicles indexed by v

P Set of products indexed by p

Parameters

dip Demand of customer i(z € K) for product p

cap;, The capacity of warehouse (i € W)for product p

Mppi Production capacity of manufacturing plant i(i € F) for product p

veap,, The capacity of vehicle v

VCy Variable transportation cost per unit distance for vehicle v

UCy Fixed transportation cost for vehicle vper trip

DCp Production cost for product type p per unit product

ocy Outsourcing cost for product type p per unit product

heip Inventory holding cost in warehouse i(i € W) for product type p per unit product
per period

T4 Total cost of relocation or consolidation of existing warehouse i to a new site or
other existing warehouse j, if i =j thenr;; =0 (i € W,,j € W)

feip Unit maintenance cost of the capacity of warehouse i(i € W) for product p

fm; Fix part of the maintenance cost for warehouse i (i € W)

fn; Cost savings resulting from the capacity transition of existing warehouse i(i € W)

fsi Cost savings resulting from the phase-out of existing warehouse i (i € W)

fbi Fixed cost of building a new warehouse i(i € W)

dis;; Distance between nodes 4,5(i,j € FUW U K)

Decision variables

1
1jpv

2
1) pvU

Amount of product p transported by vehiclevfrom nodeito node j in the first
echelon (plant-warehouse) (i,j € FUW)

Amount of product p transported by vehicle v from node i to node j in the second
echelon (warehouse-customer) (4,5 € W U K)

Amount of product p outsourced for warehouse (i € W)

A binary variable equal to 1 if arc (7, j) in the first echelon is visited by vehicle v;
0, otherwise. (i,j € FUW)

A binary variable equal to 1 if arc (7, j) in the second echelon is visited by vehicle
v; 0, otherwise. (7,5 € W UK)

A binary variable equal to 1 if the capacity of warehouse i(i € W,) is transferred
to warehouse j(j € W,i # j) or remains open (i = j), or new warehouse i (i €
W, i = j) is established; 0, otherwise

The deterministic supply chain network redesign model is as follows:

min Z Z TijZij + Z fbiZii + Z Z ijp Z capipZi]- + Z fm]'ij — Z fsi <1 — Z Zij> + fn; Z Zi]'

i€EWe JEW i€EWp

peEP jEW i€We JjeEW i€We JEW ] cw

iF ]
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+ Z Z Z UCinljv + Z Z vcvdisiniljv + Z Z Z uchinU —+ Z Z veypdisg; X

i€EF jEW veV i,JEFUW veV i€EW jeK veV i,JEWUK veV
202D D peQipet 2 D oenYip+ 3 DD D heinQip.
i€EF jEW peP veV i€EW peP i€EW jEK peEPvEV
Subject to:
> Zi < Wz, Vjiew
€W
Y Zi<1 Vie W
jeEw
> Z; <0 Vi e W,
jew
iFJ
YN Q2 <> cap,Zin Vie W,¥pe P
JjEK veV reWw

first echelon constraints

Y20, <M Vie FYpe P

JEW veV
> QL < veap, X, Vie FUW,YjeW,vueV
pEP
Z Z Xz_]v = YveV
ieF jeWw

Sooxho= > X, Vie FUW, Yo eV
JEFUW JEFUW
Z Z QZ”PU - Z Z QZ]PU o ’ Z Z sz/pv Vi€ W, VP eEP
veV ire FUW veV jeK veV ire FUW

Z ngpv = Z szpv VieW,Vpe PYveV
i€ FUW e FUW

second echelon constraints

ZQQ < veap, X, Vie WUK,Vje K, YveV
peEP
Z Z Xzyv — YveV
ieW jeK
Z ngv_ Z jZ’U Vie WUK,YveV
JEWUK JEWUK
Z Z Qﬂpv_ lp—z Z Q”pu Vie K,Npe P
veV jeWUK veV jeWUK
Z CQZ];DU2 Z Q]zpv VjGK,VPGP,V’UGV
iEWUK iEWUK
Qmw’ Upv’Y >0
X}W,XZQJU7 Z;;  binary variables.

(2.1)
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Objective function (2.1) includes the costs and cost savings consisting of transportation, warehousing, out-
sourcing, producing, establishing and phase-out and consolidation of warehouses. If an existing warehouse is
phased out or consolidated to another warehouse, a cost saving occurs. In this paper, unlike previous studies,
for transferred warehouses, a profit parameter apart from the cost saving is defined (fn;). This profit parameter
includes the profits made by selling the warehouse and similar assets.

Constraint (2.2) ensures that the capacity of existing warehouses cannot be consolidated into a closed or
unestablished warehouse. Constraint (2.3) considers the various alternatives for existing warehouse j. Con-
straint (2.4) ensures that the capacity of new warehouses cannot be transferred. Constraint (2.5) ensures the
total product p that flows from warehouse i to the set of customers covered by this warehouse cannot be larger
than the installed capacity.

Constraints (2.6)—(2.11) are related to the first echelon of supply chain (plant-warehouse). Constraint (2.6)
limits the total product flow from facility ¢ € F' to its capacity. Constraint (2.7) guarantees that the vehicle’s
capacity should not be exceeded. It, also, implies that the quantity of product type ptransported by vehicle
type v through arc (¢,j) can be positive if only the arc (4, j) is visited by that vehicle (X;;, = 1). Constraint
(2.8) ensures a vehicle cannot be employed by multiple plants. Constraint (2.9) implies that every point entered
by the vehicle should be left by the vehicle. Constraint (2.10) is the balance constraint for product type p in
warehouse i. Amount of product p left warehouse i is equal to amount of product p entered to this warehouse
minus amount of product p that should be remained there. Constraint (2.11) is a logical constraint that is
created for preventing the vehicles to pick up products from warehouse zones.

Constraints (2.12)—(2.16) are similar to constraints (2.7)—(2.11) in the second echelon of supply chain
(warehouse-customer). Finally, constraints (2.17) and (2.18) display nonnegative and binary variables.

3. ROBUST APPROACH

Robust optimization is one of the techniques to tackle uncertain issues. It is a strong methodology to find a
robust solution and manage the risks arising from noisy data [26].

The robust formulation with interval data uncertainty was first introduced in mathematical programming by
Soyster [32]. Soyster considered the uncertain technological coefficients in the standard form of linear mathe-
matical programming. In this methodology, the maximum level of conservatism is incorporated in the model by
substituting the supremum values, or worst-case values, of the uncertain technological coefficients. The draw-
back of Soyster’s approach is that the robust solution can be highly over- conservative in practical cases because
the probability at which uncertain parameters reach their worst values is as low as they reach their normal
values [34]

A linear robust optimization approach in continuous spaces for interval uncertain parameters is also proposed
by Bertsimas and Sim [5], Bertsimas and Sim [6]. They argued that in real conditions it is less probable that all
uncertain parameters take their worst-case value. These robust optimization approaches sometimes lead to very
conservative solutions, so Fischetti and Monaci [13] investigated a new way to model the uncertainty, leading
to a modelling framework, called Light Robustness (LR). This approach is a balancing between the feasibility
due to uncertain parameters (solution robustness) and the quality of the solution. They proposed two models as
light robust approach and their first model is a strongly relied on the Bertsimas and Sim definition of robustness.
We will explain a summary of this approach in follows.

3.1. The Light Robustness approach (LR approach)

In Bertsimas and Sim (BS) approach, due to the objective function value, the optimal solution can be worse
than the optimal solution of the deterministic problem. It should be mentioned that LR approach is concentrated
on balancing the quality of the solution (the objective function value) and the robustness of the solution (the
uncertainty of the coefficients). This method, as a new process of formulation, finds the most robust solution
which is not too far from the nominal (deterministic) optimal solution.



S154 7. AZADEHRANJBAR ET AL.

Let us consider a linear mathematical programming model as:

min Y ¢;X; (3.1)
,J

S.t.:

Z ainj < b; Vie M (32)

JEN

X; >0 VjeN (3.3)

The counterpart of (3.1)—(3.3) in LR can be shown as:

Parameters

p Parameter of balancing the optimality and feasibility of the solution

Variables

s Slack variable that expresses the robustness level of the solution in the constraint for i.
(1e M)

w; The importance or weight of constraint i. (i € M)

I; The maximum number of parameters that take their worst-case value for each constraint

min Z wiYi (3.4)

i€ M
s.t.:
Z aijz; + ¢ (z,15) — v < b; Vie M (3.5)
JEN
> aya; <b; Vie M (3.6)
JEN
Z c;jx; < (1+p)zx (3.7)
JEN
zj >0 VjeN (3.8)
%20 Vi € M. (3.9)

Objective function (3.4) minimizes the weighted sum of slack variables 7;. Each variable ~; expresses the
robustness level of the solution in constraint (3.5). Especially, ; takes a positive value when the corresponded
robust constraintiis exceeded. Also, ¢ (z,T;) is the protection function which can be defined as follows:

z,[';) = Max QT
o (@ L) SCN|S|<T; Z R
Jes

As mentioned earlier, parameter p is determined to balance the optimality and feasibility of the solution.
p = oo demonstrates that the objective function of nominal problem is not considered and p = 0 defines the
nominal objective function. In constraint (3.7), a maximum deviation for the value of objective function is
considered with respect to z* determined as the optimal objective function of nominal problem. In the objective

function (3.4), w; are weights to consider different scales of constraints. LR counterpart of (3.1)-(3.3) can be
defined as follows:

min Z wiYs (3.10)
ieM
s.t.:
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Z a;ijr; + Lo + Z Bij —vi < b Vie M (3.11)
JEN JEN

—ayT +a;+ By >0 Vie M,j €N (3.12)
@; >0 Vie M (3.13)
Bij = Vie M,j €N (3.14)
Z c;jx; < (14 p)2zx (3.15)
JEN

zj >0 VjeN (3.16)
5 >0 Vi e M. (3.17)

This paper presents a light robust supply chain redesign model that incorporates varies sources of uncertainty.
Unlike most of the published robust supply chain network design and redesign models that apply scenario-based
robust optimization methods, we adapt the robust formulation with interval data uncertainty developed by
Fischetti and Monaci [13] to overcome the aforementioned limitations of scenario-based models (e.g., dependency
on the characteristics of scenarios specified as well as the computational overhead for managing a large number
of scenarios). Light robustness is a new flexible method that can generate less conservative solutions in terms
of objective function in comparison to other interval robust methods.

3.2. Light robust supply chain network redesign with routing consideration (LRSCNRR)

In real supply chain cases, demand and many operational costs are generally uncertain parameters. In this
section, we extend the deterministic model presented in Section 2 to a robust optimization model in which
demand, production cost, fixed establishing cost and saved cost of phasing-out are considered as uncertain
parameters. The uncertain parameters dbp, DCp, sz, fsZ are bounded and distributed in their correspondent
intervals with the nominal values of d; ,,, pc,, fbi, fs; and the maximum variations of dw[,7 DPCp, fbl, and fsZ
respectively. For example, (L-,p belongs to the interval [d; , — cZi,p, dip + cfi’p]. Also, we define parameter p as a
balancing factor to control the maximum deviation of optimal solution. The proposed light robust model is as
follows:

Min Z =Y ) wipyip (3.18)

i€k pep
Subject to:
b
Z Z TijZij + Z fbizig + 1700l + Z 8%+ Z Z feip Z cap;,zij + Z fmjzj;
1€EW,e JEW 1€EWy, 1€EWy, PEP jEW €W, jEW

—Z fsi 1—221-]- + fn; Z Zij -I—I‘fsafs—i-Zﬁifs—i-ZZZucvx%jv

i€we jew j € we i€w, i€Ef jEW vEV (3.19)
iFJ
+ D Dvedisyzl, £ ) D ueal,+ Y Y vedisysh, £ D D D perQi
4,jE€fUw vEV icw jek vEV 1, jEWUk vEV iEf jEW pEpP vEV
SRS S ED ) IS 3) ) 3) 3 R
peEP 1Ew pEP icw jek pEpP vEV
all + ﬂifb > fbizii Yi € wy, (3.20)
of 5l > s [ Dz -1 Vi € w, (3.21)

JEW
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O Z Z Zﬁch%jpv Vpep (3.22)
i€f jJEwW vEY

Z Z Q?jpv - Z Z Q?Z'Pv +dip + nga?p + 6;11) —%ip =0 Vi€ kVpep (3.23)

vEV jewUk vEV jewUk

afp + gp Z dAip Vi € kavp €D, (324)

and constraints (2.2)—(2.14) and (2.16)—(2.18)

afp,apc,osz,afs, fi,,ﬁpc,ﬂfb,ﬂfs,’yip > 0. (3.25)

Equation (3.18) displays the objective function. Reduction in 7;;, leads to controlling constraint (3.23). Simply
put, when uncertain parameters d;, substantially deviate from the nominal values, equation (3.18) avoids infea-
sibility. Thus, the objective function attempts to reduce the infeasibility of the generated solutions under future
variations. Constraint (3.19) controls the quality of generated solutions. It ensures that generated solutions have
acceptable deviation from optimal solution of the nominal model which is displayed by co*. Also, it includes the
other uncertain parameters. Constraints (3.20)—(3.22) and (3.24) are relevant to the robust optimization model.
The rest of the constraints are similar to the constraints of the deterministic model.

3.3. Revised light robust supply chain network redesign with routing consideration
(RLRSCNRR)

In this section, a revision on the application of the light robust approach in SCNRR is presented. Objec-
tive function (3.18) tries to minimize the total violation of a set of constraints (2.2)—(2.14), (2.16)—(2.18) and
(3.19)—(3.25). It could be inferred that the LRSCNRR does not lead to a solution which distributes the capacity
to demand points evenly. Such solution can increase the probability of shortage. By introducing the objective
function (3.26) and replacing (3.18), in addition to considering the importance of each product in each demand
point, the model tries to find a solution which distributes the available capacity to demand points evenly.

min max {wipYip} - (3.26)
In order to linearize (3.26), the objective function (3.27) subjected to (3.28) is introduced:

min R (3.27)
R Z Wi )\i . 3.28
prhp

In the next section, the performance of the introduced objective function compared to the original one is
illustrated.

4. COMPUTATIONAL RESULTS

This section aims to extend three significant purposes. First, a numerical example is generated to test the val-
idation of the deterministic nominal model. Then, this numerical example will be solved using robust approaches
to analyze the features of the presented robust model. At the end of this section, The models are solved using
GAMS 23.5/CPLEX 12.2 on a computer with a core i5 2.53 GHz processor and 6GBs of RAM.

4.1. Numerical example of DSCNRR model

Assume a network with two factories (A, B) that both can produce two types of products. There are two
existing warehouses (W7, Ws) and one potential site to establish a new warehouse (W3). Moreover, there
are five customer zones with determined demands and four vehicles in different types to be used for product
transportations. Capacities, demands, distances and cost parameters are detailed in Appendix A. The cost
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FIGURE 1. Network of numerical example.

parameters of this example are similar to cost parameters of the real-world problem in Melachrinoudis and Min
[22]. Other parameters have been generated randomly.

The relocation costs depend heavily on the capacity of the existing warehouse at site i that is being relocated
(cap; ,) as well as the distance from the current location to site j (dis; ;) at which is relocated (consolidated).
In addition, there is a fixed cost of relocation that is independent of capacity and distance while dependent on
sites ¢ and j, (rfi;) [22]. Therefore, the cost of moving the capacity of warehouse i to warehouse j is:

ri; = rfij + (rei; +red.dis;j)cap; Vi € We, j € W, where rf;; is a fixed cost of relocation that is independent
of capacity and distance but dependent on sites j and i. r¢;; is the relocation cost per unit of capacity and rcd
is the cost of moving a unit of capacity one mile away from the current location [22].

Also, the savings correspond to the closing warehouse i including the fixed cost, fn;, the capacity cost and
the profits from the sale of the assets, prorated per year of the planning horizon, fs; = fn, + (cap, Vi € We,
w ( indicates the savings per unit of capacity released.

After solving the problem by GAMS software in the aforementioned characteristics Figure 2 illustrates the
final solution.

As shown in the Figure 2 the warehouse W5 is phased-out, the new warehouse W3 is established and the
capacity of warehouse W7 is transferred to the W3. Also, the optimal routs in both of the echelons are specified
by different colors. Total demand of product type P» is over than total production capacity of this product, so
in the optimal solution 1000 units of product type Ps is outsourced for warehouse Wi. The optimal cost of this
problem is 7 337 042$.

4.2. Numerical example of RLRSCNRR model

Due to the aforementioned characteristics of robust method, we can define parameter ¥ which displays the
fraction of parameters that reach their worst values, 0 < ¢ < 1. According to this description we can define
I'?¢ = ¢ |P| and so for other uncertain parameters. On the other hand, to determine range of uncertainty in
non-deterministic parameters, it is defined that p¢, = Opc, in which 0 < # < 1 and so for other uncertain
parameters.
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FI1GURE 2. Optimal network of numerical example for DSCNRR.

It should be noted that the left hand side of constraint (3.19) is named as RLRCO. The RLRCO is real total
cost achieved by the RLRSCNRR model.
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In addition, RLROF is the objective function value of the RLRSCNRR model (3.18).

We consider 6 as the range of uncertainty is equal to 30%, v is equal to 40% and the maximum deviation, p,
is equal to 30%. Also, it is assumed that all customers have same importance so that w;, = 1 for all .

After solving the problem by gams software in the aforementioned characteristics Figure 3 illustrates the
final solution. The optimal network of this supply chain in this condition is shown in Figure 3. As shown in the
Figure 3 the capacity of warehouse W7 is transferred to Ws, and the new warehouse W3 is not established in
this situation. The optimal routes in both of echelons are specified by different types of lines. With respect to
uncertain demands, the amount of outsourced products is increased so that 20 000 units of product P; and 30 305
units of P, are outsourced. Also, due to aforementioned characteristics of the revised light robust approach,
the model is allowed to ignore some portion of demand to control constraint (3.19). ;, represents the ignored
demand of each product for each customer. In this case, optimal solution leads to ignore 22 400 units of product
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FIGURE 3. Optimal network of numerical example for RLRSCNRR.

Py and 45996 units of product P, for customer 1. So, RLROF is equal to 68396 and RLRCO (cost of the
RLRSCNRR model) in aforementioned situation of parameters is equal to 9538 155$.

4.3. Solution robustness analysis

In this section, the robustness of different solutions obtained from three models (Deterministic, Light Robust,
and Revised Light Robust) is compared. In order to do so, a simulation procedure is employed. In this procedure,
each uncertain parameter is randomly generated in its own interval, as previously described. The solutions
obtained from each of the three models are used to satisfy the demands in the generated circumstance. In
order to compare the robustness of the three solutions, total unsatisfied demands of customers are calculated
using each of the three solutions. This generation procedure is done by 1000 times and the total unsatisfied
demands using each of the three solutions is calculated. Figure 4 represents the results of simulation and shows
considerable decrease in number of unsatisfied demand.

Although, in some cases, using the DSCNRR solution may lead to even lower number of unsatisfied demands,
it could be inferred that, in most cases using RLRSCNRR and LRSCNRR, solutions lead to much fewer
unsatisfied demands. In order to illustrate the performance of the revised light robust model more explicitly,
each 25 generating time is considered as a pack of generation, so that the total unsatisfied demand could be
reported by the average of unsatisfied demands of these 25 generations. Figure 5 represents the results for
40 packs of generation (each of which includes 25 time generating). As is obvious, using the RLRSCNRR
solution leads to much fewer unsatisfied demands which proves the good performance of the proposed revision
in Section 3.3.
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FI1GURE 6. Effect of level of uncertainty on RLROF for the test problem in a fixed level of p.

TABLE 1. Effect of uncertainty for the test problem.

p=0.2 P

0 Function 0 0.2 0.4 0.6 0.8 1

0.05 RLRCO 7337042 7907675 7927675 7947 383 7966 799 7986 215
RLROF 0 0 0 0 0 0

0.1 RLRCO 7337042 8568108 8590108 8612020 8633844 8655 668
RLROF 0 0 0 0 0 0

0.2 RLRCO 7337042 8804451 8804451 8804451 8804451 8804451
RLROF 0 35498.4 37946.5 40382.8 41827.2 43140.7

0.3 RLRCO 7337042 8804451 8804451 8804451 8804451 8804451
RLROF 0 85945.2 89670.9 92284.8 94255 96225.1

0.4 RLRCO 7337042 8804451 8804451 8804451 8804451 8804451
RLROF 0 137069.4 141533.3 144184.1 146810.9 149485.4

4.4. Analysis for the robust optimization model

In this part, two types of analyses will be examined to evaluate the changes of RLROF in the RLRSCNRR
model. First, we will change uncertainty percentage (¢) and the range of uncertainty (0) in a fixed allowed
maximum deviation (p), then we will change uncertainty percentage and the allowed maximum deviation in a
fixed range of uncertainty.

Figure 6 represents the effect of level of uncertainty on the robust objective function in a fixed maximum
deviation p = 0.2 in different ranges of uncertainty, which are specified by colors and marks. The details of this
chart are given in Table 1. (Note that in Fig. 6 the line of § = 0.1 is covering the line of § = 0.05).

The third column in Table 1 (¢ = 0) represents the deterministic problem which include no uncertain param-
eter, so RLRCO is equivalent to co*. In the other columns RLRCO is equal to the upper bound of constraint
which is (14 p)co* . Raising the value of 6 (the range of uncertainty) in each column leads to rising the value of
RLROF. Moreover in a fixed value for range of uncertainty, raising the value of ¢ (uncertainty percentage) leads
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FiGURE 7. Effect of level of uncertainty on RLROF for the test problem in a fixed level of 6.

TABLE 2. Effect of uncertainty for the test problem.

0=0.3 Y
p Function 0 0.2 0.4 0.6 0.8 1
0.1 RLRCO 7337042 8070746 8070746 8070746 8070746 8070746
RLROF 0 110845 112964.7 115065.6 117147.6 119894.8
0.2 RLRCO 7337042 8804451 8804451 8804451 8804451 8804451
RLROF 0 88290.8 90296.8 92284.8 94255 96225.1
0.3 RLRCO 7337042 9538155 9538155 9538155 9538 155 9538155
RLROF 0 66389.2 68395.2 70383.2 72353.4 74323.5
0.4 RLRCO 7337042 10271859 10271859 10271859 10271859 10271859
RLROF 0 48700 48700 48700 50451.8 52421.9

to rising the value of RLROF. In this table because of the fixed amount of p, when RLROF takes positive values,
RLRCO will be equivalent to (1 + p)cox. If RLROF =0, RLRCO will take values between co* and (1 + p)cox.

Figure 7 illustrates the effect of uncertainty level on the robust objective function in a fixed range of uncer-
tainty 0 = 0.3 in different values of maximum deviation of the optimal solution which are specified by colors
and marks. The details of this chart (effect of changes in the value of 1) and p with fixed level of § = 30% on
RLRCO and RLROF) are given in Table 2.

As is shown in Table 2, without considering uncertainty (1) = 0) the RLRCO is equivalent to co* While in
the other columns (1) > 0), RLRCO is equal to the upper bound which is (1 4+ p)co*. As, in each row, the value
of p is fixed, RLRCO will be equal to (1 + p)co* if RLROF takes positive values. Also, if RLROF=0, RLRCO
will take values between co* and (1 + p)cox.

In each column, taking a greater value of p leads to reducing the value of RLROF. Furthermore, in a fixed
value of maximum deviation raising the value of ¢ (uncertainty percentage) leads to rising the value of RLROF.
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TABLE 3. Unsatisfied demands in three approaches.

Test number Test size DSCNRR LRSCNRR RLRSCNRR
Number of Number of Numbers of Unsatisfied demand (x10%)
plants warehouses customers

1 2 3 5 3.125 1.303 0.160

2 2 3 6 3.820 1.626 0.187

3 2 3 7 4.415 1.708 0.199

4 2 4 7 4.312 1.678 0.191

5 2 4 8 4.632 1.712 0.200

4.5. Quality of solution

In this part, 4 more numerical examples are generated and solved in order to demonstrate the improvement
in solution regarding to unsatisfied demands. In these 5 test instances, different combinations of number of
facilities in each echelon are considered while for all test problems, 8 = 30%, ) = 40%, and p = 30%.

From the Table 3 it could be inferred that unsatisfied demands in all test instances are decreased considerably
using RLRSCNRR approach in comparison with two other approaches.

5. MANAGERIAL IMPLICATIONS

The proposed model provides a number of managerial implications to support supply chain managers to
consider all aspects of supply chain redesign such as routing limitations, production capacity and uncertainty of
parameters. These issues were studied to help and guide network designer for reestablishing a proper network
as follow:

1. The routing with consideration of split delivery system, as one of the real-world problems involved in supply
chain costs, is balanced in total cost calculations.

2. Due to the production capacity in the real cases, considering of possibility of outsourcing can help to prevent
infeasibility.

3. Considering a minimax objective function instead of frequent objective function of LR model can help reach
better solutions.

6. CONCLUSION

In this paper, we proposed a new mathematical model to redesign a three-echelon supply chain network
problem. The proposed model extends previous studies by integrating key features needed to capture real-world
conditions. We imported routing constraints to the redesigning problem. Moreover, because of the production
capacity limitation, we considered outsourcing feature to satisfy a big portion of demands.

Uncertainty in some parameters is one of the inseparable features of real-world cases. Therefore, we considered
some parameters as uncertain and implemented a robust approach to deal with this uncertainty. The light robust
approach is a compromise between the robustness and the quality of the solution. Light robustness is a new
flexible method which can generate fewer conservative solutions in terms of objective function in comparison
with other interval robust methods. In this paper, we revised the objective function of LR approach to reach a
better solution which makes fewer unsatisfied demands.

We presented a numerical example for the RLRSCNRR model to validate it. Then, we made some analyses
to prove that, when there are uncertain parameters, our new objective function makes better solutions in
comparison with the LR model and the deterministic model. Also, we did sensitive analysis on the robust model
and observed effects of changing the level of uncertainty, range of uncertainty and the maximum deviation on
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the objective function value and total cost. The results show that, in uncertain situations, the revised light
robust model makes better solutions with fewer number of unsatisfied demands, which makes for lower costs.
With respect to these results, the proposed model can be used for every supply chain with different purposes

to find the optimal new design of the supply chain in a more realistic situation.

In our future research, we intend to take more factors into account in the supply chain, such as the periodic
capacity transition or transportation modes. In future work, we can also model a green or sustainable network
redesign or consider a comprehensive routing inventory redesign model. On the other hand, more research is

needed to design new solution approaches to solve the proposed model.

APPENDIX A.

TABLE A.1. Customer’s demands.

Py Py
Ky 33000 55500
Ky 64000 71500
Ks 80000 O
Ks O 79 500
Ks 71000 44500

TABLE A.2. Costs of warehouses ($).

Wi Wy W3
fmi (i e W) 180000 190000 200000
fni(i€W.) 220000 250000 -
fsz (i € We) 520000 670000 -
b (i € Wy) - - 900 000
fcw (iew) P 11 13 1.2
Py 1.3 1.5 1.3
hcip (’L [S W) Py 9 9.5 9
P, 10 11 10.5

TABLE A.3. Production and warehousing capacities.

Pl P2
Mp;(ie F) A 140000 150000
B 140000 100000
cap, (1 € W) W; 150000 100000
Wo 150000 200000
Ws 160000 170000
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TABLE A.4. Fixed cost of consolidating warehouses ($).

W1 Wa W3
Wi 0 422037 465875
W2 550852 0 589 860

TABLE A.5. Vehicle’s parameters.

Vi Va Vs Vi
vcap, 180000 170000 170000 180000
ves (3) 0.5 0.6 0.6 0.5
uc, (8) 300 200 200 300

TABLE A.6. Procurement cost of products ($).

Py Py

pep 2 2.2
oc, 222 225

TABLE A.7. Distances.

A B W1 W2 W3 Kl K2 K3 K4 Ks

0.00 69.01 82.98 64.90 15.23 44.27 76.01 39.01  5.39 88.46
69.01 0.00 96.57 39.92 83.15 9348 102.73 30.00 67.12 102.73
1 82,98 96.57 0.00 57.63 92.70 50.45 17.72 84.65 87.48 6.32
Wz 64.90 39.92 57.63  0.00 79.92  68.26 66.40 39.92  66.22 63.60
Ws 1523 83.15 92.70 79.92 0.00 48.00 83.36 53.24 16.03 97.72
K1 4427 9348 50.45 68.26 48.00 0.00 37.16 68.25 49.65 54.08
K, 76.01 102.73 17.72 66.40 83.36 37.16 0.00 85.87 81.01 18.60
Kz 39.01 30.00 84.65 39.92 53.24 68.25 85.87 0.00 37.22  90.96
K4 539 67.12 87.48 66.22 16.03 49.65 81.01 37.22  0.00 93.06
Ks 88.46 102.73 6.32 63.60 97.72 54.08 18.60 90.96 93.06 0.00

S
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