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Multi-objective sustainable opened- and closed-loop supply chain

under mixed uncertainty during COVID-19 pandemic situation

Abstract

Logistics problems play a significant role in an emergency situation. During and after
a critical circumstance (like pandemic COVID-19), it is an important task to active
the opened- and closed-loop system through an efficient and resilient supply chain
network. This paper considers a multi-objective multi-product multi-period two-stage
sustainable opened- and closed-loop supply chain planning to maintain supply among
production centers and various hospitals during COVID-19 pandemic situation. To
build a less contagious network, transportation problem and pick-up-delivery vehicle
routing problem are designed as two stages, respectively to carry out distribution. We
allow a mixed uncertain environment by considering uncertain-random parameters in
the proposed model to express ambiguity in real-life data. A multi-attribute decision
making approach is suggested to determine the priorities of affected areas, accord-
ing to their urgency in terms of entropy weights. Moreover, a robust optimization
approach for uncertain-random parameter is developed to cope with uncertainty in
different scenarios, and thereafter augmented weighted Tchebycheff method is applied
to solve the model. To demonstrate the practicability of the proposed model and solv-
ing approach, three test problems with reasonable sizes are considered and results are
discussed through some sensitivity analyses.

Keywords: Sustainable opened- and closed-loop supply chain; Mixed uncertainty;
Multi-attribute decision making; Transportation problem; Pick-up-delivery vehicle rout-

ing problem; Robust optimization.

1 Introduction

Planning a suitable production and distribution system (PDS) is very difficult as well as
important during critical situation for providing necessary goods to consumers. Again, plan-

ning in emergency situations are different from business planning in various ways ([32]): (i)
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absence of previous experience, (ii) proper information may not available, (i) resources and
requirements may not be available to maintain the supply chain (SC), (iv) there are various
risks to carry out SC and limited time to resolve those, (v) complicated system management
may lead the PDS into serious trouble. Sustainable supply chains become a research trend
nowadays, because of its concerns about economical, environmental and social impacts. In
critical lock-down situations during affect of COVID-19, a SC should be designed to resolve
the main issues about shortages of budget and raw materials, late delivery, unsatisfied de-
mands (UDs) and unemployment; therefore the sustainable closed-loop SC (SCLSC) would
be a better option. However, the environmental impacts (EIs) are not so much concerning
issue in this situation as most of the public transports are stopped. Hence, the primary goals
of the SC administrators should be to satisfy demands within a suitable time by increasing
employments, also by keeping in mind the budget.

According to the literature of SC, there are mainly three types of SC network: (i) forward, (i)
reverse, and (%ii) closed-loop SC (CLSC), in which first two also can be recalled as opened-
loop SC (OLSC). Emergency logistics problems mainly focus to the OLSC, however in the
emergency circumstances due to usual shortage of new raw materials and budget, and high
demands, reusable products should be recovered and reproduced to be used again, therefore,
as a result, reverse flows should be incurred in synergy with forward flows. Also, researchers
([9], [11], [25]) have explained the fact that there are more job opportunities in reverse net-
work (RN) than the forward network (FN). As a thought of these facts, the proposed PDS is
designed with collaboration of opened-loop (OL) as well as closed-loop (CL) by integrating
existing studies on SC, reverse logistics (RL), and humanitarian logistics (HL), in which
economical, satisfactory and social aspects are taken into consideration. Then the problem
becomes sustainable opened- and closed-loop supply chain (SOCLSC). The proposed SO-
CLSC network consists of two types of products, non-reusable products (NRPs), which flow
from production-distribution centers to hospitals through transfer-collection centers (TCCs)
in OL forward network, and reusable products (RPs), which flow from production-recovery-
distribution centers to hospitals through same TCCs in forward network and after used, flow
back to disposal and production-recovery-distribution centers from hospitals through TCCs
in reverse network (thus the CL network is formed with only RPs).

In the recent years, SCLSC becomes more popular among researchers and company man-
agers due to its versatile competitive advantages. Economical impacts of SCLSC help the
companies to take right strategic and planning decisions for achieving profit, making new em-
ployments, supplying raw materials or delivering products. On the other hand, considering
social impacts (SIs) help to make a nice public image for the companies to get competitive
advantages ([25]). Actually, choosing sustainable impacts which get the SC network design



more closer to the real applications. Recently, Das et al. [4] applied type-2 intuitionistic
fuzzy (T2IF) logic to a green solid transportation-location problem (TLP) by considering
carbon tax, cap and offset policy. Liao et al. [13] took into account economical and en-
vironmental issues in a CLSC network for citrus fruits crates. Maity et al. [18] developed
a sustainable time-variant multi-objective transportation problem (TP) in interval environ-
ment. Considering economical and environmental aspects; Alegoz et al. [2] designed a CLSC
network.

Most general objectives considered by previous researchers for a logistics problem in disas-
ter response or in SCLSC are minimizing total cost (maximizing profit), minimizing time,
minimizing backlog quantity (BQ), minimizing carbon emission, maximizing employments,
maximizing satisfaction of demand points, etc. Tzeng et al. [35] formulated a multi-objective
model for relief delivery by considering minimizing total cost, minimizing total travel time
and maximizing satisfaction as three objectives. Gilani and Sahebi [11] designed a sustainable
supply network with maximizing profit and employments, and minimizing Els. Considering
composite weights for three objective functions, cost, time and satisfaction of demands, Liu
and Zhao [15] solved an emergency logistics problem. Soleimani et al. [33] demonstrated a
RL problem by pick-up and delivery with reducing pollution and cost and solved by fuzzy
programming (FP). Haghani and Oh [12] minimized total cost in a multi-commodity multi-
modal network for disaster relief operations. Afshar and Haghani [1] constructed a logistics
model for disaster response and aimed to minimize the weighted sum of UD as objective.
Based on the above views, we motivate to formulate an emergency SOCLSC network which
minimizes total cost of production, distribution and inventory, total distribution time in
forward and reverse flows, total BQ weighted by demand priorities (DPs), and maximizes
total created employments.

For distribution network in SC or logistics problems, most of the previous studies were for-
mulated as TP, and a few of them was constructed as vehicle routing problem (VRP) or
location-routing problem (see Table 1). Maity et al. [19] analyzed a multimodal TP by
showing its application to artificial intelligence. Zhalechian et al. [38] designed a sustainable
closed-loop location-routing-inventory supply chain network under stochastic-possibilistic en-
vironment. VRP with spilt demands was used in reverse logistics by Eydi and Alavi [8] and
solved by simulated annealing (SA). Recently, Midya et al. [20] formed a multi-stage multi-
objective fixed-charge solid TP in a green supply chain in intuitionistic fuzzy environment.
Actually, there are not enough diversity in the network design of supply chain in the exist-
ing researches. Here we contemplate that, only one TCC can be situated in each affected
area/city, and all hospitals in this area/city are covered (deliver and collect) by this TCC.

Furthermore, distance between the TCC of an area/city and hospitals of another area/city is



often very long, so transaction between two different areas/cities can be more time and cost
consuming, and it is also unreasonable due to contagious nature of COVID-19. Regarding
these facts, we consider TP (as first stage) as well as pick-up-delivery VRP (PDVRP) (as
second stage) to distribute and collect products.

Handling the uncertainty in the parameters is a typical issue in a real-life logistic problems as
wrong estimation of parameters leads to higher losses in an unpredictable and undesirable cir-
cumstance. Many distribution problems under various uncertainties were studied previously,
some of them are described here. Fathollahi-Fard et al. [9] formulated forward/reverse logis-
tics network, and Mahapatra et al. [17] formed multi-choice TP in stochastic environment.
Tofighi et al. [34] designed a HL network under mixed uncertainty (possibilistic-stochastic)
and solved by possibilistic-stochastic programming (PSP) and differential evolution (DE).
Roy and Maity [28], Roy and Midya [29], Roy et al. [30] and Roy et al. [31] designed various
types of multi-objective TPs in interval, intuitionistic fuzzy, random-rough and fuzzy-rough
environments, respectively. Mirzapour et al. [21] used robustness to handle uncertainty in
SC. Das and Roy [3] solved a multi-objective green transportation-p-facility location problem
under neutrosophic environment. Sometimes, due to lack of information, proper values of
the parameters could not be acquired, and only probability distributions are not sufficient to
estimate the parameters, so the decision maker has to provide such type uncertainty which
is a blending of historical data and belief degree to describe the parameters. Again fuzzy
concepts fail to quantify some indeterminate quantities like the bridge strength (see [14]).
Also in our best of knowledge, no previous study on SC is formulated in uncertain-random
environment. Motivated by the above facts we assume some parameters as uncertain-random
parameters, first proposed by Liu [16], which is an efficient tool to handle two-fold ill-known
quantities.

Among the affected areas it is likely that there are different levels of urgency for allocation
of products. Such urgency can be taken into account by considering different attributes
described in subsection 4.1. Inspired by Mon and Cheng [23], we propose a multi-attribute
decision making (MADM) approach, intuitionistic fuzzy analytic hierarchy process (IFAHP),
to determine urgency degrees (in terms of DPs) of affected areas in the form of entropy weight
priorities. AHP represents the elements of a problem hierarchically and is used to derive
priorities among criteria. For more details about AHP one can see Mon and Cheng [23].
Utilizing these priorities, the parameters related to the affected areas are estimated which is
explained in subsection 6.2.

Some of the previous methods, which are applied to solve deterministic and uncertain SC
models, are mentioned here. Nayeri et al. [25] formulated a SCLSC network by optimizing

economical, environmental and social impacts and solved by multi-choice goal programming



with utility function (MCGP-UF). Dehghan et al. [6] applied hybrid robust stochastic-
possibilistic programming approach to solve a CLSC problem. Gholizadeh et al. [10] applied
multi-objective genetic algorithm (MOGA) to solve CLSC problem. Das et al. [5] used
heuristic algorithm (HA) to solve a solid transportation-p-facility location problem. Enteza-
minia et al. [7] used L-P metric method to solve a multi-objective multi-product multi-site
production planning problem. Recently, fuzzy-robust (robust-possibillistic) optimization be-
came very popular to deal with uncertainty as well as to solve the SC problem ([11], [25],
[27]). RO through scenario decomposition is one of the most efficient robust techniques to
handle scenario-based uncertainty and to solve the production-distribution problem under
uncertainty. Adopting this approach, we develop a RO approach through decomposing sce-
narios of uncertain-random variable in this paper to solve the SOCLSC model, which is then
solved by augmented weighted Tchebycheff method (AWTM).

In brief, this paper suggests a multi-objective mixed integer programming (MOMIP) model
to describe a two-stage SOCLSC in mixed uncertainty, which considers multiple periods and
multiple products. The uniqueness of the contributed model can be found in the network
structure, where two types of products can flow in parallel way, also both new (original +
recovered) and returned RPs can be simultaneously distributed and pick-up (see Fig. 1). To

the best of our knowledge, such network is not designed in the available literature.
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Fig. 1: Framework of the proposed network.

» Research gap analysis



A summary of reviewed related literature can be seen in Table 1. By going through Table 1

and remembering existing literatures, some gaps of the past researches can be identified as

follows:

Most of the studies were formulated with one type of product i.e. RP or NRP in CLSC
but in real-life, for various purposes a CLSC network may contain RP as well as NRP.
Also most of the previous researches were designed as single product CLSC network
which is not suitable for a comprehensive SC network in an emergency situation.
Single objective and/or single period CLSC networks were designed by most of the
previous researchers. But in real-world problems, due to conflicting situations single
objective is not suitable to achieve the goals, also considering single period cannot
figure out the practical SC system properly.

As distribution network, most of the researches were designed as TP and/or location-
allocation or PDVRP, but TP and PDVRP should be simultaneously designed in a
two-stage SC during COVID-19 situation to provide more contact-less service.

In most of the studies, either uncertainty was not considered or uncertainty was consid-
ered in specific parameter (parameters) or single fold uncertainty was considered. But
in practical situations uncertainty usually occurs not only in some specific parameters
but also in almost all parameters and in some unpredictable and critical situations only
single fold uncertainty is not able to estimate the parameters properly.

Logistics problems during an emergency situation were usually formulated previously
as OL network, but in an unprecedented situation (e.g., COVID-19 lock-down) an
SOCLSC network would be better option than only OL network.

Demand priority was not calculated or utilized in most of the previous studies, but it

is obvious that demand points may have different urgency degrees.

» Contributions of the research

To fill in the gaps which are seemed in previous researches in all possible ways, this study is

contributed, and the outlines of the major contributions are as follows:

Offering a new MOMIP model which describes a multi-objective, multi-product, multi-
period, two-stage SOCLSC during the situation of COVID-19 by considering econom-
ical, satisfactory and social aspects.

Uncertainty in the parameters are tackled by considering uncertain-random environ-
ment.

Suggesting an MADM by IFAHP to determine priorities of affected areas in terms of
entropy weights.

Formulating TP as well as PDVRP simultaneously in a single SC network, to carry

out distribution and collection in a less contagious way.
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e Developing an equivalent robust counterpart model and solving it by AWTM.

e Deliberating three test problems, and finally studying results with some sensitivity

analyses to show the applicability of the stated problem.

The remaining paper is structured as follows: Some necessary preliminaries are given in Sec-
tion 2. Section 3 describes the motivation for considering uncertain-random parameters, and
the proposed problem is presented in Section 4. The uncertain-random robust optimization
technique as well as the solving procedure is given in Section 5. In Section 6, computational
experiments for three test problems are given to illustrate the feasibility and effectiveness
of the proposed model. Section 7 ensures the importance of the research by providing some
managerial implications. Finally, Section 8 delivers some concluding remarks and future

scopes.

2 Preliminaries

In this section some elementary concepts are discussed which are essential to proceed for
further study.

Definition 2.1 [1/] Let A is a non-empty set and A is a o-algebra over A. M, a set

function from A to [0,1] is called an uncertain measure if it satisfies the following axioms:

(i) M{A} =1 for the universal set A (Normality axiom).

(1)) M{O©} + M{O°} =1 for any event © (Duality aziom,).

(i) M U@L < Z/\/l {©.,} for every countable sequence of events ©1,0,,.... (Sub-
=1

=1
additivity axiom).

Then the triplet (A, A, M) is called an uncertain space. Moreover M also satisfies the
product axiom stated as:

(v) Let (Ag, Ag, My) be a series of uncertain spaces for ¢ = 1,2, ..., then for arbitrary events

O, chosen from A, for { = 1,2, ... respectively, M {H @g} = /\ M, {O,}.
=1 =1

Definition 2.2 [14] A measurable function T from an uncertainty space (A, A, M) to the
real numbers set is called an uncertain variable such that {T € B} is an event, where B is

any Borel set of real numbers.

Definition 2.3 [1/] The expected value of an uncertain variable T with a reqular uncertainty

1
distribution U is defined by, Ex|[r] = / U a)da.
0



Table 1: A brief reviewed literature on the proposed work.

Paper ND Uncertainty | Obj. Period | Pr.T PT PN DP | SM
Afshar et al. [1] Loc., Crisp UD Multi | HL RI Multi v | CPLEX
PDVRP
Das et al. [4] TLP T2IF C,EL T Single | OL NRP| Single | x | FP, GCM
Entezaminia et al. [7] TP Crisp C, EI Multi | PD,CL | RP Multi X L-P Metric
Eydi and Alavi (8] VRP Crisp C Single | RL RP | Single | x | SA
Gholizadeh et al. [10] | TP RO C Multi | PD,CL | RP | Multi X MOGA
Moghaddam [22] TP Crisp C, Q, LD, | Single | SS, OA | RP Multi X MCS + GP
Risk
Nayeri et al. [25]. TP FRO C, EI, SI Single | PD, CL | RP Multi X MCGP-UF
Rabbani et al. [27] Loc.- FRO C, EI, BQ Multi PD,CL | RP Multi Vv AUGMECON
Alloc.,
TP
Roy et al. [29] TP Fuzzy- C, T Single | FL NRP| Multi X FP, WGP,
rough TOPSIS
Soleimani et al. [33]. PDVRP | Crisp C,EI Single | CL RP Multi X FP
Tofighi et al. [34] Loc., Fuzzy- C, T, UD Single | HL RI Multi Vv PSP, DE
TP stochastic
Wang et al. [36] - Uncertain- C Single | Inventory NRP| Multi X Matlab
random
Zahiri et al. [37] TP Fuzzy- C,SLELR | Multi | PD,OL | NRP| Multi | x | HA
stochastic
Zhalechian et al. [38] Locationq Stochastic- | C, EI, SI Multi | CL RP Multi X Metaheuristic
routing- | possibilistic
inventory|
Zhen et al. [39] TP Stochastic C, EI Single | CL RP Multi X LR
Proposed study TP, Uncertain- C, T, BQ, Multi PD,OL | RP, Multi VA AWTM
PDVRP | random, SI + CL, | NRP
RO HL

ND: Network design; Obj.: Objective function; Pr.T: Problem type; PT: Product type; PN:
Product number; SM: Solution method; Loc.-Aloc.: Location-Allocation; C: Cost/profit/loss; O:
Others, T: Time, Q: Quality, LD: Late delivery, R: Resiliency, PD: Production-distribution, RI:

Relief item, AUGMECON: Augmented e-constraint, WGP: Weighted goal programming, LR:
Lagrange relaxation, GCM: Global criterion method.

Definition 2.4 [16] Let (A, A, M) and (Y, P, Pr) be uncertain space and probability space

respectively, then the chance measure of the uncertain-random event A in the chance space

(A, A M)

X (T,P,Pr)=(Ax T, Ax P, M x Pr) is defined by
1
Ch[A] = / Priwe ™| M{ycA|(y,w) € A} > rldr

0

Definition 2.5 [16] A function ¢ from the chance space (A, A, M) x (Y, P, Pr) to the real

numbers set is called an uncertain-random variable such that {¢ € B} is an event in A x T,

where B is any Borel set of real numbers.

Definition 2.6 [16] Let 1,72, ..., 7% be uncertain variables, then a simple uncertain-random



1

(71 with probability (w.p) pt,

72 with probability (w. 2,
variable is defined by, ( = p y (w.p)p

| 75 with probability (w.p) p°,
where Zizl p" = 1. The above mentioned simple uncertain-random variable actually assumes

S future scenarios with appearance probabilities p*, p?, ..., p° respectively. Then it can be re-

1

(71 wp pt (scenario 1),

72 w.p p* (scenario 2),

defined as ¢ =

S S -
|77 w.p p° (scenario S),
with Y 0_ ph = 1.

Remark 2.1 [16] The expected value of the uncertain-random variable illustrated in defini-
S
tion 2.6 is defined as E[(] = thEﬂf[Th].
h=1
Definition 2.7 [16] The chance distribution of an uncertain-random variable ¢ is given by
O(z) = Ch{¢ <z} and 1 — ®(z) = Ch{¢ > x} for any x € R.
Definition 2.8 [16] The chance distribution of the uncertain-random variable ¢ defined in
s
Definition 2.0 is given as ®(z) = Z p" U (x), where Uh(z) and p" are the uncertainty distri-
h=1
bution and occurrence probability of the uncertain variable " under scenario h respectively.

Definition 2.9 [2/] A trapezoidal intuitionistic fuzzy number (TrIFN) AL with the form,
Al = (f]_.f?,f3,f4;f{,fé,fé,f:l) s an intuitionistic fuzzy number whose membership and

non-membership functions are given as:

(21 h<e<y (Lor peacy
; T < Jo, VTR ST Jo
f2—h b ’ o= h ' ’
L, fo <z < fa, 0, fr <z < fi,
<< ol pcasy,
Ji— /3 fi— 1 E Ja
W elsewhere, 1 elsewhere
\7 )

where fi K LS fo < o< fs < fs < fa< fy, fiand f{ €R fori=1,2,3 4.

Definition 2.10 24/ (a, 3)-cut of a TrIFN A is defined as le/(faﬁ) ={r:9u(r) > aand
Ya(r) <Ba+f<lre X}



3 Motivation for choosing mixed uncertainty

In real-life problems, usually parameters can be defined as random or uncertain. However,
in complicated systems, randomness and uncertainty often appear simultaneously [36]. An
example is set to explain why we consider such a mixed uncertainty. Suppose, by market-
ing experiences the demand of a particular type of medicine at any hospital usually will be
150 units with probability 0.25 in one scenario, 180 units with probability 0.35 in an other
scenario and 170 units with probability 0.4 in another scenario. But, when an unpredictable
or undesirable emergency situation occurs (like pandemic COVID-19), only previous expe-
riences or data are not enough to describe the demand properly, then some experts’ belief
degrees are also needed along with historical data to figure out the demand. Suppose, two
experts’ opinion about the demand in first scenario are as: (1) The demand will be in between
140 and 160 but not less than 140 and (i) The demand will be less than 160, but greater will
be better, respectively, also by previous experiences it is noted that the occurrence probability
of this scenario will be 0.25. Therefore the demand of that scenario can be predicted by a
linear uncertain variable £(140, 160) with the uncertainty distribution, given in Fig. 2 with
probability 0.25; by similar process the demand of the other two scenarios can be predicted.

Thus, the demand of that hospital will be estimated by a simple uncertain-random variable
£(140,160) w.p 0.25 (scenario 1),

as: Caem = 4 £(170,190) w.p 0.35 (scenario 2),

£(160,180) w.p 0.4 (scenario 3).
Proceeding with similar process other ill-known parameters associated with the proposed

model can be estimated.

P(x) 4

v

140 160

Fig. 2: Uncertainty distribution of the linear uncertain variable.
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4 Problem description

In this section, we propose an MOMIP, which designs a two-stage integrated SOCLSC with
multiple objectives, multiple products and multiple periods under uncertain-random en-
vironment consisting multiple hybrid production-distribution centers (hybrid production-
recovery-distribution centers), multiple hybrid TCCs and multiple disposal centers (DCs) to
supply products to multiple hospitals situated in COVID-19 affected areas. Two types of
products, NRPs, which are produced at non-reusable product production-distribution cen-
ter (NRPC), and RPs, which are produced and recovered at reusable product production-
recovery-distribution center (RPRC), are considered. One TCC is installed at each affected
area which is able to receive new products from NRPCs and RPRCs and transfers these
to hospitals in forward flow, as well as to collect returned used RPs from hospitals, and
after inspection and classification to send recoverable and scrapped RPs to RPRCs and DCs
respectively in reverse flow. In first stage, shipping among NRPCs and TCCs (situated
in various areas) is done through heterogeneous fleet of vehicles available at NRPCs, and
shipping among RPRCs and TCCs (situated in various areas) and among TCCs and DCs
is done through heterogeneous fleet of vehicles available at RPRCs for both forward and
reverse flows, and in second stage, i.e., from TCCs to hospitals, each TCC distributes and
collects products through their own available heterogeneous fleet of vehicles for both forward
and reverse flows; also in second stage, vehicles simultaneously make delivery and pick-up
at all hospitals by serving split demands. There are restrictions in capacities of facilities in
both forward and reverse networks and also in vehicles’ capacities by predefined amounts.
The amount of demand at TCCs and hospitals may not be fulfilled in every period due
to limited capacities of facilities and vehicles, shortage of raw materials, limited available
working time etc., the unfulfilled demand in any period is considered as backlog amount
in that period which has to be satisfied in the upcoming periods. Moreover, the backlog
quantity is set upto a predetermined fraction of demand. Returned quantity of used RPs
in any period at hospitals is assumed to be a fraction of previous period’s delivered amount
of RPs, also a predefined value is set as an average recovery and disposal ratio for returned
RPs. At the end of each period remaining products are stocked as inventory levels, which
are used as forwarding quantities for the next period. The objective of this planning is to
find the optimal quantities of production, recovery and distribution between facilities as well
as optimal routes of the vehicles such that the demand of all products at each hospital is
satisfied at least upto a minimum level by optimizing economical (total cost), satisfactory
(time and backlog amounts) and social aspects (employments).

In order to develop the real-life based SOCLSC model, the following assumptions are chosen:

11



o All facilities are set up from the beginning of the planning, and locations are fixed and
predefined.

e NRPCs, RPRCs and TCCs are acted as hybrid facilities, i.e., those facilities can per-
form more than one activity.

e NRPs cannot be recovered or reused, so these are not collected from hospitals, and
recovered RPs are redistributed as new products.

e Capacities of facilities are limited and known, also each TCC in each area is capable to
distribute new products to the hospitals and collect used products from the hospitals.

e A TCC, which is located in an area does not deliver (collect) products to (from) other
areas.

e Some parameters are treated as uncertain-random variables due to absence of sufficient
information.

e Split deliveries are allowed at each hospital.

A notional outline of the proposed research work is delineated in Fig. 3.
In order to trace the model the following notations are used:
o Sets

I') 1", 1 Sets of NRPCs, RPRCs and all production centers respectively, I = I' U I”,

J Set of TCCs,

M Set of DCs,

V., Set of vehicles available in NRPCs,

V. Set of vehicles available in RPRCs,

Vi Set of vehicles available in j** TCC for distribution,

P’ P" P Sets of NRPs, RPs and all products respectively, P = P’ U P”,
H; Set of hospitals covered by j* TCC,

T Set of periods (t =1,2,...,7).

o Parameters

Cte, Uncertain random transportation cost of v* vehicle for shipping per unit products
per unit distance v € V,, UV,.,

Cetey Cate, Uncertain random transportation cost of empty and additionally loaded v** vehicle
for shipping per unit products per unit distance v € V},

di; Distance between " and j* node,

Cpet Uncertain random production cost for per unit p!* NRPs,

Cpcg, Gre, Uncertain random production and recovery cost respectively for per unit p" RPs,

12



Main inputs

o Uncertain-random unit
production cost

e Uncertain-random unit holding
cost

o Uncertain-random unit
distribution cost

o Uncertain-random unit travelling
time

e Demand priority

e Maximum available machine
time

o Uncertain-random backlog
fraction

o Uncertain-random return rate

o Uncertain-random recovery ratio

e Uncertain-random demand

o Capacities of facilities
o Capacities of vehicles

Main outputs

e Optimized total cost

¢ Optimized total time

o Reduced backlog amount

e Optimized social impact

e Determine optimal flow of
products

e Determine optimal routes of
vehicles

o Determine number of required
vehicles

\amouut

Designed an MOMIP model to define an SOCLSC under mixed

uncertainty

Objective functions

Minimize:
Maximize:

1. Total Cost
e Production cost

1. Social impact

e Holding cost ) X
e Distribution cost Variable .!O_b ;
2. Total time opportunities m

production,
products handling
and distribution.

3. Weighted backlog

Handling uncertainty applying uncertain-random
robust optimization through scenario decomposition

Gonsidering three test problemD

-

Solving the finalized MOMIP model by augmented

weighted Tchebycheff method (AWTM)

v

Fig. 3: A notional outline of the proposed research work.

L

Constraints

Facilities capacity
constraints

Flow balance constraints
Inventory balance
constraints

Demand satisfaction
constraints

Safety stock constraints
Backlog amount
constraints

Vehicle routing
constraints

Vehicle’s capacity
constraints

Uncertain random holding cost for per unit p* NRPs in i"* NRPC,
Uncertain random holding cost for per unit p** RPs in " RPRC,

Uncertain random holding cost for per unit p** product in j** TCC,

Cetv ) Catu

.
JU¢

- ot
]Snn/

Uncertain random time required by fully loaded v** vehicle for travelling per unit
distance v € V,, UV,

Uncertain random time required by empty and additionally loaded v** vehicle for
shipping per unit product per unit distance v € V,

Variable number of job opportunity created at facility f € I U J U M in period t,
Variable number of job opportunity created for shipping products from node n to
node n' in period t (n,n' € ITUJ UM U H;),
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7T]-pt

7T2pt

<dem’; &
Cy

G
N

Demand priority of j#* TCC in period t,

Uncertain-random demand of p** product at j** TCC in period t,

Capacity of j* TCC for handling p* product in forward flow,

Storage capacity of j* TCC for p** product,

Uncertain random recovery ratio of returned p'* RP,

Machine time required to produce one unit p* NRP at i** NRPC,

Machine time required to produce and recover one unit p* RP at i'® RPRC,
Maximum machine time available at i*® NRPC in period ¢,

Maximum machine time available at i*® RPRC in period ¢,

Recovery capacity of i RPRC for recoverable p!" RP,

Disposal capacity of m!* DC for scrapped p'* RP,

Capacity of j* TCC for handling returned p'* RP in reverse flow,

Capacity for storage at i'" NRPC,

Capacity for storage at " RPRC,

Maximum allowable fraction of demand of p'* product to be backlogged for first
stage in period ¢,

Maximum allowable fraction of demand of p** product to be backlogged for second
stage in period t,

Demand of k" hospital for product p in period ¢,

Capacity of v*" vehicle available,

Uncertain random rate of return of used p** RP at k" hospital,

Large number.

e Decision variables

t
Xip

t
Y

t
Zip

pt
Loy

pt
Yijv

pt
Zjiv

t
wp

Jmu

t
6k1 kov

Amount of p!* NRP produced at i** NRPC during period ¢,

Amount of p!* RP produced at i RPRC during period t,

Recovered amount of recoverable p* RP at i RPRC during period t,

Amount of p* NRP shipped from i** NRPC to j* TCC by v*" vehicle in period t,
Amount of p!* RP shipped from i** RPRC to j* TCC by v vehicle in period t,
Amount of recoverable p!* RP transported from j** TCC to i'* RPRC by v

vehicle in period t,

Amount of scrapped p* RP transported from j* TCC to m'* DC by v™* vehicle
in period ¢,

Binary variable takes value “1” if journey occurs from node k; to node ko by vehicle
v in period t otherwise “0”,
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pt
ki1kov

pt
Fk1k2v

QL
Q25
Q35
SL,
B1Y,
B2},
Ao
Rl

t
Ukv

4.1

In thi

Amount of p™* product loaded in v*" vehicle while travelling from node k; to node
ko in period t,

Amount of returned p** RP carried by v*" vehicle while travelling from node k; to
node k5 in period ¢,

Inventory level of p* NRP in i** NRPC at the end of period t,

Inventory level of p'* RP in i* RPRC at the end of period t,

Inventory level of p** product at j* TCC at the end of period ¢,

Safety stock level of p** product at j* TCC in period t,

Backlogged quantity of p** product at j* TCC in period ¢,

Backlogged quantity of p'* product at k** hospital in period t,

Amount of p** product delivered by v** vehicle to k** hospital in period ¢,
Amount of returned p* RP collected by v vehicle from k" hospital in period ¢,

Dummy variable.

Determination of demand priority

s subsection, we develop IFAHP to determine the priority of TCCs. To do this, we

choose four attributes as follows:

a;(t)

considers the total number of affected people in j affected area observed in period t.

Higher number associated with an area indicates higher demand priority.

represents the density of the population in j** affected area in period ¢, which can be
total alive people in area j in period ¢

measured as . For the contagious nature of

total area (7)
the disease a higher population density infers to higher demand priority.

defines the ratio of aged population (age > 45 years) to the total number of affected
people in j** affected area in period t. Higher aged peoples’ ratio for an area j indicates
higher demand priority.

calculates the percentage of survived and dead peoples in a period ¢ in j* affected

area. Higher of this percentage implies lower demand priority.

It is assumed that all affected peoples are admitted to the hospitals.

There
Step

after the method takes place through the following steps:

1: For a given affected area j, all four attributes are measured in a certain period as

the linguistic terms, “Very High (VH)”, “High (H)”, “Medium (M)”, “Low (L)” and “Very

Low (VL)” using the logic rules, which are given bellow:
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VH, if aé-( ) = 0.8 abpax(t),
H, if 0.6 ajpax(t) < di(t) < 0.8 ajpax (1),

p(ai(t)) = M, if 0.4 alyax(t) < al(t) < 0.6 alpax(t), Vj€JI=1234VteT
L, i 0.2 alpax(t) < ab(t) < 0.4 ajpax(t),

VL, if aé-( ) < 0.2 amax(t),

where aly . is the maximum value of aj, JjeJ.

a

Step 2: Therefore to represent the measured attributes, TrIFNs corresponding to the lin-

guistic terms are shown in Table 2.

Table 2: Corresponding TrIFNs of linguistic terms.

Linguistic term  TrIFN

Very High (VH) (8,9, 9.5, 10; 7, 9, 9.5, 10)

High (H) (7,8,85,9; 6, 8,8.5,9.5)

Medium (M) (5, 6,6.5,7;4,6,6.5,7)
(
(

Low (L) 2,2.5,3,35; 1, 2.5, 3, 4)
Very Low (VL) (05,1, 1.5,2:0, 1, 1.5, 2)

Step 3: Let there are M affected areas. Now construct an M x 4 judgement matrix based
on the representation in Step 2 as:

A A Al AW

Ap(t)  An(t)  Aj)  Au®)

A () Abp(t) Algs(t) Alp(t)
where AI () = (g, wly, udy, wjy; u]lg, u%, u;”;, uj}) is the [** attribute of j** area,Vj =1,2,..., M,
Vi= 1,2,3,4,Vt eT.
Step 4: Construct normalised judgement matrix as follows:

NL) N Wb 8L

Nj(t)  Nyp(t) Nas(t)  Nay(t)

Nin(t) () Ni®) M)

SRR S S NN LAY SOF: Y
~ | Wi Uy Uy Uy Uy Uy Ug .
where NI (t) = | L, L L L. 2 7 I ) yi=12.. . MVI=123VteT
gl * * 7 * ) *x 7 * 7 * * 7 * ?
L T T VS T T VR 0
¢ W g U U U Uy
: ~ woowo W wp o U Uy U U .
(favourable attribute) and N4 (t) = | —, —, = 5 —» —» —>—7 |,V i=1,2,.... M
j 3 470 3/ ol ) ) 4 ) )
A A T A T Vi A VS A T R T
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[l =4,V t € T (unfavourable attribute), where u; = maxj_12 m (uﬁ) NI =1,2,3;w

s 1/ l—
MiNj=12. . M \Uj )t =

Step 5: Let the weights corresponding to four attributes are wy, ws, ws, wy respectively.

Then the formulated weighted («, 5)-cut normalised judgement matrix is as follows:

[ (a8 ap [ (a8 a,f [ (a8 a,8) ] af a,8) (] ]
w [FSP @50 0] we [f5P @SR 0] ws [H5P @50 0] w5 @050 )]
[ (.8 a,B) ] [ (.8 a,B) ] [ (.8 a,8) ] a8 a8
w [P0 0] we 5P O SD 0] ws [P 50 0] we b2 0,50 )]
o . ] aﬂ... . ] aﬁ... g ) y
o [P0 ER0] e [P O SR0] s [P0 GR0] e [R50 @)
where [r;?iﬁ)(t),rﬁéﬁ)(t) is the (a, B)-cut set of the TrIFN lel(t),‘v’j =1,2,...,M;l =
1,2,3,4:VteT.
Step 6: Now evaluate the precise judgement and frequency matrix respectively as follows:
ph(t)  pia(t)  pis(t)  pa(t) fu(®)  fi2(t)  fis(t)  fa(?)
pa(t) () pos(t)  paa(t) for(t)  f2(l)  fas(t)  faull)

and

nt) Pie) P Pia) Jann(8) far2(t)  fars(t)  fara(t)

where pj(t) = w, [(1 = N () + A
Z?:l p;\l(t)’ ’

Step 7: Then the corresponding entropy value and entropy weight of j%* TCC are E;(t) =

- t Ej(t)
— 1(t)log( fi and L= = -~
lzlf] (t)log(f;(t)) and p SV B

@ij:LZ”wMJ:LZ&&VtGTmﬂ

0< A< 1;and f;(t) 1,2,...,M,Y1=1,23,4.

Vi =1,2,..., M,V teT respectively.

4.2 Model identification

This section delivers an MOMIP model under mixed uncertainty, which is consisted of four

objective functions and the necessary constraints, to describe the proposed SOCLSC.

4.2.1 Objective functions

Production and recovery cost:

PRC = Z Z Z CpczlaXfp + Z Z Z |:CPCI2) Z;) + CTCpZz'tp

iel’ pep’ teT iel” pep” teT
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Distribution cost:

S 931 P9 D) WIS 9) o) LTI B

jeJ teT \iel’ veVy, peP’ i€l veV, pe P!
)IDIDIDD (Z GeuPindsi + D Ges Wi djm)
je€J veEV,. peP!" teT \icl” meM

Z Z Z Z Z [Cetcvéklkw + Cate, (Z Lk1k2v + Z Flfszv)jl iy ks -

j€J k1€H; ko€ Hj; veV; teT peP peP”

Holding cost:

HC=) > > GaQl+> D> > Ge @2+ > > G Q3),

i€l’ peP’' teT i€l peP" teT j€J peEP teT

minimize TC = PRC + DIC + HC. (4.1)

Total cost (TC) of this planning is minimized by objective function (4.1) which consists
of production and recovery cost (PRC) at NRPCs and RPRCs, distribution cost (DIC) of

forward and reverse flows and holding cost of products (HC) at production centers and

TCCs.

Total transportation time:

minimizez Z (Z Z Z Ctv ”U/Cv dij + Z Z Z Ct, yz_]’U/CU m>

Jj€J teT \iel’ veVy, peP’ i€l veVy. pe P
E : E : E : E : (E :Ctv gw/cv dJ’L + E : Ctv jmv/cv) m>
jed teT veV, peP” \iel” meM

Y YYY [wc (z 3 )] e (42)

jEJ kiE€H; ko€ H; veV; teT peP peP”

Objective function (4.2) minimizes total distribution time of forward and reverse flow.

Total backlog amount:

minimize Z Z Z pr; (t) B, (t) + Z Z Z B, (t). (4.3)

jeJ peP teT keH; peP teT

Objective function (4.3) is considered to enhance satisfaction of TCCs and hospitals through

minimizing total backlogged quantities.
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Total created job opportunity:

maximize JOB = PRJ + HJ + DJ. (4.4)
PRI =Y i (mlyX5) /mil,, + >3 ol (Y +mif,2L,) fm2,,..
iel’ teT i€l teT
B W ITTP 90 9D SERD 9 9p o8 IR
jeJ teT iel’ veVy peP’ iel’” veV, peP"
ST L D IEATEESD TN P9 9 SN 2 B
teT Liel” jeJ veV, peP” meM jeJ veV, peP”
)DL DIDI DY Nl
jeJ teT keH; veV; peP"
DJ - ZZ Z Z Z‘]SU UU/C” + ZZ Z Z Z Jsljymv/cv +]S]Z ]w/cv)
iel’ jeJ veVy, peP’ teT el jed veVy peP" teT
3D I) 3 SPIENENTES 9D 5 9 N PR IS o W ICH
j€J meM veV, peP" teT Jj€J k€H; veV; teT peP pEP’

Objective function (4.4) maximizes total job opportunities consisting of production and
recovery job (PRJ), created during production and recovery in production (production-
recovery) centers, handling job (HJ), for handling products in different facilities, and distri-
bution job (DJ), created during distributing products among facilities.

4.2.2 Constraints

Y omp XL <mll . Viel'VteT (4.5)
peEP’
STmAYh+mi ) <m2i, . Viel'VteT (4.6)
pGP//
L= > A, Viel'VpeP'VteT (4.7)
jeJ veV,

Constraints (4.5) and (4.6) are included to limit the produced quantity at NRPCs, and
produced and recovered quantity at RPRCs by their maximum capacity respectively in
terms of machine time during a period. Constraints (4.7) define the recovered quantities at
RPRCs during a period.
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QU =QU "+ X, =3 N ali, Viel'VpeP VteTl (4.8)

jeJ veV,
Q2, = Q2 + (YL +2,) =Y > o, Viel'VpeP'VteT (4.9)
j€J vEV,
Q3 =Q3 + > Y all = > AL, Vic€JVpeP VteT (4.10)
iel’ veV, keH; veV;
Q3L =Q3 T+ >yl NN AL Ve VpeP ' VteT (4.11)
el veV, keH; veV;
SLy,=pr!> > all, Vje€JVpeP VteT (4.12)
el veVy
SLY, =pri > > ¥, Vje€JVpeP' VteT (4.13)
el veV,
Q35,>SL;,, VjeJVpePVteT (4.14)
> ali, + Bl — Bl + Q3 > Cime » VjELVpEPVEET (4.15)
iEI’ UEVn
MO Bl = Bl 4+ Q3 > G, Ve Vpe PV EET (4.16)
el veV,
> A, + B2, - B2 > Caemt,» VJEJIVEkEHVpeEPVLET (4.17)
veV;
B2,=0, t=TVjeJVkeH;¥YpeP (4.18)

The relationships among inventory levels at the start and end of a period, production and
recovery amounts and transported quantities in that period at each NRPC and RPRC are
defined by constraints (4.8) and (4.9) respectively. Constraints (4.10) and (4.11) relate
inventory level at the start and end of a period with backlogged, received and distributed
quantity at each TCC in that period for NRP and RP respectively. The safety stock level
of NRP and RP at each TCC in each period are calculated in constraints (4.12) and (4.13)
respectively. It is worthy to note that, the safety stocks at TCCs are considered to be
variable and depended on the received amounts and demand priorities. Inventory levels of
each product should be higher than safety stock at TCCs for emergency needs, which are
defined by constraints (4.14). Constraints (4.15), (4.16) and (4.17) state that the demand of
each product in each TCC and each hospital must be satisfied considering backlog amounts.
Also, the delivery amounts to TCCs in any period are reduced by previous period’s inventory
stocks. In addition, constraints (4.18) imply that the backlog amount should be equal to

zero in the last time period in each hospital.
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DD Fw=0 ) D F, Vi€JVpeP'VteT (4.19)

el veV, veV; keH;

Yol =(—=G)> D i, VieJVpeP VteT (4.20)
meM veV, veV; keH;

SR, =Ce Y ALl VjieJVkeH,NpeP' VteT (4.21)
veVj veV;

oo - Y I =Al,, Vi€V eH VveV;,VpePVteT (422)
k1€{j}UH; k3€H;
> F— Y Pl =Ri, Vi€JVkeH,VveV;VpeP'VteT (423)

koe{j}UH; ks€H;

Constraints (4.19) — (4.23) are included to maintain the flow balance among facilities in
forward and reverse flows. Amount of recoverable and scrapped RPs are calculated by
constraints (4.19) and (4.20). The amount of used RPs those are returned in a certain period
are calculated by constraints (4.21). Constraints (4.22) and (4.23) compute the amount of
new products delivered to each hospital and the amount of returned RPs collected from each

hospital respectively by a vehicle (if visits) in a period.

SN all <cff, VjeJVpeP VteT (4.24)
el veVy,

DD W, <cff, VjeJVpeP' VteT (4.25)
i€l veV,

YOS i <eaf, Viel'’VpeP'VteT (4.26)
jeJ veEV,

SNo> wh, <dh, YVmeMVpeP' VteT (4.27)
jeJ veV,

SO FE, <t VjeJVpeP' VieT (4.28)
kGHj UEVj

Y QU,<sly,, Viel VpeP (4.29)
teT

> Q2 <52y, Viel' VpeP” (4.30)
teT

> Q3 <cit, VjeJVpeP (4.31)
teT

Constraints (4.24) and (4.25) ensure that flows entering to each TCC in forward flow do not
exceed its product handling capacity. Recovery capacity at each RPRC, disposal capacity
at each DC and handling returned RPs capacity at each TCC are maintained by constraints
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(4.26), (4.27) and (4.28) respectively. Constraints (4.29), (4.30) and (4.31) define the inven-
tory holding capacity at each NRPC, RPRC and TCC respectively.

Bl1j, < m;gdm;p, VieJVpePNteT (4.32)
B2, < 7r2;§demtkp, VjeJVkeH,Npe PVteT (4.33)

Constraints (4.32) and (4.33) restrict the backlogged quantity at each TCC and each hospital
in each period respectively.

> Gzl Vi€JVhke{jUHVtET (4.34)
ki1€{j}UH; veV;
d 8 <1, VjeJVveV,VieT (4.35)
kEHj

> Gtk — D O =0, Vji€JVhkhe{jJJUHVoeV,VteT  (4.36)
k1€{j}UH; kse{j}UH;
U + 0o S Uy T N1 =64 400), Vi€V ki ko€ HVoeV;,VteT (4.37)

Equations (4.34) — (4.37) are the constraints related to PDVRP. Constraints (4.34) ensure
that each node is accessed at least once in each period. Constraints (4.35) state that vehicles
go out for delivery if necessary, unless not. Constraints (4.36) impose that the number of
going-in and going-out vehicles are same at each node in each period. Constraints (4.37) are

put to eliminate sub-tours.

>N all <, YveEV,VEeET (4.38)

i€l jed peP’

ZZZyW Cy, YVoeV,VteT (4.39)

el jed peP”

>N D i <e, VveV,VieT (4.40)

jeJ i€l peP!

S N wh,<c, YveV,VteT (4.41)

jeJ meM peP"

> (ZA,prr ZR,W> cy, Vj€JVveV,VteT (4.42)
keH; \peP peP”
S Lt D F <y Vi€EJIVki ke {jJUHYveV,VteT (443)

peEP peEP"

Constraints (4.38) — (4.43) are inserted to preserve vehicle capacity in forward and reverse

flows in each period.
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Q1),=0, Viel VpeP (4.44)
Q2,=0, Viel' VpeP" (4.45)
Q3), =Bl =B2), =0, VjeJVpePVkeH, (4.46)
Oy = 10,1}, Vi€ JJVki,kye{jtUH;VveV,VteT (4.47)

and all other variables are non-negative for their respective indices.

5 Uncertain-random robust optimization

Instead of solving the proposed model by traditional methods such as uncertain-random pro-
gramming ([36]) or uncertain-random goal programming ([26]), we suggest a RO approach
in this section to deal with uncertainty of the model. RO technique is basically applied by
considering various uncertainty sets or by formulating min-max regret model or by decompos-
ing scenarios ([10], [21]). The third approach would be appropriate for a problem in simple
uncertain-random environment, as a simple uncertain-random variable is composed with dif-
ferent uncertain variable(s) under different scenario(s) with probability (probabilities) (see
Definition 2.6). Therefore, by decomposing scenarios of the uncertain-random parameters,
and using expected values and chance distributions, we develop a robust counterpart model

of the proposed model as follows:

Model 1

S 5 5
minimize 7, = Z P"Ex[Z] + ay Z p" { (Ex[Z{L] - Z phEx[Z{L]> + 2“?}
h=1 h=1

h=1

S S
minimize Zy = Z p"Ex[Z] + ay Z o { (Ex (2] — Z "B Zh]) + 2vy }
h=1 -1 —1
minimize Zs = » > > priBli,+ > YN B2

n

jeJ peP teT keH; peP teT
minimize Z, = — JOB
subject to Z P"Ex[ZM +ul >0, Vh=1,2,...,8 (5.48)
S
Z "Ex[Zh 40 >0, Vh=1,2...,S (5.49)
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Ch{Zfo;erBl —BI '+ Q3" > gdm} oy, VjeJVpe P VteT (550)

i€l veV,

Ch {Z > b, + Bly, — Bl + Q3 > cdm;p} >pl, VieJVpeP' VteT (551)

i€l veV,

Ch{ > AL, + B2, — B2, > Caemt, ¢ 2 Ve VIiEJVEEHNpEePYLET (552)

veVj
NN =BG Fl, Vi€ ¥peP VteT (5.53)
el veV, veV; keH;
Y wh,=(0-E[G))> ) F, Vjc€JVpeP' VteT (5.54)
meM veV, veV; keH;
> Riup= [@g] S AL VjeJVkeH NpeP' VteT (5.55)
veV; veV;
Ch {B1§.p < w1§,¢dm§_p} >el VjieJVpePVteT (5.56)
Ch {32',;]7 < w2;¢demzp} >, Vi€JVkeHNpePVteT (5.57)

constraints (4.5)—(4.14), (4.18), (4.22)—(4.31), (4.34)—(4.47).

Here of,, 35, Viups €50 Virpy are the satisfaction levels for respective constraints, and a; and
a, are the risk tolerances for the objective functions one and two respectively. Chance
constraints are transformed into their following equivalent form using Definitions 2.7 and
2.8.

Also

Ez[Z]] = Ex[TC"] = Ex[PRC"] 4+ Ex[DIC"] + Ex[IHC"],

D93 HHAGBIEISIES 9 3 SR ALY

jeJ teT Liel’ veV, peP’ i€l veV, peP”

2222

jE€J vEV, peP teT

Z Z Z Z Z B [Tehtu} 5;;1’6211 + Lz [Tt?tv} (Z Liﬁkgv + Z F]ffkgv) /Cv] dk1k27

j€J ki€H; ka€Hj veV; teT peP peP"

BalPRO| =3 | 303 Bo [ X+ 32 3 (Be[rlg] vl [12,] 24,) |

teT | ijel’ peP’ iel” peP

Ex[DIC"]| = Z Z Z Z Z [Ex 7] ymvdw + Ex 7y ] Z?z'tvdﬁ] +

i€l je€J veV, peP” teT

ZE‘T [Tt}i j’L’U/cU d]Z + Z E.Z‘ Tt jmv/cv) jm

el meM
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h pt h Dt
E E [ E g g Ex [Tt%} xijvdzj + g E g Ez [thi)] wjmvdjm +
jeJ teT Liel’ veV, peP’ meM veV, pe P
h t h pt pt
2.0 22 D | Brlrhe] G + B ik, <Z RS F) e
j€J k1€H; ko€H; veV; teT peP pepP”

BaTHC = 3 [Z S g [ry Qi+ 30 Be [ | Q2+ 3 B [ | @3§-p] ,

teT Liel’ peP’ il peP" j€J peEP

and

Z,.. Objective function for Kk = 1,2, 3, 4,

Zh Uncertain objective function for x = 1,2 under scenario A,

p" Probability of occurring scenario h,

7, Uncertain time required by fully loaded v'" vehicle for travelling per unit distance

under scenario h,v € V,, UV},

i th  Uncertain time required by empty and additionally loaded v** vehicle for shipping per

ety "aty
unit product per unit distance under scenario h,v € Vj,

Tt}év Uncertain transportation cost of v** vehicle for shipping per unit product per unit

distance under scenario h,v € V,, UV,

7. 7l Uncertain transportation cost of empty and additionally loaded v** vehicle for shipping

per unit product per unit distance under scenario h,v € V},

Tgc}] Uncertain production cost for per unit NRP p under scenario h,
T;)ZC% , Tﬁ(:p Uncertain production and recovery cost respectively for per unit RP p in scenario h,
T:C}p Uncertain holding cost for per unit NRP p in i** NRPC under scenario h,
T:C?p Uncertain holding cost for per unit RP p in i** RPRC under scenario h,
T[;c?p Uncertain holding cost for per unit product p in j** TCC under scenario h.

5.1 Solving procedure of RO model

Model 1 is an MOMIP problem with four conflicting objective functions that can be solved
by multi-objective optimization technique. However, we apply augmented weighted Tcheby-
cheff method to solve Model 1. The main advantage of this method is, it eliminates weakly
non-dominated solutions. This method operates by considering each objective function in-
dividually, and then by solving augmented weighted Tchebycheff program, given below, it

provides a “balanced” solution.
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Model 2

minimize W
4
subject to W > w,(t) (2, — Z;) + GZ (2. — 2%, Vr=1,234,

constraints (4.5) — (4.14),H 1
constraints (4.18),
constraints (4.22) — (4.31),
constraints (4.34) — (5.57).

Here Z7 is the ideal or utopia point of the objective function Z,,x = 1,2,3,4; € is a very

small number, and w,(t) is considered as weight assigning to three objective functions which
4

varies from period to period satisfying the condition Z w,(t) = 1,V t. Regarding the above
k=1
fact the weights for the objective functions are considered as:

(@, (t) = —0.02¢ + 0.32
wy(t) = 0.01¢ + 0.14
w3(t) = 0.02¢ + 0.28

| 4(t) = —0.01¢ + 0.26
Variation of weights with time period is depicted in Fig. 4.

0.5
—Cost —Time —Backlog —lJob

1 2 3 4 5 6 7
Time Period

Fig. 4: Variation of weights with time periods.

6 Computational experiment

In order to asses the performance of the proposed uncertain-random SOCLSC model and

proposed solving procedure, numerical problems are implemented and then the corresponding

26



results are discussed in this section.

Table 3: Description of test problems.

Description Test problem 1 Test problem 2 Test problem 3

NRPC 1 2 4

RPRC 2 3 3

TCC 2 3 5

DC 1 1 2

Vehicles available in NRPCs 2 3 7

Vehicles available in RPRCs 3 4 6

NRP 1 2 4

RP 2 3 3

Periods 2 3

Hospitals 10; |Hj| =5, j=1,2. 15; |Hj| =5, j=1,2,3. 30; |Hj| =6, j=1,2,...,5.
Vehicles available in TCCs 6; |Vj| =3, j=1,2. 12; |V =4, j=1,2,3. 20; |Vj| =4, j=1,2,...,5.

6.1 Test problems

Here three test problems with different sizes are chosen. The values of all uncertain-random
as well as deterministic parameters are generated randomly from the data, listed in Ta-
ble 4. As given in Table 4, the uncertain-random parameters are considered as simple
uncertain-random variables composed with linear uncertain variables under three scenarios
with probabilities 0.25, 0.35, 0.4 respectively. Test problems are implemented according to
the format that described in Table 3. As NRPs, various types of medicines, food products
etc. are produced and supplied by several NRPCs, and as RPs, various types of masks,
medical equipments etc. are produced, recovered and supplied by several RPRCs to several
hospitals situated in COVID-19 areas through several TCCs.

6.2 Utilization of demand priority

The demand priorities of TCCs in different test problems are calculated by MADM method
that is described in subsection 4.1 by considering the values of «, 5 as 0.4, 0.2 respectively
and w; = 0.4,0.3,0.2,0.1 for four attributes respectively. Data related to four attributes
are randomly generated from Table 4. Priorities are utilized to estimate the value of the
parameters related to TCCs such as backlog fraction and demand. As an example, in test
problem 1 the priorities of two TCCs in period 1 are calculated as 0.512 and 0.488, so the
backlog fraction is set as, backlog fraction for TCC1 < backlog fraction for TCC2 and the

1
demands of TCCs are set as: 77 , = ( ) E Tc?em}i , V7,p,t, h. Also, safety stocks
P

dmt 1 t
Jjp — pr
b 17 keH;

at TCCs are calculated according to their priorities (constraints (4.12)—(4.13)).
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Table 4: Data source for generating parameters of the test problems.

Parameter Range
Certain parameters Uncertain parameters L(a;, av)
jvh U3 —10)
jst U2 -15)
of? (2500 — 3500)
cif U(1000 — 1500)
r? 24(800 — 1200)
ar?, 24(500 — 1000)
rr? (1000 — 1500)
SLip, 52ip U (1000 — 1500)
Tlpt, T2pt U(.45 — .6)
o (1500 — 4000)
mzlp, m?p U(.25— .4)
mit m2l (1500 — 3000)
Scenario 1 U(.110,.112) U(.112,.114)
Ctes, Scenario 2 U(.108,.110) U(.110,.112)
Scenario 3 U(112,.114) U(114,.116)
Scenario 1 24(.033, .035) 1(.035,.037)
Cete, Scenario 2 U(.032, .034) U(.034, .036)
Scenario 3 U(.038,.04) U(.042,.044)
Scenario 1 4(.000013,.000015) | 24(.000015,.000017)
Catey Scenario 2 24(.000016,.000018) | 24(.000018,.00002)
Scenario 3 4(.000015,.000017) | ¢4(.000017,.000019)
Scenario 1 24(.068, .082) U(.072, .086)
Cty Scenario 2 U(.063, .088) U(.067,.092)
Scenario 3 U(.063,.082) U(.067,.086)
Scenario 1 U(.016, .018) U(.018,.02)
Cety Scenario 2 U(.015,.019) U(.019, .021)
Scenario 3 U(.022,.024) U(.024, .026)
Scenario 1 24(.000016,.000018) | 24(.000018,.00002)
Cat, Scenario 2 24(.000015, .000019) | 24(.000019,.000021)
Scenario 3 U(.000022,.000024) | 1£(.000024,.000026)
Scenario 1 U(41, 49) (49, 57)
Cpcll]7 pe3 Scenario 2 U (43,51) U(50,58)
Scenario 3 U(45,52) U(52,59)
Scenario 1 U(11,16) U(18,23)
Grey Scenario 2 (13, 18) (20, 25)
Scenario 3 U(15,20) U(22,27)
Scenario 1 U(7,24) U(17,30)
Chc}pvchcfp Scenario 2 U(8,25) U(18,35)
Scenario 3 U(9,26) (20, 40)
Scenario 1 U(6,14) U(16,24)
Chc-ys_p Scenario 2 U(7,15) (18, 26)
Scenario 3 U(8,16) (20, 28)
Scenario 1 4(100, 150) U (200, 250)
Cdemﬁ;p Scenario 2 U(110, 160) (210, 260)
Scenario 3 U(115,165) U(215,265)
Scenario 1 U(.4,.55) U(.45,.65)
GCoyp> C)\ip Scenario 2 U(.45,.6) U(.55,.7)
Scenario 3 Uu(.5,.7 U(.55,.8)
Affected people U(150 — 300)
Population density U(900 — 1200)
Aged population U(90 — 210)
Survived and dead people percentage U(65 — 80)
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Fig. 5: Optimal routes of vehicles for test problem 1.
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Table 5: Values of the objective functions in different test problems.

Test problem 1

Scenario Deterministic Robust
Cost Time Backlog Job Cost Time Backlog Job
amount amount
- 941189 88.69 1421.43 118.47
1 1025110 95.22 1139.86 127.6
2 1045280 92.78 1139.86 127.6
3 1068500 98.36 1139.86 127.6
Mean value | 941189 88.69 1421.43 118.47 1049520 95.62 1139.86 127.6
Test problem 2
Scenario Deterministic Robust
Cost Time Backlog Job Cost Time Backlog Job
amount amount
- 3513620 286.96 4272.77 623.63
1 3782000 312.72 6294.2 684.66
2 3847160 302.6 6294.2 684.66
3 3931000 317.78 6294.2 684.66
Mean value | 3513620 286.96 4272.77 623.63 3864406 311.2 6294.2 684.66
Test problem 3
Scenario Deterministic Robust
Cost Time Backlog Job Cost Time Backlog Job
amount amount
- 12458800 722.44 7161.01 2128.5
1 13187400 780.46 12800.8 2314.35
2 13382800 785.19 12800.8 2314.35
3 13660200 782.80 12800.8 2314.35
Mean value | 12458800 722.44 7161.01 2128.35 13444900 782.8 12800.8 2314.35

6.3 Results and discussion

Using the expected values of the uncertain-random parameters, defined in Remark 2.1 the
uncertain model is transformed into its equivalent deterministic form, namely expected value
model (EVM), which is also solved by AWTM, which is described in subsection 5.1, and with-
out direct transforming into deterministic form, first the uncertain-random robust counter-
part model of the proposed model is developed and then the robust counterpart model is
solved by AWTM. The satisfaction levels of the constraints are all considered as 0.8. The
results are depicted in Table 5. All the computations are carried out in AMPL optimization
software by Gurobi 9.0.2 on 2.10 GH CPU with 8 GB RAM.

To provide a basic notion of the network, Fig. 5 is inserted, which also exposes the optimal
routes of the vehicles for first and second stages in two periods, obtained by solving test
problem 1. As shown in Fig. 5, more vehicles are active for first stage in period 1 than
in period 2, this happens because delivery amounts from production centers to TCCs are
reduced in second period as previous period’s inventory stocks are present in TCCs for fur-

ther distribution, furthermore, in NRPC one vehicle is not used in both periods as other
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one is capable to transport products to all TCCs. Although, in second stage, it happens in
opposite scenario, i.e., vehicles are more active in period 2 than period 1, as vehicles only
have to make delivery in period 1 but have to make delivery as well as pick-up in period
2. Also, it can be observed that in second stage, hospitals are accessed more than once and
receive split demands.

The components of the economical and social objective function, i.e., total cost and total
created job in solutions of test problem 3 are shown in Figs. 6 and 7 respectively. According
to Fig. 6, production and then distribution cost occupy most of the spaces in total cost,
which indicates the model’s liability to satisfy the demands. In the social objective function,
most of the jobs are created for handling products at different facilities and distributing
products, which can be justified as the network contains hybrid production-distribution or
hybrid transfer-collection centers, so large amounts of products are gathered from forward
and reverse flows in hybrid facilities which have to be handled and then shipped.

The optimal flows in forward and reverse network among facilities for two types of products
are shown in Figs. 8 and 9 respectively, which are obtained by solving test problem 3. In
Fig. 8, it can be seen that the demands of hospitals for two types of products are set to be
increased as period increases. The delivered amount of NRPs to the hospitals in the first
period is less than the demand due to backlog amount and always higher than the demand
in other periods in order to meet the demand as well as previous period’s backlog quantities,
and for RPs it is almost same as the demands in all periods. Therefore, the resulting backlog
amounts for two types of products in the hospitals are decreased in all periods and finally
equal to zero at fourth period as shown in Fig. 8. It is also seen that, the production amounts
in NRPCs go higher from first period to second then reduce in the rest periods, as delivery
amounts to TCCs are decreased due to previous periods’ inventory stock at TCCs, but in
RPRCs production of new products are happened according to the returned and recovered
amounts, which can be seen in Fig. 9. It is also evident from Fig. 8 that the inventory
level in NRPC is always zero (as two lines at the top representing producing amount and
delivered amount at NRPC are coincide), and the resulting inventories (new + recovered
RPs) at RPRCs are also zero, all inventories are only at TCCs. In Fig. 9, it is seemed that
there is no activity in reverse network for the first period, and in all other periods the reverse
flows between facilities are almost identical except only in fourth period it is slightly higher
than other periods, also in RPRC, all recoverable RPs are recovered in all periods as two

lines representing received recoverable amounts RPs from TCCs and recovered amounts of
RPs at RPRCs are coincide.
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6.4 Validation

This section shows the validations of the proposed model and approach. All experiments are

conducted by solving test problem 1.

6.4.1 Validation of the proposed model

In this section, we first investigate the impact of the minimum satisfaction levels (SLs) of the
constraints on the total cost and depict the report in Fig. 11. From Fig. 11, we see that as
SL increases, total cost also increases. This happens because when SL increases, demanded
quantities of the hospitals also increase. So the whole system tends to satisfy the increased
demand and the hospitals receive more amount (can be verified from Fig. 11). Thus the
resultant total cost increases.
m0.6 07 mO08
14000 -
12000 -
10000 -
8000 -
6000 -
4000 -~
2000 -+

Total cost + 100 Delivered amount

Fig. 11: Total cost and delivered amount vs. satisfaction level.

Again we analyse the trade-off between two uncertain objective functions i.e., total cost and
total time, under different risk tolerance levels. To do this, we solve the robust model with
the above-mentioned objective functions by LP-metric method assigning same weights with
risk tolerances (a; and as) 0, 10, 20, 30 and 40, and the results are reported in Table 6 and
are portrayed in Fig. 12. From Table 6 and Fig. 12, it is easily seen that when a; is con-
stant, total cost increases as ay increases. But when ay is constant, total time increases only
when a; changes from 0 to 10 and almost similar in the higher values of a; (10 to 40). It is
happened because the risk tolerances associated with two objective functions represent their
respective importance. So increasing the risk tolerance of one objective function opposes to
the importance of the other and increases the value of the other objective function.

Also, to validate the proposed model, we randomly generate 10 realizations of the uncertain-
random parameters under 5 risk tolerances (0, 50, 100, 150 and 200). The uncertain pa-

rameter (L(a;,a,)) in each scenario is randomly generated by assigning the values from the
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Table 6: Values of two uncertain objective functions under different risk tolerances and

satisfaction levels.

Risk tolerance Cost Time
Satisfaction level Satisfaction level
ay a2 0.6 0.7 0.8 0.6 0.7 0.8
0 980982 1015880 1050190 88.950 92.103 95.614
10 981116 1016040 1050330 | 91.098 94.624  98.481
0 20 975106 1012320 1050740 | 92.901 95.698  98.697
30 1012370 1033810 1051010 | 95.208 96.796  98.697
40 1013410 1036080 1053530 | 95.317 97.395 99.123
0 980982 1016180 1050740 | 89.026 92.180  95.793
10 981423 1017050 1050670 | 91.176  94.692  98.422
10 20 975343 1012520 1050620 | 92.930 95.717 98.612
30 1011660 1035420 1052020 | 94.869 97.162  98.956
40 1014220 1035470 1053430 | 95.245 97.194  99.097
0 981236 1016180 1050760 | 89.004 92.153  95.733
10 980117 1016390 1051490 | 91.554 94.701  98.697
20 20 975314 10113470 1052560 | 92.853 95.695 99.010
30 1013380 1036480 1052170 | 95.006 97.301 98.896
40 1014410 1036920 1052870 | 95.308 97.393  98.796
0 981641 1016180 1050760 | 89.062 92.216 95.732
10 977593 1013760 1050840 | 92.356  95.547  98.558
30 20 976724 1014560 1051940 | 93.028 95.908 98.694
30 1013230 1036410 1052080 | 94.985 97.261  98.908
40 1014460 1036370 1053450 95.323  97.220 98.943
0 981641 1017160 1050760 89.087 92.334 95.734
10 977819 1013680 1050670 | 92.229 95.693  98.463
40 20 976552 1013980 1051060 | 92.977 95.762  98.586
30 1012880 1036350 1052040 94.827 97.233  98.900
40 1013730 1036260 1053190 | 95.081 97.196 98.885

interval (a;, a,) in each realization. The average and standard deviation of total cost which
are computed from solving the robust model under 10 realizations at satisfaction levels 0.6,
0.7 and 0.8, are reported in Table 7. Also the behaviours of the average and standard de-
viation of cost against risk tolerances under different satisfaction levels are demonstrated in
Fig. 13. Fig. 13 shows that the average and standard deviation increase as SL increases, but
remain almost same as risk tolerance increases and become constant at the higher values of

risk tolerances. This shows the stability of the model.

6.4.2 Validation of the proposed robust approach

Here, we examine the effect of the hybrid approach (robust + AWTM) on the performance
of SC. At the best of our knowledge, there is no other existing approach that can be used
to solve the SC model with uncertain-random parameters. So we compare the result of the
hybrid approach with the deterministic approach (described in subsection 6.3). The optimal

values of the four objective functions, obtained by solving deterministic EVM and robust
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Fig. 13: Average cost and standard deviation vs. risk tolerances for realizations.

model for three test problems, considering same set of data, reported in Table 5. In three test

problems robust model provides higher objective function values than deterministic models,

reason of this is explained in Fig. 10. As per Fig. 10 in robust model, hospitals receive more
amounts of products than deterministic model, this leads to more objective functions values

due to more activity of the whole SC system. Thus, in hybrid approach the satisfaction

degree of the hospitals will be higher.

6.5 Sensitivity analysis

This section is employed to explore the impact of demand and return rate on four objective

functions. The sensitivity analyses are made by solving test problem 3.
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6.5.1 Sensitivity analysis on return rate

In order to analyze the impact of return rate on four objective functions, we solve the
problem by varying the return rate from 0 to 1 and the acquired results are depicted in Fig.
14. Activities of vehicles and facilities increase according to increasing return rate, and as
result cost, time and job also increases, Fig. 14 also verifies that. But when return rate is
greater than 0.8, cost decreases, as then new products’ production rate is lower than recovery
rate, and recovery cost is lower than new product’s production cost. Also, no new job is
created when return rate increases from 0.6 to 0.8, this explains that although return rate
increases from 0.6 to 0.8, there is no need to expand capacity of the facilities or to assign
new vehicles, so no new employment. Fig. 14 shows that total backlog amounts decrease
as return rate increases but when return rate is greater than 0.6 it increases, reason for this

may be the shortage of available machine time.

6.5.2 Sensitivity analysis on demand

We solve the problem for five different patterns of demand, —10%, —20%, main case, +10%
and +20%, to investigate the impact of demand in objective functions, and report is illus-
trated in Fig. 15. As per Fig. 15, total cost and total time increase linearly as demand
increases, but backlog amounts increase with jump for increasing demand by 10% or more.
Created total jobs increase if demand increases from main case, but decrease rate (from main

case to —20%) is higher than increase rate (from main case to +20%) according to Fig. 15.

7 Managerial implications

The following managerial implications are derived from this research which can be valuable
and significant in various governmental and private organizations associated with logistics

and supply chain management.

(i) The proposed SOCLSC model will help the managers to set up an integrated production-
distribution process by conducting open- and closed-loop simultaneously in a single
supply chain network. Managers can also conduct a parallel network with two differ-
ent types of products (NRP and RP) in the proposed network without extra labours
and expenses. In a critical situation like COVID-19 lock-down, the accounted aspects
will help the organizations to preserve allocated budget (economical), to satisfy cus-
tomers with on-time or prior delivery (satisfactory), to sustain the nice public image

by giving jobs (social). By minimizing total backlog amount, hospitals can prevent the
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Fig. 14: Impact of return rate on four objective functions.
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Fig. 15: Impact of demand on four objective functions.
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(i)

(iii)

shortage of the products in an emergency situation by receiving as much amount as
possible.

The model will also be beneficial to illustrate the uncertain parameters in complicated
circumstances. Since uncertainty is inevitable, and only single type uncertainty can-
not limn the real-life parameters suitably in an emergency situation. Therefore the
encountered mixed-uncertainty will help to figure out the parameters with the help of
belief degrees as well as historical data by interacting among different scenarios.

In an urgent situation, priorities of the demand points play a vital role in distribution
process. Otherwise extra damages or losses can be occurred in the affected areas.
Thus the proposed MADM method can be used to derive the demand priorities of
the affected areas in terms of urgency degrees to avoid extra damages. The proposed
IFAHP considers the attributes as TrIFN, which is very realistic and logical, and gives

entropy weights with less computational complexity.

(iv) As COVID-19 is a contagious disease, typical distribution network designs will not be

8

(v)

very helpful to build a less contagious and flexible network system. To overcome the
difficulties, decision makers can use the proposed composite network structure, which is
a mixture of TP and PDVRP. By using this type of network structure, contagiousness
which is occurred during the distribution process can be avoided safely.

The output of the model can benefit the managers. The results which are obtained
from three test problems can be helpful to the managers to use the more appropriate
solution strategy. As example, robust model with higher satisfaction levels can be
useful to the managers to provide higher amount of products to the hospitals (demand
points) in emergency situations. Furthermore, validation and sensitivity analysis will
help the managers to set the model parameters, satisfaction levels and risk tolerances.
Also, by going through subsections 6.3-6.5, organizations can expand or reduce the
components of different aspects which are smaller or larger than expectation, respec-

tively, by sending preferable amounts of products to proper demand points.

Concluding remarks with future scopes

An integrated sustainable production-distribution-recovery system with opened- as well as

closed-loop has been planned in this paper by optimizing economical, satisfactory and so-

cial aspects during COVID-19 emergency situation, considering multiple periods, multiple

products and two stages. Hybrid facilities have been used in the model, which has resulted

more cost saving and also more pollution reducing, caused from sharing materials handling

equipments and infrastructure. To cope with uncertainty in network design, belief degrees
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as well as historical data of the parameters have been considered by treating them as sim-
ple uncertain-random variables, which have capability of handling multiple scenarios. Also,
the distribution network has been designed by considering TP and PDVRP simultaneously.
An MADM process, IFAHP has been approached to determine the demand priorities of
the affected areas in terms of entropy weights, which have been used to estimate the pa-
rameters related to affected areas. Furthermore, a scenario-based uncertain-random robust
counterpart model with chance constraints has been developed, and then the AWTM has
been applied to solve the model. Finally, three test problems with randomly generated pa-
rameters have been demonstrated, and results along with sensitivity analysis on return rate
and demand have been reported. The sensitivity analysis has showed that the objective
functions are more sensitive to demand than return rate. The computational experiments
have showed that the robust model has better performance in social sustainability measure,
and also the robust model has handled data uncertainty in four objective functions with a
reasonable increase. The proposed model has tendency to fulfil the demands as much as
possible considering unsatisfied quantities, so it can be useful to design practical logistics
network during emergency situations with higher or mixed type uncertainties in parameters,
apart from this the IFAHP would be an effective tool for decision making in practical situa-
tions with multiple vague attributes.

Various possible research directions can be forwarded from this study. Considering envi-
ronmental aspects alongside economical and social aspects in future, can extend this study.
Researchers can also expand this study by considering maximizing responsiveness or min-
imizing risks of the network as an objective or by considering transshipment instead of
transportation problem in this study. Moreover, this paper has not addressed time com-
plexity. However, computational time increases when the size of the problems increases.
Therefore several heuristic or meta heuristic algorithms can be developed to solve the large

size problems in future.
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