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Supply Chains are complex networks that demand for decision supporting tools that can help the involved
decision making process. Following this need the present paper studies the supply chain design and planning
problem and proposes an optimization model to support the associated decisions. The proposed model is a
Mixed Integer Linear Multi-objective Programming model, which is solved through a Simulated Annealing
based multi-objective meta-heuristics algorithm - MBSA. The proposed algorithm defines the location and
capacities of the supply chain entities (factories, warehouses and distribution centers) chooses the technolo-
gies to be installed in each production facility and defines the inventory profiles and material flows during
the planning time horizon. Profit maximization and environmental impacts minimization are considered. The
algorithm, MBSA, explores the feasible solution space using a new Local Search strategy with a Multi-Start
mechanism. The performance of the proposed methodology is compared with an exact approach supported
by a Pareto Frontier and as main conclusions it can be stated that the proposed algorithm proves to be very
efficient when solving this type of complex problems. Several Key Performance Indicators are developed to
validate the algorithm robustiveness and, in addition, the proposed approach is validated through the solu-

tion of several instances.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Traditionally the design and planning of supply chain networks
(SCN) has been undertaken based on individual concepts and ap-
plying only economic objectives, such as cost minimization or
profit maximization. However, the increasing market competition,
the customers’ change expectations, on the value of goods and
services, combined with advances in technology and fast access
to information demanded for an integrated view when managing
supply-chain (SC) networks (Papageorgiou, 2009). In addition, the
worldwide extension of business led to the availability of sets of al-
ternative resources, as well as to a vast array of potential customers,
justifying the current need of efficient SC management. Simultane-
ously, society has been developing an increasing level of awareness
for environmental sustainability and companies have been realizing
that economic objectives ought no longer to be the single concern
of supply chains as environmental impacts resulting not only from
their structures, but also from their operation need to be minimized
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(Seuring, 2013; Mota, Gomes, Carvalho, & Barbosa-Povoa, 2015).
Dekker, Bloemhof, and Mallidis (2012) state that “Improving environ-
mental quality comes at a cost, so the question is which trade-offs
occur between the environmental impacts of an economic activity
and its costs, and what are the best solutions for balancing ecologi-
cal and economic concerns?”. This raises the concept of building eco-
efficient solutions. Thus it becomes necessary to define an efficient
integration of these SC main aspects when planning and designing
SC so as to minimize environmental impacts while maximizing profit
and responsiveness.

Some research has already been done towards this identified goal,
where the most used methodologies have been based on exact ap-
proaches, as MILP and MINLP (Papageorgiou, 2009), but focusing in
single objectives. The inclusion of several objectives requires a multi-
objective approach, which adds to the already high computational
burden characterizing SC problems resolution (Papageorgiou, 2009;
Barbosa-Pévoa, 2014). Thus new solutions approaches are to be ex-
plored to overcome this drawback. Some of them may be problem ori-
ented, such as heuristics, evolutionary algorithms, meta-heuristics,
hybrid methods or even math-heuristics.

This paper follows this need and aims to contribute to fulfill this
gap by proposing a multi-objective, multi-start, meta-heuristics algo-
rithm, MBSA, for the design and planning of supply chains (SC) where
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both economic and environmental objectives are taken into account.
At the strategic level the algorithm provides the location and ca-
pacities of facilities, warehouse and distributions centers and se-
lects the best multipurpose technology to be allocated to each fa-
cility. To cope with realistic problems multiproduct characteristics
are considered, triggering flexible and multipurpose facilities. At the
tactical level, the algorithm, defines the production planning, ma-
terial flows, inventory profiles and distribution strategies allowing
for X-docking. Moreover, the environmental aspects are integrated
at the design level by using an end-point indicator, where all the
emissions associated to products productions and distribution are
quantified. The multi-objective approach where profit maximization
and environmental impacts minimization are considered simulta-
neously uses small amounts of computation time. This appears as
quite innovative having in mind the complexity of the problem in
study. Such performance is based on the use of an efficient multi-
start local search algorithm that trough a Simulating Annealing meta-
heuristic is able to search the entire objective space. The quality,
robustness and variability of the algorithm solution are analyzed
through a sensitive analysis followed by a comparison with the exact
approach.

As main result the proposed approach presents to the decision-
maker a set of non-dominated solutions that define the Pareto fron-
tier, where for each solution the strategic and tactical aspects are
characterized.

This remain of this paper is organized as follows; in Section 2 a
literature review is presented, followed by the problem description
in Section 3. Section 4 characterizes in detail the solution approaches
developed and in Section 5 Key Performance Indicators (KPI) are pro-
posed and explored in detail. The instance characterization is shown
in the Section 6, followed by algorithm results analysis and discussion
in Section 7. To finalize Section 8 presents the conclusion and some
final remarks on future work.

2. Literature review

Supply Chain optimization is nowadays an important and thriving
research area of modern enterprises as their supply chains are be-
coming more and more complex systems demanding for supporting
tools to inform the involved decision making processes (Grossmann,
2012). From strategic to operational decision levels this need has
been clearly identified by academics and industrials (Papageorgiou,
2009). The most common developed approaches to tackle this prob-
lems are based on exact formulations (e.g. Cardoso, Barbosa-Povoa,
& Relvas, 2013; Pasandideh, Niaki, & Asadi 2015; Salema, I., Barbosa-
Povoa, & Novais, 2010), which when applied to real case problems of-
ten present solution difficulties associated with large computational
times. Thus the development of alternative solutions methodologies
that prove efficient is still a challenge research area where much has
still to be done (Melo, Nickel, & Saldanha-da-Gama, 2009; Barbosa-
P6voa 2014). Recently some authors have been trying to address this
problem using methodologies that embed the problem characteris-
tics resulting in heuristics algorithms.

In, Wang, Makond, and Liu (2011) addressed a location-allocation
problem through a bi-level stochastic formulation of a two-echelon
supply chain considering uncertainty in the demand. The authors de-
veloped a genetic algorithm with greedy heuristics and the results
reveal that the algorithm can efficiently yield nearly optimal solu-
tions against stochastic demands. Later on, Kadadevaramath, Chen,
Shankar, and Rameshkumar (2012) explored several variations of par-
ticle swarm algorithms for solving a constrained multi echelon sup-
ply chain network considering the minimization of the total supply
chain operating cost. One year later, Shankar, Basavarajappa, Chen,
and Kadadevaramath (2013) developed a multi-objective hybrid par-
ticle swarm algorithm that considered simultaneously the costs min-
imization, defined by facilities location and shipment costs, and

the maximization of the customer demands. The problem involves
a single-product, four-echelon supply chain architecture. Zhang, Li,
Qian, and Cai (2014) also explored the supply chain network design
problem with the aim of defining the locations of the distribution
centers and the assignment of customers and suppliers to the corre-
sponding distribution centers. The formulation explored a Lagrangian
relaxation based algorithm and the results were compared with the
exact approach CPLEX showing that the proposed algorithm pre-
sented a stable performance and outperformed CPLEX for large-scale
problems. Recently, Ren et al. (2015) developed a mixed-integer non-
linear model with the aim of helping the decision-maker to select the
most sustainable design and planning supply chain network. The SC
structure considers multiple feed stocks, transport modes, regions for
production and distribution centers. A sustainable measure was ex-
plored, which was based on the energy sustainability index trough
a life cycle perspective. Fung, Singh, and Zinder (2015) developed a
procedure with the aims of infrastructure expansion minimization
cost to face future demand variability in a mineral supply chain. A
matheuristic formulation was designed based on the hybridization of
mixed integer linear programming (MILP) and a simulated anneal-
ing approach taking advantages of different levels of data aggrega-
tion. The procedure demonstrated the ability to solve industrial prob-
lems of different sizes. Camacho-Vallejo, Munoz-Sanchez, and Luis
Gonzalez-Velarde (2015) considered in its work the production plan-
ning and distribution of a supply chain with the aim of operation and
transport costs minimization in a four echelon supply chain. A heuris-
tic algorithm based on Scatter Search that considers the Stackelberg’s
equilibrium was developed for the problem solution. The algorithm
developed shown better results than the existing best known results
in the literature,

The above works show the increasing investment on alterna-
tive solution techniques to support the development of expert sys-
tems able to solve real supply chains problems. Such works pre-
sented promising solution approaches but are still away from pro-
viding solution techniques that account for multi-objective SC prob-
lems where simultaneously with the SC modeling complexity both
economic and environmental objectives are considered. Within this
context the main contributions of the present work are twofold.
On one hand, from a formulation viewpoint the SC decision com-
plexity is modeled where simultaneously the design and planning
problems are considered allowing for the location and sizing of dif-
ferent entities and associated technologies, while pursuing trade-
offs between economic and environmental objectives. On the other
hand and from an algorithm solution viewpoint an efficient solu-
tion approach is developed, which, from the best of our knowl-
edge, explores for the first time a multi-objective approach using a
multi-start strategy, to characterize and define the Pareto frontier
solution.

3. Problem description

The work by Pinto-Varela, Barbosa-Povoa, and Novais (2011) pre-
sented a generic formulation for the design and planning of SCs, while
considering simultaneously economic and environmental aspects.
The supply chain network is characterized by n-echelons, where first
and second level suppliers, manufacturers, wholesalers, retailers and
markets are present. It includes a set of manufacturing facilities that
employ a set of resources technologies that are multipurpose in na-
ture (i.e. more than one product can be produced sharing the avail-
able resources). From a strategic point view, the network comprises
several entities, namely production facilities, warehouses (WH) and
distribution centers (DC) selected from a set of potential locations
where the former employ the selected so-called resource technolo-
gies (i.e. production lines, storage resources, connections, etc.). At a
tactical level the supply chain defines the capacities, the planning
of each resource usage, as well as the materials flows within the
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Fig. 1. Schematic representation of the SCN.

network are defined. Production levels, material storage handling,
and resources’ capacities are limited within certain bounds, while the
final products amounts to be sold in each market are to be satis-
fied. Storage at the warehouses and distribution centers can be ei-
ther multipurpose or dedicated and just-in-time procedures or fi-
nite capacity storage may also co-exist with X-docking. In economic
terms, the cost of facilities installation, as well as operational, stor-
age, transportation and raw materials costs are considered simul-
taneously with products’ revenues. In environmental terms the im-
pacts generated by electricity and diesel consumption over the entire
SC are accounted for. Fig. 1 depicts the structure considered and its
characteristics.

4. Solution approach

The previous problem representation will be implemented and
explained through the characterization of one illustrative instance
and applying a novel bi-objective meta-heuristic algorithm. The
results obtained are compared with those of a bi-objective exact
approach obtained through the ¢-constraint as presented by
Pinto-Varela et al. (2011). The problem formulation involves the
following sets parameters, variables, objectives functions and
constraints:

Sets:
d set of damages
f set of facilities
k set of processes(tasks) embedded in a resource technology
p set of pollutants emitted
T set of all resources, both renewable and non-renewable
u set of utilities
Parameters:
CCi fixe/variable installation cost
CCF capital charge factor
Fy maximum amount of resource technologies available
in facility f
H planning horizon per year
HourYr number of hours per year
NormkFg weighted value of damage g
Qmin QMax  min, max capacity available for resource r

Rmin Rmax minimum, maximum demand of the resource at H

v, Br resource price, raw material and product, respectively

a,?,a,l fixed and variable cost coefficients for technological
processes

of BE, fixed and variable utility cost coefficients for the tech-
nological process

al¥D BWD  fixed and variable utility cost coefficients for dedi-
cated warehouse and distribution center

Hir6 s Viro renewable or non-renewable resource utilization

¢max_gpmin  resource technology size factor

Qyp quantity of pollutant emitted to generate an unit of
consumed utility u

Nu amount of diesel consumed m3/km

Sdp impact factor coefficient

Aprs Aps, Apu  defines the quantity of pollutants p, emitted per unit

mass of resource r used, soil occupation and utility
consumed, respectively

Decision variables:

P amount of material delivered from the resource technology
rininstant ¢

Qr capacity of resource technology r

Ryt excess of resource at t

UT, total amount of utility consumed

&t production, storage size of technological process k at
time t

Nyt technological process selection k at instant ¢

y,=-1 ifresource technology r is used; 0 otherwise

if the facility is opened; 0 otherwise

Environmental variables:

Dam3  set of damages
Eco99  environmental indicator
QIL,’“’“” total amount of pollutants emitted

Bi-objective model: max Profit, min Eco99

Eco99 =) " NormF;Damy" (1)
d
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In this model, the first objective Function (1) minimizes the sum
of all environmental impacts from diesel and electricity consumption
along the SC. The second objective Function (2) expresses the SC net-
work profit. The resource balances for every resource is performed by
Constraint (3). Constraint (4) guarantees the technologies’ multipur-
pose operation. The nonlinear Constraint (5), which characterizes the
amount of material being processed through each technological pro-
cess, is replaced by linear Constraint (10) and auxiliary Constraints
(6) until (9). The resource technology capacity and design is defined
through Constraint (11). The capacity and design constraints of ware-
houses (WH) and distribution centers are guaranteed by Constraints
(12) to (15). Constraints (16) and (17) define the transportation con-
straints. The market demand is defined by Constraint (18), while the
choice of a certain facility is defined by the choice of any of the tech-
nological resources associated to it, Constraints (19). The remaining
Constraints, (20)-(22), defined utilities consumption, pollutants in-
ventory, and environmental impact quantification, respectively.

4.1. Bi-objective exact approach

The mathematical formulation for the £-constraint method can be
summarized as follows:

Maximize f,(x)

s.t. fm(x) <em m=1,2,...,Mandm # u
gix) <0 j=12,..; (23)
hx) =0 k=1,2,....K;

X <x <xV

where &, represents an upper bound of the value of f;. This tech-
nique entails handling one of the objectives and restricting the others
within user-specified values. Firstly the upper and lower bounds are
determined by the maximization of the profit and minimization of
the Eco99. The optimization problem (maximization) is implemented
with the objective function being the profit and the Eco99 as a con-
straint, varying between its lower and upper bounds. As result the ef-
ficient frontier is obtained, which allows the decision maker to select
any solution depending on the relative worthiness of each objective.

4.2. Bi-objective meta-heuristic approach

The model presented when applied to large problems often re-
sults in high time consuming. In order to overcome this issue, a meta-
heuristic approach is here developed. This is based on the Simulated
Annealing (SA) algorithm proposed by Kirkpatrick, Gelatt, and Vec-
chi (1983) and Cerny et al. (1985), where several adaptations were
developed so as to improve the algorithm'’s efficient and effective ap-
plication to the SCN characteristics.
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Fig. 2. Classic Simulation Annealing algorithm.

SA can be classified as a Local Search Meta-Heuristic, which re-
quires not only an initialization procedure that can be done by a
randomly feasible solution or with a constructive heuristic. A classic
SA characterization is shown in Fig. 2. A random initialization pro-
cedure is used by the algorithm, where the initial random feasible
solution is improved iteratively and another solution from the neigh-
borhood of the current one is chosen. In order to prevent an early
stop of the algorithm on a local optimum and to guarantee efficiency
and effectiveness, a mechanism based on the Metropolis Algorithm is
incorporated.

To overcome the mono-objective classic SA approach, this work
goes one step forward and, a SA bi-objective approach is developed.
An approximation of the Pareto frontier (PF) is explored, as exhaus-
tive as possible, using as objective functions the profit maximization
and environmental impact minimization. The efficient SC designs so-
lutions are characterized in the Pareto Frontier and, for each SC topol-
ogy a reasonable number of efficient solutions should be included.
This information becomes more relevant in situations where a tight
budget exists and the decision maker will need a decision support
tool to help him/her on the selection of the most adequate compro-
mise solution based on the knowledge of those efficient solutions’
characteristics (similar cost and within the available budget). These
results became more relevant as the problem complexity increases
and the exact approaches face computational difficulties to explore
the efficient region. This work aims to overcome this limitation, by
proposing the MBSA algorithm.

4.2.1. MBSA algorithm characterization

The new algorithm characterization, defined as MBSA algorithm
is shown in Fig. 3. The main procedures are highlighted and will be
addressed in detail below.

MBSA involves five different procedures. The first procedure (I) is
related with the generation of the initial solution of each algorithm
restart. The second (II) one defines the neighbor solution generation.
The third procedure (III) analyzes the new solution acceptability. Fi-
nally the fourth and fifth procedures (IV, V), define respectively the

neighbor solution efficiency, the restart mechanism and the stop cri-
terions control.

4.2.2. First Procedure |

Procedure (1) is related with the generation of the initial solution
of each algorithm restart. These solutions are obtained from a con-
structive heuristic, which raise several questions

1. How should solutions be codified when the Meta-Heuristic is
being implemented?

2. Which facilities will be opened?

3. Which production technologies will be selected?

4. When/How much/What products in each facility will be pro-
duced?

5. How will be the product distribution performed?

After those variables are settled, the SCN design will be defined,
since the available capacities will have to be sufficient to ensure that
all the required production, warehousing and transportation are sat-
isfied. Finally, the associated profit and environmental impact are
quantified.

Constructive Heuristic Characterization: this procedure follows
several steps which will be detailed, using the time horizon defined
as H.

1. For each market, assume that all distribution centers are in-
stalled and randomly generate a final stock of each final prod-
uct that verifies the demand constraints;

2. Select randomly the production facilities to be installed;

. Set the time instant t = H;

4. For every production facility generate randomly the batch size
being processed;

5. Calculate the flows outgoing from the facilities to the ware-
houses/distribution centers, at the end of each process;

6. Calculate the flows incoming to the facilities from warehouses
(or other facilities, for the intermediate products) and select
randomly when these flows have to occur;

7. Decrease t by one unit, t =t - 1;

8. If there are any incoming flows occurring at time t, correct the
inventory levels, and for every intermediate product select an
unoccupied facility that is going to process it and when;

9. If there is a process starting at t then for each of them gen-
erate randomly the batch size being processed. Calculate the
flows incoming to the facilities from warehouses (or other fa-
cilities, for intermediate products) and select randomly when
these flows have to occur;

10. Go to 7, until either t = -1 or the inventory levels for all inter-

mediate and final products are null.

w

4.2.3. Second Procedure II

Procedure (II) of the MBSA is the neighbor solution generation. The
neighborhood function in this case has to accommodate both objec-
tive functions, unlike the classic SA algorithms. Its characterization
is detailed and a motivating example, which enhances the problem
characteristics, is used to illustrate the four movements. It should be
noted that the algorithm considers the Eco-Indicator symmetric val-
ues, so both functions have the same optimization direction.

The nomenclature used for the MBSA algorithm characterization
is the following:

i - the current iteration;

Si - the current solution;

s - the randomly generated neighbor solution;

f1(s), fo(s) - respectively, the Profit and the Eco-Indicator 99 assessed

for solution s;

Pac - the probability of accepting the neighbor solution;

T1;, T2; - the temperatures associated respectively to objective
functions f;(s) and f>(s) at iteration i.
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Fig. 3. Schematic representation of the MBSA algorithm.

Fig. 4. Generic solution.

The temperature updating is based on a Geometric Cooling
Scheduling, defined by the temperate decrease every kth iteration
with the following expression:

1L Tyy=aTy

where « is a constant close to 1.

For each Objective Function the temperature T, is empirically ad-
justed in order to allow at the initial steps of the algorithm the ac-
ceptance of all neighbor solutions with a probability close to 1. The
cooling rate @ was adjusted empirically to allow a slow decrease in
the temperature so that the process will remain in quasi-equilibrium.

Neighbor Solution Generation: a neighbor solution is derived
from the current through four possible movements

1. Quantity increase/decrease of a final product demand;

2. Delay/anticipate by 1 time unit the use of a technological pro-
cess;

3. Two equivalent process may be aggregated or one single pro-
cess may be slip in two equivalent ones;

4. Change facility’s location.

A generic and illustrative solution is presented in Fig. 4. This in-
volves a supply chain formed by 3 production facilities (facility 1, 2
and 3), a warehouses (WH)/distribution center (DC). The SC planning
is represented by rectangles. The triangles represent the inventory
levels of final and intermediate products stored in Warehouses and
Distribution Centers, at the end of each time period. The arrows indi-
cate transportation flows occurring at each instant.

When a movement is performed, it is illustrated by the corre-
sponding rectangle’s size or a shade modification and all changes on
inventory levels or transportations flows will be indicated by vertical
black arrows.

Movement 1. Quantity increase/decrease of a final product de-
mand neighbor solution.

This movement procedure is detailed in Fig. 5 and illustrated on
Figs. 6 and 7. In the presented example, as can be seen in Fig. 6,
the final product selected on step 1.1 is processed in Facility 3,

1.4. The affected flows are rectified;

1. Quantity increase or decrease of final product demand
1.1. Afinal product is randomly selected and a random variation generated;
1.2. Atechnological process that produces this product is also randomly selected;

1.3. This process has its batch size rectified in order to accommodate the variation generated in 1.1;

1.5. Theinventory levels of all involved products are rectified;

1.6. For each intermediate product affected by the changes in 1.5, repeat 1.2, 1.3, 1.4 and 1.5.

Fig. 5. Neighborhood move 1.
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Fig. 6. Selected process.

Fig. 7. Rectified processes and flows.

2. Delay or anticipate by 1 time unit the use of a technological
process
2.1. An existing process is randomly selected;

2.2. Selection of the type of movement (delay/anticipation),

2.3. The change is applied and the flows rectified;

Fig. 8. Neighborhood move 2.

Fig. 9. Selected process.

consequently the algorithm selects randomly one from two possibil-
ities and change the corresponding batch size (1.2 and 1.3). The flows
taking raw or intermediate material into the selected process, at in-
stant 2, are moving final products from Facility 3 to the WH or DC, at
instant 3 have to be rectified (1.4).

Inventory levels of selected Final Product from instant 3 and on-
ward are rectified (1.5).

Finally, if the selected process consumed intermediate products
then some previous processes that generated these products have to
be modified (1.6), as shown in Fig. 7.

However, to accommodate the variation generated in step 1.1, an
iterative procedure between steps 1.2 to 1.5 could be necessary.

Movement 2. Delay/anticipate by 1 time unit the use of a techno-
logical process.

The delay/anticipation of a technological process is detailed in
Fig. 8 and illustrated in Figs. 9 and 10. The algorithm randomly se-
lects the process starting at instant 1 (2.1), defining an anticipative

Fig. 10. Anticipated process and its flows rectified.

3. Onesingle process is split in two equivalent ones
3.1. An existing technological process is randomly selected, under the
condition that exists a facility available to use it;
3.2. The batch’s selected process is split in half and the second half is allocated

to the available facility;

3.3. Incoming/outgoing flows are rectified.

Fig. 11. Neighborhood movement 3 - Spliting.

Fig. 12. Selected process.

Fig. 13. Process divided and flows rectified.

movement, shown in Fig. 9. From this movement, not only the incom-
ing and outgoing flows, but also the inventory levels must be rectified
(2.3), as shown in Fig. 10. Another, possible movement to be chosen is
the process starting at instant 0, in Facility 1, which could be delayed
to instant 1.

Movement 3. Two equivalent processes may be aggregated or one
process may be split in two equivalent ones.

The characterization of the splitting movement is detailed in
Fig. 11 and illustrated in Figs. 12 and 13, followed by the aggregation
movement detailed in Fig. 14 and illustrated in Figs. 15 and 16.

The splitting movement can be done, using the starting process at
instant 2, on Facility 2, which is divided into two. One process remains
in Facility 2, and the other in Facility 1, at the same instant, t = 2,
shown in Fig. 13 (3.1). Half of the batch is allocated to a new process
being held at Facility 1 (3.2) and the flows are rectified (3.3).

Observe that the execution time of a process can differ from one
facility to another because that depends on the technologies available
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4. Two equivalent process are aggregated
4.1. An existing technological process is randomly selected, under the
condition that exists another equivalent process being held on a different
facility, during the same period;
4.2. The batch’s selected process is aggregated into the other equivalent
process;

4.3. The selected process is extinguished;

4.4. Incoming/outgoing flows are rectified.

Fig. 14. Neighborhood move 3 - Aggregating.

Fig. 15. Selected processes.

Fig. 16. Processes agglomerated and flows rectified.

5. Change facility’s location
5.1. If one facility is close in one location, another one may be open in another

location.

Fig. 17. Neighborhood move 4.

for each facility. Consequentially in some instances the new process
created by the splitting can have a different duration than the original
process.

The aggregation movement is detailed in Fig. 14, followed by its
illustration in Figs. 15 and 16. The process selected to be aggregated is
at Facility 2, starting at instant 0, shown in Fig. 15, (4.1). The process
selected is aggregated into another equivalent process, which is in
Facility 1, instant 0. In Fig. 16 the selected process is removed (4.3),
and the flows and inventory levels are rectified (4.4).

Movement 4. Change facility’s location

This movement does not affect neither transportation flows or
production planning, nor the equipment design. The movement is de-
tailed in Fig. 17 and illustrated in Fig. 18, where a random selected
plant is relocated, from location A to location B.

4.2.4. Third Procedure Il

In procedure (IIT) and, after a neighbor solution available, the algo-
rithm will evaluate if this solution will be accepted as a new current
solution, based in local search strategies, as defined in Fig. 3.

Fig. 18. Relocation of a facility.

This evaluation is based in an independent procedure, which eval-
uates if solution s’; is accepted as a current solution. The procedure
uses the probability of acceptance, Py, to evaluate, which depends
on the adopted Local Search Strategy. The solution s’; is randomly ac-
cepted with probability Pqc.

The classic SA algorithm with one objective function f, proposes
the following acceptation probability (Kirkpatrick et al. (1983) and
Cerny et al. (1985)):

1, f(s'i) > f(si)

Pac = £(s'i)—— fisi)
O

(24)
otherwise

In each iteration, the algorithm generates a neighbor solution, s’;
and the Local Search (LS) strategy defines the probability of accep-
tance of a worst solution, Pac.

However, in this work several local search strategies were ex-
plored, and a detailed characterization is provided by Chibeles-
Martins, Pinto-Varela, Barbosa-Povoa, and Novais (2014). The sim-
plest strategy (strategy A) explored changes in the objective function
controlling Pac, at each restart. This strategy produced a suitable ap-
proximation in the lower and upper end of the PF, as the approxima-
tions are skewed towards the respective optimal values, defined in
Eq. (24). However, a sparse approximation in the middle region of the
Pareto Frontier (PF) was reached by this strategy.

Therefore, strategies combining both objective functions to define
Pac procedure were explored, and the lack of middle region PF char-
acterization was overcome, through the use of Eq. (25) (Strategy B).
However, this strategy kept the Local Search exploring only the mid-
dle region of the PF.

Consequently, a LS Strategy must be expanded and should con-

sider the both approaches simultaneously (strategies A and B), in one
run to reach all PF extension.
e F1(Si) < F1(SD)A
f2(8'1)> f2(Si)
e P F1(8'1)> F1(Si) A
Pac = f2(8'1) =< f2(Si)

. F1(s'i)- f1(si) F2(s'i)- f2(si)
Min <e T ,e T )

. f1(81) = f1(SiA
f2(8'1) < f2(Si)

1 otherwise

(25)

Due to the multi-start nature of the algorithm, it is a simple pro-
cedure to change the way Pac is computed every time the algorithm
restarts, with a new Initial Solution, on a different region of the Fea-
sible Region.
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In the proposed strategy the LS procedure is controlled 1/3 of
restarts by Profit, 1/3 by Environmental Impact and the remaining by
both OF simultaneously. The LS is controlled alternately by only one
of the OF for a fixed number of iterations, while Pac is calculated by
Eq. (24).

4.2.5. Fourth Procedure IV

This procedure analysis the neighbor solution efficiency during
the algorithm run and, the non-dominated solutions are stored in the
Pareto array. These solutions are sorted, from the highest to the low-
est profit values. Due to the fact that the problem is bi-objective, all
solutions in the Pareto array will be automatically sorted accordingly
to f>. For each iteration, Fig. 3 (IV), the algorithm verifies if the solu-
tion s’; is non-dominated by comparing it with the solutions stored
in the Pareto array. If is a non-dominated solution, s’; is added to the
array which is corrected and re-sorted using an Insertion Sort Algo-
rithm (Cormen, Leiserson, Rivest, & Stein, 2009).

4.2.6. Fifth Procedure V

The algorithm last procedure, the restart mechanism and stop cri-
terions control is the fifth procedure. In this work, the main goal is to
define a PF and approximate it to the optimal one. This differs signif-
icantly from the classical SA algorithm, where the goal is to approxi-
mate the optimal solution.

To do that, the proposed algorithm has a multi-start procedure
that allows the exploration of different regions of the PF. The algo-
rithm restarts when both T1; and T2; are smaller than a pre-set value
close to zero. Temperatures T1; and T2; are reset to their initial val-
ues T1y and T2y and a new initial solution is randomly generated by
the constructive heuristic described above. The restart procedure is
repeated several times and the number of restarts is determined em-
pirically after a sensitivity analysis.

However, some parameter tuning is necessary in order to adjust
the algorithm to the problem characteristics. Besides initial temper-
atures (T1y and T2j) and the Cooling Schedule constant (« ), the Stop
criterion of each restart and following parameters were also adjusted
empirically taking into account the following criteria:

« stop criterion of each restart;
« The number of iterations of the Multi-start mechanism.

5. Key performance indicators

In order to compare the efficiency, quality, variability and robust-
ness of the MBSA solution, three KPI are presented and two control
charts are explored and extended to engage the problem specificity.

The KPIs D-distance and Size of Concave Space Covered (SCSC) are
new proposed indicators, followed by the K-distance indicator, which
is based on Zitzler and Thiele (1999). The Xand R-Chart are extended

through the X —Chart and R —Chart to guarantee the results control.
It is assumed that the results are under control if the average and
variability are both under control. A detailed characterization of each
indicator and charts is presented. To mitigate the scaling effect both
objective functions were standardized.

D-distance: D-distance quantifies the distance between PF ob-
tained from the exact approach and the MBSA PF. The geometric rep-
resentation is shown in Fig. 19 through Fig. 21.

Let A be a point belonging to the MBSA algorithm PF with coordi-
nates (x4 y°). Let M; and M, ; be the exact PF adjacent points of A,
with coordinates (xM; yM;)and (xM;,;, yM;, ) respectively as shown
in Fig. 22.

So, x% € [xM; xM;_ 1], and we define:

dy = |yM- v 27)

S

dy = |y iy - yA\ (28)

Fig. 19. Geometric representation when Dy < 1.

Fig. 20. Geometric representation when Dy > 1.

Egs. (27) and (28) measure how distant A is from M; and M;,4,
respectively, in terms of Environmental Impact, shown in Fig. 19.
The environmental impact range is defined by:

Djjip = |Yivl - YM1| (29)

The distance of point A from MBSA algorithm and the exact ap-
proach PF is calculated using the expression (30):

I xS [ <1 -
DA D[x;rl] ‘ |SA Mi | |SA Mn+1| (30)
D[TAH] if x| > x5l |

If A is close to the exact PF front, then Dy < 1, as is represented in
Fig. 19.

On the other hand, when A is considerable distant from the exact
PF, the D, value from Eq. (30) is D > 1, as illustrated in Fig. 20.

However, there are other situations requiring a different approach,
which are going to be characterized. Consider M, the exact solution
that minimizes the Environmental Impact Objective Function. There-
fore XM is the profit value associated with solution My, and the MBSA
algorithm solutions A, verifies x54 < xMg shown is Fig. 21. In those
situations D, and Dp are defined by Eqs. (31) and (32) and, illustrated
in Fig. 21:

Dy=yM (31)
d+
_ A
Dy = De (32)

The D-Distance quantification is reached through the average of
Dp characterized by Eq. (33).

ZA € SA FP DA
|SA FP|

Size of Concave Space Covered (SCSC): the SCSC development was
inspired from Zitzler and Thiele (1999) and a new KPI is presented

D — distance = (33)
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Fig. 21. Geometric representation when x5, < xMg,

to measure the area covered by the non-dominated solutions in the
concave objective research space and consequently a concave PF (the
profit maximization and environmental impact minimization have
different directions). To illustrate the concept, the geometric repre-
sentation is shown in Fig. 22. This measure quantifies the percentage
of the exact SCSC by the MBSA algorithm PF.

K-distance: the K-distance indicator proposed by Zitzler and
Thiele (1999) is used to estimate the Pareto Frontier density, by mea-
suring the average distance of an efficient point to the kth nearest ef-
ficient points. This indicator allows sparse PF identification vs a high
saturated PF.

The K-distance aim is the density comparison in the two ap-
proaches. In this work is justified a value of K = 4, to avoid the use
of more than half of its elements in the exact quantification.

5.1. Control charts

The X —Chart and the R —Chart give to the decision maker com-
plementary information. The former is focused on the constancy of
the average value and the latter is specially designed for detecting
changes in variability. These charts are characterized through an Up-
per Control Limit (UBL), Lower Control Limit (LBL) and an average
value definition. The data will float around the average value and if

Table 1
Facilities suitability technological resources and capacities.

Facilities ~ Technological process ~ Capacity (Tonnes)  Final products

Site A TP1 85 P1, P2, P3, P4, P5, P6
TP2 45 P7, P8, P9
TP3 25 P10, P11, P12

Site B TP1 65 P1, P2, P3, P4, P5, P6
TP2 25 P7, P8, P9
TP3 25 P10, P11, P12

remains inside the boundaries, the algorithm is considered robust
and stable based on X —Chart and R —Chart respectively.

The control charts were derived considering KPI D-distance, using
nk observations from n Pareto frontiers. Each PF defines a subgroup
of distance and range values, so its average can be obtained, X and R,
respectively. However to analyze the algorithm robustness, a sensi-
tive analysis is undertaken defining subgroups of data, triggering the
control-chart for the X and for R characterization. Making use from
the Central Limit effect the Normal distribution can be assumed and

the respective control charts are derived (Eqs. 34 and 35).
UCL; =X +25; and ICL =X — 25 (34)
UCL: =R+2S; and ICL; = R—z5; (35)

6. Instance characterization

To illustrate the MBSA application a case study is used. The KPI
measures are explored and the case study instance supports a sensi-
tive analysis.

The SC operates with two production sites (A and B) and one cen-
tralized supplier. Each one of these production sites has the possibil-
ity of installing three types of multipurpose technological resources
(TP1, TP2 and TP3) to produce 12 different products. TP1 produces six
final products (P1 to P6), TP2 and TP3 three products each (P7 to P9
and P10 to P12, respectively), shown in Table 1. The maximum ca-
pacity associated to the facilities’ technologies is shown in Table 1,
while in Table 2 is shown the demand for each market, using a multi-
product DC. Fig. 23 illustrates the SC superstructure.

Fig. 22. Size of Space Covered representation.

Please cite this article as: N. Chibeles-Martins et al., A multi-objective meta-heuristic approach for the design and planning of green supply
chains - MBSA, Expert Systems With Applications (2015), http://dx.doi.org/10.1016/j.eswa.2015.10.036

612
613
614
615
616
617
618
619
620
621

622

623

624
625
626
627
628
629
630
631
632
633
634
635


http://dx.doi.org/10.1016/j.eswa.2015.10.036

636
637
638
639
640
641
642
643
644
645

646

647
648
649
650

JID: ESWA

[m5G;November 27, 2015;20:39]

N. Chibeles-Martins et al. / Expert Systems With Applications xxx (2015) XxX—-XXX 1
First-Tier - First-Tier Second -Tier
Suppliers Facilities Customers Customers
P1Ypy P2

* -
X

LA D

O<C

/
\

X2
XX

(A P5

P4 Xpo
P5

P1Xp6
P5

O suppliers [ ] Plants
O whibc ¥¢ Technologies(_ ) Markets

Products

Fig. 23. Supply chain illustration for the second instance.

Table 2
Annual range product demand for each market.

Product Market Demand for each product (max Tonnes)
P1-P6 M1 200
M2 260
P7-P9 M3 200
M4 140
P10-P12 M5 100
M6 80
Table 3

Pollutants emitted per utility consumption (Duque, Barbosa-Povoa, & Novais, 2010).

Utility Cco co2 NOx Sox Units
Diesel 14.828 2609.5 34.6 - kg/m3
Electricity 4.151e-3  7.306e-1 1.941e-3  3.872e-3  kg/kwh
Table 4
Damage to human health (Geodkoop & Spriensma, 2001).
Damage CO CO2 NOx SOx
Human health (DALYs/kg emission) - 75e-4  8.74e-5  5.35e-5

It is assumed that for each technological resource, some electricity
consumption will occur, generating an associated environmental im-
pact. Also environmental impacts related to transportation, namely
C0O2, NOx and SOx emissions, are considered. The corresponding data
are given in Table 3. The transportation costs are not only geograph-
ical distance dependent, but also transported load depend. An as-
sumption of full truck load freights at an average speed of 80 km/h
is used.

The environmental impact quantification is based on the Eco-
indicator 99, focused on the Human Health (HH) damage, Table 4.

7. MBSA algorithm results analysis

In order to assess the algorithm results quality, robustness and
stability not only a comparison with the exact approach was per-
formed, but also, a sensitivity analysis is developed. For each anal-
ysis a variations of A ranging from -5% to +5%, with 1% increments
were applied, over the parameters: TP1 and TP2 technology capacity

in site A and B, respectively; and demands of product P12 for M5 and
M6 Market.

The reason for those parameters selection results from the need to
explore its impact in algorithm behavior, like: the algorithm solution
impact when the most relaxed technology capacity suffers distur-
bance, over TP1; the annual production planning behavior when vari-
ation of the lowest technology capacity available occur, over TP2; and
what happens to the production and transportation planning through
product demand variation. Nevertheless, some of those algorithm re-
sults are compared with the exact approach.

Beyond that, with the aim to compare the solution efficiency ap-
proach of the MBSA algorithm, three KPI measures and two con-

trol charts: D-distance, K-distance, SCSC, X —Chart and R —Chart were
used.

The multi-objective approach requires a set of solutions to char-
acterize the efficient frontier, the ability of each method to find
those solutions are defined by the quantity of non-dominated solu-
tions obtained. The number of non-dominated solution of MBSA over
each parameter variation is summarized in Table 5. As the literature
stated the exact approach is time-consuming, and this case was no
exception.

The computational time required for those solutions, over each
MBSA and the exact approaches’ run are shown in Table 6 and a com-
parison analysis in Table 9. The MBSA algorithm presents, on aver-
age a time improvement around 95% when compared with the exact
approach and defines an efficient frontier with a higher number of
non-dominated solutions.

An important aspect to analyze in the algorithm is the quality of
the obtained solutions. This is done through the comparison of the
area coved defined by the efficient frontiers of both approaches. The
higher % of exact area covered by the MBSA algorithm more quality
solutions are defined. The comparison of the % of exact area covered
by MBSA was quantified by the SCSC KPI. Its comparison shows the
ability of MBSA to cover more than 70% of the exact area as shown in
Table 7.

Another important aspect to qualify the solutions reached is its
density. Based on Zitzler, Laumanns, and Thiele (2001), the KPI K-
distance was applied. The K-distance KPI quantify the density of non-
dominated solution in the PF and characterize the distance between
the kth nearest non-dominated solutions, with K = 4, meaning the
lower the distance among solution, the higher its density and, a
higher PF characterization is achieved. From Table 8 it is shown that
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Table 5
Quantity of non-dominated solutions for each run for the MBSA algorithm approach.
-5% -4% -3% -2% -1% 0% +1% +2% +3% +4% +5% Average
TP 1 3154 2410 3090 2147 2544 2775 2735 2316 2985 2860 2754 27064
TP2 2628 3119 2806 3000 2790 2775 3830 2434 2329 2628 3225 28695
P12inM5 2968 2623 3079 3000 2869 2775 3307 2956 3160 2904 2347  2908,0
P12inM6 3110 3099 2282 3408 2955 2775 3276 2705 2950 2818 2707 29168
Table 6
Time for each run in both approaches (CPU seconds).
-5% -4% -3% 2% -1% 0% +1% +2% +3% +4% +5%
TP 1 Exact 15326 16451 18531 14016 12744 78708 23426 34646 12753 24243 20788
MBSA 1383 1255 1451 1440 1020 1389 1207 1221 1464 1254 1478
TP 2 Exact 10563 15104 15016 16389 25623 78708 15450 18412 14318 30878 14105
MBSA 1691 1476 1091 1275 1291 1389 1219 1269 1299 1203 1415
P12inM5  Exact 13027 19162 11212 18281 19782 78708 36072 16120 16435 12131 25077
MBSA 1236 1180 1185 1180 1145 1389 1222 1322 1160 1250 1244
P12 in M6 Exact 23770 21850 32637 11629 22745 78708 15916 14868 17587 15447 19275
MBSA 1372 1412 1144 1258 1202 1389 1358 1217 1136 1085 1138
Table 7
Percentage of SCSC.
-5% -4% -3% -2% -1% 0% +1%  +2%  +3%  +4%  +5%  Average
TP 1 770 766 735 741 740 740 755 748 733 744 752 748
TP 2 766 763 753 717 749 740 739 724 720 728 712 73.7
P12inM5 709 6955 722 703 701 740 719 709 709 670 726 709
P12inM6 733 737 716 707 716 740 708 71,0 70,0 699 694 715
Table 8
K-distance measures from the MBSA and exact approach.
-5% -4% -3% -2% -1% 0% +1% +2% +3% +4% +5% Average
TP1 Exact 9152 9133 9231 9251 9278  929,6 9312 9321 9336 9351 938,0 9276
MBSA 3,14 4,08 4,05 4,55 4,56 3,53 3,63 4,24 4,25 3,50 3,58 3,92
TP2 Exact 9232 9232 9255 9230 9258 9296 9302 9284 9302 9339 9341 9279
MBSA 3,792 3,193 3,555 3,381 3560 3,534 3519 4074 4242 4225 3,733 3,710
P12inM5  Exact 9289 9266 9231 928,66 9287 10285 9273 9290 9286 9356 9256 9373
MBSA 3,506 3,655 3,696 3,253 3,354 3,534 3379 3286 3,231 3316 4138 3,486
P12inM6  Exact 928,7 9266 9282 9288 9272 9296 9278 9298 9276 9269 9305 9283
MBSA 4146 3,139 4240 4175 3,273 3,534 3,258 3567 3,532 3406 3,548 3,620
Table 9
Comparision analysis.
Time average % Time improvement  K-Distance % K improvement
TP1 Exact 26 650 927,6
MBSA 1324 95 3,92 99.5
TP2 Exact 23142 9279
MBSA 1329 94 3,710 99.6
P12inM5  Exact 24182 9373
MBSA 1228 95 3,486 99.6
P12 in M6 Exact 24948 9283
MBSA 1247 95 3,620 99.6

the values from the MBSA algorithm are much lower than the ex-
act approach results. On average the MBSA has a K-distance around
3,7 compared with 930 in the exact approach, showing a much
higher density PF characterization in the MBSA approach. The rea-
son of higher solution results in the exact approach is from the model
complexity and computational burden strive the definition of non-
dominated solutions. Once more the MBSA algorithm presents a bet-
ter performance and is shown an improvement around 99 %, shown
in Table 9.

Finally, the algorithm solutions variability and robustness are an-
alyzed using the proposed KPI D-distance over eight control diagram

X —Chart and R —Chart, two control diagram for each analyzed pa-
rameter, respectively. To summarize such information, data aggrega-

tion was performed, and the four X —Chart were aggregated into one,

shown in Fig. 24. The same procedure was adapted for R —Chart, re-
sulting Fig. 25.

The charts characterization requires the upper and lower control
limits quantification, UCL)=(, LCL)?. UCLﬁ and LCLé, based on Eqgs. (34)
and (35). Two levels of control were characterized for the aggregated
information, one tighter than the other. In the Figures, the higher con-
trol is characterized by the range [LCLy;qx, UCLy4,], and the more re-
laxed control, the solution may float in the range [LCLMin, UCLMax].
The algorithm is considered robust and stable if the D-distances re-
mains between its upper and lower control limits, [LCLi, UCLi].

As can be seen in Fig. 24, the algorithm solution robust-
ness is characterized and all the solution remains between the
thigh boundaries, except one solution which is within the relaxed
boundaries.
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Fig. 25. Variability control limit.

The algorithm solution variability is analyzed in R —Chart, shown
in Fig. 25. This chart quantifies the difference between the smallest
and largest values in the sample, reflecting the solution variability

instead of the tendency towards a mean value, like the X —Chart.
The algorithm solutions variability suggests a steady state trend
in the variability values, indicating a steady and narrowed variability.

This trend would reflect on the X —Chart, by mean values closer to
the chart center, and within limits. Based on the control charts the
algorithm solution shows a robust and stable performance.

8. Conclusion

In this work a problem with increasing importance in the sup-
ply chain area has been addressed, the so called green supply chain
design and planning. Economic but also environmental objectives
are accounted when designing and planning supply chains aiming
at establishing tradeoffs between the traditional profit objective and
such systems environmental impact. Due to the recognized difficul-
ties that arise when solving these problems through the most com-
mon published approaches, exact approaches, the present paper pro-
poses an alternative solution approach based on a meta-heuristic that
has proved to be promising and could consequently constitute the
base of an expert system application to support the decision making
process within such problems.

This approach is a Bi-objective Simulated Annealing approach,
MBSA, which is developed under a constructive heuristic that guar-
antees solution’s stability, feasibility and robustness. The algorithm
involves four different types of Neighborhood movements where a
multi-start local search strategy taking advantages of both objective
functions was implemented. The algorithm performance was mea-
sured against an exact approach through the analysis of a set of
defined generic key performance indicators where the algorithm so-
lutions quality, based on the distance between the proposed algo-
rithm Pareto frontier and the exact Pareto frontier were considered.

In addition to validate the proposed solution algorithm a sensitivity
analysis was performed and the resulted KPI values were analyzed
and discussed.

The results show that the MBSA proved to be an efficient and pow-
erful heuristic alternative when compared with exact methods pro-
viding the definition of the Pareto Frontier of Supply Chain Network
Design and Planning problems. Different trade-offs along the Pareto
Frontier were obtained informing the decision maker with the neces-
sary results to support his/her decisions. However the PF generated
by the algorithm is composed with solutions obtained approximately.
Without the exact PF it is not possible to assess the distance between
the algorithm solutions and the real efficient frontier. In addition, as
the methodology is based on a Metaheuristic the algorithm’s param-
eters tuning is always implied every time a new problem instance is
studied.

As future developments, different aspects should be explored.
First of all the algorithm should be tested in more complex instances.
A benchmarking analysis could be developed using the proposed KPI
performance indicators. In addition, and on the algorithm perfor-
mance it is important to explore the impact of using different heuris-
tics with greedy components in all or at least some of the restart
mechanisms. Furthermore it will also important to extend the devel-
oped approach to account with other important supply chain aspects
such has the treatment of the social objective when designing such
systems aiming at establishing sustainable supply chains. Other as-
pects could also be incorporated in this algorithm extension has risk
measures and uncertainty presence.
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