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Abstract: This article presents an effective solution method for a two-layer, NP-hard sustainable
supply chain distribution model. A DoE-guided MOGA-II optimiser based solution method is
proposed for locating a set of non-dominated solutions distributed along the Pareto frontier. The
solution method allows decision-makers to prioritise the realistic solutions, while focusing on
alternate transportation scenarios. The solution method has been implemented for the case of an
Irish dairy processing industry’s two-layer supply chain network. The DoE generates 6,100 real
feasible solutions after 100 generations of the MOGA-II optimiser which are then refined using
statistical experimentation. As the decision-maker is presented with a choice of several
distribution routes on the demand side of the two-layer network, TOPSIS is applied to rank the
set of non-dominated solutions thus facilitating the selection of the best sustainable distribution
route. The solution method characterises the Pareto solutions from disparate scenarios through
numerical and statistical experimentations. A set of realistic routes from plants to consumers is
derived and mapped which minimises total CO, emissions and costs where it can be seen that the
solution method outperforms existing solution methods.

Keywords: Sustainable supply chain; Distribution system; Multi-objective mixed-integer
programming; Solution method; Design of experiment; MOGA-II optimiser.
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1. Introduction

Increased consciousness amongst consumers, firms and governmental organisations towards the
escalated deterioration of the environment caused by human actions has significantly increased
the momentum in sustainable supply chain management. In reality, in a supply chain (SC) firms
are now not only held responsible for themselves but also for the environmental and social
performance of their suppliers (Seuring and Miiller 2008). In today’s competitive environment it
is essential that the logistical elements of sustainable-SC networks must operate on a combined
platform of reduced carbon emissions and low operating costs. The operation of low-carbon SCs
is one of today’s most strategic challenges. When designing and developing modern SCs,
transportation decisions are of major concern as they have substantial implications on the
environmental performance of the SC and additionally the cost of product distribution
significantly contributes towards the total SC cost. For this reason, one of the key success
parameters presented for improved enterprise performance for local product sales markets is the
efficacy of product distribution decisions (Lopes et al. 2008), making low-carbon distribution
system design a strategic priority for many businesses.



Carbon dioxide (CO;) is one of the six greenhouse gases included in the Kyoto protocol.
According to the United Nations Framework Convention on Climate Change (UNFCCC 2012),
CO, is considered as the principal greenhouse gas in the “carbon market Often the quantity of
emitted greenhouse gases is expressed as CO, equivalent (CO,e) in the carbon footprint. The
“total amount of C@ emissions that is directly and ingatly caused by an activity or
accumulated over the life stages of a protustdescribed as the carbon footprint (Wiedmann
and Minx 2008). More precisely, CO,e gases emitted across a SC for a single unit of a product is
referred to as its carbon footprint (Reclay Holding GmbH 2012). Therefore, to enhance the
efficiency of green-SC networks it is recommended that the total amount of CO,e should be
evaluated in order to identify mechanisms by which the SC carbon footprint can be reduced. In
this article the term “low-carbon” is delineated as a descriptor for the performance associated
with a “carbon footprint”. A number of recent studies in this domain have reported on the
integration of low carbon emission issues with operational decision-making for procurement,
production and inventory management (Benjaafar et al. 2013) and on the relevance of carbon
footprint taxation schemes, and such studies can have effect on the optimal choice in sourcing
decisions (Choi 2013a, 2013b, 2013c).

There are a number of recommended low-carbon/green-SC principles in businesses, such as: the
in-depth discernment of the impact of the carbon footprint with manufacturing locations and raw
material sources, alternative sourcing options, operating speed of SCs, reduction of the use of
packaging, increases in proportional reverse logistics (Grenchus et al. 2011; Alzaman 2014) and
the re-design of distribution channels. In a SC network, logistics service providers are required to
contribute by increasing SC efficiency while simultaneously reducing associated costs and
carbon emissions. Transportation in logistic activities is one of the most significant sources of air
pollution and greenhouse gas emissions within a SC (Wang et al. 2011). These activities leave
harmful effects on human health and the environment (Salimifard and Raeesi 2014). Therefore,
transportation activities of products from plants to retailers via roadways warrant more thorough
investigation. Minimisation of the traversed distance (Herrero et al. 2014) and maximisation of
vehicle utilisation during transportation are potential solutions for emissions reduction.
Considering the principles of low-carbon SCs and the effect of transportation activities on
society, this article supports the need for a sustainable capacitated distribution model to manage
both the carbon footprint and cost on the demand side of a SC.

Several approaches have been considered to date to tackle distribution system problems on the
demand-side of SCs. Two-layer distribution system models are well known to be
computationally NP-hard. There is no unique solution to these types of models but a feasible
solution space. A variety of heuristics/meta-heuristics used to solve such models can be found in
the literature in the form of one or multi-phase algorithms. In this article a novel Design of
Experiment (DoE)-guided solution method is implemented on a two-layer sustainable
distribution system. The DoE guides a Multi-Objective Genetic Algorithm of kind II (MOGA-II)

is



optimiser towards the selection of the best optimal realistic solution sets from a large number of
available optimal feasible solutions. The decision-makers’ prioritisation is encapsulated in the
analysis and subsequent ranking of the realistic solutions using TOPSIS (Hwang and Yoon
1981). The implementation of this efficient solution method as presented in this paper is focused
on the case of an Irish dairy manufacturing SC.

This remainder of the article is organised as follows. A comprehensive literature review on
distribution system methods and their solution approaches is provided in Section 2. The next
section elucidates the holistic solution method for the sustainable distribution system
optimisation. In this section the DoE-guided MOGA-II solution method is described and its
implementation in an Irish dairy manufacturer’s SC discussed. Section 4 delineates the results
obtained from the DoE-guided solution method, which are then analysed in Section 5. This
section illustrates the final results and discusses the characteristics and efficacy of the solution
method. Finally, Section 6 concludes the research indicating the scopes for future research.

2. Literature Survey

Distribution decisions consider a number of constraints in order to satisfy the demands of
retailers while simultaneously minimising total costs. The total costs include routing costs, fixed
costs of the vehicle, fixed costs and operating costs of the facility (Karaoglan et al. 2012).
Distribution systems are modelled as NP-hard combinatorial optimisation problems (Nagy and
Salhi 2007; Marinakis and Marinaki 2008; Yu et al. 2010). The nature of NP-hard problems is
such that the computational effort required for solution attainment grows exponentially with
increasing problem size (Erdogan and Miller-Hooks 2012). Therefore, there is a need for an
effective and robust solution method for distribution system models. A detailed survey of
different distribution systems can be found in Laporte (1988).

2.1 Overview of the related methods

A detailed survey of the product distribution models can be found in Madsen (1983), Min et al.
(1998), and Nagy and Salhi (2007). A wide array of distribution models have been reported in
the literature. A large number of these existing solution approaches are based on distribution
system models using meta-heuristic based methods due to their nature. It is recognised that
appropriate usage of meta-heuristic based methods brings an optimal balance between
diversification and intensification components thereby identifying search regions with high
quality solutions. However, often it is difficult to isolate solutions that perform well in the design
space but have poor off-design characteristics. This feature, if included correctly, can increase
the efficacy of the solution approaches for distribution system models. From the literature it can
be seen that a number of distribution system models have been solved using tools such as particle
swarm optimisation, tabu search, simulated annealing, greedy randomised adaptive search
procedure, variable neighbourhood search algorithms, ant colony optimisation and genetic



algorithms. A presentation of these different solution approaches to distribution system models is

provided in Table 1.

Table 1 Solution approaches to distribution system models

Publications

Solutionapproaches

Marinakis and Marinaki (2008b)

Hybrid particle swarm optimisation; multiple phase
neighbourhood search — greedy randomized adaptive search
procedure

Yang and Zi-Xia (2009)

Sequential and iterative procedure using particle swarm
optimisation

Liu et al. (2012)

Multi-objective particle swarm optimisation combined with
grey relational analysis and entropy weight

Gendreau et al. (1994)

Tabu search heuristic with a generalised insertion procedure

Tuzun and Burke (1999)

Two-phase Tabu search algorithm coded in C

Chiang and Russell (2004)

Set partitioning approach and tabu search algorithm

Melechovsky et al. (2005)

p-median approach to find an initial feasible solution and a
meta-heuristic integrating variable neighbourhood search and
Tabu search to improve the solution

Albareda-Sambola et al. (2005)

Tabu search metaheuristic solution with CPLEX 6.5 solver

Lin and Kwok (2006)

A combined Tabu search and simulated annealing
metaheuristics

Caballero et al. (2007)

Multi-objective combinatorial optimisation based on tabu
search

Russell et al. (2008)

Reactive Tabu search method based metaheuristics approach

Schwardt and Fischer (2009)

A neural network approach based on a self-organising map

Lin et al. (2002)

Metaheuristics approach based on threshold accepting and
simulated annealing

Wu et al. (2002)

Simulated annealing

Yu et al. (2010)

Simulated annealing

Stenger et al. (2012)

Simulated annealing

Prins et al. (2006a)

Greedy randomised adaptive search procedure

Duhamel et al. (2010)

Greedy randomised adaptive search procedure

Nguyen et al. (2012)

Greedy randomised adaptive search procedure

Ghodsi and Amiri (2010)

Variable neighbourhood search algorithm

Derbel et al. (2011)

Variable neighbourhood search algorithm

Bell and McMullen (2004)

Ant colony optimisation

Bin et al. (2009)

Ant colony optimisation

Ting and Chen (2012) Ant colony optimisation
Hwang (2002) Genetic algorithm
Prins et al. (2006b) Genetic algorithm
Zhou and Liu (2007) Genetic algorithm

Marinakis and Marinaki (2008a)

Genetic algorithm

Marinakis and Marinaki (2008b)

Genetic algorithm

Jin et al. (2010)

Genetic algorithm

Karaoglan and Altiparmak (2010)

Genetic algorithm

Marinakis et al. (2008)

Honey bees mating optimisation

Amador—Fontalvo et al. (2014)

Bacterial metaheuristics




From a perusal of the literature on models in this domain it can be observed that Design of
Experiment (DoE)-guided solutions has not been reported. DoE, if included has the capacity to
guide the meta-heuristic based solution method from its starting point, thus enabling the isolation
of solutions that may perform well at the design space but will have poor off-design
characteristics. In utilising DoE in the solution procedure of distribution system models it is
necessary to explore the design space first, followed by the performance of “rough” optimisation
using “search” algorithms based on explored designs, and then finally the refinement of the
feasible solutions using a converging algorithm. In this DoE method N (number of individuals)
entries are used as the problem's initial population which is also used by the meta-heuristics.

2.2 Applications of distribution system models

A wide variety of distribution decision models in various sectors are available in the literature.
For example, logistics models have been implemented for small package shippers (Stenger et al.
2012), the shipping industry (Gunnarsson et al. 2006), blood bank location (Or and Pierskalla
1979), newspaper distribution (Jacobsen and Madsen 1980; Madsen 1983), waste collection
(Kulcar 1996; Caballero et al. 2007), medical evacuation (Chan et al. 2001), collection,
transportation, treatment and disposal of hazardous material (Alumur and Kara 2007), obnoxious
facility location-routing (Cappanera et al. 2004), food and drink distribution (Watson-Gandy and
Dohrn 1973), and goods distribution (Perl and Daskin 1984, 1985). Lin et al. (2002) report an
application of a distribution model to the bill delivery services of a telecommunication service
provider based in Hong Kong. A static conversion from the traditional bricks-and-mortar
retailing to the hybrid click-and-mortar business model from the perspective of distribution
logistics is reported in Aksen and Altinkemer (2008).

2.3 Sustainable distribution systems

There also exists a large volume of research on designing for green-SCM (GrSCM). A variety of
drivers for implementing GrSCM practices have been reported in the literature (Noci 1997;
Guide and Srivastava 1998; Walton et al. 1998; Gungor and Gupta 1999; Rao and Holt 2005;
Lee 2008; Walker et al. 2008; Fortes 2009; Diabat and Govindan 2011). The focus of such
GrSCM initiatives are categorised (Srivastava 2007) into two types — (i) green product design
and (ii) green operations. This article focuses on green operations of SCM from the logistics
perspectives. Applications of the reported models and techniques include the fields of green
reverse logistics (Grenchus et al. 2001) and SC-network design (Fleischmann et al. 2001; Zhu et
al. 2008; Guide and Van Wassenhove 2009; Hong and Yeh 2012). For example, a two-phased
heuristic is reported for cost minimisation, cumulative energy demand and waste for a reverse
logistics network (Neto et al. 2009). Wang et al. (2011) report a multi-objective optimisation
model that facilitates a trade-off between the cost factors and the environmental influence. A
mixed integer linear programming technique is reported in Erdogan and Miller-Hooks (2012) for
tackling a green-vehicle routing problem, and an optimised solution to a multi-objective
distribution problem is reported in Validi, (2014), Validi et al. (2014) and Validi et al. (2012).



However, literature on DoE-guided robust and efficient solution methods for low-carbon
distribution system models is scant.

This article proposes a DoE-guided MOGA-II optimiser based solution method for the location
of a set of non-dominated solutions distributed along the Pareto frontier by trading-off among the
criteria. During the analysis phase of the solution procedure, TOPSIS is applied to rank the set of
non-dominated solutions thereby allowing the decision-maker to select the best low-carbon
routes. A comprehensive set of numerical and statistical experimentations characterising the
Pareto solutions is provided, with disparate scenarios on the demand side of the SC-network. A
set of realistic routes from plants to consumers minimising the total CO, emission during
transportation and total costs for operating the plants and serving the realistic routes considering
the demand side of SC is derived and then geographically mapped.

3. Sustainable DistributionModel — Solution Method

The objectives as defined here for a sustainable two-layer supply chain are minimisation of the
sum of carbon emission, i.e., maximising the ‘greening’ effect, and minimisation of the sum of
costs associated with product distribution.

The steps of the solution method are illustrated in Fig. 1. The solution method for the sustainable
optimisation model (expressions 1 to 12 of Appendix-A) uses DoE from the starting-point of the
solution procedure. DoE is coupled to an optimiser (Fig. 2) in order to avoid solutions that
perform well at the design space but have poor off-design characteristics (modeFRONTIER" 4
User Manual). The model explores the design space, performs a “rough” optimisation using
“search” algorithms based on the designs and refines the feasible solutions using a converging
algorithm. The MOGA-II algorithm is used in order to achieve fast Pareto convergence, in
executing the low-carbon two-layer model of Validi et al. (2014) and Validi (2014). The solution
method (Figs. 1 and 2) work with discrete variables and support geographical selection and
directional crossover, implementation of elitism for multi-objective search, enforcement of user
defined constraints by objective function penalisation, allowance of generational or steady state
evolution and allowance of concurrent evaluation of independent individuals. The N (number of
individuals) entries in the DoE are then used as the problem's initial population.

The ‘MOGA-II’ optimiser is designed for rapid Pareto convergence of the solution. The
optimiser considers discrete variables and uses smart multi-search elitism which enables its
robustness. The characteristics of MOGA-II support directional crossover and enforce user
defined constraints by objective function penalisation. The optimiser allows for steady state
evolution while also allowing concurrent evaluation of independent individuals (Poles 2003;
Poles et al. 2004; modeFRONTIER® 2008).
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Following DoE are used:

- Design of experiment ( g— .
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- Random optimi

- Sobol
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=

Genetic algorithm-based
optimiser: MOGA-II
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Number of generations: 100
Probability of crossover: 0.5
Crossover type: directional
crossover

Probability of selection: 0.05
Probability of mutation: 0.1
Mutation type: DNA string
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Elitism: Enable

Random generator seed: 1
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= Refinement of results
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Analysing results
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Fig. 1: The steps of the solution method
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Plants (fixed costs) Variable cost of

Solution serving consumers
black box

Fig. 2: The black box of the DoE-guided solution method
The sustainable distribution model is a low-carbon multi-objective optimisation model on the
demand side of a two-layer supply chain network (Validi et al. 2014; Validi 2014). These two-
layers can be plant(s) and distribution centre(s), or plant(s) and customer(s) (Hassanzadeh et al.



2009). The model integrates AHP (Saaty 1977, 1994) with a 0-1 integer programming model.
The model minimises CO, emissions arising from the transportation activities of the products to
consumers. Four constraints are considered in the model (Appendix-A). All realistic distribution
routes have known start and end points and all the routes are open. The solution method
proposed in this article is unique, robust and efficient.

The AHP-integrated constraint in the optimisation model introduces flexibility in the Decision-
Makers’ (DM) priorities with respect to the types of vehicles/trucks used for delivering the
products from plants to retailers in an environmental-friendly manner. The DMs are asked to
compare these vehicles/trucks based on two attributes, namely CO, emissions and costs. The
outcome of the executed procedure results in the B, and W, matrices of constraint (5) which

contribute to the parameters of the objective functions.

The total CO, emission from the vehicles is estimated. Fuel efficiency is considered as 0.35
It/km based on the report of the Department of Energy and Climate Change, UK (2010) and
Nylund and Erkkild (2005). Guidelines to DEFRA’s (2008) greenhouse gas conversion factors
are considered in order to compute the cost of serving each of these routes (Validi et al. 2014;
Validi 2014).

4. Case of an Irish Supply Chain

The sustainable capacitated distribution model is computationally NP-hard. This optimisation
model is implemented considering the objective functions and the constraints of the two-layer
model in a DoE-guided MOGA-II optimiser.

This unique solution method has been deployed for the low-carbon distribution system
considering a case of a dairy market supply chain in the east of Ireland. Milk is a staple of the
Irish diet that provides a valuable source of nutrients. According to the Irish Co-operative
Organisation Society (ICOS) 52 million people are fed milk globally. Ireland’s pasture-based
production system makes Irish dairy farming amongst the most efficient in the world maintaining
sustainability in all the three levels, viz., environmental, social and economic (ICOS 2012).

The case of the two-layer Irish dairy market supply chain considers two milk processing plants
based in Drogheda and Ballitore in the east of Ireland. The primary consumers are located in
twenty-two consumer points of the main cities/towns having defined routes connecting those
locations. Consumers located at twenty-two different places have been considered within sixteen
counties in the east of Ireland. These counties are: Louth, Longford, Meath, West-Meath, Offaly,
Kildare, Laois, Wicklow, South Tipperary, North Tipperary, Waterford, Kilkenny, Wexford,
Dublin, Monaghan and Cavan. The cost of serving each of these routes is the sum of fuel costs
and driver’s wage (Validi 2014; Validi et al. 2014). Processing plants and the retailers are on the
demand side of this supply chain. The objectives of this low-carbon two-layer SC are to



minimise the sum of carbon emission (i.e., maximising ‘greening’ effect) and the sum of costs
associated with transportation.

In order to implement the solution method the following elements are considered: (i) fixed cost
of operating plants, (ii) variable costs of at plants, (iii) average speed of a vehicle on a route, (iv)
CO, emission during transportation between the plants and retailers, (v) cost of serving each of
the routes between the plants and retailers, (vi) weight matrix for the green constraint and (vii)
right-hand side of the green constraint. Fixed cost refers to the total fixed costs of operating each
plant for a cycle time of 2-3 days. Variable cost refers to the costs required to serve each retailer
at each plant. This is related to the demand at the consumption point per unit. One ‘unit’ refers to
a two-litre carton of milk. It is assumed that milk consumption is proportional to the overall
population of each of the twenty-two cities/towns located in the sixteen counties and is consider
as 2/3 of the population at each location (Validi 2014; Validi et al. 2014).

The vehicles considered for transportation are either refrigerated heavy duty vehicles or heavy
goods vehicles. In most countries these are typical of the types of vehicles used to deliver dairy
products. Depending on the condition and type of roads disparate speed limits of the vehicles
apply. An average speed for each type of road on the routes is considered. Table Al represents
the permissible speed limits stipulated by the ‘Road Traffic Act 2004’ in Ireland and the average
working speeds considered for the vehicles employed in transportation. All vehicles run on
Diesel and the volume of burnt Diesel in each path is computed. Average price of Diesel in
Ireland during April/May 2012 has been €1.53 per litre. On average one such vehicle/truck
driver’s wage is €11.50 per hour. During April/May 2012 the average wage of a truck driver in
Ireland was estimated as stipulated in irishjobs.ie and payscale.com. Speed affects the cost of
serving the route. Each route may include a combination of different types of roads. The CO,
emission from a Diesel vehicle (in kg) is determined. Table 1 shows the CO, emission from the
burnt fuel for travelling between the plants and the retailers using designated routes. The
corresponding cost of serving each route has also been indicated in Table 1 (Validi 2014; Validi
etal. 2014).



Table 1: CO, emission estimations and costs of serving each path by heavy duty
trucks from each plant to each retailers

Retailer Plant-I (Drogheda) Plant-II (Ballitore)
(i el) CO; emission from  Cost of serving CO, emission from Cost of serving
fuel burnt (kg) C. fuel burnt (kg) C.
path (€) ik path (€) Ik
1. Drogheda 1.85 1.84 108.11 77.70
2. Dundalk 33.63 23.68 134.90 96.59
3. Navan 23.84 19.75 97.02 68.30
4. Tullamore 101.64 74.72 57.75 47.84
5. Naas 69.67 57.72 26.89 22.28
6. Newbridge 95.17 67.00 22.64 18.75
7. Leixlip 43.89 36.36 56.46 39.75
8. Port Laoise 13213 93.02 34.28 27.38
9. Bray 161859237 48.53 gggg 48.50
10. Arklow 111.80 85.29 44'35 44.09
11. Wicklow ; 78.71 ' 36.74
77.25 65.05
12. Greystons 208.80 54.38 102.56 53.89
13. Clonmel 202.36 147.01 97.02 73.63
14, Waterford 214.37 142.46 108.11 68.30
16. Kilkenny 182.03 115.79 87.59 41.24
17. Wexford 170.02 128.15 66.90 64.39
18. Ennoscorthy 48.42 124.98 55.25 52.64
19. Dublin City 58.12 34.09 61.63 40.62
20. Dun Laogharire / 26.98 40.92 79.00 45.31
Rathdawn 56.83 41.67
21. Fingal 22.35 58.08
22. South Dublin 47.08 30.63

The DMs’ linguistic preferences for the choice of vehicle types in the SC-network are accounted
for in the AHP-integrated constraint. AHP, a multiple-criteria decision-making technique, aids
the DMs in decomposing a complicated decision problem into a hierarchical structure with
multiple levels of goal, criteria, and alternatives. In order to avoid cumbersome mathematical
computational procedures, three types of vehicles/trucks with different levels of CO, emission
and costs are considered. Table 2 illustrates the types of vehicles corresponding to their level of
CO; emission and costs using linguistic preferences. The DMs have been asked to compare the
available vehicles based on the two attributes. AHP translates the linguistic preferences of DMs
and vehicle comparison matrices are constructed based on the linguistic preferences of the DMs.

Table 2: Types of the vehicles (Validi 2014; Validi et al. 2014)

CO, emission Costs
Vehicle type 1 (Tp) Medium Medium
Vehicle type 2 (T) Low High
Vehicle type 3 (T) High Low

DMs have used the spatial criteria with degree of importance of 1 to 9 (Saaty 1977), 1 being
equal importance and 9 being absolute importance, to compare the vehicle types. Following the
execution of the formal AHP steps of the weight matrix (Table 3) was found.



Table 3: w,,, matrix for vehicle types (Validi 2014; Validi et al. 2014)

T, T, T3  Sum of weights
CO,emission 033 024 043 1.00
Costs 0.32 043 025 1.00

As there is no standard limit for CO, emission for heavy duty vehicles in Ireland, the minimum
and maximum amount of CO; emission and costs found from Table 1 is considered as the right-

1
hand side matrix values of the green constraint: B, :[ ; j There can be situations when the

values of the left hand side matrix of the AHP constraint-(5) are greater than the right hand side
matrix values. In such cases those vehicles responsible for creating these greater values will not
be chosen, although they are eligible in all other criteria.

4.1 DoE-guided MOGA-II execution

The DoE-guided MOGA-II is executed in order to locate a set of non-dominated solutions
distributed along the Pareto frontier by way of trading-off among the criteria for the
combinatorial optimisation model. N entries (i.e., number of individuals) in the DoE are used as
the problem's initial population. Population in the DoE results in 61 different designs. DoE based
on a custom user sequence generates 15 designs while there are another 15 random designs based
on a random sequence with a uniform distribution. This random design is used as an initial
design population for MOGA-II. DoE based on a pseudo random Sobol sequence generates 10
designs. It works best with 2 to 20 variables. These experiments are uniformly distributed in the
design space. Next, DoE based on the Latin Hypercube samplings contributes to 10 designs in
the DoE population. In this design the points are randomly and uniformly distributed for each
variable. Uniform Latin Hypercube is useful when a random sample is needed. It guarantees to
be relatively uniformly distributed over each dimension. Another design, known as incremental
space filler, generates 10 designs implementing the maximin criterion. The last design in the
DoE contains 61 designs by way of constraint satisfaction with an assignment to each variable so
that all constraints are satisfied in the constraint satisfaction approach. Based on the DoE table,
the optimisation model is executed that results in 6,100 real feasible solutions in 100 generations.
The setting details of the multi-objective genetic algorithm are appended to below:

Initial population size: 51

Maximum population size: 6100 (set on 100 generations)
Crossover probability: 0.5

Mutation probability: 0.1

Crossover type: Directional crossover

Mutation type: DNA string mutation with the ratio of 0.05

The refinement procedure of the initial DoE table comprising 61 different designs is explained in
Table 4. Based on the initial DoE table the MOGA-II optimiser generates 6,100 feasible
solutions which are included in the ‘results table’. The ‘realistic results table’ refines this ‘results



table’ and results in only 2,464 realistic results. Selected results are based on the two lower-most
rows in the 4D bubble plot. Box-whiskers fail to guide in selection process as those plots indicate
only the densest area of solution space. Sixty realistic designs are selected from the designs table
for further evaluation through TOPSIS.

Table 4: Statistical summary on results tables

Type of results Number of real CO, emission Costs
feasible results Min Max Min Max
Results table 6,100 1,175 2,309 185,948 298,547
Realistic results table 2,464 1,175 2,239 185,948 298,547
Selected results table 60 1,175 2,047 185,948 249,985
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Fig. 3: Performance indicators for a) CO, and b) costs in the MOGA-II optimiser

Evolutionary search is a stochastic and dynamic process. Therefore, the performance of such a
search can be measured using a convergence graph. The optimisation performance of the low-
carbon distribution model is determined by two indicators, viz., CO, emission versus number of
generations and costs versus number of generations in MOGA-II. Fig. 3 presents two typical
convergence plots of 100 independent runs of MOGA-II with different sets of criteria. It is
noticed that after about 20 generations MOGA-II starts converging with less fluctuations.

The MOGA-II optimiser generates a feasible space of solutions with bubble plots. The diameters
of these bubbles indicate the identity (ID) numbers as set out in the DoE table. Small bubbles
indicate low ID numbers while large bubbles indicate high ID numbers. The colour schemes for
the feasible, infeasible solutions and solutions with error are indicated in the legends of the
bubble plots. Fig. 4 is a bubble plot elucidating the characteristics of the CO, emission and costs
with reference to IDs and objective function values on realistic results tables that includes 2464
realistic solutions.



300000
280000
260000 T
270000 -
Real
260000 © Feasible
! Unfeasible
® Erar
250000 T
Virtual
# O Feasible
2 240000
o Unfeasible
@ Error
230000
220000
ID (Diamete )
Min=0
210000 Max = G099
200000 1
ApoOng e
180000
1100 1200 1300 1400 1500 1800 1700 1800 1800 2000 2100 2200 2300 2400

CO2Emission

Fig. 4: Costs vs. CO, bubble plot with reference to IDs on the realistic results table
4.2 Determination of realistic feagle alternative vehicle routes
To analyse and evaluate the realistic results, 60 out of the 2,464 realistic solutions are selected.
This selection is not random. Initially Box-whiskers for CO, (Fig. 5) and costs (Fig. 6) are
considered to select the designs for evaluation. However, Box-whiskers only focus on the
densest area which ignores other distinctly visible optimum solutions for each objective function.
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A selection of un-biased realistic solutions is made from the results table representing 4D bubble
plots in Fig. 7 and Fig. 8. It is understood from these figures that the red coloured top layer
solutions are not realistic in nature as those involve high cost with high CO, emission. Therefore,
selection is confined to the first two layers of optimum realistic solutions. The selected solutions
are indicated by green circles in Figs. 7 and 8. In these diagrams F2 indicates the cost objective
function while F1 denotes CO, emission. Fig. 7 presents the range of F2 values in colour codes
with varying diameters of the bubbles indicating F1 values. Fig. 8 presents the range of F1 values
in colour codes with varying diameters of the bubbles indicating F2 values.
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Fig. 9 and Fig. 10 show the selected optimal solutions for further evaluation using TOPSIS. Fig.
9 presents the range of F2 values in colour codes with varying diameters of bubbles indicating F1
values. Fig. 10 illustrates the range of F1 values in colour codes with varying diameters of the
bubbles indicating F2 values. Green colours around the bubbles indicate result IDs. As shown in
Figs. 9 and 10, blue bubbles represent the alternatives with lowest values satisfying both the
objective functions of the optimisation problem.
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Pareto efficiency of the solutions is examined (Fig. 11) in order to evaluate the performance of
the DoE-guided MOGA-II optimiser on the selected set of solutions. Pareto efficiency of the



selected results (from Table 4) is separately examined. It is found that the selected results are
Pareto optimal. The Pareto frontier does not include two results out of the selected results. These
two results represent extreme decision-making situations. Therefore, these two results are not
considered for further analysis of the optimal solutions using TOPSIS.

5. Evaluation of the Selected RealistiFeasible Alternative Vehicle Routes

As low-carbon product distribution decision is a strategic decision-making procedure within the
demand side of a supply chain, the set of selected feasible optimal solutions are ranked according
to DMs’ priorities in order to facilitate the decision-making process. TOPSIS (Hwang and Yoon
1981) is utilised for evaluating the selected feasible optimal solutions obtained. A decision
matrix is generated using the results of sixty selected designs with two. attributes. These
attributes are the objective functions, viz., CO, emission and total costs. Table B1 in Appendix—
B illustrates the generated decision-matrix for TOPSIS.

The decision-makers provide two different weights for the attributes, viz., preferred importance
on CO, emission (W, ) and preferred importance on costs (W, ). These weights are shown in the

following matrix:

CO, Costs
W, 0.60 0.40
W, 0.20 0.80

Execution of TOPSIS generates a table of priorities considering W, andW,. The ranks of the
selected candidate-solutions are illustrated in Table B2 in Appendix-B. The weight W,
represents a situation that the DM believes minimising CO, emission is more important and W,

represents a situation that minimisation of costs is more important to the DM. Different
alternatives are suggested based on two weight matrices. Details of each of the first three
selected designs by TOPSIS using both weight matrices are shown in Table 5.



Table 5: Six selected alternatives in terms of routing pattern from plants to

retailers using TOPSIS
Alternative vehicle routes Result IDs
ID-19 ID-44 ID-12 ID-30 ID-15 ID-29

V1l 1 1 1 1 1 1
Vil 0 0 0 0 0 0
V2I 1 1 1 1 0 1
V2II 0 0 0 0 1 0
V3l 1 1 1 1 1 1
V3l 0 0 0 0 0 0
V4l 0 0 1 0 0 0
V4ll 1 1 0 1 1 1
V5I 0 0 0 0 0 0
V5II 1 1 1 1 1 1
V6l 1 0 0 1 0 0
Veéll 0 1 1 0 1 1
V71 1 1 1 1 1 1
V7Il 0 0 0 0 0 0
V8l 0 0 0 0 0 1
Vall 1 1 1 1 1 0
Vol 0 0 0 0 0 0
Vall 1 1 1 1 1 1
V10l 0 0 0 0 0 0
V10l 1 1 1 1 1 1
V11l 0 0 0 0 0 0
V11l 1 1 1 1 1 1
V12| 0 0 0 0 0 0
V12l 1 1 1 1 1 1
V13l 0 0 0 0 0 0
V13l 1 1 1 1 1 1
V14| 0 0 0 0 0 0
V14l 1 1 1 1 1 1
V15l 0 0 0 0 0 0
V15l 1 1 1 1 1 1
V16l 0 0 0 0 0 0
V16l 1 1 1 1 1 1
V171 0 0 0 0 0 0
V17l 1 1 1 1 1 1
V18I 0 0 0 1 1 1
Vi8Il 1 1 1 0 0 0
V19l 1 1 0 1 1 1
V19l 0 0 1 0 0 0
V20l 0 1 0 0 0 0
V20lIl 1 0 1 1 1 1
V21l 0 0 0 0 0 0
V21l 1 1 1 1 1 1
V22l 0 0 0 0 0 0
V22l 1 1 1 1 1 1

T, 1 0 0 1 0 0

T, 0 1 0 0 0 0

Ts 0 0 1 0 1 1
CO, emission 1,227 1,223 1,278 1,402 1,431 1,428



Costs 196,705 198,141 199,099 190,505 189,330 189,523

\j 09179 09147 0.8673
TOPSIS B 1 2 3
priorities va 0.8819  0.8803  0.8801
1 2 3

The ranked results are then implemented. Three examples of the implemented results with
disparate mapped scenarios are illustrated in Fig. 12. The realistic product distribution routes
from the plants to retailers with low CO, emission and total costs are mapped.

Fig. 12: Sample scenarios of the sustainable distribution routes for different solution IDs

6. Conclusions

This article provides a robust solution method to a sustainable NP-hard combinatorial
optimisation problem for the demand side of a distribution system of a supply chain using a
DoE-guided MOGA-II optimiser-based solution method. The DoE-guided method is
implemented for the case of an Irish dairy processing industry’s two-layer SC-network. The
optimisation model explicitly considers green issues through the constraint and objective
function. The DoE-guided method is executed to locate a set of non-dominated solutions
distributed along the Pareto frontier by trading-off multiple criteria. A number of populations are
considered in the DoE which generates different results. The NP-hard optimisation model is
executed in conjunction with the DoE and results in 6,100 real feasible solutions after 100
generations of the MOGA-II optimiser. Refinement of the DoE-guided solution is performed
using statistical experimentation. The realistic solutions provide the DMs with several choices
for distribution routes on the demand side of the two-layer supply chain network. The efficacy of
the solution method is examined through a set of non-dominated solutions distributed along the
Pareto frontier by trading-offs in the criteria responsible for the decision. TOPSIS aids in
prioritising the realistic low-carbon distribution routes. The generated solution fortifies the
strategic decision in the design of a low-carbon supply chain network by minimising both the
total cost of operating facilities (i.e., plants) and total carbon emissions. The immediate outcome
of the proposed solution method results in realistic optimised routes from ‘plants’ to ‘consumers’



while minimising the CO, emission from transportation, and the sum of costs for operating these
plants and serving these routes. A set of realistic routes from plants to consumers with minimum
total CO, emission and total costs are then geographically mapped.

The proposed solution method can be extended to a more complex multi-layered distribution
model. Performance investigation of the solution method with other optimisers, e.g., Non-
dominated Sorting Genetic Algorithm-II (NSGA-II), Multi Objective Simulated Annealing
(MOSA), Multi-Objective Particle Swarm Optimisation (MOPSO) and Multi-Objective
scheduler based on Screening Analysis and Genetic Algorithm (SAnGeA), is recommended. Use
of other multi-attribute decision-making tools, viz. ELECTRE, in the analysis method of the
results may be investigated as a future scope of this research.
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