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Abstract. Strategic Supply Chain Capacity Planning (SSCCP) is an essential
activity for companies to prepare their future. However, since uncertainty became
an essential factor to consider in this decision-making process, existing solu-
tions to support this process do not fully satisfy their needs anymore. Espe-
cially in terms of uncertainty space coverage while exploring and assessing sce-
narios associated with uncertainty sources and decision options. Therefore, this
paper introduces an approach to overcome the complexity of scenario exploration
and improve the uncertainty space coverage, to better support SSCCP decision-
making. This approach includes a bi-objective metaheuristic that first explores a
probability-impact matrix to define a relevant subspace to consider in this uncer-
tainty space, and then uses this subspace to explore the decision space and define a
relevant subspace of this decision space to assess and display to decision-makers.
Then, an implementation and experiment are described and discussed, and finally
avenues for future research are suggested.

1 Introduction

For companies, delivering products to customers is conditioned by the capacity of their
associated supply chain to make the product available at the right time and place. In
this regard, companies must implement decision-making processes to anticipate future
capacity availabilities and requirements, and adapt either one or the other. This is
called supply chain capacity planning [10]. And, when adaptation decisions require
a long implementation time, for example more than a year, the associated decision-
making process is usually called Strategic Supply Chain Capacity Planning (SSCCP)
(or long-term supply chain capacity planning) [24]. Until a few years ago the supply
chain environment was relatively stable and foreseeable [17,19] and therefore design-
ers of SSCCP methodologies initially based their design on this assumption [4,19]. It
is the same for the designers of software aiming at supporting these decision-making
processes [22,24]. However, this assumption has been strongly challenged during the



past few years which have shown how supply chains are sensitive to uncertainties and
difficult to predict [5,13,23]. In addition, several authors mentioned the relationship
between the consideration of uncertainty in the decision-making process with the qual-
ity of the decisions made [1,11,20].

As a consequence, Oger et al. [16] proposed a Decision Support System (DSS) for
undertaking SSCCP in uncertain environments. This SSCCP DSS contains an informa-
tion system composed of 4 modules illustrated in Fig. 1. A major contribution of this
SSCCP DSS is its ability to automatically deduce an assessment model, for any supply
chain, that enables the evaluation of uncertainty and decision scenarios associated for
supporting SSCCP decisions. This assessment model is compatible with all possible
scenarios associated with provided uncertainty sources and decision options.
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Fig. 1. SSCCP DSS proposed by Oger et al. [16].

However, a limitation of this contribution is the “what-if scenario generator and
assessor’” module which uses a simple cartesian product with strong filters to limit the
combinatorics because the scenario space is too big to compute all scenarios for real
industrial use cases. This means that the solution and uncertainty spaces are not entirely
considered when defining the scenarios to assess, and that assessed scenarios are not
chosen in regard to their relevance for supporting SSCCP decisions. In this paper, the
“relevance for supporting SSCCP decisions” will be considered as a trade-off between
the cost and the robustness of the decisions in regard to uncertainties; this will be further
described in the proposition section.

Therefore, the objective of the research associated with the current paper is to pro-
pose a new approach for the “what-if scenario generator and assessor” module of the
SSCCP DSS proposed by Oger et al. [16]. An approach that will enable us to bet-
ter cover the solution and uncertainty spaces while assessing scenarios in regard to



their relevance for supporting SSCCP decisions. The business objective is to provide
decision-makers with scenarios that will help them make robust SSCCP decisions. An
important hypothesis and constraint is that the assessment model that has been deduced
by the SSCCP DSS must be used as a black box that takes inputs describing a scenario
configuration and returns the resulting performance indicators for the corresponding
scenario.

The first section of this paper introduced the context and objective of the associated
research project. The second section analyzes the existing literature related to the con-
text and objective and formulates the research question. The third section introduces the
conceptual contribution to answer the research question. The fourth section describes
the technical execution of the proposition and describes the metaheuristic we use. The
fifth section describes the experiment, the associated results, and the corresponding dis-
cussion. Finally, the sixth section concludes the paper and provides avenues for future
research.

2 Literature Review

2.1 Robust Supply Chain

It has been described in the introduction that the objective of this research is to find an
approach that will enable provide decision-makers scenarios that will help them make
robust SSCCP decisions. Several definitions of the term robustness can be found in the
literature, so it must be defined to clearly position what is meant by robustness in this
paper. Therefore, a search was undertaken in the Web of Science (WoS) database to
find literature reviews about robust supply chain. The used request was the following:
“robust*” (Title) and “review” OR “art” OR “advances” (Title) and “supply chain*”
(Title). It returned the following 4 papers: [8,9,12,21]

Durach et al. [8] undertook a systematic literature review on supply chain robust-
ness, and Klibi et al. [12] and Saisridhar et al. [21] papers also contain analysis of the
robustness concept. In chronological order, Klibi et al. [12] states that “a supply chain
network design is robust, for the planning horizon considered, if it is capable of pro-
viding sustainable value creation under all plausible future scenarios”. Then, Durach
et al. [8], who considered Klibi et al. [12] definition, defines robustness as “the ability
of a supply chain to resist or avoid change”, with the resistance being the “ability of a
supply chain to withstand change” and avoidance the “ability of a supply chain not to
be affected by change”. Finally, Saisridhar et al. [21] defines robustness as the ability to
persist without any response.

For this paper, considering previous definitions and authors’ objectives, the robust-
ness of a strategic supply chain capacity plan should be understood as its ability to
maintain performance under all plausible future scenarios without the need of making
any new major adaptation decision in case uncertainties occur. It implies the choice
of a performance indicator which could be different from one organization to another.
Therefore, it also implies the definition of a robustness indicator to compare strategic
supply chain capacity plans, that should be defined in regard to the performance indi-
cator value for all plausible future scenarios.



2.2 Robust Supply Chain Planning Models

Assessing and comparing the robustness of strategic supply chain capacity plans
requires appropriate tools, and more specifically appropriate assessment models. There-
fore, a search was undertaken in the WoS database to find literature reviews about robust
supply chain planning models. The used request was the following: “production plan-
ning” OR “supply chain planning” (Title) AND “review” OR “art” OR “‘advances”
(Title) AND model* (Title) AND “robust*” OR “uncertain*” (Title). It returned the fol-
lowing 4 papers: [6,14,15,18]. Ciarallo et al. [6] is not a literature review but a model
proposal, so not what we were looking for with this WoS request.

Among the 3 papers reviewing models for supply chain planning under uncertainty,
Mula et al. [14] and Peidro et al. [18] consider all types of models while Mundi et
al. [15] focuses on mathematical models. An interesting element to notice is that all 3
papers originate from the same research center. Each paper classifies planning models
using a slightly different taxonomy, and we will mention Peidro et al. [18] who classify
them in 4 categories:

Analytical models (robust optimization, stochastic programming, game theory, lin-
ear programming, and parametric programming)

Artificial intelligence-based models (reinforcement learning, genetic algorithm, evo-
lutionary programming, fuzzy linear programming, fuzzy multi-objective program-
ming, fuzzy goal programming, fuzzy numbers, multi-agent systems)

Simulation models (discrete event simulation and system dynamics)

Hybrid models

Most of the models studied by Mula et al. [14] and Peidro et al. [18] include only
one or very few sources of uncertainties in the same model. While it has been high-
lighted that there are many sources of uncertainties regarding the demand, operations
and supply aspects of supply chains. They recommend investigating new approaches to
consider more uncertainties within the same model.

Some authors highlight that most of the methods for supply chain planning under
uncertainty modeled the SC uncertainty by probability distributions, while uncertainty
cannot always be modeled with probability distributions, especially for strategic plan-
ning, so other approaches such as fuzzy set and possibility theories should be investi-
gated [15, 18].

Mula et al. [14] indicates that for complex supply chains the analytical approaches
are often replaced by methodologies based on artificial intelligence and simulation. It
is confirmed by Mundi et al. [15] who states that the most used approach to model
uncertainty in the considered perimeter of their review is the scenario-based approach.

2.3 Research Question

Considering the context and objective described in the introduction, especially the use
of an assessment model as a black box, as well as the elements found in the literature,
analytical and simulation models cannot be applied to our problem. So, a solution to
our problem would fall into the artificial intelligence-based models category proposed



by Peidro et al. [18]. Regarding the recommendation from Mula et al. [14] to inves-
tigate new approaches for considering more uncertainties within the same model, the
assessment model proposed by Oger et al. [16] is compatible with many sources of
uncertainty and decisions on operations and demand, which makes it possible to con-
sider many scenarios, but also leads to a scenario space that cannot be entirely assessed
in a reasonable amount of time.

Therefore, the business objective being to provide decision-makers with scenarios
that will help them make robust SSCCP decision, the research question is the following:
How to search through a scenario space including decision and uncertainty variables to
recommend robust decision scenarios, while relying on a black box to assess scenar-
10s? It also leads a sub-question: what uncertainty scenarios to consider for assessing
the robustness of decision scenarios considering all uncertainty scenarios cannot be
explored?

The following section will described a conceptual proposition for answering these
questions.

3 Conceptual Proposition

3.1 Overview

The context of this paper is to perform an SSCCP under uncertainty by using a black
box to obtain the value of a key performance indicator of the supply chain for a given
scenario. The value returned by this black box is the only information we can use to
help the decision-maker in his process of creating a robust supply chain. To perform
an SSCCP under uncertainty, we generate scenarios to see how the supply chain reacts
to the decisions and the uncertainties. The utopian way would be to generate all the
possible scenarios, to then analyze them in order to determine the best decisions to
take considering all the possible uncertainties. This utopic method is impossible due to
the fact that doing all the combinations between the decisions and the uncertainties to
generate and assess all the possible scenarios would take an unreasonable amount of
time.

The proposed method uses multi-objective optimization to reduce the combinatorics
of the problem and to give a direction to the exploration of the scenario space. It gener-
ates scenarios by maximizing or minimizing several key performance indicators of the
supply chain, thus dodging scenarios that are not relevant. The relevant scenarios are
the closest to the Pareto front [2]. These scenarios give us information on the impact
that the uncertainties can apply to the supply chain, weighted by their likelihood, and
the protection that the decisions can apply to the supply chain, weighted by the cost of
setting up these decisions. We use a multi-objective metaheuristic to approximate the
best set of scenarios, i.e. the Pareto front.

The scenario generation involves two steps: instead of exploring the scenario space
we first explore the uncertainty space, to then explore the decision space. The explo-
ration of the uncertainty space identifies what are the most important uncertainty combi-
nations the supply chain should be protected from, based on a probability-impact priori-
tization. Then, the exploration of the decision space identifies the decision combinations
having the best trade-off between cost and their robustness in regard to the previously



identified uncertainty combinations. From these two explorations we then compute sce-
narios to present them to the decision-maker. Figure 2 illustrates these steps.

We will first expose some definitions to clarify the elements we are working with,
and the indicators that we use in this paper. Then, we will detail the exploration of both
the uncertainty space and the decision space.

Decisions and
1 uncertainties
Uncertainty Scenarios
generation algorithm

set of US

~

Decision Scenarios
generation algorithm

lset of DS

Fig. 2. Overview of our conceptual proposition.

3.2 Definitions

Elements. The SSCCP DSS creates an assessment model for the supply chain that
takes a scenario configuration as input, to return the values of several key performance
indicators of the supply chain for the considered scenario. The elements we work with
to describe the configuration of a scenario are:

— Decisions that impact the supply chain, with a cost for their implementation.
— Uncertainties that impact the supply chain, with a given likelihood to happen.

Both the decisions and the uncertainties can impact several parameters in the supply
chain: demand forecast, resources available time, bill of material, routing, supply strate-
gies, etc. For example, a decision can be to buy equipment for a production site in order
to increase the resources available time, or the launching of a marketing campaign to
increase the demand forecast of a certain product. An uncertainty can be an unexpected
increase in the demand forecast for a certain product, or an earthquake located near a
production site leading to the decrease of its resources available time. The data behind
the decisions and the uncertainties are not visible to the method. The only information
we work with are whether a decision is taken or not, whether an uncertainty happens
or not, and the key performance indicator of the supply chain for a given scenario.
So we can generate a scenario by selecting decisions to take among the possible deci-
sions, with happening uncertainties among the possible uncertainties. This scenario is
then assessed with the assessment model generated, which returns the key performance
indicators of the supply chain.

Since we work on a multi-period horizon, uncertainties can occur and decisions can
be taken at different times. The proposal abstracts the temporal aspect by generating a



decision and an uncertainty per period of time. It means that an uncertainty becomes
several uncertainties, representing one period of time each. The same principle applies
to the decisions.

From these elements, we define the following concepts to describe scenarios:

— An Uncertainty Scenario (US) is a combination of uncertainties that happen,
among all the possible uncertainties.

— A Decision Scenario (DS) is a combination of taken decisions, among all the pos-
sible decisions.

— A scenario is a combination of a DS and a US.

The following section defines the indicators that assess the US and the DS.

Indicators. In this paper, we consider the following indicators: impact and probability
to assess the US, and robustness and cost to assess the DS.

The definition of robustness given in the literature review section stated that a per-
formance indicator should be chosen to define the robustness on. This performance
indicator is called impact in this paper. The choice of this indicator depends on the
decision-maker’s goal. This proposal can take any indicator for the impact and perform
the exploration accordingly, as long as it is provided as an output of the assessment
model used and that it makes sense to assess the US and the DS with it. The perfor-
mance indicator chosen to represent the impact is the one that the decision-maker wants
to minimize or maximize. This impact is then used to define the robustness indicator,
which represents the ability of a DS to maintain the supply chain’s impact indicator to
a good value under all plausible future scenarios.

In this paper, these two indicators rely on the saturation of the resources that com-
pose the supply chain. The impact of a scenario is defined as the number of resources
of the supply chain that have to be used for longer than they are available. In other
words, if the utilization rate of a resource (ratio of required time over available time) is
greater than 100%, then it is saturated. The required time and the available time are both
obtained with the SSCCP DSS. This utilization rate indicator has been chosen for defin-
ing the impact because it is a typical indicator used for capacity planning [3]. Figure 3
displays a small example of how saturation is computed. The formula of the robustness
indicator is described in the decision scenario generation section.

The cost indicator is the sum of the costs of all taken decisions that compose the
scenario, this value is obtained with the SSCCP DSS.

The probability indicator assesses the likelihood of a scenario. As it is easier for
the decision-maker to tell if an uncertainty is very likely, likely, or unlikely to happen,
instead of giving a precise probability, each uncertainty is characterized by a probability
rank, expressing its likelihood. Each probability rank has a corresponding probability
value in order to compute the value of the probability indicator. These values are an
approximation of each probability rank. It is important to note that this indicator does
not aim at giving a precise probability for each scenario, but rather an indication of
the plausibility of a scenario in order to compare the them with each other. Below
is an example of 5 uncertainties with their corresponding probability rank (Table 1)
and the probability value for each rank (Table 2). The number of ranks defined as well



Resources

Required time  350h 350h 200h
Available time  400h 300h 500h
Utilization rate  87.5% 116.6% 40%

Saturated no yes no

Fig. 3. Example of the computation of resource saturation.

as the associated probability value will have an impact on the results of the proposed
methodology as it impacts the probability of a scenario. The choice should depend on
how discriminating we want the ranks to be. For the example given in Table 2, a scenario
with 3 uncertainties of rank 1 will still be more likely than one with 1 uncertainty of
rank 2.

Table 1. Example for the probability ranks.

uncertainty 112345

probability rank | 1|12 /2|3

Table 2. Example of probability values for the probability ranks.

probability rank | 1 (very likely) | 2 (likely) | 3 (unlikely)
probability value | 80% 50% 20%

So with this example, a scenario with uncertainties 1, 2, 4 and 5 will have a proba-
bility indicator of 80% * 80% * 50% * 20% = 6.4%.

To compare the impact of two scenarios, we compare their number of saturated
resources. Since it is an integer value, a lot of different scenarios can have the same
impact in terms of saturation. To break the tie of two scenarios with the same number
of saturated resources, we look at the sum of utilization rates of each resource. We call
this new indicator the ’relaxed saturation’, it is used to tell if a scenario has a higher or
a lower saturation potential than another scenario with an equal saturation. An exam-
ple is portrayed in Fig. 4, where we compare the utilization rates of each resource for
two different scenarios. For both scenarios, only one resource (R3) is saturated. We can
compute the relaxed saturation of the scenario on the right and the scenario on the left:
Siert :0.9540.65 + 1.10 4 0.48 = 3.18
Sright : 0.87 +0.65 4+ 1.05 + 0.55 = 3.12

The scenario on the right has a higher relaxed saturation, so it is considered as
having a higher saturation potential.
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Fig. 4. Comparison of the utilization rate of each resource for two different scenarios.

3.3 Uncertainty Scenario Generation

The uncertainty space is composed of all of the US. This exploration is done to build a
restricted set of US that gives a representative view of the risks the supply chain may
be exposed to, i.e. a Pareto front of US with a good distribution (this is detailed below).
To that extent, we want to find a US set that both covers probable and impactful US.
Figure 5 represents the subspace we want to cover because it contains the US that will
best assess the robustness of the supply chain.

Uncertainty Space

targeted area

Probability

Impact

Fig. 5. Targeted area of the uncertainty space for the Uncertainty Scenarios generation.

Each US of the US set presents a trade-off between its likelihood and its impact,
and to represent the uncertainty space accurately we need to have a good distribution
between US that maximize the likelihood at the expense of the impact, and US that
maximize the impact at the expense of the likelihood. Having too much low-impact



high-probability US means that we underestimate the risks the supply chain is exposed
to, and having too much high-impact low-probability US means that we overestimated
the risks to which the supply chain is exposed. This is why we aim at generating a set
of US whose impact gradually increases and whose probability gradually decreases.
If the density of the US found is unbalanced between several zones of the targeted
uncertainty subspace (i.e. the distribution is bad), it means that the zone with the lower
density of US is underrepresented, leading to a DS generation that takes less account
of this zone. For example, if we find a majority of US with a high impact and a low
probability, and a minority of US with low impact and a high probability, the DS set
generated in regard to this US set will accord a low degree of importance to the low
impact US. This would lead to the generation of a DS set that are designed mostly
to prevent catastrophic scenarios, whereas we want the DS to be designed in regard
to the entire targeted uncertainty subspace. Neglecting the low-impact US promotes the
generation of DS with more decisions to set up in order to negate the impact of the over-
represented high-impact US, thus raising the cost of the DS. This distribution criterion
also allows the reduction of the size of the US set. Since the DS generation is done
according to the US set, the larger the US set is, the heavier the computation of the DS
generation is (more detail in Sect. 3.4). To reduce the runtime, we fix a limited size for
the US set. The selection of the US in the final set is done with the goal to have the best
possible distribution. (more detail in Sect. 4.1: Selection and Crowding)

In the US generation, we want to maximize the likelihood and the impact of the US
in order to find the most challenging set of US for the DS that will be generated at the
next step. The US generation is constrained by an assessment model taking a scenario
as input (i.e., a US combined with a DS). To address that, we first explore the scenario
space to find scenarios with a maximal likelihood and/or maximal impact. From each
scenario, we then extract their corresponding US and add it to the US set. In the end,
the US set contains US that are very likely to happen and/or with a high impact, (i.e., a
Pareto front of the US). We could explore a subspace of the scenario space by consid-
ering only the uncertainties with the nominal DS (i.e. working with scenarios without
decisions), but it would mean that we build a set of US that assesses the robustness of
the supply chain without any decisions taken. By allowing the decisions to be included
in the search we consider all the forms that the supply chain can take with the given
decisions. For example, if there is a high risk of a hurricane where a supplier is located
but this supplier is not used in the nominal scenario, then considering only the nomi-
nal decision scenario would mean that the hurricane does not impact the supply chain,
which is false. Indeed, if the decision to highly use this supplier is taken, the uncer-
tainty of the hurricane becomes very impacting. Thus it must be taken into account
before making the decision to rely heavily on this supplier.

3.4 Decision Scenario Generation

Now that we have generated a set of US with maximal impact and/or maximal likeli-
hood, we need to generate a set of DS to be returned to the decision-makers for recom-
mendations. This set of DS should be a subspace of the decision space composed of all
the DS.

The idea is to search for DS that presents a trade-off between maximizing the robust-
ness of the supply chain (according to the US subspace) and minimizing the costs of



the decisions. Considering that, the robustness of the DS is defined in regard to the set
of US defined in the previous step. Figure 6 represents the subspace we want to cover
because it contains the DS that will best protect the supply chain. It is important to note
that with our robustness indicator, the lower the indicator is, the more robust the supply
chain is.

Decision Space

Cost

targeted area

~

Robustness

Fig. 6. Targeted area of the decision space for the Decision Scenarios generation.

In order to evaluate a specific DS, we combine it with every US of the US set
(generated in the previous step), creating a set of scenarios. Once this set of scenarios is
assessed, we aggregate their results to get an indicator for the studied DS to express how
much it protects the supply chain against the US set. This is portrayed in Fig. 7, where
the saturation of each resource is expressed by a 1 (saturated) or a O (non-saturated) for
each scenario that represents a US of the US set. These saturations are then summed to
obtain the saturation of each scenario representing a US, then the saturation of each of
these scenarios 1s summed to obtain the saturation of the DS. We can note that there are
two levels of aggregation, one at the US level, and one at the DS level.

R1 R2 R3

Fig. 7. Example of the aggregation of saturation for a DS, with 3 US and 3 resources.

We now have the aggregated saturation of a given DS, in relation to each US of the
US set. The lower the aggregated saturation is for a DS, the better protection it offers to
the supply chain from the risks approximated by the US set.

Now that we can compare two DS, we can explore the decision space to find the set
of DS that will be presented to the decision-makers.



4 Technical Proposition

To explore the uncertainty space and the decision space, we use a bi-objective Genetic
Algorithm (GA). It uses the dominance criterion to compare two solutions and find the
Pareto front of a given space [2,7].

4.1 Exploration Method

Overview. Both the uncertainty space and the decision space are explored with a
Genetic Algorithm (GA), differentiate by what a solution represents and how the objec-
tive values of a solution are computed. Figures 8 sum up how we explore these spaces
with a genetic algorithm.

Genetic Algorithm for the US

Scenarios set

~

Extraction

US set

~

Genetic Algorithm for the DS

DS set

Fig. 8. How the genetic algorithm is used in the scenario generation.

For the uncertainty space, a solution is a scenario represented by a vector of binary
variables, of which one part represents whether or not a decision is taken, and the part
of which represents whether or not an uncertainty happens. The objective values are
computed by assessing the solution scenario with the SSCCP DSS to obtain the satura-
tion indicator and by a simple computation for the probability indicator. (full details in
Sect.3.2)

For the decision space, a solution is a DS, represented by a vector of binary variables
that represent whether or not a decision is taken. The objective values are computed by
generating and assessing the scenarios that result from the combination of the solution
(i.e. aDS) with every US of the US set. These assessments are then aggregated to obtain
the saturation indicator for the solution. The cost indicators are obtained with a simple
computation. (full details in Sect. 3.2: Indicators)

Whether a solution represents a scenario or a DS, it will be treated as a binary vector
for the rest of this section.

Genetic Algorithm. A GA takes as parameters a number of generations, a population
size, and a mutation probability.



It generates an initial population of solutions, then improves it to create a new
generation of solutions. This improvement is repeated until the number of generations
specified in the parameters is reached.

To improve a population of solutions, an elite pool of solutions is selected to
become the parent solution. This pool of parent solutions is then crossed to generate
child solutions, with a chance at each crossing to have a mutation when generating a
child solution.

To select the solutions for the next generation population, a ranking is applied to
candidate solutions, composed of the parent and child solutions. It is done by comput-
ing a succession of Pareto fronts: the first Pareto front is computed to find the rank
1 solutions, these solutions are then removed from the candidates. The Pareto front is
then computed for the remaining candidates to find the solutions of rank 2, and remove
it from the candidates. This is repeated until all solutions are ranked.

The next generation population is formed of the ¢ best rank solutions, where the
it" rank is the last rank of solutions we can insert into the new generation population
without exceeding the population size. Solutions from the i + 1! rank are selected
with a crowding operator: it ranks the solution of a front by their distance from their
neighbor solutions. To ensure a good distribution, the solutions with the higher distance
are selected. We add crowded solutions to the new generation population until the new
generation population is full.

The following subsection will go into detail about the choices made in our genetic
algorithm and explain the reasons for these choices.

Initial Population. The initial population is generated in two steps: the generation of
a mandatory solution, and the generation of random solution. The mandatory solutions
are the unitary solution and the empty solution. The unitary solutions are all the possible
solutions with only one variable to one and every other one to 0, and the empty solution
is the solution with every variable to 0. These mandatory solutions are here to make
sure that every decision and/or uncertainty has a chance to be considered. The random
solutions are simply solutions with every bit set to 1 or O randomly, their role is to add
diversity.

Because of the mandatory initial solutions, the size of the population must be higher
than the number of variables. The gap between the number of mandatory initial solu-
tions and the size of the population defines the number of random solutions.

Elitism. We use the ranking operator to select the elite solutions. The elite solutions are
the solutions in the nt" Pareto front and below. The more Pareto fronts (called ranks
from now on) are included, the more diverse the solution can be. On the other hand, the
fewer ranks included, the faster it converges. We have made the choice to select the 3
best ranks to select the elite solutions.

Crossover and Mutation. The crossover operator generates child solutions from two
parent solutions. We use a random “cut” in the parent binary vectors. A cut index is
chosen at random, we first generate a child whose variables take the value of parent



1 if they are before the cut index, and take the value of parent 2 if they are after the
cut index. We then generate a second child with the same principle but in reverse: its
variables take the value of parent 2 if they are before the cut index, and take the value
of parent 1 if they are after the cut index. Here is an illustrative example:

parent 1 [0,0,0,0,0,0,0,0]
parent 1 [1,1,1,1,1,1,1,1]

cut at index 6

child 1 0,0,0,0,0,1,1,1]
child 2 [1,1,1,1,1,0,0, 0]

Every time a child solution is generated, there is a probability that a mutation occur,
this probability is given in the parameters. To mutate, a variable is chosen at random
among the binary vector, then its value is inverted.

The generation of a child solution can lead to an unfeasible solution because some
decisions cannot be chosen simultaneously in practice (for example two different sup-
ply strategies for the same company and product). In that case, the SSCCP DSS can’t
assess the scenario and does not return any value for the scenario’s key performance
indicators. To avoid that, we generate compatible solutions from this unfeasible solu-
tion. A compatible solution is a solution where all the variables at 1 that should not be
at 1 at the same time are set to 0, with the exception of at most one of those variables.
Here is an illustrative example, with incompatible variables in bold:

unfeasible solution:
[0,1,1,1,0,0,1,1]
compatibles solutions:

[0,0,0,0,0,0,1,1]
[0,1,0,0,0,0,1,1]
[0,0,1,0,0,0,1,1]
[0,0,0,1,0,0,1,1]
The crossover generates two child solutions unless a child solution is unfeasible, in

this case, we generate as many solutions as incompatible variables (plus one for the
solutions with all the incompatible variables at 0).

Selection and Crowding. The parent solutions and the child solutions are candidates
for the new generation population. These candidate solutions are ranked, and the solu-
tions of the i best ranks (Pareto fronts) are added, where the i*" rank is the last rank of
solutions we can insert into the new generation population without exceeding the popu-
lation size. To complete the population we select solutions from the i+ 1" rank to add it
to the new generation population. This selection is made with a crowding operator. This
operator computes a distance value for each solution as described in [7], at the differ-
ence that the distance value is not computed with a cuboid, but by adding the difference
of the values of the neighbor solutions (Manhattan distance). Here is an example with
3 solutions with their objectives values:



Solution 1: (23, 6)
Solution 2: (12, 14)
Solution 3: (5, 19)

We compute the distance value of solution 2 thanks to its neighbor solutions 1 and 3.
The difference between solutions 1 and 3 on the first objective is |23 — 5| = 18, and
|6 — 19| = 13 on the second objective. By adding these two differences we obtain the
distance value 18 + 13 = 31 for the solution 2.

The distance is computed for each solution, except for the two extreme solutions
since they have only one neighbor solution. These extreme solutions are always kept to
maintain the size of the front, so an infinite distance value is assigned to these solutions.

The candidate solutions are then added to the new generation population by ascend-
ing distance value.

This crowding is also applied to the US set for two reasons: to limit the size of the
US set in order to reduce the runtime, and to ensure a good distribution between the US
that maximize the likelihood at the expense of the impact, and the US that maximize
the impact at the expense of the likelihood (see Sect. 3.3).

4.2 Dashboard

After the GA returns a set of US and a set of DS, we add some data to the result to
ease the understanding, these data are described in the following subsection. After this
adjustment, we display those results as clearly as possible to the decision-maker.

Additional Data. Before displaying the result, we choose to add every unitary US
and the empty US to the US set in order to give visibility to the decision-maker on the
impact of each uncertainty independently. We can do this without worrying about the
distribution between US, because the DS are already computed with a set of US that
has this property. This will only affect how they are displayed, and not how they are
obtained.

To give the decision-maker room for manoeuvre, we define a visualization tool that
we call a Pareto “band”: this is a Pareto front plus a few non-optimal but close solutions.
An example is displayed in Fig. 9. In our proposal, we choose to take a number of best
ranks within the final solutions of the genetic algorithm to compose the Pareto band.

Displaying the Results. The resulting DS are displayed on a graph that represents their
cost and their robustness indicator assessed with the US set (Fig. 9).

For each DS presented, the decision-makers can view how each US of the US set
affects the supply chain with the selected DS (Fig. 10).

In addition to viewing how a DS is affected by the US of the US set, the decision-
maker can view how the utilization rate of each resource of the supply for each US
(Fig. 11)
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Fig. 9. Example of a Pareto “band” of Decision Scenario (DS).
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Fig. 10. Example of how the uncertainty scenario (US) are displayed to the decider for a given
decision scenario (DS).

5 Results and Discussion

5.1 Use Case

The proposal is tested on an illustrative use case. The associated model, following the
metamodel described in Oger et al. [16], is composed of 3 periods of time, 7 organi-
zations, 5 product categories, 4 resource categories, 6 resources, 12 abilities, 4 demand
forecast, 9 decision options (including 2 supply strategies) and 7 uncertainties. After the
abstraction of the periods, we have 27 decisions and 21 uncertainties for the decision
and uncertainty spaces.

The parameters for the algorithm are as follows:

— Population size: 10 random solutions + number of mandatory solutions (see 4.1:
Initial Population). So 10+27+21 = 48 for the search of the US, and 10+27 = 37 for
the search of the DS.
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Fig. 11. Example of how the resources are displayed to the decider for a given scenario (a decision
scenario with one of the uncertainty scenarios).

Number of generations: 10

Mutation probability: 5%

Number of ranks selected for the elitism: 3
Number of US in the US set: 10

Number of ranks chosen for the Pareto band: 4

The values of these parameters were determined empirically for the considered use
case. The addition of 10 random solutions is enough to help the search to reach bet-
ter solutions without adding too much computing time. The algorithm converges within
about 9 generations, so setting the number of generation to 10 ensure the algorithm con-
verges and potentially find better solutions, the fewer generations the less computational
time. A mutation probability of 5% is small enough to not perturb the convergence of
the algorithm, but still allow him to escape local optima and find better solutions. The
selection of 3 ranks for elitism enables a fast convergence and still provides good solu-
tions. 10 US in the US set is enough to have a good distribution of probability within
the selected US, the less US in the US set the less computational time. 4 ranks for the
Pareto band seems a nice trade-off to have some non-optimal points beneath the Pareto
front while remaining close to the front.

5.2 Uncertainty Scenarios Generation

Figures 12 compare the results of the US generation between the proposal and the initial
method (filtered cartesian product). Each point is a scenario, from which the US are
extracted to form the US set that will assess the DS. We have a good distribution for the
high probabilities, but the density increases as the probability decreases and the impact
increases. With the relaxed saturation we can see that there is a concentration of high-
impacting scenarios with an almost zero probability. We expect that a portion of these
scenarios will be pruned with the selection of the final US set.
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Fig. 12. Comparison of the scenarios obtained with the GA and the filtered cartesian product
(left), and the same scenarios with relaxed saturation (right).

We observe that the proposed approach finds a lot more interesting scenarios than
the initial method, i.e. scenarios that present a good trade-off between saturation and
probability. All the scenarios from the initial method are worse or equivalent to the
scenarios from the proposal. The high density of high-impacting scenarios with a low
probability is due to the fact that there may be a lot of scenarios that combine several
impacting uncertainties, while high-probability scenarios are obtained with the activa-
tion of a unique high probable uncertainty. A way to avoid that would be to add con-
straints to limit the number of activated uncertainties for the lower probability ranks.

The selection of the US to form the US set is depicted in Fig. 13. We see that the
selection of scenarios corresponds to our expectation since the distribution of scenarios
probability is greater than before, in addition to limiting the size of the US set. We see
with the relaxed saturation that the group of impacting scenarios with an almost zero
probability is well pruned, as expected.
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Fig. 13. Crowded Pareto front of scenarios for the Uncertainty Scenarios generation with relaxed
saturation (left), and the same result with relaxed saturation (right).

5.3 Decision Scenarios Generation

Figures 14 compare the result of the DS generation between the proposal and the initial
method, after the recombination. These DS are assessed with the set of US previously
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Fig. 14. Comparison of the Decision Scenarios obtained with the proposal and the initial method
(left), and the same result with relaxed saturation (right).

generated and selected. We see in Fig. 14 that the scenarios are well distributed within
the cost, with only 2 values for the saturation and a clear gap between them. This is
due to a critical point being reached with a given combination of decisions, allowing
the saturation to be nullified. This is highlighted with the relaxed saturation that barely
changes within the 2 group of DS. This is because the data set is a small test case.

We observe in Fig. 14 that the DS found with the implementation are equivalent
or better than the ones found with the initial method. The initial method finds a lot
of DS with the same cost and various saturation, whereas the implementation finds
only DS that offer a good trade-off between cost and saturation. The implementation
finds only better DS for a cost under 10 000. With the relaxed saturation we see that
the DS generated by the implementation are better than the one generated with the
initial method, because even the DS that have the same cost and the same saturation
have a lower relaxed saturation, meaning that they are potentially less inclined to have
saturation.

5.4 Runtime and Number of Scenarios Generated

The Table 3 below shows the runtime of the initial method compared to the proposal.
It presents the total runtime of the initial method, and the runtime of the proposal US
generation, DS generation, and total time (US generation and DS generation). The com-
puter used to perform these has 16 go of RAM, and a processor Intel Core 17-7700HQ
2.80 GHz.

Table 3. Runtime comparison (in sec).
Method Runtime | Assessment model runtime
Initial method | 24.65 27.17
US generation | 9.73 9.6
DS generation | 29.09 28.98
Total 38.82 38.58




The Table 4 below shows the number of scenarios generated and assessed by the ini-
tial method compared to the proposal. It presents the number of scenarios for the initial
method, and for the proposal US generation, DS generation, and total (US generation
and DS generation). We observe that the assessment model takes most of the runtime
and that the runtime of the proposal and the initial method are close for this use case.

Table 4. Comparison of the number of scenarios generated and assessed.

Method number of scenarios
Initial method | 3388
US generation | 773
DS generation | 3200
Total 3973

We observe that the DS generation is the part that requires the assessment of the
highest number of scenarios. The initial method and the proposal generate an equivalent
amount of scenarios for this use case.

5.5 Discussion

The runtime of our proposal is equivalent to the runtime of the initial method. Further
tests are needed to see how the runtime scales with the size of the data set. Besides,
the quality of the results obtained with the proposal is better than the results from the
initial method. First, the SD are better assessed because the US generated cover a wider
space in the probability-impact space, with an even distribution. In addition to this, the
generated DS offer a better protection against the saturation for a similar cost, plus some
high-cost DS.

These results are slightly better than the initial method, but we need to keep in
mind that this is only for a small data set. We make the hypothesis that it will perform
better than the initial method in terms of quality, because the larger the data set gets, the
more the combinatorics become mandatory to cover the probability-impact space and
the saturation/cost space efficiently.

6 Conclusion

This paper proposes a contribution to support decision-makers in making robust Strate-
gic Supply Chain Capacity Planning (SSCCP) decisions. The literature review section
positions it in the frame of the robust supply chain planning field. It is in the con-
tinuity of the research undertaken by Oger et al. [16], which proposes a system that
automatically deduces an SSCCP assessment model from supply chain data. In the ini-
tial proposal, a scenario generation and assessment module that uses a simple cartesian
product with strong filters to limit the combinatorics has been implemented to illustrate
the use of the assessment model. However, assessed scenarios are not chosen in regard



to their relevance for assessing the robustness of the decisions. Therefore, the objective
of this paper is to automate the recommendation of robust SSCCP decisions by propos-
ing a new scenario generation approach that takes advantage of the deduced assessment
model. An objective that implies the constraint of using the assessment model as a black
box, and so limits possible approaches, but has the advantage of being able to automate
the recommendation of robust SSCCP decisions from business data. This led to the fol-
lowing research question: how to search through a scenario space including decision
and uncertainty variables to recommend robust decision scenarios, while relying on a
black box to assess scenarios?

A conceptual proposal to answer this question has been described, it is composed
of two steps: a first step to define a set of uncertainty scenarios that will be considered
as the most important to be protected from, based on a probability-impact approach. A
second step to define the decision scenarios to recommend, based on their performance
in regard to all the uncertainty scenarios defined in the previous step. Then, this concep-
tual proposal has been completed with a technical proposal that uses genetic algorithms
to implement the proposed approach. Finally, it has been experimented on an illustra-
tive use case to evaluate the ability of the approach to answer the research question.
During the experiment, the results have been compared with the ones obtained from the
filtered cartesian product, and it has shown that the approach finds more robust decision
scenarios.

This contribution should help companies gain better visibility about the robustness
of their possible decisions in regard to the multitude of uncertainties. One of the diffi-
culties of this domain is that the scenario space cannot be entirely explored because of
its size, and this contribution is a step towards the improvement of the quality of the
coverage (and so the visibility) to help companies make robust decisions. An impor-
tant element to note is that this proposition can take into account any key performance
indicators to be robust to as long as the assessment model can provide it.

However, there are still a number of limitations to be addressed to fully conclude
about the proposal. First, the experiment has been performed on a small illustrative use
case, testing the proposal on several real use cases would allow us to conclude on the
applicability and scalability (in terms of runtime and quality of result) of the proposal.
Second, a source of approximation is the choice of the probability indicator, an alter-
native indicator could be proposed. Finally, in the US generation step, the approach to
select the US set in the crowding part is based on the Manhattan distance, a choice that
could be discussed. We could study the influence of this choice by trying another app-
roach such as Hamming distance. Third, the impact of the parameters of the algorithm
could be studied in order to find a setting that can be applied to any use case, or to find a
way to automate the setting of the parameters. The impact of the value for the probabil-
ity ranks could also be studied to characterize the impact of these ranks and associated
values on the proposed methodology.
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