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Abstract
In the course of globalization, applying mass-customizing strategies has led
to a diversity of variants in many economic sectors. Thus, customer demands are
often less predictable, and handling increasing inventory stocks as well as avoiding shortfalls become of particular importance. All these complexity drivers obviously result in higher supply chain risks. Postponement strategies have been
proposed as an appropriate approach to deal with these problems. Although
the concept of postponement and its impacts on the supply chain are theoretically well discussed, it is still challenging to optimally configure the entire
production and distribution network. We present a two-stage stochastic mixedinteger linear programming model which comprises an integrated production
and distribution planning approach and takes into consideration postponement
concepts. In comparison to former approaches that deal with postponement
strategies our model supports the decision maker under demand uncertainty
and considers lead times, penalty cost for shortfalls as well as inventory keeping
decisions over a tactical planning horizon. This allows an integrated investigation of both form and logistics postponement concepts. Moreover, we consider
the decision maker’s willingness to take risk to identify profitable and risk-averse
strategies at the same time. We illustrate the benefits of the model using a case
study from the apparel industry and present the results of a sensitivity analysis
with respect to varying demand uncertainty and demand correlations as well
as different preferences regarding the willingness to take risk. Furthermore, we
suggest appropriate solution techniques depending on the size of the investigated problem instances. We carry out performance and quality benchmarks
and compare the results of a standard MIP solver, a parallel nested Benders
approach and a sample average approximation technique.
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1

Introduction

In the course of globalization, international trade has significantly increased. While
manufacturing companies and their supply chains have several possibilities to make
new markets accessible, they increasingly face considerable pressure to reduce costs
which might be achieved by redesigning their production and distribution networks
and establishing new production strategies [1]. In recent years, mass-customizing
strategies which combine the advantages of large-scale production with an increasing degree of product customization have been well-established in many economic
sectors [2]. However, mass-customizing strategies have led to further requirements in
the planning process. Since a large variety of end-products has to be produced, the
customer demand becomes less predictable and the handling of increasing inventory
stocks as well as the avoidance of shortfalls in the sales regions become of particular
importance [3]. Moreover, a high level of individualization generally leads to maketo-order production strategies which affects the lead times and is in contradiction
with an increasing expectancy of shorter delivery times [4]. In summary, all these
issues considerably result in higher supply chain risks. In order to minimize these
risks and to achieve cost-effective supply chain structures, different postponement
strategies can be applied [5]. On the one hand, some production activities can be
procrastinated towards the end of the supply chain (form postponement). Thereby,
it is the notion to retain a product in a neutral status as long as possible [6]. On
the other hand, logistics activities can be postponed (logistics postponement). This
means that changes in inventory location are postponed within the supply chain [7].
Even a combination of form and logistics postponement is possible (full postponement). Applying these strategies might increase the flexibility of the supply chain
[8] and should reduce supply chain risks. In contrast, a full speculation strategy
prohibits postponement and is known as a traditional concept.
This paper encompasses an integrated view of all types of postponement in the
context of a globally operating supply chain and takes the decision maker’s willingness to take risk into account. It considers a multi-commodity production and
distribution network with multiple periods and stochastic customer demands. In the
literature diverse benefits of postponement under demand uncertainty are postulated [9], but often they only encompass qualitative recommendations regarding the
impacts of different strategies. However, there is still the need to quantitatively support the decision process due to cost tradeoffs and dependencies between decisions.
To the best of our knowledge, although different postponement strategies are often
discussed as risk pooling strategies, no method has yet been proposed that considers an integrated view of different concepts of postponement and identifies optimal
strategies based on the decision maker’s willingness to take risk.
To this end, we develop a two-stage stochastic mixed-integer linear programming
(SMIP) model for solving an integrated production and distribution problem with
the objective of expected profit maximization taking into account stochastic demands. The model supports the decision maker such that the most viable production and distribution strategies from the overall view of a supply chain are identified.
Therefore, we extend the static approach of Guericke et al. [10] by multiple time periods. Compared to the static approach, our dynamic model additionally allows for the
investigation of inventory holding costs. This provides the opportunity to broaden
the types of investigated postponement strategies. Whereas the static model merely
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takes into account form postponement strategies, the dynamic model permits the
investigation of form, logistics and full postponement strategies. This includes the
determination of optimal decisions regarding process set ups, production quantities
and inventory scheduling as well as transportation quantities for a given planning
horizon. Moreover, the model considers the decision maker’s willingness to take risk.
Thereby, the tradeoffs between profit maximization and risk minimization can be
analyzed. The model is evaluated based on a case study from the apparel industry, and the viability of implementing postponement strategies is investigated for
different parameter settings. Our investigations are as follows: First, we examine
the impact of demand uncertainty and varying demand correlations on the optimal
strategy. Secondly, varying levels of the willingness to take risk are analyzed. Last,
further attention is turned to the solution process because the multi-period extension
of the static core model entails a significant growth in model size which demands
for more sophisticated solution techniques. In order to identify an appropriate solution technique for our investigated problem instances, three different approaches
are considered and compared with each other.
In a nutshell, all research activities referred above are for the following purposes:
Our research reveals how the implementation of postponement strategies in place of
traditional production- and distribution approaches establishes an additional degree
of freedom in order to manage demand uncertainty, to reduce the supply chain risks
and to boost the corporate profit. Furthermore, the numerical investigations show
how different parameter settings impact the decisions regarding a particular strategy.
Moreover, we show that the selection of the best solution technique strongly depends
on the level of detail in the representation of the uncertain parameters. Common to
all of our results is that they contain useful information for potential applicants of
our model and facilitate the transfer into industrial practice.
The remainder of the paper is organized as follows. First, in Section 2 we give
an introduction to the investigated problem. In Section 3 we review the literature.
Afterwards, we describe a general mathematical model formulation in Section 4 as
well as appropriate solution techniques in Section 5. In Section 6, the benefits of our
model are illustrated for a representative case study, Section 7 contains an investigation of potential solution techniques, and in Section 8 we illustrate computational
results. The paper finishes with the conclusion in Section 9.

2

Problem formulation

In this paper, we consider a production and distribution network which general
structure follows the scheme presented in Schwartz and Voß [11]. Several facilities
in locations i ∈ N are assigned to different tiers s ∈ S and connected with each
other by transportation links (i, j) ∈ A. All investigated instances of the network
comprise at least one factory on the first tier and at least one sales region at tier
S. Further tiers can be positioned anywhere in-between and can represent, for example, central warehouses or regional warehouses. Typically, products traverse the
distribution network up from a factory on the first tier to the sales regions on tier
S which causes, depending on the distance, costs and takes some time.
Products p ∈ P undergo various stages of completion in the course of the production process. In general, a factory on the first tier gets raw materials from external
4

suppliers which then have to be processed to final products according to customer
requirements. Hence, a series of production activities has to be performed. Such a
production activity causes variable costs related to the production quantity, and
fixed costs for establishing the production activities. Due to tougher competition
on the global markets, the variety of products has increased in recent years so that
future customer demands are hardly to forecast [12]. On the one hand, the demand
may be overestimated which leads to excess inventories and high inventory holding
costs. On the other hand, there is the risk for underestimating the demand which
may lead to shortfalls and causes penalty costs. In order to handle those risk issues,
we consider sales regions with stochastic demands for the relevant products. Thereby,
the decision maker’s preferences might influence the choice of a strategy. While a
risk-neutral decision maker might favor strategies that only maximize the profit,
risk-averse decision makers might tend to strategies which lead to slightly lower
profits but decrease the risks. Therefore, the tradeoff between profit maximization
and risk minimization has to be handled.
Common production and distribution models [13] assume that final products are
produced on facilities at the first tier and are shipped to the sales regions afterwards.
This means that the production and distribution processes are strictly separated
which may result in a very early determination of the production volumes for the
diverse product variants and also in bullwhip effects [14]. This strategy is known
as a full speculation strategy [5]. In contrast, postponement has been seen as one
promising strategy in order to deal with demand uncertainty and the proliferation
of variants [15]. Hence, in this work we aim to address the benefits of postponement
strategies by modeling the decision problem as a two-stage stochastic mathematical
program and consider different types of postponement - namely form, logistics and
full postponement [5]. In terms of form postponement, it is allowed to shift some
production processes towards the end of the supply chain and to finalize the products
not before better demand forecasts have been received. Thereby, it is the notion to
retain a product in a neutral status as long as possible and to postpone the customer
specific differentiation to a later point. Moreover, we consider logistics postponement
strategies which allow to delay changes of inventories within the supply chain. This
strategy leads to direct distributions of finalized products from one or few inventory
locations to the sales regions. Thus, products are stocked as long as possible in
centralized warehouses which avoids unnecessary shipments [5]. Typically, logistics
postponement is applied to completely finalized products [16]. In order to provide
an additional degree of freedom, logistics postponement might be applied in terms of
unfinished products. Last, full postponement is a combination of form and logistics
postponement and represents the strategy with the highest level of postponement.
In summary, the considered integrated production and distribution planning
problem for supply chains under demand uncertainty can be characterized as follows:
First, the problem consists of a process setup problem where decisions with respect
to the production and distribution strategy are taken. These decisions comprise the
selection of the basic network strategy (i.e., the selection of an appropriate type
of postponement), the degree of postponement (i.e., to determine how many and
which activities are postponed), and a potential resequencing of activities (i.e., the
order of activities might be changed to shift, for example, the customer decoupling
point closer to the customer). Second, in order to enable an evaluation of different
strategies, a production quantity and scheduling problem which includes inventory
5
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Figure 1: Decisions and their planning levels

decisions and a distribution problem which schedules the deliveries in quantity and
time need to be solved (see Figure 1). In order to allow applying the presented approach for problem solving to different applications, a generic model formulation
has to be provided. Moreover, diverse parameters are based either on production activities or distribution activities. They are interwoven by several cost tradeoffs and
impact the profit of the supply chain. These cost tradeoffs need to be formalized and
an integrated production and distribution planning approach for evaluating different
postponement strategies is required.

3

Related Research

In the following, we review existing contributions with relevance for an integrated
production and distribution planning approach for evaluating optimal postponement
strategies under uncertainty. Important contributions have been made in the form
of theoretical/conceptual derivations, in the form of empirical studies as well as case
studies, and last in the form of quantitative investigations with analytical models,
simulation models and mathematical optimization models.
Within theoretical/conceptual postponement research, contributions date back
to 1950 when Alderson treated postponement from the marketing point of view and
postulated that overall costs can be reduced due to postponing the customer differentiation point [17]. Bucklin extends this concept by the structure of distribution
channels and considers inventory stocks to trigger cost reductions [6]. A qualitative overview of postponement strategies for supply chains is identified in Pagh and
6

Cooper which provides guidance in form of postponement decision determinants [5].
Moreover, postponement has been analyzed as a useful approach for managing supply risk and disruptions in the supply chain [18], [19], [20]. Yang and Yang explore
the role of postponement in supply chain risk management and examine approaches
to mitigate supply chain disruptions [7]. Comprehensive reviews of the postponement literature are provided by van Hoek [15] and Boone et al. [9].
Furthermore, diverse case studies and surveys exist which point out the benefits and
costs of applying postponement strategies. For instance, Dapiran introduces a case
study of Benetton that emphasizes the requirement of an appropriate production
process and the possibility of using postponement to increase the reaction speed if
demands change [21]. Other in-depth examinations and case studies of critical factors of the concept of postponement are presented by, e.g., [22], [23] or [24]. Those
factors are, for instance, the flexibility of supply chains, product values as well as
product variety, delivery speed requirements, and uncertainties. However, it is the
aim of these case studies to systematically characterize the impacts on postponement
decisions [25], but they do not support optimal decisions for generic cases.
Besides these theoretical approaches and empirical studies, a considerable number of research papers deals with quantitative models in order to identify profitable or
at best optimal postponement strategies. Within the modeling context of postponement strategies, one often cited paper is that of Lee and Tang [12]. They determine
the position in a supply chain where the changeover from a generic product to a
customer-specific final product, i.e., the point of product differentiation, should take
place [12]. However, they do not consider the issue of selecting the stocking points.
Garg and Tang build a model to study the inventory management of products with
multiple points of differentiation [26]. Both papers consider a two-product case. In
addition to these contributions, Ma et al. also take into account dynamics between
the processing time and the component procurement lead time as well as stochastic
demands in an assembly system [27]. Besides the analysis of models with one point
of differentiation and two points of differentiation, they analyze the effect of process
re-sequencing. Swaminathan and Tayur present a stochastic programming model to
analyze the optimal configuration of semi-finished products and inventory levels for
a multi-period planning horizon for a single manufacturer [28]. Moreover, the reviews of Aviv and Federgruen [29] as well as Swaminathan and Tayur [30] present
several analytical models of inventory systems for supply chains with postponement
strategies. Common to all of these models is that they do not encompass decisions
regarding the transport of goods. The determination of optimal differentiation points
is also the matter of Hsu and Wang who suggest a dynamic programming model for
multiple products and uncertain demand [31]. However, the research does not take
into account more complex cost types like, e.g., transshipment costs, and focuses
only on design decisions. Silver and Minner investigate replenishment decisions for
practical situations using the newsvendor approach [32]. They identify future research in terms of correlated demand and its impacts on postponement strategies.
Leung and Ng present a stochastic programming model for aggregated production
planning with postponement. They minimize production and shortfall cost under
demand uncertainty for a single manufacturer but neglect the shipment of products
[33]. Another stochastic programming model that takes form postponement into account is suggested by Cholette [34]. Delayed product differentiation is considered
by Tang [35], who analyses the interrelations among demand, inventory, capacity
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and lead times. An integrated model that captures trade-offs related to inventory
quantities, outsourcing costs and customer demand based on the lead times as well
as on the price is developed by Kuthambalayan et al. [36]. The stochastic model contains first-stage decisions for the product price, inventory level and the lead time. In
order to solve large instances, they design an appropriate solution technique based
on the generalized Benders decomposition. A multi-objective robust optimization
model for the production planning of a multi-product firm in order to analyze form
postponement is presented by Khakdaman et al. [37].
Moreover, postponement strategies have been treated in the context of supply
chain planning models, too. Ernst and Kamrad present a framework that quantifies
the total costs for utilizing different supply chain structures that take modularization and postponement strategies into account [38]. Although they evaluate the
benefits of logistics postponement, they assume a simple set of influencing factors,
for instance, they neglect the time dimension. A stochastic economic-order-quantity
model for a single end-product is developed by Cheng et al. [39]. They analyze the
impacts of form postponement in a supply chain. Two practical case studies are presented to verify the mathematical models. A single-period non-linear programming
formulation of a cost model is presented by Graman in order to analyze postponement decisions with respect to inventories, postponement capacities and customer
service levels [40]. The model is developed for the two-product case, and it is pointed
out that stochastic linear programming techniques could help to consider more realistic problems. Li et al. compare a postponement system with a non-postponement
system and evaluate the impact of a postponement strategy from the perspective of
a manufacturer within a supply chain [41].
Furthermore, several publications deal with lead times and their implications for the
supply chain. For instance, Shao and Ji compare different postponement strategies
applied in a mass customization system with service time guarantees [42]. Choi et al.
extend Lee and Tangs single-market production and distribution model to a global
production and distribution model [43]. They consider shipping points and custom
tariffs to analyze postponement strategies within a system dynamics model which
minimizes total production and distribution costs.
One paper that explicitly investigates the relationship of distribution network design and appropriate postponement strategies is presented by Schwartz and Voß
[11]. In this paper, demands are assumed to be deterministic. An upgrade of the
considered model that additionally covers stochastic demands is made by Guericke
et al. [10]. The main limitation of this static approach, however, is the neglect of
the time dimension and inventory holding costs which leads to the fact that only
form postponement strategies are considered. Different postponement strategies are
modeled in Nugroho [44]. They are benchmarked according to profit changes under
uncertainty; however, inventory holding costs are neglected in this investigation.
Although in recent years the number of journal publications that model postponement strategy decisions has significantly increased [9], no paper deals with all
requirements of the problem formulation (see Section 2). Boone et al. pointed out
that further research is needed in the context of selecting appropriate postponement
strategies in a supply chain as well as developing postponement as a response to
uncertainty [9]. Furthermore, in a review of the tactical supply chain planning research, Esmaeilikia et al. identified a gap according to the flexibility of production
and distribution networks [45]. Moreover, postponment is often discussed as a risk
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pooling strategy, however, to the best of our knowledge, no method has yet been
proposed that considers the decision maker’s willingness to take risk with respect to
the viability of different postponement strategies.
Due to these outlined deficits in the research regarding the integration of postponement strategies into production and distribution networks, this paper aims at an
extension of existing postponement models by integrating the concepts of form and
logistics postponement under demand uncertainty. We present a two-stage multiperiod stochastic programming model, which contributes to a better understanding
of different postponement effects under different levels of willingness to take risk.
Thus, we intend to support decision makers by a more flexible planning approach
and contribute to the tactical supply chain planning.
In the context of postponement research, several modeling and solution techniques have been applied – namely, for instance, system dynamics [43], mixedinteger-programming [12], stochastic-programming [36] and goal programming [46].
Nevertheless, there remains the need for more appropriate solution techniques in
order to solve more realistic stochastic problems with their uncertain environment
in supply chains [47]. In order to improve the solution process and to enlarge the
size of problem instances that can be solved in a reasonable time, we applied three
solution techniques. These solution techniques are an all-purpose mathematical programming software (CPLEX), a parallelized implementation of the L-shaped method
for two-stage and multi-stage stochastic programming models, and a sample average
approximation (SAA) technique.

4

Model formulation

Stochastic programming is a well-established method in operations research (see,
e.g., Birge and Louveaux for an introduction [48]), which has been applied to many
problems with uncertain parameters [49]. The uncertain parameters are represented
as random variables, where each possible combination of values constitutes one scenario. Our model corresponds to a two-stage stochastic program with recourse which
is based on Dantzig, where the decision variables are divided into two groups [50].
First stage variables indicate decisions without full information that hold for all scenarios. Second stage variables can be taken after full information has been obtained,
i.e., after the realization of the random parameters is observed.
The main purpose of our model is to support decision makers in terms of designing viable production and distribution networks in which postponement concepts are
potentially permitted. Decisions for establishing production and logistics activities
are taken at the beginning of the planning horizon because restructuring these activities (i.e., changing the strategy of the supply chain) is costly and cannot be altered
later on within the planning horizon. Moreover, for instance in the apparel industry,
factories are usually located overseas and shipping times between factories and warehouses are rather long. Thus, the related decisions are taken at the beginning of the
planning horizon as well. In order to utilize the production capacities and to benefit
from the economies of scale, the production and inventory plans are scheduled at
the beginning of the planning horizon, too. In our model, these variables are defined
accordingly as first stage decision variables since it is de facto not possible to revise
these decisions later. All other variables are formulated as second stage variables
9

which correspond to decisions that are taken after a specific scenario occurs. This
specific scenario is one scenario of a set of scenarios which are determined in advance
and which all have to be taken into account when the first stage decisions are taken.
This means that the first stage decisions must be valid for all of these scenarios.
Second stage variables are shipping, inventory and production quantities for all tiers
except the first, as well as the shortfall quantities if any demand is not satisfied.
Below, we present a mathematical formulation of the considered production and
distribution planning problem. The core of the model is a deterministic equivalent of
the stochastic problem and is based on a formulation of Guericke et al. [10]. In order
to expand the model by aspects of inventory management, we explicitly take into
account time periods and consider inventories and their capacities as well as penalty
cost for shortfalls. Thereby, different types of postponement strategies, namely form,
logistics and full postponement, can be taken into account. In order to analyze postponement as a risk pooling strategy, we add components for modeling the decision
maker’s willingness to take risk. Therefore, we identify the conditional value at risk
(CVaR) as a suitable risk measure, since in contrast to other risk measures the
CVaR is a linearizable downside risk measure. Given a probability α, the α-VaR is
defined as the highest profit p such that, with probability α, the profit will not fall
below p, whereas the α-CVaR is the conditional expectation of profits below that
amount p [51]. Thus, strategies which lead to similar scenario profits are classified
as risk-averse, while those which lead to dissimilar scenario profits are classified as
risk-neutral.
Index sets
P

Index set of products

L

Index set of production activities

T Flp ⊆ P

Index set of product variants generated by applying
production activity l ∈ L to product p ∈ P

T Lp ⊆ L

Index set of production activities which can be applied to product p ∈ P

Ω

Index set of scenarios

N

Index set of all locations (facilities and sales regions)

N F ac ⊆ N

Index set of all locations which belong to the first
tier (factories)

N Inter ⊆ N

Index set of all locations which neither belong to
the first tier nor to the sales regions (distribution
network)

NC ⊆ N

Index set of all sales regions

N F ac ∪ N Inter ∪ N C = N

The locations include the sets of factories, the distribution network and the sales regions

N F ac ∩ N Inter ∩ N C = ∅

A location is either a factory, belongs to the distribution network or belongs to the sales regions

A⊆N ×N

Index set of all transportation arcs
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Decision variables


1
π
yil ∈ 0, 1

0
(
1
yiι ∈ 0, 1
(0
τ ∈ 0, 1
yij

if production activity l ∈ L is established in a
facility at location i ∈ N \ N C
otherwise
if any inventory activity is allowed in inventory i ∈ N \ N C
otherwise

1 if any transportation activity is allowed on the link (i, j) ∈ A
0 otherwise

zpijtω ∈ R+
0

Quantity of product p ∈ P shipped on arc (i, j) ∈ A in scenario
ω ∈ Ω, where shipping starts in time period t ∈ {1, ..., T }; first
stage decision if i ∈ N F ac , second stage variable otherwise

xpp0 iltω ∈ R+
0

Quantity of product p ∈ P transformed into product p0 ∈ P in
facility i ∈ N \N C in time period t ∈ {1, ..., T } and scenario ω ∈ Ω
using production activity l ∈ T Lp ; first stage decision if i ∈ N F ac ,
second stage variable otherwise

vpitω ∈ R+
0

Inventory quantity of product p ∈ P in facility i ∈ N \ N C in
time period t ∈ {0, ..., T } and scenario ω ∈ Ω; first stage decision
if i ∈ N F ac , second stage variable otherwise.

slpitω ∈ R+
0

Shortfall quantity of product p ∈ P which is not delivered to
facility i ∈ N C in period t ∈ {1, ..., T } in scenario ω ∈ Ω; second
stage variable

θω ∈ R

Profit which is generated in scenario ω ∈ Ω; second stage variable

V aR ∈ R

Value at risk; first stage variable

CV aR ∈ R

Conditional value at risk; first stage variable

yω0

∈

R+
0

Auxiliary variable for calculating the conditional value at risk;
second stage variable

Parameters
T

Number of time periods

epi

Sales price per unit of product p ∈ P in sales region i ∈ N C

cSpij

Shipping cost per unit of product p ∈ P for arc (i, j) ∈ A

cPpil

Processing cost per unit of product p ∈ P for applying activity
l ∈ T Lp in facility i ∈ N \ N C

cIpi

Inventory cost per unit of product p ∈ P in location i ∈ N \ N C

cπil

Fixed cost of establishing activity l ∈ L in a facility at location
i ∈ N \ NC

cιi

Fixed cost for allowing inventory activities in a facility at location
i ∈ N \ NC

cτij

Fixed cost for allowing transportation activities on link (i, j) ∈ A

cPpie

Penalty cost per unit of product p ∈ P , if the demand in location
i ∈ N C is not satisfied
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dij

Transportation time (number of periods) on arc (i, j) ∈ A

UilP

Maximum throughput quantity for activity l ∈ L in facility i ∈ N \N C

UijS

Maximum shipping capacity on arc (i, j) ∈ A

UiI

Maximum inventory capacity in facility i ∈ N \ N C

up

Needed inventory capacity per unit of product p ∈ P

Invpi

Initial inventory of product p ∈ P in factory i ∈ N \ N C

Dempitω

Demand of product p ∈ P in sales region i ∈ N C in time period
t ∈ {1, ..., T } and scenario ω ∈ Ω

Suppit

Supply of product p ∈ P in factory i ∈ N F ac in time period t ∈
{1, ..., T }

α

Confidence level of the risk measure, subject to 0 ≤ α ≤ 1



Decision maker’s willingness to take risk in monetary units
P
Probability of scenario ω ∈ Ω, subject to
πω = 1;

πω

ω∈Ω

0 ≤ πω ≤ 1

∀ω ∈ Ω

Objective
X

M ax

πω θω

(1)

ω∈Ω

Subject to
Profit calculation
X
X
X
X
θω =
cPpie slpitω −
cPpil xpp0 iltω −
cIpi vpitω
epj zpijtω −
t=1..T
t=1..T
t=1..T
t=1..T :t≤T −dij
p∈P
i∈N C

p∈P
(i,j)∈A:j∈N C

X

−

cSpij zpijtω −

t=1..T :t≤T −dij
p∈P
(i,j)∈A

X

p∈P
i∈N \N C
l∈T Lp
p0 ∈T Flp

X

cπil yilπ −

i∈N \N C
l∈L

Material flow/inventory balance
X
− Suppit ≤ vpi(t−1)ω +

−

X

zpijtω −

(i,j)∈A

X

xpp0 iltω ≤ 0

(2)

cιi yiι −

i∈N \N C

zpji(t−dji )ω +

(j,i)∈A:(t−dji ≥1)

p∈P
i∈N \N C

X

τ
cτij yij

∀ω ∈ Ω

(i,j)∈A

X

xp0 piltω − vpitω

l∈T Lp0
p0 ∈P :p∈T Flp0

∀p ∈ P, i ∈ N \ N C , t = 1..T, ω ∈ Ω

(3)

l∈T Lp
p0 ∈T Flp

Demand
Dempjtω =

X

zpij(t−dij )ω + slpjtω

(i,j)∈A:(t−dij ≥1)
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∀p ∈ P, j ∈ N C , t = 1..T, ω ∈ Ω (4)

Initial inventory
vpi0ω = Invpi

∀p ∈ P, i ∈ N \ N C , ω ∈ Ω

Production capacity
X
xpp0 iltω ≤ UilP yilπ

∀i ∈ N \ N C , l ∈ L, t = 1..T, ω ∈ Ω

(5)

(6)

p∈P :l∈T Lp
p0 ∈T Flp

Transportation capacity
X
τ
up zpijtω ≤ UijS yij

∀(i, j) ∈ A, t = 1..T, ω ∈ Ω

(7)

∀i ∈ N \ N C , t = 1..T, ω ∈ Ω

(8)

p∈P

Inventory capacity
X

up vpitω ≤ UiI yiι

p∈P

Willingness to take risk
V aR − yω0 ≤ θω
CV aR = V aR −

∀ω ∈ Ω

(9)

1 X
πω yω0
1−α

(10)

ω∈Ω

CV aR ≥ 

(11)

Non-anticipativity
xpp0 ilt1 =xpp0 iltω ∀p ∈ P, l ∈ L, p0 ∈ T Flp , i ∈ N F ac , t = 1..T, ω ∈ Ω \ {1}
zpijt1 =zpijtω
vpit1

=vpitω

∀p ∈ P, (i, j) ∈ A : i ∈ N F ac , t = 1..T, ω ∈ Ω \ {1}
∀p ∈ P, i ∈ N

F ac

, t = 1..T, ω ∈ Ω \ {1}

(12)
(13)
(14)

Objective function (1-2) maximizes the expected profit and takes all revenue streams
as well as seven cost types into account. These cost types include fixed costs for establishing production activities in a facility, fixed costs for establishing inventory
as well as transportation activities, variable production costs, transportation costs
inclusive capital commitment costs on the links, inventory costs inclusive capital
commitment costs at the locations as well as penalty costs for shortfalls. Constraint
set (3) represents the inventory balances, material flows and also a limitation of the
supply. The constraint set ensures that the inventory at a location in one period
is greater than or equal to the inventory in that location one period before plus
the incoming commodities and the produced commodities minus the outgoing commodities and the commodities that are consumed in the production process in that
location. Furthermore, constraint set (3) also incorporates the maximum supply of
raw materials. In constraint set (4), the shipping quantities of final products to the
sales regions are adjusted to the demand. If these quantities are too low, the missing quantities are reported by a slack variable which is penalized in the objective
function. The demand is assumed to be uncertain; hence it represents the stochastic
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parameter of the model on hand. Constraint set (5) determines the initial inventory
stocks at the beginning of the planning horizon. Constraint sets (6-8) state the maximum quantity that can be processed/shipped/stocked by an implemented activity
within a facility/transportation link. The binary variables in this constraint set indicate whether a specific activity is established or not. In accordance to Fábián we
calculate the value at risk and the conditional value at risk in constraint sets (9-10)
[52]. Constraint (11) is the –constraint and ensures that the willingness to take risk
follows the preferences of the decision maker. Finally, constraint sets (12-14) define
the non-anticipativity constraints and ensure that all production, transportation and
inventory decisions which are taken with respect to facilities on the first tier hold
for each possible demand scenario.

5

Solving the optimization model

In order to identify an appropriate approach for problem solving, three different
solution techniques are introduced and evaluated later on. In this section we briefly
present the solution techniques. Moreover, we give an overview how we compute the
non-dominated solutions (i.e., the Pareto front).
Solution techniques
The first solution technique is the application of a general-purpose MIP-solver. In
our case study we use CPLEX 12.4, which treats a deterministic equivalent (DE)
of the original stochastic problem. This means that the stochastic problem is represented by a model that can be solved in the same vein like a deterministic problem.
The second solution technique, parallel Nested Benders (PNB), is an adaption of
the Benders decomposition [53]. PNB is a solver with a core of problem specific
solution algorithms and provides a powerful parallelized implementation of the Lshaped method for two-stage and multi-stage stochastic programming models. We
apply an implementation of Wolf and Koberstein [54] which includes some specific
algorithmic techniques like cut consolidation or dynamic sequencing protocol that
accelerate the solution process and reduce the memory usage.
In practical instances, it is necessary to consider large sets of products sold in different sales regions, which heightens the number of required scenarios. In order to
solve those instances, a third technique, the sample average approximation (SAA)
(see, e.g., Linderoth et al. [55]) is evaluated. This technique generates high quality
solutions for two-stage stochastic linear problems with recourse which are close to
the optimum. A pseudo code of this algorithm is presented in Algorithm 1. Based on
a problem instance and the configuration parameters of the algorithm, a particular
number of a priori defined scenario trees are sampled, while each of them comprises
fewer scenarios than the original problem. Afterwards, each SAA-problem is solved
by using either the PNB approach or the CPLEX solver. The objective and the associated first stage variables are reported subsequently. Based on these fixed variables,
a next step evaluates the solution using the scenario set size of the original problem.
Finally, the algorithm identifies the best solution which was found and determines
the confidence intervals for the upper and lower bounds.
The optimization model is implemented with the FlopC++ package which is an open
source algebraic modeling language for linear optimization problems. This problem
specific optimization language is a component of the Computational Infrastructure
14

for Operations Research (COIN-OR) project and is realized as a C++ class library.
Due to the incorporated uncertainty in our case study we use an extended version
of the FlopC++ package which supports multi-stage stochastic programming formulations [56]. Thus, we can apply it for scenario based problems with independent
random variables. All calculations are carried out on a Windows PC (Intel Core
i7-3770 CPU, 3.40 GHz, 32 GB RAM, Windows 8.1 Professional).
Algorithm 1: Algorithm of the sample average approximation according to
Linderoth et al. [55]
Data: Problem instance, configuration parameters
Result: Lower/upper bound of the objective, variance and value of the
variables)
Initialization: Set sample size (N), evaluation set size (E), number of batches
(B);
for i ← 1 to B do
Use Latin Hypercube Sampling to sample scenario tree (each with size N);
Use PNB/CPLEX to Solve SAA problem;
Save first stage solution and objective of SAA problem;
Evaluate first stage solution with PNB/CPLEX (using E);
end
Select solution;
Compute confidence intervals for upper and lower bound;
Return solution;

Determine the Pareto front
Our model (see Section 4) provides optimal solutions with respect to the supply
chain’s profit and the risk. Nonetheless, the two goals are directed opposite. Thus,
strategies which lead to higher profits, might also result in higher risks. In order
to offer the decision maker the best basis for a decision, we determine all nondominated optimal solutions. Thereby, we minimize the risk in such a way that
the average worst profit of the alpha percent worst scenarios (CVaR) is maximized.
Thus, a higher CVaR represents a risk-averse decision maker, while a lower value
represents a risk-neutral decision maker, respectively. Figure 2 presents the tradeoff
between profit maximization as well as risk minimization and includes two exemplary

Profit
high

lb

Profit

Pareto front

high

ub

low
risk-neutral

risk-averse

lb

Pareto front

ub

low
risk-neutral

CVaR

Figure 2: Visualization of the Pareto front
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risk-averse

CVaR

Pareto fronts. The quality of the approximation of the Pareto front corresponds to
the number of computation steps. Thereby, the bounds of the interval (lb and ub)
can be determined by transforming the objective in a weighted sum function (15),
eliminating the -constraint and then solving the model twice; first only profit is
maximized (w = 1), second the risk is minimized (w = 0). Thus, we get the highest
and lowest possible values for the CVaR.
X
M ax w ·
πω θω − (1 − w) · CV aR
(15)
ω∈Ω

Afterwards, the model changes can be reversed and a discrete number of nondominated solutions can be calculated by setting the  to a value within the interval
and then solving the model.

6

Applying the model within a case study

In order to verify the applicability of our stochastic model, we provide an empirical
evaluation by means of a case study. For this purpose, we adapt a case study from a
company of the apparel industry [21] and generate artificial problem instances of a
production and distribution network. This approach is already applied for empirical
evaluations in other research projects (e.g., [57]). Below we specify our case study;
afterwards we set up the experimental design.
Specification of the case study
In the considered supply chain, a production process of colored garments consists of
two production steps, a dyeing and a knitting activity. Figure 3 depicts all possible
process sequences of our case study. The globally operating supply chain includes
several production locations and warehouses which are located on different tiers.
Moreover, the factories are located overseas (e.g., in Asia or South America) and
warehouses as well as sales regions are located in Europe or North America. This
implies long lead times on transportation links between locations on the first tier and
any location on another tier. Procurement times of the raw materials are exogenously
given. It can be ordered every fourth period.
Traditionally, products are finalized in factories, and thus final products are delivered
from these factories to the sales regions, using central and regional warehouses.
Form postponement allows to retain a product as long as possible in an unspecified
semi-finished status. Thereby, the degree of form postponement might significantly
influence the cost of a supply chain. Furthermore, form postponement may alter
the sequence of production steps. Thus, this sequence is another degree of freedom.
Besides, logistics postponement might be carried out by a distribution of products
from one or few centralized inventories to the customers. According to the definition
in Section 2, in our work logistics postponement also takes into account semi-finished
products. Thereby, the optimal degree of logistics postponement has to be identified.
Figure 4 represents exemplary decisions related to their planning level.
The analysis of the considered postponement strategies refers to a planning horizon of one year which is subdivided into 12 discrete time periods. This means that
one time period represents one month. In order to generate reasonable problem
instances, some assumptions about the cost structure of the network are required.
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Figure 3: Possible sequences of production Figure 4: Exemplary decisions related to the
activities according to Guericke et al. [10]
planning level

These assumptions have been taken from the postponement literature (e.g., [10]) and
can be summarized as follows: The fixed and variable costs for executing any task
rise with an increasing proximity to the customers [58]. Moreover, an agglomeration
of several production steps at one location is more favorable than spreading them to
different locations [59]. The transportation costs depend on the distance and on the
degree of completion of the garments, i.e., costs increase with transportation distances, and similarly, costs increase with higher degrees of completion. It is assumed
that potential shipping routes exist between a facility of a tier and each facility on
a subsequent tier in the distribution network. Raw materials are provided by an external supplier. Raw materials as well as semi-finished or final products can be kept
in inventories at any location except the sales regions. Inventory cost coefficients are
in all cases considerably lower than the level of transportation or production cost
coefficients and those costs increase with higher degrees of completion. Furthermore,
the inventory costs depend on the warehouses’ capacity, i.e., smaller warehouses, like
regional warehouses, cause higher costs per unit than larger warehouses, like central
warehouses.
Demands represent the stochastic components of the optimization problem and
vary for the considered problem instances. Due to the fact that neither these demands
nor their distribution are known in advance, several potential demand scenarios are
created and provided with the related probabilities. The demands are individually
constituted for different final products and sales regions. In order to replicate the
product life cycle, we consider seasonal demands over the planning horizon. The
computation of the demands is controlled by two parameters:
• Degree of uncertainty (σ/µ): This ratio characterizes the degree of demand
variation and is quantified by the coefficient of variation of the demand. Such
a coefficient is specified for each combination of a final product and a sales
region, and then a predetermined number of values is generated based on this
ratio. An arbitrary distribution can be used to create a set of values. In our case
study we use a normal distribution and generate 25 values depending on the
sales region and the product type. Moreover, the demand uncertainty takes
of 0.0% (none), 2.5% (low), 5.0% (medium), 10.0% (high) and 20.0% (very
high). The value 0.0% represents the deterministic case, and the remaining
values represent increasing demand uncertainty, respectively.
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• Degree of correlation (%): This factor quantifies the demand correlation between different products and different sales regions. We consider two important
types of correlation, namely % = +1 and % = −1. In order to receive demands
that correspond to the specified correlations, we construct an algorithm for
the generation of data sets that combines the uncertain demand coefficients
for products and sales regions with each other such that the corresponding
correlation coefficients are held.
Figure 5 illustrates a schema of the demand scenarios related to the corresponding
degree of uncertainty and correlation. After creating the final demands, the scenarios can be characterized by two types of uncertainty. First, there is a demand
uncertainty per product and sales region (as defined above). Second, due to the combination of uncertain demand coefficients in order to obtain a defined correlation,
there is also a demand uncertainty in the overall demand. In case of positive demand
correlation these uncertainty indicators are identical because increasing demand of
a product for one sales region is combined with increasing demand of this product
for another region. In case of negative correlation we combine increasing demands of
a product for one sales region with decreasing demands of this product for another
sales region, which obviously leads to smaller overall demand uncertainty.
Finally, after completing the generation of the demand for final products, the scenario specific demands of intermediate products as well as raw materials will be
calculated by the material requirements planning. This results in scenarios for all
intermediate products on all tiers of the supply chain.

Product – sales
region A1

+

Product –sales
region A2

+

Product – sales
region B1

+

Product – sales
region B2

= ∑

Correlated

Scenarios

Correlated

Correlated

σ/μ

Productsales region
demand

σ/μ Overall
demand
Figure 5: Representation of the demand scenarios

Settings of the experimental design
Table 1 provides a condensed scheme of the investigations of our study. First, we
benchmark the solution techniques that are introduced in Section 5 in order to analyze whether there is a dependency between the best solution technique and the
detail in the representation of the uncertain parameters. Afterwards, sensitivity analyses are carried out in order to study the impacts of demand uncertainty, different
demand correlations and a varying level of the decision maker’s willingness to take
risk on optimal production and distribution strategies. Especially, we focus on the
tradeoff between profit maximization on the one hand and risk minimization on the
other hand.
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Table 1: Overview of examined research questions
Type of investigation

Research question

Varying input parameter

Performance
and quality
measurement

What is the most suitable solution technique and how does
it perform in terms of solution
quality?

•Number of scenarios
•Parameter settings of the algorithm

Sensitivity
analysis

How do uncertain demands and
different demand correlations
impact the network strategy?

•Production and distribution strategy
•Degree of uncertainty
•Correlation of demand

Sensitivity
analysis

How do varying levels of the
willingness to take risk impact
the network strategy?

•Level of willingness to take risk
•Degree of uncertainty
•Correlation of demand

7

Performance analysis

Solving problem instances according to requirements of the real world is one important aspect in the supply chain planning literature (e.g., see Brandenburg et al. [47]).
Since the number of considered scenarios significantly influences the complexity of
the model formulation, we address this requirement in terms of an increasing number of scenarios. Corresponding with an increasing number of scenarios the number
of continuous decision variables and constraints linearly grows. On the contrary, in
the mathematical model the number of binary variables remains constant due to the
two-stage model formulation (see Section 4). Within our case study the deterministic
model which consists of only one scenario contains after a preprocessing in CPLEX
1997 decision variables including 29 binary decision variables and 1838 constraints.
Although the stochastic model size linearly grows, the solution time rises exponentially if standard solvers are used which is a well-known effect of stochastic models.
In order to prevent outliers in the computational results, we have calculated average
solution times over five runs.
Figure 6 represents the results of the benchmark comparing the average solution
times (axis of abscissae) of the three above-mentioned solution techniques, the deterministic equivalent (DE), the parallel Nested Benders (PNB) and the sample
average approximation (SAA) (see Section 5). Note that the solutions of the DE
and PNB techniques are optimality proved, whereas the SAA technique does not
determine a single optimal objective value but an upper and a lower bound of the
objective value. The relative difference of these two bounds designates the relative
gap of a solution. In order to guarantee comparable results with respect to the other
solution techniques, we parameterize the algorithm such that the relative average
gap over all iterations satisfies an upper limit. In our case study we constitute a
relative gap less than 1.5%. Therefore, Table 2 illustrates the minimum sample size
which is required to hold the relative gap constraint. In case of 25 scenarios the
sample size must be at least equal to 12 in order to guarantee a relative gap which is
less than 1.5%. The results reveal that the selection of the best performing method
depends on the number of scenarios. Small instances (up to 50 scenarios) can be
optimally solved most quickly by applying the DE technique. Using this technique,
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Table 2: Minimal
sample size of the SAA

Computing time [sec]

25000
20000
15000

SAA
DE

10000

PNB
5000
0
1

25

50
75
Number of scenarios

100

125

Figure 6: Computing times for the investigated solution
techniques

No. of
scenarios

Min. sample
size (s.t. gap < 1.5%)

1
25
50
75
100
125

1
12
14
14
16
16

an increasing number of scenarios leads to an exponential increase of solution time.
As anticipated, the PNB technique performs more efficiently in case of instances
which consist of more than 50 scenarios. These savings of computing time become
considerably higher with an increasing number of scenarios. Note that the solution
time can be reduced by approximately 87% in case of 125 scenarios. Although this is
a tremendous saving of computing time, these reductions are not enough for many
practical purposes because decision makers often carry out what-if analyses with the
expectation of short response times (e.g., Degbotse et al. [60]). For this purpose, we
suggest the application of the SAA technique which operates with very short computing times with the drawback that the solution quality declines. Applying this
solution technique (in case of 125 scenarios), the solution time can be reduced again
by approximately 78%.
As we pointed out above, the computation time of the SAA technique strongly
depends on the input parameters of the algorithm. Thus, we have analyzed the solution quality of the SAA technique with respect to different input parameters, and
additionally, the number of scenarios is further boosted from maximal 125 in the
investigation before up to 1000 in this investigation. Table 3 illustrates the resulting
solution times and the related objective values for the investigated solution techniques.
The results of our investigation reveal that a deterministic equivalent with the considered scenario size cannot be solved within 8 hours due to a time out restriction.
Furthermore, the computing time of the PNB algorithm is significantly higher than
in the investigation before. The solution time, however, is considerably lower if the
SAA technique is applied.

Table 3: Comparison of solution times and objective values for different solution techniques
Solution technique

DE

PNB

SAA

(sample size=24, confidence

level=95%, gap < 1.5%)

Solution time [sec]

> 28800

3222,98

1530.25

Objective value [mu]

-

792653

Interval: [791585 ± 0;
802097 ± 2988]
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Figure 7: Quality measurement of the SAA technique

In Figure 7 the effect of a variation of an important parameter of the SAA algorithm,
the sample size, is illustrated. The objective value and the solution time are plotted
against the sample sizes. The ranges are indicated with a 95% confidence level and
the first stage decisions are evaluated ten times. The results reveal that the difference of the objective value between its lower and upper bound can be fairly small.
Small sample sizes result in a high level of inaccuracy in terms of the objectives but
short computation times. The results reveal that on the one hand an appropriate
solution quality requires for our problem instance a sample size greater than five, on
the other hand, due to a serious increase of the solution time the sample size should
not be higher than 20 or 25. If the sample sizes are even higher, the difference of the
lower and the upper bound of the objective value can be actually fairly small. For
our problem instance we suggest a sample size equal to 15.

8

Economic analysis

The following analysis demonstrates that our developed stochastic optimization
model effectively supports decision making regarding the implementation of different postponement strategies. In order to disclose the savings potential that can be
reached by identifying the optimal decision, our investigations distinguish between
strategies which potentially permit the implementation of postponement strategies
(full postponement) and those which do not allow the implementation of postponement strategies (full speculation). We provide the results based on the formulated
research questions in Table 1 in Section 6 for an exemplary case study.
Impact of demand uncertainty and correlation on the network strategy
Different degrees of demand uncertainty and correlation represent the varying input
parameters of this sensitivity analysis. Moreover, we assume a risk-neutral decision
maker. All other parameters are specified according to an initial setting (see Section 6). Table 4 illustrates whether postponement strategies should be implemented,
and if so, in which manner this should take place. The table represents some charac21

Table 4: Optimal structures of the production and distribution network
Degree of uncertainty
Network type

%

none

low

medium

high

very high

Only full
speculation
is allowed

+1

DK|n|nn

→

→

→

→

-1

DK|n|nn

→

→

→

→

Postponement +1
is allowed
-1

DK|n|nn

→

D|n|K
K

n|DK|nn

→

→

K|D|nn

→

→

DK|n|nn

teristics of the optimal solutions depending on the varying input. A character string
represents the optimal structure of the production and distribution network and
symbolizes which production activity is established at which location. For instance,
in case that postponement is allowed and medium uncertainty as well as positively
correlated demands occur, it is most worthwhile to establish process dye (D) at the
location of the first tier, nothing (n) takes place on the second tier, and the knitprocess (K) is established at both locations on the third tier. Arrows in the table
connote that there are no changes in the network structure compared to the case
with less uncertainty. In the following we discuss our observations in detail to give
practitioners insight into the impacts of strategy changes.
The computational results indicate that both the demand correlation and the degree of uncertainty influence the optimal solution. If only full speculation is allowed,
the structure of the network naturally is identical in all cases of demand correlation
and demand variation: Both process steps are carried out in the factory on the first
tier. The products that leave the factory in this configuration are consequently final
products that are shipped through the distribution network to the sales regions.
Stocks are held at both locations on the third tier; thus, a decentralized inventory
management is carried out.
If postponement strategies are allowed, an implementation of postponement strategies becomes beneficial in case of increasing uncertainty. More precisely, higher degrees of uncertainty lead to stronger postponement recommendations. Thereby, the
initial parameter settings ensure that the effects of postponed production activities
are based on uncertainty because side effects like more cost effective production
structures in the deterministic case are excluded (see Table 4). The reason for those
strategy changes can be explained by a causal chain of effects. For example, in case of
medium degree of uncertainty and positive demand correlations, form postponement
is suggested because then lower inventory cost are reached due to storing unfinished
generic variants instead of completely finished products. This in turn will decrease
the shipping distances of end-products and thereby result in lower transportation
cost. Moreover, due to the delayed product differentiation point, lower shortfall costs
are reached and more products can be sold, which increases the revenue streams.
At the same time better service levels are reached for all sales regions. On the other
hand, higher production cost due to the loss of economy of scales occurs.
In case of positive correlations we have seen that first, costly production activities
are postponed, and finally, if uncertainty further increases, all production activities are postponed. These results can be explained by the fact that demand does
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not only vary for finalized variants but also for basic product components. Hence,
a full postponement strategy offers the highest flexibility. In case of negative demand correlation, those production activities are postponed which shift the product
differentiation point closer to the customers. This effect arises because in this case
the overall demand remains relatively constant, which leads to a relative constant
overall demand for unfinished basic product components. Thus, it is not worthwhile
to postpone production activities for producing these basic components.
In order to illustrate the existing cost tradeoffs, we computed some financial indicators, namely profit, variable production cost, transportation cost, inventory holding
cost, shortfall cost as well as fixed cost for establishing production and logistics activities.
Figure 8 represents the profits for different network strategies with respect to the
degree of uncertainty and correlation. If demands become more and more erratic,
the savings potential grows accordingly and postponement strategies become advantageous. The reason for this effect is that in case of implemented postponement
strategies demand can be better anticipated, which then avoids shortfalls and stockouts. Furthermore, under uncertainty we obtain higher profits if negatively correlated
demands occur and postponement is permitted, which leads to higher saving potentials compared to full speculation strategies. These effects can be explained by the
fact that the overall demand remains relatively constant and thus, postponing the
product specifying production activity leads to better anticipated demand forecasts.
A more detailed overview of the behavior of different cost types is presented in Figure 9. It illustrates the absolute differences between several cost types of a network
which potentially allows postponement and several cost types of a network that only
allows full speculation. The cost savings if postponement is taken into account are
aggregated over all types of uncertainty and are plotted against varying correlation coefficients. Additionally, whiskers display the interval of cost savings over all
degrees of uncertainty from minimum to maximum. For instance, in case of positively correlated demands, allowing postponement leads to average transportation
cost savings of 114,000 mu. While there are minimal transportation cost savings in
case of deterministic demand (0 mu), there are maximal transportation cost savings
of 240,000 mu in case of medium degrees of uncertainty.
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In this analysis, we have seen that variable transportation and inventory cost always decrease if postponement is applied because products are longer shipped and
stocked in an unfinished status. In contrast, in cases of lower uncertainty, postponement strategies lead to higher variable production cost due to postponed production
processes and the loss of economies of scales. These additional costs decrease with
increasing uncertainty because in full speculation networks more finished products
have to be kept in inventory. This takes place in order to satisfy the highly fluctuating demand, which results in higher remaining inventories (i.e., unfinished products
that stay in the network until the end of the planning horizon) and consequently
higher production costs. In environments with very high uncertainty the production
costs in case of applied postponement strategies are even lower than in case of full
speculation strategies. This is reasoned by a huge amount of remaining products that
will be produced in case of full speculation networks. Furthermore, postponement
strategies lead to lower shortfall costs due to the delayed product differentiation
point. Thus, more products can be sold which increases the revenue streams.
Finally, postponement strategies lead to increasing fixed production cost due to the
loss of economies of scales. This effect is weaker in case of negative correlations
because only some production activities are postponed. Moreover, logistics postponement strategies decrease fix cost for logistics activities in case of negative as
well as positive correlated demands because fewer inventories are used.
In summary, the computational results show that the implementation of postponement strategies with its procrastination of manufacturing steps and a centralized inventory management result for our investigated problem instances in considerably higher profits. We have seen that the range of cost changes are on the
highest level in case of negative demand correlations. These results strongly depend
on the chosen strategy of the production and distribution network, and even slightly
modified networks might result in abrupt changes in the cost structure. Hence, the
results show that different data sets may result in quite different solutions regarding
an optimal production and distribution network strategy which manifests the need
for applying optimization models to provide better decision support.
Impact of the willingness to take risk
Keeping the results of the investigations carried out so far in mind, in these investigations we assumed the evidence of a risk-neutral decision maker (i.e., only the
expected profit was maximized) which has led to less significant postponement effects under lower demand uncertainties. In this paragraph we investigate how the
decision maker’s willingness to take risk influences the application of postponement
strategies. Table 5 represents the optimal production and distribution strategies according to different levels of the willingness to take risk, different levels of uncertainty
as well as different demand correlations. Arrows in the table connote that there are
no changes in the network structure compared to the case that a risk-neutral decision
maker is assumed. Our results indicate that, generally, postponement strategies become more favorable if the decision maker is risk-averse. In the following we discuss
our observations in detail.
In case of deterministic demands, differences regarding the optimal strategy obviously cannot be identified between risk-neutral and risk-averse decision makers.
In contrast, in case of low and medium demand uncertainty, strategy changes are
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Table 5: Optimal production and distribution network strategy under varying uncertainty
and different levels of the willingness to take risk

Network
Type

Postponement
is allowed

%

+1

-1

Willingness
to take risk
risk-neutral

Degree of uncertainty
none

low

DK|n|nn DK|n|nn

medium

high

very high

D|n|K
K

n|DK|nn

n|DK|nn

risk-averse

↓

D|n|K
n

n|DK|nn

↓

↓

risk-neutral

DK|n|nn

DK|n|nn

K|D|nn

K|D|nn

K|D|nn

risk-averse

↓

D|n|K
K

↓

↓

↓

recommended. Our computational results manifest that risk-averse decision makers tend to postponement strategies because then uncertain demand can be better
anticipated which reduces the supply chain risks. This effect can be observed in
case of positive as well as negative demand correlations. In case of higher degrees
of uncertainty, changes are not recommended because full postponement is already
suggested.
In order to analyze the reasons for those strategy changes, we initially investigate
how different degrees of the decision makers willingness to take risk affect the supply chain’s profit. Therefore, in Figure 10 the profits of the supply chain are plotted
against different degrees of uncertainty and demand correlations. The bar charts
illustrate the optimal profits in case of a risk-neutral decision maker. The potential
differences of the optimal profits achieved by a risk-neutral decision maker and the
optimal profits achieved by a risk-averse decision maker are represented by whiskers.
For example, in case of positively correlated demands and very high demand uncertainty, the optimal strategy of a risk-averse decision maker results in a considerably
lower profit than the optimal strategy of a risk-neutral decision maker (i.e., 556,945
mu instead of 794,740 mu).
1
0.9
0.8

Profit [mio mu]

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
none

low

medium
high
very high
Degree of uncertainty
Postponement allowed(߷=+1)
Postponement allowed(߷=‐1)

Figure 10: Effects of varying levels of the willingness to
take risk on the profit
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In this investigation we have seen that in case of positive demand correlations even
postponement strategies do not avoid huge differences in profits between risk-neutral
and risk-averse decision makers. This effect can be explained due to the high overall
demand uncertainty, which leads to completely different scenario dependent profits
(i.e., scenarios with a low overall demand lead to low profits, while scenarios with
a high overall demand lead to high profits). In order to minimize the risk (i.e., to
assimilate the scenario profits), first the degree of postponement increases until full
postponement is applied. On the one hand, this leads to slightly lower profits due to
higher production cost, but on the other hand, scenario dependent profits become
more similar since the demand can be better anticipated. If a decision maker becomes more risk-averse, shortfall cost arises, which further decreases the profit.
In contrast, in case of negatively correlated demands, postponement strategies lead
to robust solutions independent of the decision maker’s willingness to take risk. This
results in a rather small interval of optimal profits and implies that a postponement
strategy leads to similar solutions for risk-neutral and risk-averse decision makers.
This is due to the fact that even though uncertainty exists per product and sales
region, however, the overall demand remains fairly constant over all scenarios. Therefore, we can infer that this kind of uncertainty can be well handled by postponement
strategies.
In order to improve the practitioners understandings of these effects, we analyze
the Pareto front (i.e., the non-dominated solutions) of an exemplary instance in detail. Therefore, we plot the profit against the willingness to take risk (see Figure 11).
If we assume a risk-neutral decision maker (i.e., the accepted CV aR is minimal),
the profit is maximized. Thereby, a form postponement strategy represents the optimal solution. Decreasing the level of the willingness to take risk leads to decreasing
profits until finally changing the production and distribution strategy to full postponement is recommended. In this case the full postponement strategy leads to more
similarity in the profits for the particular scenarios.

Pareto front and shortfall costs
25000

0.85

0.84
0.83
0.82
15000

0.81
0.8

10000

0.79

Profit [mio mu]

Shortfall costs [mu]

20000

0.78

5000

0.77
0
0.705

0.71

Shortfall costs

0.715

0.72
0.725
CVaR [mio mu]

0.73

0.735

0.74

0.76
0.745

Profit

Figure 11: Effects of varying levels of the willingness to take risk on the profit and the
shortfall cost
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Furthermore, the results manifest that a lower willingness to take risk avoids remaining quantities in scenarios with low customer demand and leads to shortfall
cost in scenarios with high customer demand. Generally, the findings imply that
postponement strategies can significantly diminish supply chain risks by accepting
slightly lower profits.
These results coincide with those from an analysis of the scenario dependent
profits which are presented in Figure 12. Each scenario dependent profit of the
exemplary instance is plotted against the level of the decision maker’s willingness
to take risk. The figure displays that the profits are similar for different scenarios
in case of risk-averse decision makers. Moreover, we have seen that scenario profits
become similar by either strategy changes (see Á) or increasing lost sales (see À
and Â) because both changes lead to higher profits in scenarios with low customer
demand.
Scenario profits for varying willingness to take risk
Profit ω=1

1

1

3

2

Profit ω=2
Profit ω=3

0.95

Profit ω=4

Profit [mio mu]

0.9

Profit ω=5
Profit ω=6

0.85

Profit ω=7
Profit ω=8

0.8

Profit ω=9
Profit ω=10

0.75

Profit ω=11
Profit ω=12

0.7

Profit ω=13
Profit ω=14

0.65
0.705

0.71

0.715

0.72

0.725

0.73

0.735

0.74

0.745

Profit ω=15

CVaR [mio mu]

Figure 12: Effects of varying levels of the willingness to take risk on the scenario dependent
profits

All in all, in this case study, our investigations show that postponement strategies
Page27
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should be particularly applied, if the decision maker is risk-averse. Stronger recommendations regarding an implementation of postponement strategies coincide with
slightly lower profits but also with decreasing risks of shortfalls and lost sales. Different preferences of the decision maker may result in quite different optimal solutions
regarding the network strategy which manifests the need for applying optimization
models to provide better decision support.
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Conclusions

In this paper we presented a stochastic programming approach which represents
a decision support tool for the identification of optimal supply chain strategies.
An important feature of this tool is that it incorporates decisions regarding the
implementation of different postponement strategies. We formulated a two-stage
stochastic mixed-integer program in order to quantify different (cost) trade-offs and
provide managerial decision support regarding process setup decisions, production
and inventory decisions as well as transportation decisions over a tactical planning
27

horizon. Furthermore, in the literature postponement often has been discussed as
a risk pooling strategy. However, quantitative approaches for decision support with
respect to the decision maker’s willingness to take risk was still missing in the field
of postponement. Therefore, we integrated a risk measure into the model to provide insight into the impacts of the decision maker’s willingness to take risk on the
optimal strategy. The generic model was evaluated based on a case study from the
apparel industry. Furthermore, a performance and quality benchmark was carried
out in order to identify appropriate solution techniques. We benchmarked a standard
MIP solver, a parallel Nested Benders (PNB) and a sample average approximation
(SAA) technique, and decided to select the solution technique based on the level of
detail in the representation of the uncertain parameters.
In an extensive sensitivity analysis we observed the impact of varying input parameters on the optimal production and distribution strategy and evaluated the benefits
of applying different concepts of postponement. The computational results manifest
that decision support is needed in order to identify a profitable production and distribution strategy, because different combinations of input parameters may result in
total different optimal network strategies.
The findings of our investigations reveal that in general applying postponement leads
to slightly reduced profits but significantly decreased supply chain risks. Finally, the
results contain useful information for potential applicants of our model and facilitate
the transfer into industrial practice.
Current limitations underline the requirement for further research regarding more
sophisticated models that contain aspects of, e.g., nonlinear cost structures, residual
values of products at the end of the planning horizon as well as alternative technologies for transportation. Generally, the accuracy of demand forecasts decreases
with increasing planning horizons which should be reflected in the scenario generation process and the structure of the model. Moreover, in related fields of research,
metaheuristics have been seen as well performing methods that lead to auspicious
computing times. Thus, those solution techniques might be applied to our investigated problem.
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