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a b s t r a c t
Timing the introduction of new products to the market is an important strategic decision in the automotive industry. For several reasons, it is also a complex decision problem. First, the use of platforms
creates many interactions between different vehicles via shared modules (e.g. engines). Second, new and
existing products rely on various shared resources (e.g. development resources or production capacities).
Furthermore, different conﬂicting objectives must be considered. In this paper, we develop a mathematical linear programming model describing the decision problem based on the resource-constrained project
scheduling problem. It simultaneously decides on the start of production date for vehicle models, variants, and engines as well as on the assignment of engines to the given variants. Integrating a multicriteria approach, the model helps to analyze trade-offs between important managerial objectives related
to resource utilization and ﬂeet emission metrics. Using realistic data from a major European automotive
company, we demonstrate that our model enables the eﬃcient evaluation of various courses of action.
Such capabilities are especially relevant in times of rapid technological change, such as the current transition towards electriﬁed vehicle portfolios.
© 2021 The Author(s). Published by Elsevier Ltd.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction
Since almost three decades, mass customization [1] is common
practice in many industries to eﬃciently serve customers with personalized products. The underlying challenge is to offer a wide
range of products while developing and producing them eﬃciently.
A well-established approach to address this challenge, particularly
in the automotive industry, is the use of modular, platform-based
products [2]. Modules are deﬁned as subsystems of products with
standardized interfaces such that they can be shared among various products [3]. Extending this idea, platforms can be described
as a set of subsystems and interfaces that allow to eﬃciently develop and produce a stream of derivative product variants [4].
As an illustration of modular product structures and corresponding life cycle decisions, we can for example look at the automotive industry. Here, manufacturers frequently offer various vehicle models (referred to as models in the remainder of this paper), such as sedans and station wagons. These models can share
R
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various characteristics, e.g. the wheelbase, but differ with respect
to other characteristics, e.g. the body style. When different models share characteristics as the wheelbase, they are considered part
of a product family. Table 1 shows examples of this structure for
some of the large European automotive manufacturers. Here, a
product family could be all E-class models by Mercedes or all 5
series models by BMW. A distinct model is then for instance the
Audi A6 Sedan.
In addition to the model distinction, customers can usually
choose from a variety of different engines, such as combustion engines, electrical engines, as well as hybrid engine combinations. In
order to reduce the development and testing effort, engines are
usually shared among various models. Models are used in a modular product structure. This means that for instance Mercedes’ EClass Sedan and their C-Class Estate could be sold with the same
engine. These combinations of models and engines are called variants (e.g. an Audi A6 Sedan diesel), and they are the basic structure
of product portfolios in this industry.
Managing such a modular product portfolio does however lead
to many product life cycle decisions, mainly related to (1) the timing of models, variants, and engines, and (2) the assignment of engines to models. Although platforms generally consist of multiple
modules, we focus in this paper on engines as the most relevant
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Fig. 1. Planning problem (decisions in blue, goals in orange for a colored ﬁgure, the reader is referred to the web version of this article).

Table 1
Illustrative example of product families and corresponding models.
Product Family

Model

Audi

BMW

Large

Sedan
Wagon
Sedan
Wagon

A6
A6
A4
A4

5
5
3
3

Medium

Sedan
Avant
Sedan
Avant

Series
Series
Series
Series

The ﬁrst goal (G1 in Fig. 1b) relates to a desired temporal distance between the SOPs of models within a product family. Certain models should ideally be scheduled within a minimum and a
maximum time span in order to be developed eﬃciently. For instance, when introducing a sedan and a station wagon for a midsize product family, the manufacturer usually focuses on one (lead)
model ﬁrst and then transfers a mature solution concept to the
other model (derivative). In this case, there should be a minimum
distance between lead model and derivative model to allow for the
maturation, which decreases the overall demand for development
resources. At the same time, there should be a maximum distance,
so that the technology of the derivative is still state of the art at
the market introduction.
The second goal (G2 in Fig. 1b) relates to a maximum number
of simultaneous SOPs of different models. The rationale behind this
restriction is that these SOPs bear considerable complexity and extra work for development and production. Hence, the number of
simultaneous SOPs should be limited to avoid peaks in resource
utilization [see also 5]. Together, goals G1 and G2 help the company to indirectly steer the utilization of development resources ut
and minimize exceedance of available resources ū. A smoother resource utilization proﬁle is known to reduce capital expenditures
on temporary equipment and avoids overloaded staff.
The third goal relates to the target sales quantity per period
(G3 in Fig. 1c). Automotive manufacturers are generally large companies listed at the stock exchange, which aim to meet speciﬁc
sales targets on a company level. These sales targets are, in part,
communicated to shareholders and the public, and are based on
knowledge from various domains such as past sales, the development of the market, the positioning of the company within the
market, etc. We try to minimize any negative deviation of the
planned portfolio sales qt from the sales target (hatched area below G3) which is a ﬁrst step towards a constant and reliable income of the company. The portfolio sales qt is the sum of the sales
curves from the individual variants, which usually follow typical
sales patterns [6]: After SOP, production is ﬁrst ramped up [7] until a maximum production rate is reached while towards the EOP,
customer demand for the product decreases. As will be explained
in more detail at the beginning of Section 3, these variant sales
curves can be understood as a function of SOP and EOP and are
the result of forecasts that are based on various factors, including
historical data and other domain knowledge.

Mercedes
Sedan
Touring
Sedan
Touring

E-Class
E-Class
C-Class
C-Class

Sedan
Estate
Sedan
Estate

module (while our approach could be extended to include multiple
modules). The resulting decision problem is illustrated in Fig. 1a.
Based on the technology roadmap, planned models and engines
have to be combined into variants. Generally, each model is offered
in multiple variants, i.e. a customer can order a model with one of
various engines. As the product life cycles of the models and engines is not always perfectly aligned, variants might also change to
newer engine generations at some point in the model’s life cycle.
The relevant timing decisions are the start of production (SOP)
and end of production (EOP) for each model, each variant, and each
engine. These decisions need to respect time windows resulting
from the general platform structures outlined in the technology
roadmap, e.g. the earliest availability due to technological evolution. In Fig. 1a, the SOPs and EOPs are depicted by triangles and
bars, respectively. The time span between SOP and EOP is typically several years and within this time span thousands of units
are manufactured. Between the SOP and EOP of models and variants, it has to be decided which engines to assign in which period
(the arcs in Fig. 1a). Here, the compatibility of engines and variants
as well as the engine availability needs to be respected. Besides,
each engine assignment leads to additional development and testing effort. Therefore, manufacturers are often not able to assign the
latest engine generation to all model variants. As a consequence,
engine generations might overlap and at any given time, a set of
possible engines with their own SOPs and EOPs are available for
assignment to variants.
Further complexity is introduced by the fact that timing and
assignment decisions have an impact on the utilization of various
shared company resources. There are different resources to consider, which often ends up pointing the timing and assignment decisions in different directions. In this paper, we consider ﬁve different performance indicators related to the planning of new product
introductions, each of them having a goal that relates to the eﬃcient use of one or more of the resources (illustrated in Fig. 1b–d).
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possible to link timing decisions with assignment decisions. To
analyze the interaction of the presented goals, our model builds
on a combination of two established multi-criteria modeling approaches. The resulting insights support practitioners in assessing
key trade-offs in their strategic planning process and hence enable
strategic planning to provide the potentials for subsequent tactical
and operational planning.
The remainder of this paper is organized as follows: In
Section 2, a brief review of methods to solve the RLP is presented. In Section 3, we develop our modeling approach and describe our multi-criteria solution approach in more detail. Based on
our numerical study in Section 4, we present managerial insights
in Section 5. Finally, we discuss this paper and future research opportunities in Section 6.
2. Literature review

Fig. 2. The allowed emission according EU-legislation (Data source: European Parliament [8]).

Three streams of literature are relevant for our research: 1)
product portfolio planning, 2) sales and operations planning, and
3) resource leveling and scheduling.

The general idea of the fourth goal (G4 in Fig. 1c) is the eﬃcient utilization of production capacities by avoiding overload. As
illustrated by the hatched area above G4, any exceedance of the
production capacity is to be reduced for each plant in each period.
The last goal (G5 in Fig. 1d) is considering CO2 limits, as e.g.
imposed by the European Parliament [8]. While many recent publications have studied carbon emissions of the supply chain [e.g. 9],
G5 speciﬁcally focuses on the product use phase, which in many
industries is responsible the majority of all life cycle emissions. In
the European Union, automotive manufacturers have to ensure that
the sales-weighted average of CO2 emission et is below a timedependent limit, which is currently given as an average of 130 g
CO2 per km based on an average model weight of 1,372 kg. Every
additional kg of model weight allows for an additional emission
of 0.0457 g CO2 , as illustrated in Fig. 2. Both average CO2 emission and average model weight are deﬁned as sales-weighted average per year. Thus, if a company is selling more heavier models
in a speciﬁc year, the average model weight in that year goes up
and the limit allows for a higher average emission. In consequence,
this goal is inﬂuenced by both the average emission and the average weight of the product portfolio in any year. To provide an
incentive structure for the automotive sector to move to more environmentally friendly technology, the European Union will lower
the allowed CO2 from 130 to 95 g per km in 2020.
The above-mentioned 5 goals are clearly inﬂuenced by the timing and assignment decisions made in the strategic planning of
new product introductions. Despite the complex interactions between decisions and goals, automotive manufacturers address this
strategic planning problem manually and iteratively in a planning
process that spans across multiple departments and takes a long
time to ﬁnalize. In consequence, it can neither be guaranteed that
the company identiﬁes good trade-offs between the different goals
nor that planning mistakes are detected before the strategic decisions are locked in and more detailed planning starts. Especially in
times of rapid technological change, manufacturers need to be able
to eﬃciently explore various courses of action. To appropriately address these questions, a sound methodological basis is required for
the strategic planning of model introductions.
In this paper, we therefore develop a multi-criteria optimization
model for platform-based product introduction. The key planning
problem, i.e. the timing of models, engines, and variants, as well
as the engine assignment, resembles a project scheduling problem
with additional resource considerations. Our modeling approach,
which can be referred to as integrated life cycle and variant planning, is therefore based on the resource leveling problem (RLP).
We will show that by the use of multi-mode formulations, it is

2.1. Product portfolio planning
Companies usually aim for a product portfolio that attracts
many customers while production costs are minimal. The corresponding planning problem is also referred to as product portfolio
planning [10].
From a marketing perspective, this typically relates to extending
the product line in such a way that additional consumer surplus is
captured. Even though product line extensions potentially cannibalize the sales of existing products, the forecasted sales increase
can lead to improved proﬁtability. Wilson and Norton [11] for instance show in which cases such an introduction is interesting at
all, and if it is, how this is affected by price differences and consumer purchasing behavior. The literature also provides guidance
on how sales develop over the lifetime of product generations [e.g.
12,13].
From a production perspective, the question is rather how to
develop and produce a variety of products eﬃciently [14]. For this,
the use of standardized product platforms [4] is common in the
automotive industry, frequently subdividing the product portfolio
in several product families [1,15,16].
When linking these two perspectives, launch timings are predominantly taken as a given and the focus of previous research is
on the reduction of production cost [17,18]. Only few publications
address the question of product platform renewal [e.g. 19–21]. Our
work aims to build on forecasted sales quantities and to determine
optimal introduction times of products and modules considering
multiple conﬂicting objectives.
2.2. Sales & operations planning
As outlined by Thomé et al. [22], sales and operations planning (S&OP) fulﬁlls two purposes: First, it aims to balance supply
and demand. Second, it helps to integrate cross-functional plans by
supporting the coordination of various decision makers to better
reach business targets [23]. Thereby, S&OP is studied for various
planning levels reaching from the general determination of production capacities [e.g. 24] to more tactical ramp-up planning [e.g.
5,7].
Although timing decisions are at the intersection of Product
Portfolio Planning and S&OP, research on the interface of both
streams is lacking. In this paper, we integrate cross-functional
plans via the consideration of conﬂicting, functional-dependent objectives as generally done in S&OP. Moreover, we develop a model
that comprises both timing and assignment decisions and hence
3
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allows to study cross-functional trade-offs, especially regarding the
CO2 emission.

casted sales curves and the engine emission characteristics.

Min dis





=

+
cdis− · i,disj − + cdis+ · dis
i, j



(1)

(i, j )∈Id

2.3. Resource leveling and scheduling

Min sim

To model our problem, we build on the literature on the resource leveling problem (RLP). The RLP is closely related to the
resource-constrained project scheduling problem (RCPSP). While
the RCPSP minimizes the makespan under the assumption of
scarce resources, the aim of the RLP is to use given resources eﬃciently within a ﬁnite time horizon [25]. According to Gather et al.
[26], this is done by scheduling activities in such a way, that resources are used evenly.
Rieck and Zimmermann [27] differentiate three different types
of resource leveling. First, the classical resource leveling minimizes
peaks in the resource utilization expressed as a quadratic function. Second, the overload problem penalizes exceedance of a given
threshold. Finally, the adjustment cost problem minimizes ﬂuctuations of the resource usage. The goals deﬁned in our problem are
closest to the overload problem.
For both RLP and RCPSP, resource constraints as well as minimum and maximum time lags between activities [28] can be considered. With respect to resource demand, multi-mode [29] and
time-varying formulations [30] have been studied before. However,
to the best of our knowledge, variations in resource demand have
only been studied with respect to start times and not for the combination of start and ﬁnish as needed in our case. Only few exact
solution approaches have been proposed to solve the RLP [31]. As
shown by Rieck et al. [32], considerable performance gains are possible by linearizing resource demand with auxiliary variables for
which the domains are determined in preprocessing.



=

+
csim+ · sim
l,t



(2)

l∈Ol t∈T

Min sal



=

csal− · tsal−



(3)

t∈T

Min ove



=



ove+
cove+ · t,p



(4)

t∈T p∈O p

Min co2



=

cco2+ · co2+
a



(5)

a∈T a

The ﬁrst sets of constraints describe the start and end of production (SOP and EOP). Using step variables, this formulation leads
to strong LP relaxations and therefore to a favorable computational
performance [34]. The start variable xsi,t equals 1, if activity i starts
at the beginning of period t or before. Consequently, start variables
are monotonically increasing in time (6). Combined with a similar
formulation of ﬁnish variables (8), this allows for checking on the
status of activity i as summarized in Table 3. Also, this formulation
allows to ﬁx certain variables in preprocessing, e.g. due to time
windows, and hence reduce the size of the model. All activities
have exactly one start time, hence at the latest possible start s̄i ,
the start variable has to be equal to 1 (7). The same holds true for
ﬁnish variables (9). Both start and ﬁnish time windows are calculated by preprocessing. In case there is an overlap of time windows
for start and ﬁnish, an activity must not ﬁnish before its start (10).
This constraint can also be adapted to model a minimum processing time for activity i, i.e. a minimum life cycle length.

3. Modeling and solution approach



3.1. Modeling approach
We consider models, variants, and engines as activities for
which we decide about start and end of production (SOP and EOP).
As both start and ﬁnish have to be determined, each activity is
modelled with two different nodes in an activity-on-the-node network, which are connected by an arc from the start to the ﬁnish
node [33]. Start as well as ﬁnish times are at the beginning of a
period. To model the assignment of an engine to a variant, we use
a multi-mode concept [29], in which exactly one engine from a set
of compatible engines needs to be assigned at a time. Our objective is to minimize goal deviations. The notation we use is given in
Table 2.
As discussed in Section 1 and illustrated in Fig. 1, ﬁve goals
are considered, which are translated into individual objective functions (1) - (5). Deviations from the target distance of derivatives
are minimized by (1). With (2), we minimize the number of simultaneous model starts per product line and period that exceed a
given threshold. While (3) minimizes any negative deviations from
target sales, objective (4) minimizes overtime of plants. Finally, exceedance of the CO2 cap limit is minimized in (5). Although the
cost coeﬃcients in the objectives might depend on the indices of
the corresponding deltas, this information is usually not available
for companies. To simplify the formulation of the objectives, we
assume constant cost coeﬃcients. In case information is available
to make the cost coeﬃcients dependent on the indices of the corresponding deltas, it could be straightforwardly considered in the
model. Note that the objective functions are connected to the decision variables in different ways. While model SOPs clearly inﬂuence the ﬁrst two objectives, variant and engine SOPs as well as
engine assignments inﬂuence the objectives through e.g. the fore-



∀i ∈ I, t ∈ Ti p

xsi,t − xsi,t−1 ≥ 0

∀i ∈ I, t = s̄i

xsi,t ≥ 1





∀i ∈ I, t = f¯i

f
xi,t
≥1



(7)

∀i ∈ I, t ∈ Ti p

f
f
xi,t
− xi,t−1
≥0



(8)

(9)

∀i ∈ I, t ∈ T | f i ≤ t ≤ s̄i

f
xsi,t − xi,t
≥0

(6)

(10)

The next set of constraints deals with the ramp-up of variants.
If a model is to be produced, it has to be offered in at least one
variant (11). Variants can only be produced if the corresponding
model is produced, i.e. between model start (12) and ﬁnish (13).
If a variant is to be produced, exactly one engine needs to be assigned to it (14). However, an engine can only be assigned if it is
being produced (15).





xsv,t − xvf ,t −





f
xsr,t − xr,t
≤0

∀v ∈ Iv , t ∈ Tvp

(11)

r∈Ivr

xsr,t − xsv,t ≤ 0

∀v ∈ Iv , r ∈ Ivr , t ∈ Tvs

(12)

f
xr,t
− xvf ,t ≥ 0

∀r ∈ Iv , r ∈ Ivr , t ∈ Tvf

(13)


e∈Ire

4







f
f
s
ze,r,t
− ze,r,t
− xsr,t − xr,t
=0

∀r ∈ Ir , t ∈ Trp

(14)
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Table 2
Notation.
Type

Notation

Description

Sets

I
e
Ie / Ir,t
Ir / Irp / Ivr / Itr
Iv / Ilv
Id
Ig
O
Ol
Op
T
Ta
Tis
Ti f
Ti p
di / d¯i
t
di, j / d¯i,t j
f / f¯i

activities i ∈ I
engines e ∈ Ie , ⊂ I / Ie assignable to variant r ∈ Ir in t ∈ T , ⊂ Ie
variants r ∈ Ir , ⊂ I / Ir at to be produced at p ∈ O p / Ir of model v ∈ Iv , ⊂ Ir / Ir potentially produced in t ∈ T , ⊂ Ir
models, ⊂ I / Iv of product line l ∈ L, ⊂ Iv
derivative pair (i, j ) ∈ Id with i, j ∈ Iv and j being a derivative of i
generation pair (i, j ) ∈ Ig with i, j ∈ Iv and j being the subsequent generation of i
all organizational units, o ∈ O
product lines l ∈ Ol , ⊂ O
plants p ∈ O p , ⊂ O
planning horizon t ∈ T
calendar years within the planning horizon a ∈ T a , ⊂ T
valid start periods Tis = {si , . . . , s̄i }, for project i ∈ I, ⊂ T
valid ﬁnish periods Ti f = { f i , . . . , f¯i }, for project i ∈ I, ⊂ T
valid processing period Ti p = {si , . . . , f¯i }, for project i ∈ I, ⊂ T
minimum / maximum duration of models i ∈ Iv and engines i ∈ Ie
minimum / maximum target for time lag between model starts (i, j ) ∈ Id

Parameters

earliest / latest ﬁnish of i ∈ I
maximum number of simultaneous model starts per period in product line l ∈ Ol
maximum number of variant starts in τ = {0, . . . , tvr } periods after start of v ∈ Iv
cost of CO2 cap exceedance
cost of negative / positive deviation from target time lag
cost of positive deviation from target limit of simultaneous model starts
cost of negative deviation from target sales
cost of overtime
time span after start of model v ∈ Iv , in which the number of corresponding variant starts is restricted
minimal emission of r ∈ Ir in t ∈ T / maximal allowed emission of r ∈ Ir in t ∈ T / additional emission of r ∈ Ir , if e ∈ Ire is used in t ∈ T
minimum desired sales in t ∈ T
maximum capacity in t ∈ T at p ∈ P
preprocessed, forecasted sales of r ∈ Ir in t ∈ T for start s ∈ Trs and ﬁnish f ∈ Trf
earliest / latest start of i ∈ I
sales of r ∈ Ir in t ∈ T
sales of r ∈ Ir in t ∈ T with engine e ∈ Ie
= 1 if production of i ∈ I starts in t ∈ Ti p or before, 0 otherwise

i

Variables

n̄vl
n̄rv,τ
ctco2+
cdis− / cdis+
csim+
csal−
cove+
tvr
er,t / ēr,t / e+
e,r,t
qt
q̄t,p
p
qr,t,s,
f
si / s̄i
qr,t
qer,e,t
xsi,t
f
xi,t
p
xr,t
,t 
s
ze,r,t
f
ze,r,t

= 1 if production of i ∈ I ﬁnishes in t ∈ Ti p or before, 0 otherwise
= 1 if production of r ∈ Ir starts in t ∈ Trp and ﬁnishes in t  ∈ Ti p , 0 otherwise
p
= 1 if assignment of e ∈ Ire to r ∈ Ir starts in t ∈ Te,r
or before, 0 otherwise
p
or before, 0 otherwise
= 1 if assignment of e ∈ Ire to r ∈ Ir ﬁnishes in t ∈ Te,r
negative or positive deviation from desired time lag for (i, j ) ∈ Id
deviation from a desired limit of simultaneous model starts for l ∈ Ol in t ∈ T
negative deviation from target sales in t ∈ T
overtime at p ∈ O p in t ∈ T
exceedance of allowed emission in a ∈ T a

−
+
/dis
dis
i, j
i, j
+
sim
l,t
tsal−
ove+
t,p
co2+
a

Table 3
Activity status as a function of the variables.
Status

Expression

Activity i has not yet started in period t

xsi,t

Activity i starts in period t

xsi,t −
xsi,t −
f
−
xi,t
f
xi,t−1

Activity i is processed in period t
Activity i ﬁnishes in period t
Activity i has been ﬁnished before period t

xsi,t−1
f
xi,t
f
xi,t−1

=

!

0

=

!

1

=

!

1

=

!

1

!

1

=

viation from the target limit of simultaneous model starts per period and product line. Constraint (22) ensures a gradual variant
ramp-up. If model v ∈ Iv starts in period t ∈ Tvs , we restrict the
number of variant starts for periods τ ∈ [0, tvr ].

∀(i, j ) ∈ Ig , t ∈ Ti f

f
xi,t
− xsj,t = 0





 

t · xsj,t − xsj,t−1 −

t∈T js



(16)



+
t · xsi,t − xsi,t−1 − dis
≤ d¯i,t j
i, j

∀(i, j ) ∈ Id

t∈Tis

(17)









f
f
s
ze,r,t
− ze,r,t
− xse,t − xe,t
≤0


e
∀r ∈ Ir , t ∈ Trp , e ∈ Ir,t

(15)



 

t · xsj,t − xsj,t−1 −

t∈T js

In the following, we present various constraints that further restrict start and ﬁnish times. For two successive generations of a
model, a time lag of 0 holds, i.e. the ﬁnish of the previous generation equals the start of the next generation (16). Since our pref
processing ensures Ti = T js for all (i, j ) ∈ Ig , we can simply formulate multiple constraints that enforce equality of start and ﬁnish
variable for each period. Next, constraints (17) and (18) measure
the deviation from the target distance between lead model and
derivative. The length of model and engine lifecycles is restricted
in (19) and (20), i.e. we enforce a speciﬁc time span between start
and ﬁnish of corresponding activities. In (21), we measure the de-





t · xsi,t − xsi,t−1 + i,disj − ≥ di, j
t

∀(i, j ) ∈ Id

t∈Tis

(18)

t∈Ti





f
f
t · xi,t
− xi,t−1
−





f
f
t · xi,t
− xi,t−1
−


l

5







t · xsi,t − xsi,t−1 ≥ di

∀i ∈ {Iv ∪ Ie } (19)



t · xsi,t − xsi,t−1 ≤ d¯i

∀i ∈ {Iv ∪ Ie } (20)

t∈Tis

t∈Ti f

v∈I v



t∈Tis

f







+
xsi,t − xsi,t−1 − sim
≤ n̄vl
l,t

∀l ∈ Ol , t ∈ T

(21)
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demand is the sales-weighted average of the portfolio emission
while resource availability depends on the sales-weighted average of the portfolio weight. Generally this leads to a non-linear
resource overload constraint as stated in (30). However, in preprocessing it is already possible to compute the allowed emission of each individual variant as well as the emission resulting
from each engine assignment. Following a standard linearization
approach [e.g. 35], constraints (31)–(33) map the sales quantity of
a variant in a period qr,t to the engine assigned in this period. Consequently, only the assigned engine has qee,r,t > 0 and we can calculate the aggregated deviation from the emission target. To reduce
the number of big-M constraints in our model, this linearization is
only done for those engine assignments that lead to higher emissions than er,t . In consequence, constraint (34) calculates the actual
emission of all variants as combination of the minimum emission
per variant plus the additional emission of non-optimal engines.

s

f
2+
− ze,r,t
− co
≤ 0 ∀a ∈ T a
(30)
(ee,r − er,t ) · qr,t · ze,r,t
a

Fig. 3. Illustration of two different sales forecasts depending on SOP and EOP.







xsr,t+τ − xsr,t+τ −1 − M · 1 − xsv,t + xsv,t−1



r∈Ivr

∀v ∈ Iv , t ∈ Tvs , τ ∈ [0, tvr ]

≤ n̄rv,τ

(22)

Next, we describe sales qr,t as a function of SOP and EOP, i.e.
qr,t is determined from a preprocessed, forecasted sales parameters
p
p
qr,t,s, f . Neglecting cannibalization and uncertainty, qr,t,s, f is the re-

e
t∈T a r∈Itr e∈Ir,t

sult of forecasting in the company and based on the knowledge of
various domains [see e.g. 13]. As illustrated in Fig. 3, there is one
forecasted sales curve for every valid combination of start s and
p
ﬁnish f , captured in the parameter values for qr,t,s, f . Depending



on the chosen SOP and EOP for variant r, (27) assigns the corresponding vector of forecasted sales to qr,t . For this we make use
p
of the binary variable xr,t ,t  which equals 1, if variant r is planned

as (25), which forces

t  . While the combination of constraints (23)–(25) is suﬃcient to
p
ensure a correct value of xr,t ,t  , constraint (26) is included to improve performance. As a result of these constraints, qr,t is fully deﬁned by summing up over all possible combinations of start and
ﬁnish multiplied with the preprocessed, forecasted sales quantity
p
qr,t,s, f (27). Summing up over all variants that are potentially pro-







p
f
f
xr,t
− xr,t
 − xr,t  −1 ≤ 0
,t 









∀r ∈ Ir , t ∈ Trs , t  ∈ Trf

(23)

∀r ∈ Ir , t ∈ Trs , t  ∈ Trf

(24)

f
f
p
xsr,t − xsr,t−1 + xr,t
 − xr,t  −1 − xr,t ,t  ≤ 1

t∈Trs

t  ∈Tr

qr,t −

(26)

f

 
t  ∈Trs t  ∈T f





p
p
qr,t
· xr,t
 ,t  = 0
,t  ,t 

∀r ∈ Ir , t ∈ Trp

(27)

r



qr,t + tsal− ≥ qt

∀t ∈ T

(28)

r∈Ir



ove+
qr,t − t,p
≤ q̄t,p

∀t ∈ T , p ∈ O p

   





e
co2+
er,t − er,t · qr,t + e+
≤ 0 ∀a ∈ T a
e,r,t · qe,r,t − a

(33)

(34)

Our model can be embedded in a rolling horizon. We differentiate the planning horizon in three different parts as illustrated in
Fig. 4. First, we use a frozen horizon that contains models which
had their SOP in the past or will have it in the very near future
(typically less than ﬁve years). Even if models have their SOP in the
frozen horizon, their EOP might still be an open decision. Second,
we have a detailed planning part in which models, engines, and
variants are scheduled. Third, we have an initial planning part, in
which model introductions are scheduled, but engines and variants
are not considered yet. Applying this model in a rolling horizon
leads to regular updates of both input data and decisions. Modiﬁcations in the input data could for instance relate to updates in the
forecasted sales as well as changes of the portfolio or the product
plant allocation.
In general, our model can be considered as a goal programming
approach, where deviations from desired target levels are minimized. In order to focus on the goal deviations, constant cost coeﬃcients of one unit are assumed for all objectives. Thereby, we
are only interested in pareto-optimal, i.e. non-dominated solutions.
These solutions are identiﬁed via lexicographic ordering and the  constraint method, two well established multi-criteria optimization
methods as reviewed by Ehrgott [36].
When exploring the solution space, we differentiate between
externally given goals and managerial goals. As the CO2 cap limit is
given externally and cannot be inﬂuenced, it has a higher priority
than the remaining managerial goals dis , sim , sal , and ove . In
consequence, we use lexicographic ordering to ﬁrst minimize the
CO2 cap exceedance and restrict the solution space to the minimal CO2 cap exceedance, before exploring trade-offs between the
remaining goals. Note that we are still able to investigate the impact of the CO2 cap by executing the subsequent steps twice, with

∀r ∈ Ir , t ∈ Trs , t  ∈ Trf

∀r ∈ I r

p
xr,t
=1
,t 

e
∀r ∈ Ir , t ∈ Trp , e ∈ Ir,t

(32)

3.2. Solution approach

(25)




f
s
qr,t − qee,r,t + M · ze,r,t
− ze,r,t
≤M

(31)

e
t∈T a r∈Itr e∈Ir,t

duced in each period t, we can calculate the deviation from a desired target sales (28) as well as overtime at plants (29). Both parameters qt and q̄ p,t typically are increasing in t.



e
∀r ∈ Ir , t ∈ Trp , e ∈ Ir,t



= 1 for the correct combination of t and

p
xr,t
− xsr,t − xsr,t−1 ≤ 0
,t 

e
∀r ∈ Ir , t ∈ Trp , e ∈ Ir,t

−qr,t + qee,r,t ≤ 0

to have SOP t and EOP t  . This is ensured by (23) and (24), which
p
only allow xr,t ,t  > 0 for a start or ﬁnish in t respectively t  as well
p
xr,t ,t 



f
s
qer,e,t − M · ze,r,t
− ze,r,t
≤0

(29)

r∈Irp

Finally, in the last set of constraints, we measure the CO2 cap
exceedance as presented in the introduction, i.e. neglecting phasein effects. The “allowed CO2 emission” can be modelled as a resource overload constraint for which neither the demand nor the
availability is ﬁxed in advance. Following EU legislation, resource
6
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Fig. 4. The current project schedule is to be extended in a rolling horizon scheme.

Table 4
Data sets for the computational study (including baseline data set D2).

and without restricting the feasible region to the minimal CO2 cap
exceedance.
To eﬃciently explore trade-offs between the four remaining
goals, we ﬁrst determine the feasible region that may actually entail trade-offs. For this we determine all extreme solutions by solving all permutations of the lexicographically ranked goals.
In the model presented in the previous section, managerial
goals are not restricted via additional hard constraints. Depending
on the problem instance, it may however be necessary to restrict
the time lag between derivatives or the resource consumption per
period. Adding such constraints is straightforward and may be part
of what-if analyses.

Data

Planning Horizon

Variants

Max size Tis

Max size Ti f

D1
D2
D3
D4
D5
D6

2015–2018
2015-2021
2015–2018
2015–2021
2015–2021
2015–2021

377
453
388
471
337
111

7
7
13
13
7
7

27
28
33
33
28
25

While we were able to use real-world data for the portfolio
structure as well as corresponding forecasted sales data, we had
to simplify the data for CO2 emission of engines assigned to variants due to two reasons. First, CO2 emissions also depend on other
factors than only on the engine assignment. Second, our model
allows to assign engines to variants that have never been developed and sold in that combination before. Hence, the company is
not able to provide data for all potential engine-variant combinations. However, we are able to use realistic data for our emissions.
Instead of simply using average data, we created a linear regression model from real-world data. Our regression model is build on
more than 120 observations and has an R2 of 88%. In a stepwise
linear regression approach, we deﬁned the following variables for
our regression model: variant weight, engine size, fuel type, chassis type, sport’s edition, and year of the last update. Assuming that
the company always assigned the latest engines, the year of last
update serves as a proxy for the yearly eﬃciency improvement, i.e.
reduced emission due to technological progress.
In general, our goals are deﬁned as described by the objective
functions and corresponding constraints in the previous section.
Goal deviations on the model level, i.e. dis and sim , are measured for the entire planning horizon excluding the frozen horizon.
In contrast, goal deviations on the variant level, i.e. sal , ove and
co2 , are only measured for the detailed planning horizon. Furthermore we measure entire calendar years, i.e. if the frozen horizon
or the detailed planning horizon ends in the middle of a calendar
year, we still measure the entire year.

4. Numerical study
In the following, we ﬁrst characterize the baseline data set including the deﬁnition of the goals. Starting from this baseline data
set, we report the results of a computational study in which we
analyze the performance of our model for both the baseline data
set and variations of this data set.
4.1. Test instance
For our case study, a data set has been created in cooperation
with a major European automotive company. As a detailed planning horizon, we consider the years from 2015 until 2021, i.e. the
frozen horizon ends in 2015 and variants need to be planned until
2021.
The portfolio considered consists of almost 150 models and 150
engines, from which 500 variants have to be created. Please note,
the exact numbers of models and engines are not necessarily identical. Not every engine can be used in every model, but variants
can be build with multiple engines. As one of our aims is to analyze the inﬂuence of the cap limit on CO2 emission imposed by the
European Union, we decided to only consider forecasted sales data
for the European Market, which we received from our case company. This data covers the years 2015–2021 and was provided in
2015. Due to reasons of conﬁdentiality, the portfolio structure used
in this test instance is only based on products that are publicly
known until 2018. Hence, our data set does not contain any information about how the portfolio will change afterwards. In consequence, we neither removed current products nor added new
products. Instead, a next generation product has been deﬁned for
each product available on the market until 2018, to ensure that the
dataset has future product introductions to plan. For each model,
engine, and variant we deﬁned realistic time windows as described
in the previous section.
Since we only consider forecasted sales data for the European
market while plants are shared for world-wide demand, we adjusted plant capacities to the European share of the demand accordingly.

4.2. Computational study
To study the computational performance of our model, we solve
the baseline data set and several variations as summarized in
Table 4 (in which the baseline data set is D2). The variations include different sizes of time windows, different lengths of the
planning horizon, and number of variants. Due to the inherent
logic of our planning problem, it is not possible to fully isolate
these variations. For instance, the number of variants to be considered is indirectly inﬂuenced by both the size of the time windows
and the length of the planning horizon. Hence, instead of trying to
isolate individual modiﬁcations, we ensured that the general structure of our data set is maintained.
7

C.V. Bersch, R. Akkerman and R. Kolisch

Omega 105 (2021) 102515
Table 5
Impact of the number of goals on the computation time.
Data set

Minimal co2

D1

yes
no
yes
no
yes
no
yes
no
yes
no
yes
no

D2
D3
D4
D5
D6

Avg (and SD) Computation Time [s]
1 Goal

2 Goals

3 Goals

4 Goals

8 (5)
2 (1)
66 (46)
28 (37)
10 (3)
4 (2)
75 (26)
47 (77)
48 (28)
3 (11)
5 (1)
1 (1)

195 (482)
81 (187)
98 (54)
351 (962)
24 (17)
14 (11)
102 (33)
553 (1,079)
55 (33)
41 (76)
5 (1)
4 (8)

1,016 (1,496)
812 (1,292)
250 (385)
921 (1,414)
598 (1,073)
258 (725)
162 (66)
1,109 (1,385)
88 (51)
602 (1,073)
8 (5)
4 (3)

2,355 (1,626)
1,830 (1,692)
299 (299)
1,072 (1,429)
3,114 (946)
2,545 (1,555)
253 (174)
2,297 (1,543)
47 (28)
805 (1,366)
8 (6)
6 (6)

Table 6
Impact of the number of goals on the optimality gap.
Data set

Minimal co2

D1

yes
no
yes
no
yes
no
yes
no
yes
no
yes
no

D2
D3
D4
D5
D6

Avg (and SD) Optimality Gap [%]
1 Goal

2 Goals

3 Goals

4 Goals

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

1.7
0.8
0.0
0.6
0.1
0.1
0.0
3.7
0.0
0.8
0.0
0.0

9.1 (15.7)
5.63 (10.7)
0.0 (0.0)
1.6 (3.5)
20.1 (26.4)
3.4 (4.7)
0.0 (0.0)
14.3 (23.7)
0.0 (0.0)
0.9 (3.3)
0.0 (0.0)
0.0 (0.0)

(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)

(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.0)
(0.1)
(0.0)
(0.0)
(0.0)
(0.0)

(5.4)
(4.0)
(0.0)
(2.0)
(0.5)
(0.3)
(0.0)
(11.8)
(0.0)
(3.3)
(0.0)
(0.0)

Fig. 5. Lexicographic trade-off between two goals (cell label = absolute, cell color
= relative).

of the optimality gap (Table 6) correlates with the length the computation time, i.e., instance goal combinations with a large optimality gap tend to require long computation times and vice versa.

Table 7
The impact of the number of goals on the model size.
# Goals

∅ Rows [%]

∅ Columns [%]

∅ Non-Zeros [%]

1
2
3
4

100
127
130
132

100
127
130
133

100
162
205
251

5. Managerial insights
5.1. Minimal goal deviations and goal trade-offs
To begin with, we analyze minimum goal deviations for all
goals individually. While we are able to obtain solutions without any goal deviation for sim and only a minor deviation of
ove = 5k units, we are not able to reach the target level for
dis = 384 months, sal = 238k units, and co2 = 26 tons. The
implications of co2 and necessary changes to achieve the required
target level for the CO2 cap limit are discussed in the next subsection. For illustrative purposes, the remainder of this subsection, is
focused on the interaction between managerial decisions, without
considering CO2 .
Even though we ﬁnd a solution with sim = 0, i.e. a schedule
without any parallel model SOPs, the corresponding goal is still
challenging for the company. Once other goals are being considered and we are searching for pareto-optimal solutions, there is
typically a trade-off between corresponding goals. Fig. 5 illustrates
the impact of each managerial goal on each other goal. More precisely, this matrix is to be interpreted as “row impacts column”.
For instance, if we ﬁrst minimize dis (row), then sim (column)
increases by 9 simultaneous SOPs which translates into a relative
increase ≥ 100% and is colored accordingly.
After lexicographically optimizing all permutations of goal sequences, we obtain the extreme points of the pareto-optimal solutions (Fig. 6a). The interpretation of this parallel coordinates
chart [37] is as follows: There is one axis per goal and one curve
per pareto-optimal solution. The intersection of a solution curve
and an axis represents the goal deviation of this solution with re-

Tables 5 and 6 give the results of the determination of extreme
points as described in Section 3.2. In each table, the second column shows, if the CO2 cap is considered or not. Columns 3 - 6
report the computations times (in Table 5) and the optimality gap
(in Table 6), if one to four managerial goals are considered. For our
numerical analysis, all models are solved with Gurobi 8.0 with a
time limit of 3,600 s and Gurobi’s default optimality gap of 0.01%.
The more managerial goals are considered as either objective or
constraint, the higher the average computation time is (Table 5).
The average model size also increases with the number of goals
as summarized in Table 7. If the CO2 cap exceedance is minimized for an instance including the years 2020 and 2021 for detailed planning, the computation time is lower than for instances
in which emission is not considered. This is because for considering the CO2 cap ﬁrst, the model minimizes sales of those variants
that would otherwise lead to a CO2 cap exceedance and thereby
reduces the solution space considerably. Finally, our results show
that the computation is relatively robust against the length of the
planning horizon, but strongly affected by time window size and
the number of variants.
While most models can be solved to optimality, there are ﬁve
model executions with a high relative optimality gap > 30%. In four
of these ﬁve executions, the objective was to minimize sim as a
fourth goal leading to absolute deviations ≤ 6. Generally, the size
8
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Fig. 6. Trade-offs need to be addressed in the interest of the overall company.

Fig. 7. Impact of emission on the pareto surface (cell label = absolute, cell color = relative).

spect to the goal given on the axis. In general, we observe a wide
range of optimal values for the individual goals. While less obvious
for dis and sim , there is a clear trade-off between sal and ove .
To study the impact of dis and sim in more detail, the  constraint method is applied. For illustrative purposes, the interaction between dis , sim and sal is presented in Fig. 6b. If sim = 0,
we can observe that a change in dis from 528 to 576 months (+9
%) leads to a reduction in sal from 535k to 409k units (-24%). Although still observable, this effect is much weaker for higher values of sim . Furthermore, it can be seen that sal generally decreases with increasing dis or sim .

from 2020 onward, as the current yearly eﬃciency improvement is
not suﬃcient to compensate for the reduction of the CO2 cap in
2020. Without further improvements of the eﬃciency, high penalties will occur from 2020 onward. Even if sales is reduced, such a
penalty can amount to more than 1 billion for the baseline data
set.
As our case company is obviously not able to fulﬁll its goals
with the current trend in eﬃciency improvement per year, additional measures have to be developed in order to comply with the
reduced cap limit from 2020 onwards. In general, various courses
of action can be evaluated with our model. First, the company
can determine the required yearly eﬃciency improvement rate, i.e.
how much the CO2 emission of the model portfolio has to be reduced each year. Based on our regression model, the current improvement rate is about 1 gram per year. Iteratively increasing
the yearly eﬃciency improvement, it turns out that a total of 7
gram per year is required to compensate for the reduced cap limit
(see dotted line in Fig. 8). Starting from an average emission of
130 g/km, this increased eﬃciency improvement translates into a
yearly CO2 reduction of about 5 %. Second, the company can analyze the impact of technical changes on those models that are sold
in a particular high quantity or have a particular high emission.
Third, the company can reduce the emission of its model portfolio by offering hybrid or fully electrical models. Within the scope
of this paper, it is not possible to fully evaluate and compare these
courses of action since other types of emission, (e.g. NOx ), ﬁnancial
aspects as well as cannibalization among different products would
have to be taken into account. However, in the following we dis-

5.2. Impact of the CO2 limit
Without considering any other goal, the minimal exceedance of
the CO2 cap is 26 tons, whereby deviations only occur in 2020 and
2021. If the CO2 cap exceedance is restricted to the minimal value
of 26 tons before exploring managerial trade-offs, the changes to
the pareto-optimal solutions are illustrated in Fig. 7. For instance,
while dis and sim had no impact on ove in Fig. 7a, ove is
strongly inﬂuenced by all goals in Fig. 7b. In contrast, dis , sim
and sal are less sensitive to the other goals in Fig. 7b.
However, the pareto surface does not only change it’s shape,
but also the range of individual goal deviations. As illustrated in
Fig. 8a to b, most goal deviations are higher and all goal deviation
ranges become smaller. The smaller ranges imply a reduced degree
of freedom for the decision maker. This observation is in line with
Fig. 8c, where it is visible that the model tries to minimize sales
9
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Fig. 8. The impact of emission on other goals.
Table 8
Minimal sal [k units] for yearly eﬃciency improvement and target growth rates (compared to the baseline data).
%
Target Growth Rate [ year
]

Eﬃciency

5

g
]
Improvement [ year

sal

(%)

10

sal

(%)

15

sal

(%)

0.5
1.0
1.5
Avg

2,269.3
1,346.0
0.0
1,205.1

( + 10)
( - 35)
( - 100)
( - 41)

3,200.0
2,056.1
238.2
1,831.4

( + 56)
(N/A)
( - 88)
( - 11)

4,134.0
2,823.3
1,021.7
2,659.7

(
(
(
(

cuss three different perspectives with respect to their impact on
meeting the CO2 cap limit.
First, we study the interaction of the yearly eﬃciency improvement and the yearly target growth rate on sal . To this end,
we altered both the yearly eﬃciency improvement and the target
growth rate. Starting from our baseline data (1.0 gram per year and
10 % per year), each parameter was multiplied with either 50 % or
150 % leading to eight different modiﬁcations. The result of this
analysis is summarized in Table 8. For each modiﬁcation we report
the resulting sal as well as the relative change of sal compared
to the baseline with an eﬃciency improvement of 1.0 gram per

Avg

+ 101)
+ 37)
- 50)
+ 29)

sal

(%)

3,201.1
2,075.1
420.0

( + 56)
( + 1)
( - 80)

year and a target growth rate of 10 % per year. Since averages in
the last column range from −80 % to +56 % while averages in the
last row range from −41 % to +29 %, we can conclude that the
yearly eﬃciency improvement has a higher impact on sal than
the yearly target growth rate. Furthermore, we see that the sales
target can only be met with an increased eﬃciency of 1.5 gram
per year and a reduced growth rate of 5 % per year.
Second, we consider that in recent years, an increasing demand
for sport utility models (SUVs) has been observed. To test the impact of a continued increase in demand for SUVs, we double the
forecasted sales parameter qr,t,s, f for all SUV-variants that are sold

Fig. 9. Total amount of emissions above the CO2 cap as a function of additional eﬃciency improvement.
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after the frozen horizon (after 2015). This modiﬁcation not only
changes the sales of speciﬁc models that have a relatively high CO2
emission, but also changes the total sales in each period. As visible
in Fig. 9, the deviation from the allowed CO2 emission is generally
higher if the demand for SUVs is higher. However, with an additional yearly eﬃciency improvement of 6 gram per year (similar
to the baseline case), we are able to ﬁnd a solution that does not
exceed the limit of CO2 emission while it completely fulﬁlls target
sales in each period.
Third, inspired by the current trend to move away from diesel
engines, we tested the impact of all customers switching from
diesel to gasoline. According to our regression model, the CO2
emission of diesel variants is nearly 20 g below the emission of
gasoline variants. To simulate a scenario, in which all customers
switch from diesel to gasoline, we simply remove the eﬃciency advantage of diesel engines in our preprocessing, i.e. we still assign
diesel engines but increase er,t . In contrast to the previous modiﬁcation, sales remains unchanged in this scenario. Again, the cap exceedance generally increases compared to our baseline data set as
illustrated in Fig. 9. However, the required eﬃciency improvement
to compensate for the reduced cap limit on CO2 emission increases
from 6 gram per year to 8 gram per year (+33%). Increasing efforts
in eﬃciency improvement would thus be required to stay within
the CO2 cap.

ture can be discounted in favor of reducing goal deviations in the
near future. Eventually the model can be extended in various ways.
Based on improved sales data it seems promising to analyze ﬁnancial impacts in more detail. Useful applications are the inﬂuence
of strategic schedules on the maximization of net present value
as well as the minimization of ﬂuctuations in the overall contribution margin. Furthermore, the integration of platform planning
could be extended by modeling more advanced product-module
relationships such as mode identity [38] as well as the compatibility of different module types. Finally, with respect to the solution
procedure, the development of a heuristic could also be considered. Even though our model is able to cope with reasonably-sized
problem instances, a heuristic solution procedure might allow for
a more interactive, real-time use of the model.
Declaration of Competing Interest
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