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Abstract

This study addresses short-term scheduling problems with throughput and make-
span as conflicting objectives, focusing on a priori multi-objective methods.
Two contributions are presented. The first contribution is to propose a pri-
ori methods based on the hybridization of compromise programming and the
ε-constraint method. The second is to present short-term operational objective
functions, that can be used within short-term scheduling to optimize desired
long term objectives. Two numerical case studies, one in a semiconductor pro-
cessing plant and an analytical services facility, are presented using a rolling
horizon framework, which demonstrate the potential for the proposed methods
to improve solution quality over a traditional a priori approach.
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1. Introduction

With improving hardware technologies and computation techniques, indus-
tries are increasingly looking to implement decision making techniques based
on data and advanced optimization-based methods. Short-term scheduling of
operations based on mathematical optimization is a field that has been gain-
ing traction [28, 5, 34, 24, 22]. Such approach involves the use of short-term
scheduling models to determine the optimal timings of operations subject to
operational objectives and constraints. One common challenge is that, inside
an organization, there are multiple conflicting objectives. These issues can be
addressed using one single objective function, or combining objectives into a sin-
gle function with arbitrarily selected weights; however, it can be advantageous
to use an appropriate multi-objective optimization method. For instance, two
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conflicting objectives often considered in operations scheduling are maximiza-
tion of the total throughput (TTP) and minimization of the average makespan
(AMS).

Furthermore, short-term scheduling models provide operational level day-to-
day decisions, and often solutions need to be provided within a short amount
of time, using only information available up to a limited time horizon, such as
availability of raw materials and resources. One challenge that arises from these
situations is that the short amount of time available for a decision maker (DM)
to take a decision means that one needs to carefully consider that, whatever
approach is considered, it must not take too long to provide a solution. Due to
this situation, some multi-objective approaches may be too time consuming for
the purposes of short-term scheduling, e.g. a posteriori methods, which con-
sumes more CPU time than a priori methods [27]. Therefore, there is a need to
develop practical multiobjective approaches that can be effective without taking
too much computational time.

Moreover, another challenge often found inside organizations is that TTP
and AMS are objectives that are realized over a longer period of time (e.g.
weeks) than what is considered in short-term scheduling (e.g. days or hours).
For instance, a sequence of operations to be scheduled may not have any mea-
surable AMS or TTP after several days, which would in turn make it no better
than just scheduling no operations (from the point of view of the optimization
model that only considers a limited time horizon, e.g. one day of operations).
Thus, there is a need to consider short-term objective functions that are not the
actual TTP or AMS, but instead objective functions designed with the aim of
achieving high TTP or low AMS over multiple periods of operation.
The aim of this work is to present a priori multi-objective algorithms that can
provide practical solutions to multi-objective problems that emerge in short-
term scheduling. In addition, this work will also study objective function for-
mulations that can account for TTP and AMS in short-term scheduling. These
two issues will be studied within the context of two application settings: a semi-
conductor manufacturing plant and an actual analytical services facility.

The organization of this paper is as follows. The rest of this section reviews
the prominent contributions on multi-objective approaches. Section 2 presents
two new methods considered in this work to address multi-objective problems
in short-term scheduling. The specific objective functions to address TTP and
AMS in short-term scheduling are presented in Section 3. The two case studies
featuring multi-objective problems for short-term scheduling are presented in
Section 4. Finally, concluding remarks are presented in Section 5.

1.1. Literature review on multi-objective approaches

There are two main types of methods to dealing with multi-objective op-
timization problems, a priori and a posteriori methods. A posteriori meth-
ods aim to provide a DM with efficient trade-off solutions called Pareto opti-
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mal/Pareto efficient/non-dominated solutions [8, 12]. The DM can then after-
wards look at the set of Pareto solutions provided and select one that com-
plies with the DM’s needs. However, the DM often has a limited amount of
time to make a decision, particularly for short-term scheduling applications.
Thus, obtaining a set of alternative solutions may be unnecessary or imprac-
tical in such cases. Given that the present work aims at providing practical
solutions in reasonable computational times, this study will focus on a priori
methods. Comprehensive reviews on multi-objective methods can be found else-
where [8, 27, 12, 23, 33, 7, 35, 14, 39, 9].

In contrast to a posteriori methods, the DM’s preferences are selected in
advance in a priori methods; hence, a single trade-off solution is obtained after
a unique search [8, 12], rather than a set of solutions for the DM to evalu-
ate. Reference point methods, such as compromise programming [36], are very
popular a priori methods that have been widely used in practice [13, 3]. The
benefit of compromise programming lies in that it returns the compromise so-
lution that best approximates an ideal unattainable solution [26, 3]. The ε-
constraint method [17] is another method that has enjoyed popularity due to
its relative simplicity [8, 6]. In this method, a prioritized objective is optimized
with other objectives being transformed into bounding constraints to guarantee
the minimum/maximum values (ε) of the non-prioritized objectives. While the
ε-constraint method is typically classified as a posteriori method [29, 10, 6],
there are studies that have classified it as a priori method [27, 9], as the DM’s
preferences can be expressed in the choice of the prioritized objective, and the
selection of the ε values. As mentioned above, we focus on the a priori aspect
of the ε-constraint method in this work.

There have been relatively few studies on scheduling problems that have
applied reference point methods [1] or the ε-constraint method [16, 37, 4]. Al-
louche et al. [1] solved a small job shop scheduling problem (5 jobs, 2 machines)
using compromise programming to simultaneously consider the makespan, the
total flow time, and the total tardiness. Gutierrez-Limon et al. [16] applied
the ε-constraint method to solve a problem in simultaneous scheduling and
control of a single reactor with 3 to 5 products with potentially simultaneous
reactions to manage the trade-off between economic profits and dynamic per-
formance. Both Yue and You [37] and Castro et al. [4] applied the ε-constraint
method for problems in batch plant scheduling with 4-11 products and 3-14
stages, respectively. While Yue and You [37] considered the economic and en-
vironmental objectives, Castro et al. [4] considered the makespan and the total
utility demand. A common factor in those studies is that the size of the prob-
lems considered are relatively small. Furthermore, to the authors’ knowledge,
a multi-objective short-term scheduling study that considers a rolling horizon
approach is not available; hence the motivation to develop new a priori multi-
objective approaches to address these issues.
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Figure 1: 1-norm minimum trade-off solution on trade-off surface

2. Multi-objective a priori scalarization methods

In this section, we first present a reference point method of relevance to the
present study, i.e., minimizing the 1-norm distance to the utopia point (1NM
method). We then present two new methods that are based on the hybridization
of the 1NM method and the ε-constraint method.

2.1. 1-norm minimization (1NM) method

Assume χ is the set of constraints, ~x is the vector of decision variables,
and f1, f2 are functions that we wish to maximize/minimize, respectively. In
this study, we choose as the reference point the utopia point at the coordinate
(UB(f1), LB(f2)) as shown on Figure 1. The coordinates (UB(f1), UB(f2)) and
(LB(f1), LB(f2)) represent the upper and lower bounds of the output efficiency
range, which are computed by solving the single-objective problems max{f1(~x) :
~x ∈ χ} and min{f2(~x) : ~x ∈ χ}, respectively. A compromise solution on the
trade-off surface is obtained by minimizing a p-norm distance (δp) from the
utopia point [36]. This approach is also referred to as compromise programming,
and it is considered to be a special case of the reference point methods [12, 26].
In the a priori compromise programming approach, the DM’s preference is

expressed in the selection of the p-norm distance to minimize. In the 1NM
method, we minimize the 1-norm distance (δ1) to the utopia point, and we
refer to the obtained compromise solution as the 1NM Point. For the following
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bi-objective problem:

max f1(~x)

min f2(~x) (1)

s.t. ~x ∈ χ

the 1NM Point is computed by solving the following aggregated and scalarized
problem [15]:

min (1 − f̂1(~x)) + f̂2(~x) (2)

s.t. ~x ∈ χ

where f̂1(~x) and f̂2(~x) are normalizations of f1(~x) and f2(~x):

f̂1(~x) =
f1(~x)− LB(f1)

UB(f1)− LB(f1)
f̂2(~x) =

f2(~x)− LB(f2)

UB(f1)− LB(f2)
(3)

The 1NM method thus has the advantage of simplifying decision making by
providing the DM with a single ideal compromise solution, which best approx-
imates the unobtainable utopia point. The 1NM method is also guaranteed to
return a non-dominated solution even if the output space is nonconvex [36]; also,
this 1-norm based approach leads to a linear formulation given linear objective
functions and constraints as shown in problem (2). However, one downside
of the 1NM method is that the DM preferences are inherently assumed, i.e.,
p = 1, and the DM has no freedom to express other preferences. In general, the
articulation of the DM preferences can be challenging given that 1 < p < ∞
norms lead to nonlinear aggregating functions, and a ∞-norm solution may be a
dominated solution for a nonconvex output space [36], which are more common
in pure integer problems [15]. Furthermore, in practice, the DM may want to
express their preferences in terms of specific objectives, rather than in terms of
the p-norm. Therefore, we present in this work two methods to address these
shortcomings, which are presented next.

2.2. Modified ε-constraint method (Mod-ε)

Another option of a priori method is to compute the Pareto frontier (a set
of non-dominated solutions), and choose one trade-off solution to implement
according to a rule. In fact, the 1NM method can be considered to be an appli-
cation of such a rule to select the 1NM Point within the Pareto frontier. In this
work, it is desired to consider different solutions that may be preferred by the
DM than the 1NM Point. One alternative way to devise an a priori approach
is to compute the Pareto frontier (e.g. using the ε-constraint method) and hav-
ing a pre-determined rule on how to choose a point from it. However, such
approach is typically computationally expensive. In this section, we propose a
non-iterative hybrid method between the 1NM method described in section 2.1
and the ε-constraint method, referred henceforth as the Mod-ε method. We use
a variant of a posteiori ε-constraint method presented by Özlen and Azizolu
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[30] as the basis given that it is adapted for integer programming problems as
we would like to be able to solve in this work. We propose two options for
searching of the trade-off solution: search for a trade-off solution in the direc-
tion of increasing objective values (i.e., from the 1NM Point towards (UB(f1),
UB(f2)) in Figure 1, or in the decreasing search direction (i.e., from the 1NM
Point towards (LB(f1), LB(f2)) in Figure 1). We present the Mod-ε method
below for the bi-objective problem (1):

1. Compute the bounds of the output efficiency range: LB(f1), LB(f2),
UB(f1), UB(f1).

2. Compute the 1NM Point, ~x∗ (i.e. solve problem (2)).
3. Set weight w1 = 1

UB(f1)−LB(f1)+1 for the f1 objective (increasing search

direction), or set w2 = 1
UB(f2)−LB(f2)+1 for the f2 objective (decreasing

search direction).
4. Given the a priori DM preference value, 0 < Υ < 1 (Υ = 0 and Υ = 1

correspond to the 1NM Point and either the lower or upper bound of the
output efficiency range, respectively), and the 1NM Point, ~x∗, set bound
ε1 = f1(~x

∗) + Υ(UB(f1)− f1(~x
∗)) for the f1 objective (increasing search

direction), or set bound ε2 = f2(~x
∗) − Υ(f2(~x

∗) − LB(f2)) for the f2
objective (decreasing search direction).

5. Solve the constrained weighted problem (4) (increasing search direction),
or problem (5) (decreasing search direction). This returns the final DM
preferred solution in the desired search direction.

min f2(~x)− w1f1(~x) (4)

s.t. f1(~x) ≥ ε1

~x ∈ χ

max f1(~x)− w2f2(~x) (5)

s.t. f2(~x) ≤ ε2

~x ∈ χ

Note that the weights w1 and w2 shown above are expressed such that the
solution of problem (4) or (5) are bi-objective efficient for an integer program-
ming problem (see Theorems 2.1-2.3 of Özlen and Azizolu [30]). Therefore, in
this work, we limit the discussion and implementation of the Mod-ε method to
integer programming problems.

The motivation for the proposed approach is that the DM preferred solu-
tion is typically close to the 1NM Point; hence, we express the DM preferences
relative to the 1NM Point and the bounds of the output efficiency range. Ex-
pression of DM preferences and the non-iterative structure are the major dif-
ferences between the Mod-ε method and the iterative a posteriori approach of
Özlen and Azizolu [30], which lacks any expression of DM preferences; also, we
aim to reduce the time required to obtain a good practical solution using the
Mod-ε method through these differences. The Mod-ε method also addresses the
concerns regarding compromise programming raised in section 2.1, as the con-
strained weighted problems (4) and (5) maintains linearity for linear constraint
~x ∈ χ.
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Furthermore, expressing the DM preferences in Υ with respect to the 1NM
Point and the bounds of the output efficiency range can potentially give the DM
greater control over the degree of trade-off between the conflicting objectives
compared to some arbitrary selection of p-norm in compromise programming
or the value of ε in the ε-constraint method. Note that if we consider the 1NM
Point to be the ideal attainable compromise between the conflicting objectives,
then moving further away from the 1NM Point along the Pareto frontier (i.e.,
higher Υ) would typically mean greater deviation from ideal trade-off. In fact,
the Mod-ε method can be considered as an extension of the 1NM method, which
allows the DM to express a priori the degree of deviation from ideal objective
trade-off the DM is willing to tolerate in order to prioritize one objective over
the other, without having to compute the entire Pareto frontier.

2.3. 1NM ε-constraint method (1NM-ε)

In this section, we propose the 1NM ε-constraint method (1NM-ε), which
has a similar structure to the Mod-ε method described in the previous section.
While the motivation for this method is the same, i.e. that the DM’s preference
would be close to the 1NM Point, the major difference is that rather than solving
the constrained weighted problem (4) or (5), we search for the compromise
solution with the lowest 1-norm distance on the ε-constrained Pareto frontier
that excludes at least the 1NM Point. We present the 1NM-ε method below for
the bi-objective problem (1):

1. Compute the bounds of the output efficiency range: LB(f1), LB(f2),
UB(f1), UB(f1).

2. Compute the 1NM Point, ~x∗ (solve problem (2)).

3. Given the a priori DM preference value, 0 < Υ < 1, and the 1NM Point,
~x∗, set bound ε+1 = f1(~x

∗) +Υ(UB(f1)− f1(~x
∗)) for the f1 objective and

set bound ε+2 = f2(~x
∗) for the f2 objective (increasing search direction);

alternatively, set bound ε−2 = f2(~x
∗) − Υ(f2(~x

∗) − LB(f2)) for the f2
objective and set bound ε−1 = f1(~x

∗) for the f1 objective (decreasing
search direction).

4. Solve the 1-norm minimization problem (6) (increasing search direction),
or problem (7) (decreasing search direction). This returns the final DM
preferred solution in the desired search direction.

min (1− f̂1(~x)) + f̂2(~x) (6)

s.t. f1(~x) ≥ ε+1

f2(~x) ≥ ε+2

~x ∈ χ

min (1− f̂1(~x)) + f̂2(~x) (7)

s.t. f1(~x) ≤ ε−1

f2(~x) ≤ ε−2

~x ∈ χ

By solving a 1-norm minimization problem in its last step rather than solv-
ing a constrained weighted problem like the Mod-ε method, the 1NM-ε method
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has a larger emphasis on obtaining a good trade-off between the conflicting ob-
jectives compared to the Mod-ε method. This behavior arises from the fact that
for the Pareto frontier of the 1NM-ε method, moving from the 1NM Point to-
wards either the upper or lower bound of the output efficiency range, we would
inherently observe, by design, a continuous increase in the normalized 1-norm
distance (δ̂1). This is not necessarily the case for the Mod-ε method, and it is

possible to observe localized decrease in δ̂1 (i.e., localized decrease in trade-off
quality). Therefore, the Pareto frontier of the 1NM-ε method is either equiv-
alent to the Pareto frontier of the Mod-ε method, or a subset of the Mod-ε
Pareto frontier that excludes localized decrease in δ̂1. However, this does not
necessarily mean that the 1NM-ε method would always provide results that are
more preferable to the DM. For example, given the same problem and using
the same value of Υ, the Mod-ε method cannot return higher values for f1 and
f2 than the 1NM-ε method in the direction of increasing f1 and f2 from the
1NM Point if the 1NM-ε Pareto frontier is a smaller subset of the Mod-ε Pareto
frontier; however, the DM might prefer the Mod-ε solution with lower values of
f1 and f2, even if the corresponding 1NM-ε solution has lower 1-norm distance
to the utopia point. Furthermore, if the two methods have the same Pareto
frontier, then their solutions would also be the same using the same value of Υ.

3. Short-term objective functions

As discussed in the introduction, maximizing the total throughput (TTP)
and minimizing the average makespan (AMS) can be challenging due to the
difference in time scale between tactical level decision making (TTP/AMS) and
short-term scheduling. In order to address this issue of approximating TTP
and AMS for short-term scheduling, we present here a rolling horizon approach
for short-term scheduling applications. While the present approaches have been
tested on two particular applications, i.e., a semiconductor plant and an actual
analytical services facility, a wide variety of industrial applications require this
approach to schedule operations in an optimal fashion, e.g., steel making [25]
and industrial gases supply chain [38]. In order to provide the necessary context
and notation for the objective functions proposed in this work, we first provide
the problem definition in section 3.1 before presenting the alternative objective
functions. A number of alternative operational objective functions are proposed
in section 3.2.

3.1. Problem Definition

For the problems considered in this study, a facility receives a set of tasks
I that need to be processed within a rolling scheduling horizon (RH). A prede-
termined number of constituent horizons (CH), each with a scheduling horizon
of length H , form the overall RH. Within the context of this study, a CH rep-
resents a single day of operations (e.g., there can be 30 CHs (days) within the
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RH (month), with H = 8 hours or 24 hours).

Each task i ∈ I is composed of a discrete number of materials. These ma-
terials are processed using a set of processing units P and each processing unit
p ∈ P consists of a set of Rp number of identical machines that perform a
specific process. Each task i is introduced at the beginning of a CH, but not
necessarily at the beginning of the RH, and at the beginning of a specific se-
quence of processing units, called a path. The path of a task i, denoted by ℘i,
is a sequence of n(i) distinct processing units {pi1, . . . , p

i
n(i)}, where pik ∈ P for

all i ∈ I, k = 1, . . . , n(i). The materials in task i must visit each subsequent
processing unit in ℘i sequentially, that is, p

i
k+1 in ℘i can only be visited if pik has

already been visited. Materials are considered to have visited processing unit
p if it has been processed by one of the machines in Jp. We assume that there
is no transportation time between different processing units, and that there are
no restrictions on intermediate storage.

For each task i and its path ℘i, there is a specific sequence of operational
modes {mi

1, . . . ,m
i
n(i)}, denoted by Mi, and mode mi

k dictates the length of

processing time τpi
k
mi

k
. All machines in a processing unit p have |Ψp| ≥ 1 possi-

ble predetermined values of processing times τpm, where Ψp denotes the set of
one or more possible operational modes for p, Ψp = {1, . . . , |Ψp|}. Machines in
a processing unit p have a specific capacity, denoted as βp, and a machine j ∈ Jp
may be loaded with at most βp amount of materials from potentially different
tasks. Once a machine j ∈ Jp has been turned on to process the materials for
operational mode m, it will run without interruption for a time τpm. After this
time, the machine is considered to be available; also, the materials are consid-
ered to have visited the corresponding processing unit, and they are ready to
visit the next processing unit in their path. Furthermore, there is no minimum
working capacity for any machine, that is, the machines can be turned on with
any number of samples between 0 and βp. It is assumed that the information
described above is available and known a priori.

For the problems being considered in this study, we allow a machine j ∈ Jpi
k

to continue to process materials for task i during the gap between the CHs, if
any, as long as the machine was turned on for mode mi

k during or at the end
of the CH. If the gap is long enough for the machine to complete processing
before the beginning of the next CH, then machine j will become available to
process more materials at the beginning of the following CH, and the materials
that completed processing during the gap will become available to be processed
at (k + 1)th process in its path if k < n(i). Otherwise, the machine will be
occupied, and the materials unavailable for further processing until processing
has been completed at that machine. At the beginning of the RH, machines in
J may be occupied, or not, depending on the specific operating conditions of
the facility.
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Given the above problem definition, we use the integer linear programming
(ILP) scheduling model based on the multitasking flexible discrete-time formu-
lation presented by Lagzi et al. [21]. That study has shown that this modeling
approach is effective in solving large-scale ILP short-term scheduling problems
where multitasking is a key operational feature. Modifications were made for
this study in order to allow for potentially different processing times for each
processing unit, and to fit with the rolling horizon approach. These modifica-
tions are presented in Appendix A. The following are the nonnegative integer
decision variables from that formulation that are relevant to the objective func-
tions being proposed in this work:

• Bikt: the amount of materials from task i that are set to start being
processed at the kth processing unit in the path of task i, pik ∈ ℘i, at the
time point t, ∀ i ∈ I, 1 ≤ k ≤ n(i), t = 1, . . . , |E(pik)|

• Wikt the amount of materials waiting to start being processed at process-
ing unit pik at time point t , ∀ i ∈ I, k = 1, . . . , n(i), t = 1, . . . , |E(pik)|
where |E(p)| represents the length of unit-specific sequence of time points.

3.2. Objective functions

3.2.1. Objective functions for throughput maximization (f1)

Within the context of this study, we define the throughput of a task i (TP i)
as the cumulative sum of the amount of materials for task i, which have either
started or completed being processed at the last processing unit in its path, pin(i)
for the RH. We also define the total throughput as TTP :=

∑

TP i, ∀i ∈ I, and
a key objective is to maximize TTP for the RH. However, simply maximizing the

amount of materials starting from the last process
∑

i∈I

∑|E(pi
n(i))|

t=1 Bi,n(i),t for
each CH does not necessarily maximize TTP for the RH. For instance, if none
of the materials can complete the last process in their respective paths during
the CH under consideration, which may happen, for example, at the beginning
of a production campaign, the value of such objective function would be 0 for
all feasible solutions. In such instance, a schedule that does not process any
materials during the CH would be considered to be just as good as any other
feasible schedule. Therefore, we propose operational throughput maximization
objective functions (i.e. f1 in problem (1)) of the following form:

max
∑

i∈I

n(i)
∑

k=1

|E(pi
k)|

∑

t=1

(weight)Bikt (8)

The above objective function uses the weights presented in Table 1, each with
an identifying f1ID, which attempt to produce schedules with close to optimal
TTP for the RH. In this work, we consider the optimal TTP for the RH to be
the TTP that could be achieved by explicitly maximizing the TTP by solving
a single large problem with a scheduling horizon equivalent to the length of the
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Table 1: Proposed weights for the throughput maximization objective functions

f1ID weight Description/Rationale

0 1 Maximizes the sum of all materials starting to be pro-
cessed at all processing units for all tasks during the CH.

1
k

n(i)
Provides higher priority to materials starting to be pro-
cessed at processing units later in the path ℘i, relative
to the units earlier in ℘i (Closer approximation to TTP
for the CH than using the weight of 1)

2
( k

n(i)

)2

Shifts the priority towards the end of ℘i compared to
k

n(i) .

3
k

n(i)
∑

j=1

j

If there are no materials for task i, which started be-
ing processed during the CH, but did not arrive at
the last processing unit by the end of the CH, then
∑n(i)

k=1

∑|E(pi
k)|

t=1
k

∑n(i)
j=1 j

Bikt = TP i for the CH (Closer ap-

proximation to TPP for the CH than other weights where
∑n(i)

k=1

∑|E(pi
k)|

t=1 (weight)Bikt > TP i for the CH).

4

k
∑

j=1

τpi
k
mi

k

n(i)
∑

j=1

τpi
k
mi

k

Similar to the ratio of the length of ℘i up to and including
pik to the total length of ℘i in terms of processing times.
Prioritizes processing units with longer processing times
compared to other weights.

RH. Note that objective functions of the form shown in equation (8) can easily
account for other problem specific details, such as rush jobs, by adding another
weight factor in front of Bikt to prioritize tasks with higher priority.

3.2.2. Objective functions for makespan minimization

Within the context of this study, we consider task i to be completed when
there are no materials waiting to start being processed at pik, 1 ≤ k ≤ n(i),
and we define the makespan of task i (MSi) as the time elapsed since the
task was made available (AT i) to be processed at pi1 until the expected time
of completion of pin(i) for the last remaining materials in task i. For example,
if a batch of material unit size 5 became available to be processed at the first
processing unit on day 1 at 9 hours, and all 5 units of material reached the last
processing unit requiring 1 hour of processing time on day 3 at 15 hours (i.e. 3
p.m.), then the makespan of this task is {24 hours/day ×2 days +(15−9) hours
+1 processing hour = 55 hours}. Given this definition for MSi, we define the
average makespan (AMS) for a given set of tasks I to be the arithmetic mean
of MSi for tasks i ∈ I that are completed. For short-term scheduling problems
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Table 2: Proposed weights for the makespan minimization objective functions (f2)

f2ID variable Description/rationale

0
Sik,

eq (10) Sik = 1 if processing unit pik has materials waiting to
be processed at the end of the CH; otherwise, Sik = 0.
Promotes materials to arrive at the last processing unit
together, since a task is not completed until all materials
get to the end.

1

Sik,

eq (11) Sik = 1 if processing unit pik has materials waiting to
be processed at the end of the CH, or materials that
started being processed at pik and expected to continue
being processed at pik after the end of the CH; other-
wise, Sik = 0. Penalizes in-process materials for being at
earlier processing units rather than later, in addition to
waiting materials.

2 Wik|E(pi
k
)| Minimizes the amount of materials waiting to be pro-

cessed at each processing unit at the end of the CH.
Higher priorities are given to tasks with more waiting
samples.

where the system is sufficiently constrained, or one or more tasks have paths
that are longer than the length of the scheduling horizon, explicitly minimizing
AMS as the objective function may be undesirable. For instance, if there are
no tasks that can be completed within the CH, then the value of such objective
function would be 0 for all feasible solutions. Given the above considerations,
we propose the following operational makespan minimization objective functions
(i.e. f2 in problem (1)) of the following form:

min
∑

i∈I

n(i)
∑

k=1

(ST −AT i +

n(i)
∑

j=k

τpi
j
mi

j
)(variable) (9)

The above objective function uses the variables presented in Table 2, each with
an identifying f2ID, which attempt to produce schedules with close to optimal
AMS for the RH. In eq (9), ST represents the start time of the CH. Note that
in contrast to the f1 objective function, the f2 objective functions are differen-
tiated using different decision variables, rather than different weights.

The constraints (10) and (11) shown below define the binary decision variable
Sik for f2ID = 0 and f2ID = 1, respectively. When implementing the objective
functions, f2ID = 0 and f2ID = 1, Sik must be introduced as a decision variable,
in addition to the other decision variables, and the respective constraint (10) or
(11) must be added to the scheduling model presented in Appendix A according
to the f2ID.
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Wik|E(pi
k
)|

1 +
∑n(i)

j=1

∑|E(pi
k
)|

t=1 aijt

≤ Sik ≤ Wik|E(pi
k
)| ∀i ∈ I, k = 1, . . . , n(i) (10)

Wik|E(pi
k
)| +

∑

t′=1,...,|E(pi
k
)|:ϕ

pi
k
t′
+τ

pi
k
mi

k
>ϕ

pi
k
|E(pi

k
)|
Bikt′

1 +
∑n(i)

j=1

∑|E(pi
k
)|

t=1 aijt

≤ Sik ≤ Wik|E(pi
k
)|

+
∑

t′=1,...,|E(pi
k
)|:ϕ

pi
k
t′
+τ

pi
k
mi

k
>ϕ

pi
k
|E(pi

k
)|

Bikt′ ∀i ∈ I, k = 1, . . . , n(i) (11)

For each f2, the general approach is to consider as weight, for each task
i ∈ I : AT i ≤ ST and process unit pik, 1 ≤ k ≤ n(i), the sum of elapsed time
since AT i to ST and the total processing time remaining in path ℘i, then pro-
vide incentive for task completion by promoting materials to progress through
℘i during the CH. This weight prioritizes processing of materials at process units
that are earlier in ℘i compared to the units that are later in ℘i, and completion
of tasks that are introduced earlier and tasks with longer paths.

4. Computational studies

We test the performance of our proposed multi-objective formulations using
two different case studies. The first case study is based on the semiconductor
processing case study presented by Senties et al. [32], whereas the second is
a full industrial-sized case study of the analytical services scheduling problem
previously reported in the literature [31, 20, 21]. For the different methods
(single-objective, 1NM, Mod-ε and 1NM-ε), we compare the CPU time along
with the total throughput (TTP) and the average makespan (AMS) as defined
in sections 3.2.1 and 3.2.2, respectively. For all rolling horizon (RH) results
presented in sections 4.1.1 and 4.2.1, we present mean CPU times and mean
optimality gaps as mean across the entire RH for one constituent horizon (CH).

For all a priori Mod-ε and 1NM-ε implementations, we chose the DM pref-
erence value of Υ = 0.4 to calculate the values of ε and ε+/− as defined in
sections 2.2 and 2.3. This value was chosen to obtain a trade-off solution about
half way between the 1NM Point and the bounds of the output efficiency range,
in order to produce results that were distinguishable from the single-objective
implementations and the 1NM method. However, we did not want to poten-
tially exclude the ‘half way point’ solution of Υ = 0.5.

In order to simplify reference to specific objectives, we use the notation f
f1ID
1

and f
f2ID
2 when referring to f1 and f2 objectives with specific f1ID weight and

f2ID variable as presented in Tables 1 and 2, respectively. For example, f1
1

refers to f1 objective function with f1ID = 1 (weight shown in Table 1). For
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both case studies, we do not implement the Mod-ε method with f1
1 and f2

1 as
these f1 objectives lead to non-integer values, and the Mod-εmethod is intended
to be used for problems with integer-valued objectives as discussed in section 2.2.

All reported CPU times include operations leading up to the final optimiza-
tion run of each algorithm (i.e. model generation, solver pre-processing, obtain-
ing bounds of the output efficiency range, and computation of 1NM Point). All
implementations were performed using Julia programming language (0.6.0) [2]
and JuMP modeling language (0.18.0) [11]. Optimization runs were performed
using IBM ILOG CPLEX Optimizer (12.6.0) [18] on a shared Linux server with
250 GB of RAM and 4 CPUs, each with 12 cores and a processing speed of
2.4 GHz. For all optimization runs, we used a CPLEX solver time limit of 1
hour (unless stated otherwise) and 8 GB size limit on the MIP branch-and-cut
tree [19].

4.1. Semiconductor case study

We solved two instances of the semiconductor case study adapted from the
case study presented by Senties et al. [32], which contains 5 different product
recipes (paths) and 12 processing units with a total of 14 equipment resources,
where two of those processing units had two identical equipment resources in
parallel. The network of the processing units defined by the product recipes
are presented in Figure 2. The product recipes and the data on each processing
unit are presented in Tables B1 and B2 in Appendix B.

For this case study, we define a task as the group of wafer lots (the processed
materials) with the same arrival time belonging to the same product. For the
rolling horizon (RH) approach, we consider a constituent horizon (CH) to be
a single day, and the plant is assumed to operate 24 hours/day (i.e. H = 24
hours) for each day in the RH without any interruption. The first instance is a
problem containing 50 tasks consisted of 90 wafer lots. The second instance is
a larger problem with 63 tasks consisted of 900 wafer lots. Full instance data
are presented in Tables B3 and B4 in Appendix B.

Figure 2: Process map for the semiconductor case study
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4.1.1. Rolling horizon results: semiconductor

We compare TTP and AMS at the end of a 15-day RH given that for both
instances, more than 80% of tasks were completed by the end of day 15 for all
approaches except single-objective f2 minimization. While more comprehensive
results are presented in Appendix C, including the number of days required to
complete all tasks for each approach and the AMS at 100% task completion, we
present the key results and comparative analysis in this section.

First, for each instance, we identified the f1ID and f2ID for the single-
objective max f1 and min f2 RH runs, which produced the highest TTP (TTP*)
and lowest AMS (AMS*) at the end of the 15-day RH, as presented in Table 3. In
order to perform easier comparisons of TTP and AMS for different approaches,
we compute the relative differences in TTP (dr(TTP)) and AMS (dr(AMS)) for
a particular approach to the best case TTP* and AMS* as follows:

dr(TTP) =
TTP − TTP ∗

TTP ∗
(12) dr(AMS) =

AMS −AMS∗

AMS∗
(13)

In Figures 3 and 4, we compare the different approaches by plotting dr(TTP)
on the horizontal axis, and dr(AMS) on the vertical axis for each instance. For
each data point, the corresponding method is identified by the marker, the
(f1ID, f2ID) combination is identified inside the parenthesis, and mean CPU
time is provided next to the parenthesis. For the 1NM-ε and Mod-ε, we identify
the search direction as the suffixes ‘Inc’ and ‘Dec’. In comparing the dr(TTP)
and dr(AMS) of different approaches, we can describe a dominance relationship
similar to the notion of Pareto efficiency: approach A dominates over approach
B if {dr(TTP)

A > dr(TTP)
B && dr(AMS)A ≤ dr(AMS)B} or {dr(TTP)

A ≥
dr(TTP)

B && dr(AMS)A < dr(AMS)B}. Based on this dominance relation-
ship, we present results that are closer to the bottom right quadrant, and exclude
most of the dominated results.

In Figure 3, three non-dominated approaches are observed for the first in-
stance: Max f0

1 , 1NM-ε Inc (f0
1 , f1

2 ), and 1NM (f4
1 , f2

2 ). In Figure 4, one
non-dominated approach is observed: 1NM-ε Inc (f4

1 , f
1
2 ). These results demon-

strate that the a priori multi-objective scalarization methods can be used to
improve TTP and AMS over a rolling horizon compared to a single-objective

Table 3: Best case TTP and AMS for single-objective runs for the semiconductor case study

f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
Mean CPU
time [sec]

Mean
Gap [%]

1st
inst.

4 - 82a 0 4892 8.35 21 0.00
- 1 38 -53.66 4515b 0 84 0.00

2nd
inst.

0 - 876a 0 4800 2.29 47 0.00
- 1 605 -30.94 4692b 0 286 0.00

Values with superscripts a and b represent TTP* and AMS*, respectively

15



−1.5 −1 −0.5 0.5 1 1.5 2 2.5

2

4

6

8

10

12

(0)42

(1)11

(3)21

(4)21

(0,0)92

(0,2)106

(1,0)76

(1,2)73

(2,1)312

(3,0)75

(3,2)77

(4,0)162

(4,1)178

(4,2)72

(0,1)316

(0,2)174

(2,0)195

(3,0)125

(3,2)173

(0,0)116 (0,1)259

(0,2)125

(0,0)277

dr(TTP)

d
r
(A

M
S
)(
%
)

Max f1 1NM 1NM-ε Inc Mod-ε Inc Mod-ε Dec

Figure 3: dr(TTP) vs dr(AMS) for the first instance of the semiconductor case study

−1.4 −1.2 −1 −0.8 −0.6 −0.4 −0.2 0.2 0.4 0.6 0.8 1

−8

−6

−4

−2

(0,1)951 (1,0)620

(2,0)596

(2,2)1736

(3,0)498

(0,0)722

(0,1)1049
(2,1)2054

(4,1)2395

(0,0)759

(0,1)1936

(1,0)1126

(4,1)2117

(0,1)1590

(0,0)501

(0,1)2689

dr(TTP)

d
r
(A

M
S
)(
%
)

1NM 1NM-ε Inc 1NM-ε Dec Mod-ε Inc Mod-ε Dec

Figure 4: dr(TTP)vs dr(AMS)for the second instance of the semiconductor case study

16



0

20
dr(TTP) is undefined for Day 1 since
TTP(f4

1 ) = 0 for Day 1

d
r
(T

T
P
)(
%
)

2 4 6 8 10 12 14
0

20

40

dr(AMS) is undefined for Day < 4 since
AMS(f1

2 ) = 0 for Day < 4

Day

d
r
(A

M
S
)(
%
)

Max f0
1 1NM (f4

1 , f
2
2 ) 1NM-ε Inc (f0

1 , f
1
2 ) Max f4

1

Figure 5: Change in dr(TTP) and dr(AMS) throughout the RH for the first instance

approach. Furthermore, the a priori 1NM-ε and Mod-ε approaches proposed
in this work were able to improve TTP or AMS, if not both, compared to the
1NM method. For example, for the second instance, Mod-ε Inc (f0

1 , f
1
2 ) pro-

duced both higher TTP and lower AMS (dr(TTP) = −0.41, dr(AMS) = −3.16)
compared to 1NM (f0

1 , f
1
2 ) (dr(TTP) = −0.91, dr(AMS) = −1.48) as shown in

Figure 4. However, the improvements in TTP and AMS were generally achieved
at the expense of additional CPU time.

Based on the results of Figures 3 and 4, we compare how dr(TTP) and
dr(AMS) change throughout the RH for the two instances in Figures 5 and
6. Given that only one non-dominated approach is observed for the second
instance, we identified three additional dominant approaches excluding 1NM-ε
Inc (f4

1 , f
1
2 ), and included them in Figure 6. Furthermore, we compare these

results to the single-objective Max f1 run producing TTP* for each instance as
reported in Table 3. We did not, however, compare the results to the single-
objective Min f1

2 run given that it produced significantly lower dr(TTP) at all
points throughout the RH compared to the other methods for each instance (-51
to -100% and -28 to -100% for the first and second instances, respectively).

In Figures 5 and 6, we can observe that the TTPs of the dominant ap-
proaches tend to converge around day 8 of the 15-day RH for both instances.
Given this behavior of converging TTP, the main benefit of applying a multi-
objective scalarization method over a single-objective f1 maximization approach
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Figure 6: Change in dr(TTP) and dr(AMS) throughout the RH for the second instance

is to reduce AMS without a substantial trade-off in TTP. For both instances,
the 1NM-ε Inc approach provided the lowest AMS for most of the RH among
the approaches compared in Figures 5 and 6, while its dr(TTP) did not fall
below -10.5% at any point during the RH for 1NM-ε Inc.

Overall, it was beneficial to obtain a trade-off solution within the output
efficiency range in the direction of increasing f1 from the 1NM Point using the
1NM-ε method for this particular case study. f0

1 and f4
1 were identified as

the dominant throughput maximization objectives, while f1
2 was the dominant

makespan minimization objective. However, depending on the problem being
considered, different objectives may be dominant, and the Mod-ε method may
be more appropriate (e.g., if the Mod-ε method has better or similar solution
quality, with similar or lower CPU times).

4.2. Analytical services case study

The analytical services facility model considered in this work was that pre-
sented by Lagzi et al. [21] and consists of a network of 25 processing units
defined by 11 paths. In this study, we consider a more comprehensive network
of 118 processing units and 117 unique paths; a part of this network formed
by 39 processing units and 19 paths is presented in Figure 7. In Appendix
D, the 19 paths defining this partial network are presented in Tables D1, and
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Figure 7: Partial process map for the analytical services case study

capacities, resources, and processing times are presented in Table D2. The
identity of the industrial partner and the complete data are not disclosed as per
our nondisclosure agreement with the industrial partner. Refer to section 3.1 of
Lagzi et al. [21] for more details, including part of the data set used in this study.

For this analytical services case, a task consists of a group discrete samples
received from a client that must follow a specific path of processing units to be
analyzed. We consider a constituent horizon (CH) to be a single day, and the
plant is assumed to operate 8 hours/day (i.e. H = 8 hours) for each day in the
RH. The instance studied in this work was generated by first taking a snapshot
of the analytical services facility to capture the tasks that are currently in the
system, then introducing new tasks for each day within the rolling horizon. A
task for each day is generated through uniform random assignment of task size
between 1 and 100 samples, and tasks are generated in this manner until the
total number of samples arriving that day exceeds 4,000, the approximate nom-
inal daily processing capacity of this network of units considered in this study.
Paths were assigned to the tasks to generate a distribution of paths reflecting
the facility’s actual operating distribution of paths.

4.2.1. Rolling horizon results: analytical services

In this section, we compare TTP and AMS at the end of a 30-day RH,
at which point 67-78% of tasks are completed for the multi-objective meth-
ods. While more comprehensive results tables are presented in Appendix E, we
present key results and comparative analysis in this section.

For this case study, Max f1
1 and Min f1

2 single-objective RH runs produced
the highest TTP (TTP*) and lowest AMS (AMS*) at the end of the 30-day RH,
as presented in Table 4. Therefore, relative differences dr(TTP) and dr(AMS)
are presented in this section with respect to Max f1

1 and Min f1
2 in this section
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Table 4: Best case TTP and AMS for single-objective runs for the analytical services case
study

f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
Mean CPU
time [sec]

Mean
Gap [%]

1 - 61990a 0 20,447 14.5 88 0.00
- 1 32,025 −48.34 17859b 0 251 0.01

Values with superscripts a and b represent TTP* and AMS*, respectively

as defined in eq (12)-(13).

In Figure 8, dr(TTP) and dr(AMS) of the different approaches are compared.
In this case study, bi-objective implementations were not performed with f2

1 as
each single-objective Max f2

1 iteration required 4 hours, on average, to compute
due to computationally inefficient model generation (see Table E1 in Appendix
E). Furthermore, based on the observation that f2

2 consistently provided inferior
trade-off results due to producing significantly high dr(AMS) (35-37%), the
Mod-ε and 1NM-ε methods were not implemented with f2

2 objective (see Tables
E2 and E3 in Appendix E). Results for the Mod-ε and 1NM-ε methods for the
search direction of decreasing f1 and f2 could not be obtained as no feasible
solution could be found in this direction on Day 1 of the RH for any (f1, f2).
During the 1NM method implementations, we also noticed that the final 1-norm
minimization run often reached the solver time limit of 1 hour. To address this
issue, we also performed bi-objective implementations using a 6 minute solver
time limit, based on our observation that most single objective runs compute the
bounds of the output efficiency range in less than 6 minutes, and the optimality
gap for the 1-norm minimization runs typically reached below 1% within the
first 6 minutes.

In Figure 8, three non-dominated approaches are observed: Mod-ε Inc (f0
1 ,

f1
2 ), 1NM (f1

1 , f
1
2 ) (6 minute time limit), and 1NM-ε Inc (f1

1 , f
1
2 ). These results

demonstrate that the proposed 1NM-ε and Mod-ε methods, as well as the 1NM
method can be used to produce results that are non-inferior, if not dominant,
when compared to a single-objective approach for an industrial sized problem
using a rolling horizon approach. Furthermore, for the 1NM method, the overall
CPU time could be reduced by 67% and 78% for (f1

1 , f
1
2 ) and (f3

1 , f
0
2 ), respec-

tively, by setting the solver time limit to 6 minutes instead of 1 hour, while
dr(TTP) and dr(AMS) improved by 0.43 and 1.12 percentage points, respec-
tively, for (f1

1 , f
1
2 ), and by 0.14 and 0.61 percentage points, respectively, for (f3

1 ,
f0
2 ). These results show that, since the operational f1 and f2 objectives do not
explicitly maximize TTP and minimize AMS, but rather approximate expres-
sions with the goals to maximize TTP and minimize AMS, it is not necessary
to solve problems to optimality when computing the 1NM Point to obtain a
good trade-off solutions in terms of TTP and AMS. However, the same success
could not be obtained for the 1NM-ε and Mod-ε methods using a 6 minute
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Figure 8: dr(TTP) vs dr(AMS) for the analytical services case study

time limit, as 5 of 8 (f1, f2) combinations failed to produce a feasible solution
in the increasing search direction within 6 minutes at some point during the RH.

In Figure 9, the changes in dr(TTP) and dr(AMS) of the three non-dominated
approaches throughout the rolling horizon are presented, along with Max f1

1 ,
as the reference for computing dr(TTP), as well as 1NM (f0

1 , f
1
2 ) to provide

a comparison parallel to 1NM-ε Inc (f1
1 , f

1
2 ) vs 1NM (f1

1 , f
1
2 ). These results

demonstrate that the choice of the f1 objective in a bi-objective implementa-
tion produces a significant difference in TTP, as single objective max f1

1 , 1NM
(f1

1 , f
1
2 ) and 1NM-εInc (f1

1 , f
1
2 ) produced average dr(TTP) of -0.28% over the

RH, while 1NM (f0
1 , f

1
2 ) and Mod-εInc (f0

1 , f
1
2 ) produced average dr(TTP) of

-5.29%. Furthermore, the effectiveness of taking an alternative trade-off solu-
tion after finding the 1NM solution appeared to depend on the choice of f1.
On average, throughout the RH, the 1NM-ε method only increased dr(TTP)by
0.27% point and reduced dr(AMS) by 0.29% point over 1NM method for (f1

1 ,
f1
2 ), while the Mod-ε method increased dr(TTP) by 1.05% point and reduced
dr(AMS) by -4.94% point for (f0

1 , f
1
2 ).

These results demonstrated potential benefits to using a priori scalarization
methods for industrial sized problems in a rolling horizon applications. For this
particular case study, the traditional 1NM approach provided good trade-off
solutions within 6 minutes, and the proposed 1NM-ε and Mod-ε methods can
be used to further increase the TTP or reduce the AMS using the dominant ob-
jective functions (f0

1 and f1
1 for throughput maximization, and f1

2 for makespan
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Figure 9: Change in dr(TTP) and dr(AMS) throughout the rolling horizon

minimization).

5. Conclusion

This study has proposed effective alternatives to address some of the issues
regarding short-term scheduling of multipurpose plants, where there exists two
conflicting tactical objectives in maximizing the total throughput of the plant,
and minimizing the average makespan of tasks being completed. Our contribu-
tions in addressing these issues are a priori multi-objective optimization meth-
ods, and approximation of the tactical objectives as alternative operational ob-
jective functions. The effectiveness and limitations of these different approaches
are studied using a semiconductor processing plant case study, and a larger,
industrial-sized analytical services sector case study. In these case studies, we
used a rolling horizon approach to compare the performances of the different
multi-objective approaches and the operational objective functions in terms of
the total throughput of the plant, and the average makespan of completed tasks.

The multi-objective methods implemented in this work were focused around
the reference point based compromise programming approach, an a priori scalar-
ization method, which minimizes the 1-norm distance of a trade-off solution to
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the utopia point (1NMmethod). In this work, two new algorithms, i.e., the Mod-
ε and 1NM-ε methods, are proposed based on hybridization of the ε-constraint
method and the 1-norm distance based compromise programming. For both case
studies, with appropriately selected operational objective functions, the a pri-
ori methods provided lower average makespan than single-objective throughput
maximization approach, without a significant reduction in the total throughput,
if any. In particular, the a priori 1NM-ε approach, searching in the direction of
increasing operational objective values, was particularly effective in this regard.
However, the effectiveness and required CPU time varied between the different
instances and the different combinations of the operational objective functions.
Therefore, it is important to understand these problem-specific behaviors for
their implementation in practice. Furthermore, when dealing with a large-scale
problem, consideration should be made to impose a relatively small solver time
limit for the 1-norm minimization run, and we showed that this approach can
significantly reduce the CPU time for an industrial-sized problem without a sig-
nificant degradation in solution quality, if any.
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7. Nomenclature

Acronyms/short-forms
AMS = Average Makespan
CH = Constituent Horizon
dr = relative difference DM = Decision
Maker
ILP = Integer Linear Programming
LB = Lower Bound (of the output ef-
ficiency range)
Mod-ε = Modified ε-constraint
method (section 2.2)
RH = Rolling Horizon
TTP = Total Throughput
UB = Upper Bound (of the output ef-
ficiency range)
1NM = 1-norm minimiza-
tion/minimum
1NM-ε = 1NM ε-constraint method
(section 2.3)

δp = p-norm distance (from the utopia
point)

Indices
i = client job
j = machine k = order of processing
unit
m = operational mode
p = processing unit
mi

k = kth operational mode for task i

pik = kth processing unit for task i

t = time point

Sets
I = set of tasks
Jp = set of machines for processing
unit p
P = set of processing units
Rp = set of resources for processing
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unit p
χ = set of constraints
Ψp = set of operational modes for pro-
cessing unit p

Parameters
ATi = arrival time of task i

H = length of constituent horizon
Mi = sequence of operational modes
for task i ST = start time of the con-
stituent horizon
w1 = weight for the f1 objective
w2 = weight for the f2 objective
ε1 = minimum value for the f1 objec-
tive (Mod-ε)
ε2 = maximum value for the f2 objec-
tive (Mod-ε)
ε+1 = minimum value for the f1 objec-
tive (1NM-ε, increasing search direc-
tion)
ε+2 = minimum value for the f2 objec-
tive (1NM-ε, increasing search direc-
tion)
ε−1 = maximum value for the f1 objec-

tive (1NM-ε, decreasing search direc-
tion)
ε−2 = maximum value for the f2 objec-
tive (1NM-ε, decreasing search direc-
tion)
Υ = DM preference value
℘i = path of processing units for task
i

n(i) = size of path ℘i for task i

βp = capacity for processing unit p τpm
= processing time for processing unit
p, mode m

Decision variables
~x = vector of decision variables
B = the amount of materials start-
ing to be processed S = binary vari-
able used in the f2 objectives W = the
amount of materials waiting to start
being processed X = the number of re-
sources starting to be used

Objective functions
f1 = objective to maximize
f2 = objective to minimize
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Appendix A Flexible discrete-time formulation

The modifications made to the scheduling model presented by Lagzi et al.
[21] is presented below. Readers are referred to section 2.1 of Lagzi et al. [21]
for the complete scheduling formulation.
In addition to the decision variables Bikt and Wikt, one more variable, Xpmt, is
used for this scheduling formulation.

Xpmt: the number of machines from processing unit p that are operating in
mode m and being used at time point t, ∀ p ∈ P, m ∈ Ψp, t = 1, . . . , |E(p)|

While Bikt and Wikt did not change from the original formulation presented
in Lagzi et al. [21], the index, m was added to Xpmt (the number of machines
being used) to account for the different operational modes of processing unit p.
Thus, capacity and equipment resource constraints, i.e. equations (2) and (3)
from Lagzi et al. [21], are reformulated as follows:

∑

i,k:p=pi
k

Bikt ≤ Xpmtβp; ∀ p ∈ P, m ∈ Ψp, t = 1, . . . , |E(p)| (A1)

zpt +
∑

m∈Ψp

∑

θ

Xpmθ ≤ Rp; ∀ p ∈ P, t = 1, . . . , |E(p)|,

θ ∈ E(p) : ϕpt < ϕpθ + τpm ≤ ϕpt + τpm (A2)

βp is the capacity of a machine in processing unit p that has Rp number of
machines as defined in section 3.1. In constraint (A2), zpt is an input parameter
representing the number of machines for processing unit p that are occupied
up until time point t. For a particular CH within the RH, the values of zpt
are calculated in pre-processing based on the solutions from preceding CHs (the
number of machines turned on, the time at which a machine was turned on, and
processing time of the machine for the given operational mode). For the very
first CH in the RH, the values of zpt are based on the status of the facility being
considered. If all the machines in the facility are available at the beginning of
the RH, then zpt = 0 ∀ p ∈ P, t = 1, . . . , |E(p)|. Otherwise, zpt has a non-zero
positive value for some or all p ∈ P, t = 1, . . . , |E(p)|.

The flow conservation eq (4) from Lagzi et al. [21] has been reformulated as
follows:

Bikt +Wikt = Wik(t−1) +
∑

θ=1,...,|E(pi
k−1)|:

ϕ
pi
k
t−1

<ϕ
pi
k−1

θ
+τ

pi
k−1

mi
k
≤ϕ

pi
k
t

Bi(k−1)θ + aikt (A3)

∀ i ∈ I, k = 2, . . . , n(i), t = 2, . . . , |E(pik)|

In eq (A3), aikt is an input parameter representing the amount of materials from
task i becoming available to be processed at processing unit pik at time point
t. For a particular CH and aikt > 0, ∀ i ∈ I, k > 1, t = 1, . . . , |E(pik)|, aikt ma-
terials must have started being processing at pik−1 during one of the preceding
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CHs, and have completed being processed by time point t. Note that aikt, as an
input parameter, does not account for materials that started being processed at
pik−1 during the current CH, which are accounted for by the decision variable
Wikt.

In this work, we use the following time discretization scheme: E(p) =
(ST, ϕp2, ϕp3, . . . , ϕp(|E(p)|−2), ϕp(|E(p)|−1), ST + H) represents the unit-specific
sequence of time points of length |E(p)| for processing unit p along the axis of
time for a CH starting at time ST and ending at time ST +H within the RH,
where ϕpt represents the actual time value of the tth time point for processing
unit p. In this work, we set the difference in time values of two consecutive to
be the minimum value between the greatest common divisor of (τp1, . . . , τp|Ψ|

)
and 60.

Appendix B Data for the semiconductor case study

Table B1: Product recipes for the semiconductor case study

Product 1 Product 2 Product 3 Product 4 Product 5
Proc. Mode Proc. Mode Proc. Mode Proc. Mode Proc. Mode

A 1 A 1 A 1 A 1 A 1
EF 4 EF 1 B 3 B 1 B 2
C 1 C 1 C 1 C 1 C 1
D 1 D 1 D 1 D 1 D 1
GH 4 GH 3 EF 4 EF 3 EF 2
C 1 C 1 C 1 C 1 C 1
D 1 D 1 D 1 D 1 D 1
I 1 I 1 GH 2 GH 4 GH 1
J 1 J 2 C 1 I 1 I 1
C 2 C 2 D 1 C 2 C 2
D 2 D 2 I 1 D 2 D 2
L 1 L 2 J 3 K 1 K 2
M 1 M 1 C 2 C 2 C 2
C 1 C 1 D 2 D 2 D 2
D 2 D 2 L 3 M 1 M 1
N 1 N 1 M 1 C 1 C 1
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Table B2: Process capacity, resources, and processing time information for the semiconductor case study
(both instances)

Processing times by lot [min]

Process
Number of
Resources Zone

Capacity
[lots] Mode 1 Mode 2 Mode 3 Mode 4

A 1 (5) Diffusion 1 (2) 120
B 1 (5) Diffusion 4 (8) 700 850 1000
C 1 (5) Photo 1 (2) 20 30
D 1 (15) Engraving 1 (2) 15 20
EF 2 (10) Diffusion 2 (4) 200 300 400 500
GH 2 (10) Diffusion 2 (4) 400 500 600 700
I 1 (5) Test 1 (2) 1
J 1 (5) Diffusion 2 (4) 350 400 500
K 1 (5) Diffusion 2 (4) 400 500
L 1 (5) Engraving 1 (2) 140 180 200
M 1 (5) Metal 1 (2) 120
N 1 (5) Metal 1 (2) 20

Values for the number of resources and capacity for each resource for the second instance are
given inside ( )

Table B3: Daily product demand for each task for the first semiconductor instance

Arrival
Day

Daily product demands [lots]
Product 1 Product 2 Product 3 Product 4 Product 5

1 6 6 6 6 6
3 1 1 2 1
4 1 2 1 1
5 1 1 2 1
6 1 3 1
7 1 2 1 1
8 1 2 1 1
9 1 2 1 1
10 2 1 2
11 1 1 2 1
12 1 1 3
13 1 2 1 1
14 1 1 2 1
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Table B4: Daily product demand for each task for the second semiconductor instance

Arrival
Day

Daily product demands [lots]
Product 1 Product 2 Product 3 Product 4 Product 5

1 60 60 60 60 60
3 7 13 5 13 12
4 7 5 15 5 18
5 15 12 11 1 11
6 8 3 25 11 3
7 25 1 24
8 1 9 3 16 21
9 5 8 14 10 13
10 11 13 15 6 5
11 5 14 1 16 14
12 18 4 7 10 11
13 33 1 3 12 1
14 24 1 7 7 11
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Appendix C Full rolling horizon results for the semiconductor case
study

In the following results tables for the semiconductor case study, ’Max Iter.’
refers to the number of days required to complete 100% of the tasks, except
for single-objective f1

2 in Table C1, which failed to complete all tasks by the
end of day 30, which was the maximum length of the rolling horizon we were
considering.

Table C1: Rolling horizon results for single-objective implementations for the semiconductor
case study

f1
ID

f2
ID

Max
Iter.

at max iter. at day 15 Mean CPU
time [sec]Inst. TTP AMS TTP AMS

1st
inst.

0 - 17 90 4,826 59 4,685 38
1 - 17 90 4,952 57 4,740 10
2 - 17 90 5,234 55 5,067 58
3 - 17 90 5,062 58 4,951 19
4 - 18 90 5,022 57 4,892 18
- 0 24 90 7,320 52 6,506 85
- 1 30 84 9,718 27 4,515 56
- 2 24 90 7,176 51 6,478 64

2nd
inst.

0 - 17 900 4,805 608 4,800 42
1 - 17 900 4,750 610 4,742 34
2 - 17 900 4,847 613 4,863 131
3 - 17 900 4,841 605 4,844 55
4 - 16 900 4,677 610 4,694 80
- 0 26 900 9,362 482 8,174 30
- 1 30 795 5,965 332 4,692 147
- 2 25 900 9,216 490 7,726 45
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Table C2: Rolling horizon results for the 1NM-ε and Mod-ε methods for the 1st semiconductor
instance

f1
ID

f2
ID

Max
Iter.

at max
iter. at day 15 Mean CPU

time [sec]
Mean
gap [%]Method AMS TTP AMS

1NMEps Inc 0 0 17 5,273 55 5,184 77 0.00
1NMEps Inc 0 1 17 4,825 56 4,691 282 0.00
1NMEps Inc 0 2 17 5,064 60 4,997 154 0.00
1NMEps Inc 1 0 18 5,436 52 5,420 325 0.18
1NMEps Inc 1 1 17 5,186 55 5,169 221 0.00
1NMEps Inc 1 2 18 5,221 57 5,140 70 0.00
1NMEps Inc 2 0 18 5,117 57 4,893 165 0.00
1NMEps Inc 2 1 17 5,181 52 5,157 338 0.00
1NMEps Inc 2 2 17 5,229 56 5,193 228 0.09
1NMEps Inc 3 0 17 4,816 58 4,721 111 0.00
1NMEps Inc 3 1 17 5,181 55 5,126 222 0.00
1NMEps Inc 3 2 18 5,074 58 4,993 145 0.00
1NMEps Inc 4 0 18 5,253 57 5,100 134 0.00
1NMEps Inc 4 1 18 5,265 57 5,237 217 0.00
1NMEps Inc 4 2 18 5,441 56 5,261 183 0.00
1NMEps Dec 0 0 18 5,416 57 5,301 198 0.00
1NMEps Dec 0 2 18 5,264 56 5,230 158 0.00
1NMEps Dec 1 0 18 5,278 58 5,206 193 0.00
1NMEps Dec 1 1 18 5,121 58 5,086 236 0.00
1NMEps Dec 1 2 18 5,376 56 5,300 126 0.00
1NMEps Dec 2 0 18 5,444 55 5,215 181 0.00
1NMEps Dec 2 1 17 5,689 50 5,762 508 0.00
1NMEps Dec 2 2 18 5,337 57 5,246 320 0.00
1NMEps Dec 3 0 18 5,374 57 5,248 110 0.00
1NMEps Dec 3 1 17 5,394 49 5,436 584 0.00
1NMEps Dec 3 2 17 5,301 56 5,181 140 0.00
1NMEps Dec 4 0 18 5,404 56 5,268 130 0.00
1NMEps Dec 4 1 18 5,276 58 5,138 418 0.00
1NMEps Dec 4 2 18 5,352 56 5,276 286 0.00

ModEps Inc 0 0 18 5,034 58 4,823 98 0.00
ModEps Inc 0 1 17 4,914 56 4,832 230 0.00
ModEps Inc 0 2 17 5,092 57 5,020 110 0.00
ModEps Dec 0 0 17 5,046 55 4,992 245 0.00
ModEps Dec 0 1 17 5,581 54 5,640 623 0.00
ModEps Dec 0 2 18 5,153 56 5,040 150 0.00

Note: 1NMEps Dec for (f0
1 , f

1
2 ) is not included due to not being able to find a feasible

solution for the ε bounded problem on day 5 of the rolling horizon.
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Table C3: Rolling horizon results for the 1NM-ε and Mod-εmethods for the 2nd semiconductor
instance

f1
ID

f2
ID

Max
Iter.

at max
iter. at day 15 Mean CPU

time [sec]
Mean
gap [%]Method AMS TTP AMS

1NMEps Inc 0 0 17 4,579 612 4,556 638 0.11
1NMEps Inc 0 1 16 4,477 614 4,493 984 0.12
1NMEps Inc 0 2 17 4,752 598 4,750 704 0.75
1NMEps Inc 1 0 17 4,757 616 4,751 1,223 0.01
1NMEps Inc 1 1 16 4,660 585 4,686 1,918 0.55
1NMEps Inc 1 2 16 4,768 609 4,800 1,207 0.46
1NMEps Inc 2 0 17 4,739 608 4,761 1,116 0.15
1NMEps Inc 2 1 17 4,502 611 4,498 1,813 0.12
1NMEps Inc 2 2 17 4,857 604 4,875 1,117 1.25
1NMEps Inc 3 0 17 4,763 614 4,759 776 5.43
1NMEps Inc 3 1 17 4,812 578 4,815 1,333 0.36
1NMEps Inc 3 2 17 4,723 603 4,726 1,906 0.39
1NMEps Inc 4 0 17 4,800 610 4,807 792 0.00
1NMEps Inc 4 1 17 4,285 610 4,261 2,115 0.44
1NMEps Inc 4 2 17 4,722 606 4,728 1,549 0.23
1NMEps Dec 0 0 17 4,669 604 4,649 670 0.00
1NMEps Dec 0 1 16 4,552 605 4,579 1,816 0.07
1NMEps Dec 0 2 17 4,745 610 4,751 1,227 0.32
1NMEps Dec 1 0 17 4,681 598 4,663 994 0.01
1NMEps Dec 1 1 16 4,476 593 4,507 1,255 0.13
1NMEps Dec 1 2 16 4,683 604 4,713 1,163 0.39
1NMEps Dec 2 0 17 4,712 606 4,699 957 0.00
1NMEps Dec 2 1 16 4,708 524 4,732 1,609 0.00
1NMEps Dec 2 2 17 4,818 605 4,814 1,882 0.09
1NMEps Dec 3 0 16 4,683 607 4,691 804 0.00
1NMEps Dec 3 1 16 4,630 587 4,637 3,043 0.11
1NMEps Dec 3 2 17 4,851 592 4,854 1,602 0.03
1NMEps Dec 4 0 16 4,613 604 4,631 817 0.19
1NMEps Dec 4 1 16 4,305 608 4,318 1,986 0.13
1NMEps Dec 4 2 16 4,787 593 4,830 1,287 0.00

ModEps Inc 0 0 17 4,749 596 4,754 345 0.25
ModEps Inc 0 1 16 4,548 605 4,544 1,491 0.61
ModEps Inc 0 2 16 4,736 603 4,775 510 0.00
ModEps Dec 0 0 17 4,690 609 4,692 443 0.00
ModEps Dec 0 1 16 4,366 596 4,395 2,522 0.31
ModEps Dec 0 2 16 4,650 609 4,662 1,513 0.01

34



Appendix D Partial data for analytical services case study

Table D1: Paths of processes defining the partial analytical services network of Figure 7

Path ID Sequence of processing units

P1 X F M P K
P2 X F E K
P3 X G M T L
P4 X F R K
P5 X F M T L
P6 Y F M Q J
P7 H M T L
P8 X W S K
P9 X W N U L
P10 X W O I V
P11 X W E K
P12 AF AC AD AN AA E Z
P13 AF AC AD AN AA AB U Z
P14 AF AC AD AN AA AE Z
P15 AF AC AD AN AA S Z
P16 AF AC AD AN AG AI AJ
P17 AF AC AD AN AA AE Z
P18 X AG AI AK
P19 X AH AI AK
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Table D2: Process capacity, resources, and processing time informa-
tion for analytical services case study

Process
Normalized
Capacity

Number of
Resources

Scaled
Processing Time

E 0.06 2 4
F 0.30 2 30
G 0.03 2 15
H 0.07 1 62
I 0.01 1 144
J 0.21 1 24
K 0.67 3 18
L 0.61 2 24
M 0.30 4 12
N 0.61 4 22
AN 0.06 2 7
Z 0.06 2 1
AA 0.12 1 6
AB 0.01 2 33
AC 0.06 2 4
AD 0.06 2 2
AE 0.06 2 8
AF 0.06 1 4
O 0.00 1 1
P 0.25 1 39
Q 0.33 1 144
R 1 10 74
S 0.67 10 47
T 0.16 8 126
U 0.19 8 114
AI 0.48 6 48
AJ 0.20 1 1
AK 0.02 1 2
AG 0.50 1 1,008
AH 0.50 1 1,008
V 0.03 1 6
W 0.61 4 162
X 0.01 6 1
Y 0.01 1 1

Reported capacities are normalized to a maximum value of
1, and processing times are scaled to a minimum value of 1.
Actual plant numbers cannot be disclosed for confidentiality.

Appendix E Full rolling horizon results for the analytical services
case study
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Table E1: Rolling horizon results for single-objective runs for the analytical services case study

f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
Mean CPU
time [sec]

Mean
Gap [%]

0 - 61,321 −1.08 21,132 18.3 88 0.00
1 - 61,990 0 20,447 14.5 88 0.00
2 - 61,246 −1.20 20,540 15.0 14,343 0.00
3 - 61,205 −1.27 20,331 13.8 84 0.00
4 - 59,229 −4.45 20,729 16.1 141 0.00

- 0 58,343 −5.88 20,664 15.7 1,214 0.02
- 1 32,025 −48.34 17,859 0 251 0.01
- 2 60,049 −3.13 25,206 41.1 98 0.00

Table E2: Rolling horizon results for the 1NM method for the analytical services case study

f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
CPU
t. [sec]

Gap
[%]

0 0 60,418 −2.54 20,413 14.3 3,681 0.11
0 1 60,706 −2.07 18,657 4.5 1,887 0.03
0 2 60,228 −2.84 24,546 37.4 206 0.00
1 0 60,915 −1.73 20,053 12.3 2,158 0.06
1 1 61,719 −0.44 19,512 9.3 1,894 0.03
1 2 60,399 −2.57 24,318 36.2 268 0.00
3 0 61,854 −0.22 20,052 12.3 3,244 0.06
3 1 60,422 −2.53 19,566 9.6 2,039 0.03
3 2 61,136 −1.38 24,142 35.2 165 0.00
4 0 59,739 −3.63 19,703 10.3 2,773 0.06
4 1 58,735 −5.25 19,850 11.1 2,276 0.03
4 2 60,419 −2.53 24,205 35.5 355 0.00

Table E3: Rolling horizon results for the 1NM method with 6 minute solver time limit

f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
Mean CPU
time [sec]

Gap

[%]

0 0 60,335 −2.67 20,266 13.5 738 0.13
0 1 60,870 −1.81 19,694 10.3 649 0.05
1 0 61,178 −1.31 20,028 12.1 710 0.07
1 1 61,988 − 0.003 19,312 8.1 630 0.04
3 0 61,943 −0.08 19,943 11.7 713 0.09
3 1 60,885 −1.78 19,613 9.8 575 0.03
4 0 59,373 −4.22 19,709 10.4 819 0.20
4 1 58,540 −5.57 19,838 11.1 670 0.05
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Table E4: Rolling horizon results for the 1NM-ε and Mod-ε methods

Method
f1
ID

f2
ID TTP

dr(TTP)

[%] AMS

dr(AMS)

[%]
Mean CPU
time [sec]

Gap

[%]

1NM-ε Inc

0 0 60,329 −2.68 20,310 13.7 6,314 0.22
0 1 61,059 −1.50 18,567 4.0 4,014 0.09
1 0 61,490 −0.81 20,001 12.0 7,999 0.18
1 1 62,123 0.21 19,555 9.5 3,769 0.10
3 1 60,906 −1.75 19,324 8.2 5,595 0.14
4 0 59,307 −4.33 19,588 9.7 7,933 0.12
4 1 58,812 −5.13 19,763 10.7 6,175 0.11

1NM-ε Inc
(6 min)

0 0 60,214 −2.86 20,357 14.0 1,086 1.70
0 1 60,859 −1.82 19,359 8.4 1,091 0.42
1 0 61,150 −1.36 19,849 11.1 1,061 0.35

Mod-ε Inc
0 0 60,352 −2.64 20,268 13.5 4,446 0.03
0 1 61,427 −0.91 18,441 3.3 5,326 0.05

Mod-ε
Inc (6 min) 0 0 60,336 −2.67 20,308 13.7 1,113 0.09

Results for the search direction of decreasing f1 and f2 are not shown since no feasible solution
was found in this direction for any of the (f1, f2) combination on day 1 of the RH. (f3

1 , f
0
2 ) is

omitted for the 1NM-ε method, since no feasible solution was found in the search direction of
increasing f1 and f2.
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