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Abstract

Industrial demand side management is increasingly recognized as an important measure to
align the network-wide electricity consumption with a volatile generation from intermittent
renewable sources. At the same time, induced price fluctuations at liberalized electricity
markets offer promising monetary incentives for flexible operation. Consequently, within
the past decades, numerous works aimed at raising the economic potentials of adjusted
production schedules by using model- and optimization-based approaches. Within this
context, the contribution of the present thesis is fourfold.

First, the relevant literature currently mainly confines to scheduling optimization prob-
lems embedding (piecewise) linearized process models to maintain computational tractabil-
ity. In contrast, we herein focus on the development of algorithms that allow for the
consideration of long planning horizons with fine discretizations in the case of scheduling
formulations with nonlinear process models. In particular, we show that feasible near-
optimal schedules can thereby be furnished, although exposing only a small fraction of the
degrees of freedom to the optimizer, which leads to substantial savings in computational
times compared to solution approaches considering the full dimensionality.

Second, we build on existing works that argue to account for the transient process behav-
ior during load changes in scheduling optimizations for processes with slow dynamics. In
particular, we herein present a hybrid mechanistic/data-driven model reduction approach
for distillation columns that allows for substantial reductions in computational times while
providing similar prediction capabilities as full-order stage-to-stage models. Thereby, we
enhance the real-time capability of economic nonlinear model predictive control schemes
and enable participation in continuous electricity markets directly at the control layer.

Third, we address the optimal decision-making at pay-as-bid electricity markets, such
as the German market for primary balancing power, where a severe trade-off between a
higher probability of acceptance of a bid and a higher potential compensation payment
exists. To account for this trade-off, we herein propose a two-stage stochastic problem
formulation, where we optimize the bid at the balancing market auction in the first stage
and market the remaining flexibility at the spot market in the second stage by a scheduling
optimization.

Fourth, we critically question currently discussed measures increasing the flexibility po-
tential of industrial processes from the perspective of the decarbonization of the electricity
sector. For this purpose, we consider a generic process and evaluate whether measures that
enhance the exploitation of time-variable electricity prices also result in a reduction of the
consumption of fossil-generated electricity in favor of renewable electricity. Most impor-
tantly, we show that characteristic price fluctuation patterns prevent adequate monetary
incentives for providing storage capacities that enable load shiftings on time scales in the
order of one day, which would however be crucial for reducing the environmental impacts
associated with the generation of the purchased electricity.
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Kurzfassung

Industrielle Laststeuerung wird zunehmend als wichtige Maßnahme erkannt, den netzwei-
ten Stromverbrauch an eine volatile Erzeugung aus erneuerbaren Quellen anzupassen.
Gleichzeitig bieten die in liberalisierten Strommärkten verursachten Preisschwankungen
vielversprechende monetäre Anreize für einen lastflexiblen Betrieb. Entsprechend versuch-
ten in den vergangenen Jahrzehnten zahlreiche Arbeiten, wirtschaftliche Potenziale ange-
passter Produktionspläne mittels modell- und optimierungsbasierter Ansätzen zu heben.
Vor diesem Hintergrund ist der Beitrag der vorliegenden Arbeit vierfacher Natur.

Erstens: Die relevante Literatur beschränkt sich derzeit primär auf Betriebsoptimierungs-
probleme, die (abschnittsweise) linearisierte Prozessmodelle zwecks Einsatz effizienter nu-
merischer Lösungsverfahren verwenden. Im Gegensatz dazu liegt der Fokus dieser Arbeit
auf der Entwicklung von Algorithmen, die die Betrachtung langer Planungshorizonte mit
feinen Diskretisierungen auch für Optimierungsprobleme mit nichtlinearen Prozessmodel-
len ermöglichen. Insbesondere zeigen wir, dass so zulässige, nah-optimale Produktionspläne
identifiziert werden können, obwohl nur ein kleiner Anteil an Freiheitsgraden dem Optimie-
rer zur Anpassung freigegeben wird. Dies führt zu erheblichen Reduktionen der Rechenzeit
im Vergleich zu Lösungsansätzen, die die volle Dimensionalität berücksichtigen.

Zweitens erweitern wir bestehende Arbeiten, die für eine Berücksichtigung des tran-
sienten Prozessverhaltens während Lastwechseln bei Betriebsoptimierungen von Prozes-
sen mit langsamer Dynamik plädieren. Hier stellen wir einen hybriden mechanistisch-
datengetriebenen Modellreduktionsansatz für Rektifikationskolonnen vor, der signifikante
Reduktionen der Rechenzeiten ermöglicht und gleichzeitig ähnliche Vorhersagegenauig-
keiten aufweist wie rigorose Stufenmodelle. Dadurch verbessern wir die Echtzeitfähigkeit
nichtlinearer modellprädiktiver Regelungsansätze mit ökonomischer Zielfunktion und er-
lauben eine Teilnahme an kontinuierlichen Strommärkten direkt auf Ebene der Regelung.

Drittens betrachten wir die optimale Entscheidungsfindung auf
”
Pay-as-bid“-

Strommärkten, wie dem deutschen Markt für Primärregelleistung, wo die Abwägung zwi-
schen einer höheren Wahrscheinlichkeit des Zuschlags für ein Angebot und einer höheren
potenziellen Ausgleichszahlung erforderlich ist. Um dies zu berücksichtigen, wird hier eine
zweistufige stochastische Problemformulierung vorgestellt, bei der wir in der ersten Stufe
das Gebot für die Auktion auf dem Regelleistungsmarkt optimieren und in der zweiten
Stufe die verbleibende Flexibilität für eine Betriebsoptimierung am Spotmarkt einsetzen.

Viertens hinterfragen wir derzeit diskutierte Maßnahmen zur Erhöhung des Flexibi-
litätspotenzials von industriellen Prozessen kritisch vor dem Hintergrund der Dekarboni-
sierung des Stromsektors. Dazu betrachten wir einen generischen Prozess und evaluieren, ob
Maßnahmen, die die Ausnutzung variabler Strompreise erleichtern, auch zu einer Reduktion
des Verbrauchs fossil erzeugten Stroms zugunsten von erneuerbarem führen. Insbesondere
zeigen wir, dass typische Preisschwankungen adäquate monetäre Anreize für die Vorhaltung
von Speicherkapazitäten, die Lastverschiebungen auf Zeitskalen in der Größenordnung ei-
nes Tages ermöglichen und daher entscheidend für die Verringerung der mit der Erzeugung
des bezogenen Stroms verbundenen Umweltauswirkungen wären, verhindern.
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all students is gratefully acknowledged. In particular, the bachelor’s theses of H. Markgraf,
P. Lenz, and T. Daun as well as the master’s theses of H. Westerholt and K. Kleinhans
formed the bases of some of the aforementioned publications. Their contribution is thus
stated above.

In addition to that, the following publications, which are not part of this thesis, were
authored or contributed to while being at AVT.SVT:

• A. Mitsos, N. Asprion, C. A. Floudas, M. Bortz, M. Baldea, D. Bonvin, A. Caspari,
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1. Introduction

Meeting nowadays energy demand is still primarily achieved by the depletion of fossil
resources. The involved emissions of large quantities of greenhouse gases have already
led to tremendous and potentially irreparable influences on the world’s climate system.
Consequently, the most crucial challenge for future societies and economies lies in the
transformation of all value chains to substantially more sustainable ones while at the same
time guaranteeing to provide the required amount of energy to all consumers.

Process systems engineering (PSE) can contribute to meeting this global challenge by
developing new process designs and operating schemes that allow for the conversion of
renewable energy sources and feedstocks into required products in a sustainable manner [1].
Among the variety of research topics that fit into this context, this thesis is concerned
with the transformation of the electricity sector towards a high penetration of volatile
generation from intermittent renewable sources and thereby aims at the reduction of the
overall consumption of fossil-generated electricity in favor of low-carbon electricity. We
acknowledge that our perspective is certainly shaped by the German energy system, which
is characterized by large shares of non-dispatchable renewable generation by wind farms
and photovoltaics. We however emphasize that in absence of opportunities for a base load
capable renewable generation, e.g., from hydroelectric plants, similar circumstances will
likely characterize many other energy systems as well - at least in the future.

In order to enable high shares of electricity generation by wind farms and photovoltaics,
a certain degree of flexibility is required in the energy system, so that the currently mostly
inelastic network-wide electricity demand can be aligned with the volatile nature of the
generation [2]. To this end, there are two fundamental alternatives: first, the fluctuations of
the electricity generation can be smoothened by storing excess generation and releasing it
in times of shortages and second, the electricity consumption can be flexibilized to meet the
fluctuating electricity supply by active load management, which is referred to as demand
side management (DSM). Although measures that are taken on the supply side and those
taken on the demand side act similarly from a network-wide perspective, i.e., load shedding
of consumers acts similarly on the electricity grid level as discharging a battery storage,
we herein primarily focus on measures of DSM. Being more specific, the main subject of
this thesis lies in utilizing the load flexibility of existing continuous industrial processes by
appropriate adjustments of their operation.

The provision of load flexibility by industrial processes is - in particular in the case of
continuous processes - usually in a severe conflict with their primary purpose, that is, the
production of desired goods [3]. More precisely, if either shedded load could not be caught
up or a flexible operating strategy led to large amounts of products violating the specifi-
cations, i.e., if production targets were missed, the process operator would have certainly
failed from an entrepreneurial perspective. Consequently, without any monetary incen-
tives for a flexibilization of the electricity consumption, no rational entrepreneur would be
willing to take such risks. Fortunately, monetary incentives are inherently set at liberal-
ized electricity markets, where the fundamental principles of supply and demand lead to
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1. Introduction

fluctuating price signals depending on the instantaneous network-wide demand and the
realized feed-in from intermittent renewable sources. Note that these circumstances have
nowadays gained broad attention due to increasing numbers of periods with even nega-
tive prices. The exploitation of electricity market price spreads appearing on various time
scales by shifting load from periods with high prices to those with low ones, i.e., by per-
forming DSM, is hence currently considered an appealing measure to reduce the costs for
the electricity purchase. Even more, this opportunity might ultimately cause a paradigm
change. Namely, whereas the most efficient process, i.e., the process with the lowest energy
consumption per output unit traditionally used to be the most competitive one, a higher
degree of flexibility might eventually become a nonnegligible competitive edge.

Against the described backdrop, when approaching DSM from the perspective of a pro-
cess systems engineer, the concept of model-based approaches gains a particular impor-
tance. That is, decisions about the process operation should preferably be made on a
sound basis, having a model that predicts the behavior of the (abstracted) system de-
pending on the selection of the values of the decision variables. Going one step further,
such models then also allow for determining those values for the decision variables that
lead to an optimal objective value, which is commonly achieved by performing numerical
optimizations. Undeniably, the quality of the furnished results and thus the quality of the
derived decisions relies on the quality of the applied model. Setting up a suitable model for
a certain purpose is therefore maybe the most crucial part of the entire workflow and also
the central aspect of the present thesis. As a generally applicable yet abstract rule, a suit-
able model always contains only the most relevant phenomena and discards all irrelevant
ones. In the case of models in the context of DSM, the main challenge in modeling hence
lies in the harmonization of three aspects: the addressed electricity market, the relevant
decision-making layer, and the time scales and characteristics of process responses. The
question of how to solve this challenge, i.e., how to harmonize the aspects by formulating a
suitable model for our purposes, accompanies us through all chapters of the present thesis.

Certainly, this thesis is not the first work to discuss model-based approaches to DSM,
as illustrated in the literature review in the following chapter. For instance, a compre-
hensive review paper from 2016 by Zhang and Grossmann [4] already lists more than 40
references since 1989 that fall under this category with numerous articles having been
additionally published between 2016 and now. However, when revisiting the existing liter-
ature, one can easily figure out a predominant perspective on model-based approaches to
DSM, which interprets DSM as a scheduling problem with time-variable input data and
which sets up quasi-stationary linearized process models. Besides that, there are several
aspects related to DSM that have been started to be discussed in recent years, such as
implications due to the interaction of scheduling and control layers, economic potentials
of partitioning the process flexibility among multiple markets, and a fair assessment of
the reduction of environmental impacts when performing DSM. In the present thesis, we
identify further relevant research perspectives beyond the state-of-the-art in DSM-related
literature, for which we propose model-based solution approaches. We highlight that the
main contribution lies in the development of methodologies. To this end, we make use of
several well-established methods from various research fields within PSE and combine and
tailor them for our specific purposes.

The remainder of the thesis is structured as follows: In Chapter 2, we first give an
overview of the existing DSM-related literature clustered according to the discussion above.
Based on this, we then derive so far mostly unnoticed but highly relevant research perspec-

2



tives and state the contributions of the present thesis in detail. In Chapter 3, we address
the computational challenges when embedding nonlinear process models into discrete-time
scheduling optimizations. We therein present an algorithm that allows for the consideration
of long planning horizons with fine discretizations. The algorithm relies on a reduced-space
scheduling formulation. In its original version, we assign one degree of freedom to multiple
scheduling intervals and iteratively refine the assignment using a wavelet-based analysis.
The algorithm is applied to the scheduling of a compressed air energy storage (CAES).
Afterwards, we present an extension of the algorithm in the case of optimization problems
with only continuous variables, where we directly expose the coefficients of the wavelet
transform as variables to the optimizer, which allows for making decisions on refinements
based on sensitivity information from Lagrangian multipliers. The extended algorithm
is applied to the scheduling of an air separation unit (ASU). In Chapter 4, we propose a
hybrid mechanistic/data-driven model reduction approach for distillation columns combin-
ing classical compartmentalization with surrogate modeling using artificial neural networks
(ANNs). The reduction approach substantially enhances the real-time capability of model
predictive control schemes. We thus apply the reduced hybrid model within a single-layer
control framework of an ASU, which allows for performing DSM by participating in con-
tinuous electricity markets directly at the control layer. In Chapter 5, we introduce a
two-stage stochastic problem formulation for optimizing the bids at pay-as-bid markets
for balancing power. There, the selection of the offered capacities and ask prices corre-
sponds to the first stage, whereas the second stage is a scheduling optimization subject to
time-variable spot market prices. In a case study, we identify optimal bidding strategies
for an industrial aluminum electrolysis cell that provides reserve capacities for balancing
frequency fluctuations. In Chapter 6, we finally present a generic process model, which we
use for assessing synergies and trade-offs between economic and environmental objectives
of DSM. In particular, we therein discuss that measures increasing the flexibility potential
of a process affect the two objectives unevenly due to different fluctuation characteristics
in the underlying time series. We conclude the thesis in Chapter 7 with a summary of the
insights and results from a high level and outline perspectives for future research.
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2. Literature review and contributions
of the thesis

Fluctuating spot electricity prices as well as high compensation payments for capacities
that are reserved for the provision of ancillary services have motivated extensive research
to assess the economic benefits from DSM for numerous energy-intense processes by using
model-based approaches. Here, the majority of literature focuses on ASUs [5–18]. How-
ever, other processes are well-investigated as well, such as chlor-alkali electrolysis [19–23],
electric arc steelmaking [24–27], aluminum electrolysis [28], cement [29, 30], seawater de-
salination [31–33], pulping [34] and electrically boosted glass furnaces [35]. Note that there
are also several comparable efforts beyond DSM that address the operational optimization
of processes on the supply side under the described circumstances, e.g., the scheduling of
both conventional [36–39] and renewable thermal producers [40, 41] and energy storage
systems [42, 43].

Approaching the referenced works from a methodological point of view, the applied
models essentially fulfill two tasks. First, the actual process is modeled. The main purpose
of this part of the model is to predict how changing the operation affects the key process
variables, i.e., those variables which appear in the objective function or the constraints of
the optimization problems, such as the power consumption, limiting product specifications,
etc. Second, there is a need for quantifying the impacts of the adjusted operation. To this
end, there is a corresponding part of the model that commonly computes the objective
function for optimization as well as potential other performance indicators from the process
variables.

In the following, we briefly review the existing literature in Section 2.1 against the back-
drop of the discussion above. In particular, we first discuss the predominant perspective
considering DSM as a scheduling problem with time-variable input data, i.e., using quasi-
stationary (mostly linearized) process models and quantifying the benefits by considering
a time-variable pricing of the consumed electricity that offers opportunities to reduce the
electricity costs. Afterwards, we present recently addressed research fields beyond this
perspective, such as the consideration of transient process behavior through the use of
dynamic models, the partitioning of the available flexibility among multiple markets with
individual rules, horizons, and pricing schemes, and the extension of the scheduling per-
spective towards the quantification of environmental impacts, particularly by using the
reduction of the carbon footprint of the purchased electricity as an alternative objective
function. Based on the clustered review, we then derive the research questions of the
present thesis in Section 2.2 by identifying promising but so far mostly unnoticed topics.
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2.1. Literature review

2.1.1. Demand side management as a scheduling problem with
time-variable input data

Revisiting the referenced literature from the beginning of the chapter, one finds that the
vast majority of works considers DSM as a scheduling problem with a time-variable pricing
of one of the process inputs, namely of the purchased electricity. Thus, consumers are able
to adapt to the given price signals retrieved from the market by adjusting their opera-
tion [4], making DSM a problem of enterprise-wide optimization [44]. Consequently, the
majority of the DSM-related literature essentially builds on a sound framework, which pro-
vides numerous methods for process scheduling using discrete [45–48] and continuous-time
formulations [49–53] as well as recent combinations thereof [54–56]. Advantages and dis-
advantages of the individual types of time representations have been widely reviewed [57–
60], indicating no general superiority of one approach. In the case of scheduling subject
to time-variable electricity prices, only a few authors however propose continuous-time
formulations [24, 26, 61], as the input data is inherently discrete (e.g., hourly changing
prices in day-ahead markets). Consequently, we limit the further review to the vast ma-
jority of literature in the context of DSM-oriented scheduling that relies on discrete-time
formulations, mostly by applying the same discretization as the electricity prices.

In the light of the discussion above concerning the applied models, most of these works
essentially use a similar objective function, namely the electricity cost added up over
all intervals in the scheduling horizon (partially extended by accounting for additional
raw materials and/or opportunity costs for shedded production). This objective function
is minimized by assigning optimal loads to the individual intervals while respecting all
technical (e.g., operating limits) and economic (e.g., production targets) constraints. In
this setting, the process model simply represents the link between the load and those
process variables, which are relevant for the constraints. For this purpose, one commonly
relies on quasi-stationary models, i.e., by assuming that all scheduled set-point changes
can be realized by the subordinated control with negligible delay. Note that often further
constraints restrict the admissible set-point changes by introducing ramping limits, which
will be discussed together with its implications in the following subsection.

The most basic version of such a process model in the context of DSM-oriented schedul-
ing is provided in the early work of Daryanian et al. [62]. Therein, the authors introduce a
storage-type customer that can vary its electricity consumption and store products up to
a certain limit. As the production rate is proportional to the electricity consumption and
there are no additional constraints beside operating/storage limits and a cumulative pro-
duction target for the considered horizon, scheduling of this process corresponds to solving
a linear program (LP), which is undeniably the least complicated type of optimization
problems. The first major extension of this perspective is given by Ierapetritou et al. [5],
who address the DSM-oriented scheduling of a real process, namely an ASU. Therein,
the authors consider multiple admissible operating modes for the ASU (regular, assisted,
and shut-down mode) by introducing binary variables as well as logical constraints on the
switching between the modes by formulating sets of linear inequalities. As the authors
apply a linearized power consumption function, the corresponding scheduling problem be-
comes a mixed-integer linear program (MILP), which is much more complicated to solve
than an LP but can still be handled efficiently by state-of-the-art computer codes. Es-
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sentially, this formed the basis of several subsequent works, such as the one by Karwan
and Keblis [6] or the ones by Mitra et al. [30, 37], which either provide additional linear
formulations for further logical constraints on mode switches or tighten existing constraint
formulations to enhance the solvability. These MILP problem formulations found numer-
ous applications in the literature, mostly in the context of ASUs (e.g., [7]) but for instance,
also for modeling of a switchable chlor-alkali-electrolysis [21].

Real processes are however often not well represented by simplified linearized models
that directly allow for (MI)LP formulations. Therefore, Zhang et al. [63] propose a frame-
work to approximate nonconvex feasible sets with nonlinear objective functions by unions
of polytopes - each of them with piecewise linear objective function - and thereby ulti-
mately enable MILP formulations that can be handled efficiently in these case as well.
The approach is referred to as convex region surrogate model and is successfully applied to
the scheduling of ASUs in numerous case studies [8, 64–68]. Although such models relying
on piecewise linearization might result in a large number of disjunctions reformulated us-
ing binary variables in case of strongly nonlinear multivariate relations, only a few authors
tried a direct consideration of nonlinear process models in discrete-time scheduling so far,
as this leads to (mixed-integer) nonlinear programs ((MI)NLPs) with potentially multi-
ple suboptimal local optima. Consequently, solving these scheduling problems preferably
requires global solution approaches to avoid furnishing suboptimal solutions [31], which
however easily causes prohibitive problem sizes, i.e., numbers of variables and constraints.
That is, state-of-the-art deterministic global solvers cannot cope with large numbers of
intervals in discrete-time scheduling formulations that stem from long planning horizons
with fine discretizations.

Particularly when embedding nonlinear relations, extending the scope of the scheduling
calculations, i.e., towards longer horizons and/or finer temporal discretizations, is thus a
crucial challenge. As an alternative to simplifications of the actual process model through
piecewise linearizations, a second alternative lies in an approximation of the model for
calculating the objective function in the scheduling optimization. To this end, meth-
ods for time series aggregation, which have been widely used in the context of energy
systems engineering (cf. the overview given by Teichgraeber and Brandt [69] and the refer-
ences therein), become highly appealing. Essentially, these approaches represent an entire
horizon comprising a large number of intervals by only a few characteristic intervals and
have mostly been used to consider operational decisions during the design optimization
of energy systems by reducing the dimensionality of the corresponding MILP scheduling
formulations [70–73]. The application of methods for time series aggregation to short-term
scheduling subject to time-variable electricity prices using MINLP formulations is neverthe-
less in principle straight-forward. However, classical methods for time series aggregation
do not consider the chronology of intervals. Therefore, their application to all systems
with time-coupling constraints, such as storage or ramping limits, which characterize al-
most every DSM-relevant process, is de facto impossible, as furnished schedules would in
general be infeasible due to violations of the time-coupling constraints. To overcome this
restriction, recent literature proposes an aggregation method relying on the identification
of characteristic periods, in which the chronology is preserved [74], finally enabling the
consideration of long-term storage in design optimizations [75].

In order to avoid the issues arising from time-coupling constraints, a second alternative
has been proposed to allow for a low dimensionality of the optimization problem. Corre-
sponding approaches make use of a re-assignment between degrees of freedom (DoFs), i.e.,
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the actual decision variables, and the scheduling intervals, leading to tailored nonuniform
time grids, essentially taking up an idea from the classical discrete-time batch schedul-
ing [48]. More precisely, the dimensionality of the optimization problem is reduced by
assigning one DoF to multiple intervals. As at the same time, all intervals of the orig-
inal time series are explicitly considered further on, this allows for the consideration of
time-coupling constraints, such as storage or ramping limits, and ultimately guarantees to
furnish feasible schedules. For instance, both Pineda and Morales [76] as well as Palys and
Daoutidis [77] apply such an approach by clustering multiple similar consecutive intervals
in operational optimizations. To the best of our knowledge, there have however been so far
no approaches to utilize the concept of tailored time grids in the context of DSM-oriented
scheduling.

2.1.2. Interaction and integration of the scheduling and the control
layer

The first extension of the perspective presented in the previous subsection solely addresses
the process model, specifically the explicit consideration of the transient process behavior
during set-point changes therein. This extension originates from the observation that pro-
cess dynamics become important for scheduling decisions if set-point changes in response
to market signals occur with period lengths that are in a similar order of magnitude as
process time constants [78]. Neglecting the dynamics might then lead to suboptimal or
even infeasible schedules [79], i.e., to scheduled set-point changes that cannot be tracked
by the subordinated control without violating the specifications. As briefly stated above,
most of the existing literature in the context of DSM-oriented scheduling only implicitly
accounts for these circumstances by restricting the admissible set-point changes between
two consecutive intervals. However, more recently, authors have started to argue to account
for the transient closed-loop process behavior by using dynamic models and applied them
in scheduling optimizations [10, 22, 80–82]. Along these lines, there are further approaches
that aim at an explicit consideration of the subordinated control layer tracking the sched-
uled set-point changes either by scheduling calculations with sequential closed-loop process
simulations [83] or by introducing the optimality conditions of the subordinated control
problem into the formulation of the scheduling problem [84, 85].

In the context of DSM-oriented scheduling, the discussion above will mostly apply to
the scheduling of ASUs, which are commonly characterized by large liquid hold-ups in the
distillation columns and thus large time constants and dead-times [86, 87]. Consequently,
most of the referenced approaches have been applied to ASUs. For instance, Pattison
et al. [10] use low-dimensional Hammerstein-Wiener models with polynomial input and
output nonlinearities for the closed-loop dynamics of scheduling-relevant variables of a
single-product ASU and solve the dynamic optimization problem in a sequential manner.
The same authors later extend the approach towards a moving horizon framework [88].
Kelley at al. [81] continue to use Hammerstein-Wiener models but with piecewise linear
input and output nonlinearities, which allows for a simultaneous solution approach by
formulating a large-scale MILP for scheduling of the same process [14]. Moreover, Tsay et
al. [82] present a framework for learning of the scheduling-relevant dynamics and apply this
to a large-scale multi-product ASU [18]. Finally, Dias at al. [83] also apply their proposed
approach based on sequential scheduling calculations and closed-loop process simulations
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to the scheduling of the aforementioned single-product ASU.
The previously mentioned works consider existing process control systems, mostly based

on linear model predictive control (LMPC), and thus do not take the advantages of adap-
tations of the control systems into account. However, we have shown in a previous work,
which has been published prior to the present thesis and is not part of it, that the use
of detailed nonlinear models in a nonlinear model predictive control (NMPC) setting can
substantially reduce load change periods of transiently operated distillation columns used
in ASUs [89]. Having a suitable nonlinear model that is valid across the entire operat-
ing range then further allows for another promising alternative: integrating the economic
perspective, i.e., the optimization subject to time-variable electricity prices in the context
of DSM, directly into the controller [90]. This approach is commonly referred to as eco-
nomic NMPC (eNMPC) [91]. Successful eNMPC applications in chemical engineering are
reviewed by Ellis et al. [92] with a focus on batch optimizations. The sound theoretical
framework concerning stability and optimality properties of eNMPC schemes, which is
provided in the relevant literature, e.g., [93–95], is nevertheless still valid for continuous
applications as well. The use of single-layer eNMPC schemes however requires that the
nonlinear dynamic optimizations are conducted on time scales that are sufficient for both
the economic performance and the traditional purpose of the control system, i.e., the re-
jection of disturbances. Ideally, the sampling rates for eNMPC should thus be in a similar
order of magnitude as those for (regulatory) LMPC, which in contrast involves quadratic
optimization problems that can be handled much more efficiently. A major challenge when
applying eNMPC to chemical processes thus lies in solving nonlinear dynamic optimiza-
tion problems in real-time, which particularly holds for large-scale distillation systems such
as ASUs, where first-principle models easily lead to differential algebraic equation (DAE)
system comprising hundreds of differential variables.

Existing applications of (e)NMPC schemes to ASUs therefore almost exclusively rely
on fast update methods. For instance, Huang et al. [96] use sensitivity-based updates
for regulatory NMPC of an uncoupled distillation section of an ASU producing both ni-
trogen and oxygen. Huang and Biegler [97] later extend this case study by an economic
objective for optimizations subject to time-variable electricity prices. As an alternative
to sensitivity-based updates, Caspari et al. [98] use suboptimal updates by performing
only a limited number of iterations of the optimizer without interim line searches, thus
restricting the number of function evaluations during the dynamic optimization, and fo-
cus on an integrated single-product nitrogen plant. For this particular application, the
authors further identify promising improvements in terms of electricity costs enabled by
the eNMPC when compared to a scheduling with low-dimensional dynamic models and a
subordinated LMPC tracking controller [99]. The suboptimal framework based on limited
function evaluations is also applied to a multi-product ASU comprising a double-column
for producing both oxygen and nitrogen [100] as well as to a recently presented highly-
flexible ASU configuration with an internal liquefaction cycle [101], which further allows to
feed back stored product to maintain the internal columns flows during load decreases [16].

Although impressively large ASUs have already been considered in the literature, model
sizes and complexities are still a bottleneck for the application of eNMPC in practice, such
that fast control schemes alone do usually not allow for the desired high sampling rates.
Thus, in order to enhance the real-time capability of the nonlinear dynamic optimizations,
there is also a need to reduce the computational complexity of the process models - par-
ticularly of the distillation models - without impairing accuracy. Here, three fundamental
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types of model reduction approaches for distillation columns have been proposed in the
literature so far. They are based on (i) nonlinear wave theory [102–105], (ii) insertion of
collocation points replacing single stages [106–108], and (iii) aggregation of multiple sin-
gle stages to compartments [109–112]. Note that all three approaches have already been
applied to modeling as well as dynamic optimization and/or control of ASUs.

Fu and Liu [113] present an advanced regulatory control scheme using a simplified wave
model based on the earlier work of Liu et al. [114] on wave modeling for thermally coupled
distillation columns. Moreover, Caspari et al. [105] extend the original nonlinear wave
model by accounting for varying column hold-ups occurring in case of load changes and
apply this model to closed-loop eNMPC of a single-product nitrogen plant subject to time-
variable electricity prices. In contrast, Cao et al. [115] present a collocation-based reduction
approach for the distillation columns used in ASUs. The authors then apply the reduced
models to an open-loop operational optimization of a single-product nitrogen plant subject
to time-variable electricity prices [116] as well as to the preemptive planning of economically
optimal control actions in response to upcoming changes in the downstream demand [117].
Finally, Khowinij et al. [118] and Bian et al. [119] present compartmentalization approaches
for dynamic modeling of the lower and the upper distillation column respectively in an
integrated plant for producing highly pure oxygen and nitrogen. Later, Chen et al. [120]
utilize these models in a regulatory NMPC scheme for the entire plant. In summary,
out of the numerous works using reduced dynamic models for operational optimization
of ASUs, only two, namely [116] and [105], consider the optimal operation in response
to time-variable price signals. From this, only one, namely [105], focuses on closed-loop
eNMPC, but still does not consider real-time relevant issues, such as time delays due to
computational times as well as imperfect market forecasts.

2.1.3. Multi-level approaches to model the simultaneous participation
in spot electricity and ancillary service markets

Essentially, all literature referenced in Subsections 2.1.1 and 2.1.2 relies on similar simple
models for the purchase of the electricity when computing the objective functions. That
is, the electricity is priced in a time-variable manner, i.e., the price per unit consumption
differs over time, which de facto corresponds to a time-of-use tariff offered by the supplier
to the consumer. Considering the actual participation in spot electricity markets, using
such a pricing scheme still appears to be a reasonable approximation. For instance, at the
German day-ahead market, which is the most relevant market for the short-term market-
ing of operational flexibility, prices almost solely depend on the instantaneously realized
electricity generation from intermittent renewable sources as well as the nearly inelastic
network-wide demand. Consequently, marginal day-ahead spot prices can be estimated
quite well in the short-term. Furthermore, price time series show on average distinct re-
peating fluctuation patterns, which allows for sound estimations of long-term benefits of
flexible operation. Note that even if considering continuous trading at intra-day markets in
a pay-as-bid manner, applying a time-variable pricing appears to be a justifiable approach,
as intra-day prices clearly show the trend to follow those from the day-ahead markets and
usually only involve uncertainties up to some extent.

As a volatile electricity supply also threatens the grid stability, incentives are set by
transmission system operators (TSOs) for both energy suppliers and consumers to provide
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ancillary services, which thereby partially give up control of their energy consumption/gen-
eration. As the compensation payments for the provision of ancillary services are highly
promising from an economic point of view, several works have started to take these into ac-
count in scheduling optimizations. For instance, Zhang and Hug [28] and Zhang et al. [25]
consider an aluminum smelter and a steel plant respectively, which participate in both
the spot electricity market as well as the market for spinning reserve, and use stochastic
programming to account for uncertainties in price forecasts. Likewise, Zhang et al. [8, 65]
focus on an ASU with cryogenic energy storage, which participates in the spot electricity
market and simultaneously gets compensation payments for providing interruptible loads.
In these works, the authors are primarily concerned with the uncertainty in the requests
for the operating reserve. To this end, they first present a robust optimization approach
guaranteeing the availability of the operating reserve at any point in time, which they later
extent by an adjustable formulation allowing for recourse actions depending on previous
realizations of the uncertainty. In addition to that, Otashu and Baldea [121] evaluate mon-
etary benefits from the provision of frequency regulation capacities by chlor-alkali plants
while accounting for process constraints and dynamics.

The main challenge in modeling the simultaneous participation in multiple markets and
even more in solving these models lies in the fact that decisions have to be made in a
multi-level manner. Note that this might originate from inherent uncertainties as in some
of the previous references. In the general case, the multi-level perspective however already
evolves from different temporal horizons of the decisions made at the various markets. In
order to assess the economic benefits from such a multi-level market participation, Dowling
et al. [122] provide a multi-scale optimization framework considering revenue potentials at
both multiple spot markets with varying temporal discretizations and ancillary service
markets. Therein, the authors identify promising incentives for additionally providing
ancillary services that can substantially increase the overall revenues compared to a pure
marketing of the operational flexibility at spot markets. Moreover, Otashu and Baldea [123]
present a generic model for an electricity consumer, which exploits time-variable prices at
a day-ahead spot electricity market in the upper level and offers remaining operational
flexibility at a short-term ancillary service market. Along the same lines, Xenos et al. [9]
consider an ASU and analyze remaining reserve capacities that can be marketed after
optimally scheduling the production subject to time-variable day-ahead prices. Note that
the literature referenced in this subsection exclusively considers exogenously determined
prices, i.e., prices that are not affected by one’s own market participation, which is a
reasonable assumption if participating in markets applying marginal prices as done in the
corresponding works. To the best of our knowledge, there have however been so far no
approaches to consider the decision-making at other types of markets, particularly those
where one’s own participation will affect the market outcome.

2.1.4. Quantification of the environmental benefits of performing
demand side management

When considering the alternative options to provide the required flexibility to the electric-
ity grid, particularly the storage of surplus energy and the production of e-fuels, one finds
that extensive studies have been carried out to quantify the environmental impacts and
identify the most sustainable of various technological alternatives [124–127]. In contrast,
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when considering industrial DSM, the research focus shifts to an almost exclusively en-
trepreneurial perspective by solely using economic objective functions (cf. the references
at the beginning of this chapter). Nevertheless, first few approaches exist that try to assess
the environmental impacts of performing DSM in response to price signals.

Finn and Fitzpatrick [128] consider an industrial manufacturer in Ireland and identify
a positive correlation between cost savings and wind power consumption. In particular,
the authors find that relative monthly electricity cost savings are on average accompanied
by relative increases in the consumption of electricity generated by wind farms. Going
one step further, hourly changing electricity mixes also result in hourly-changing emission
factors and thereby allow for the use of an environmental objective for the scheduling opti-
mizations as well. To this end, Kopsakangas-Savolainen et al. [129] optimize the electricity
purchase of two finish industrial consumers with regard to a minimization of the greenhouse
gas emissions that are associated with the generation of the electricity. Along the same
lines, Summerbell et al. [130] focus on a cement plant in the UK and optimize the sched-
ules subject to time-variable carbon footprints of the electricity and compare them to the
economic optima leading to the lowest electricity costs. The authors find synergetic effects
between the two objectives, i.e., the optimization for cost savings also reduces the CO2

emissions associated with the generation of the purchased electricity and vice versa. At
the same time, the authors also identify possibilities for balancing between the objectives,
as optimizations for one objective leave a substantial reduction potential of approximately
50% in the other one unexploited. Following a similar approach, Kelley et al. [131] use
an existing model for an ASU from their previous work [14] and compare economically
and environmentally optimized scheduling alternatives for this process using electricity
data for California. Therein, the authors also find mostly synergetic effects. However, in
specific periods, the environmentally optimized schedules lead to substantially increased
electricity costs by several percentage points compared to the stationary reference oper-
ation. Noticeably, the economically optimized schedules always leave an environmental
optimization potential unexploited, but they never lead to higher CO2 emissions compared
to the stationary reference operation. Trade-offs like the ones observed in the previous
references can be systematically taken into account by multi-objective optimizations. For
instance, Baumgärtner et al. [132] use an ε-constraint method and present Pareto curves
for the optimal integrated design and operation of a utility system. The authors consider
total annualized costs and global warming impacts as objectives and illustrate significant
potentials for balancing between these two objectives. Comparable approaches have how-
ever not yet been taken to systematically assess the impacts of measures increasing the
flexibility potential on the demand side.

2.2. Contributions of the thesis

As can be seen from the literature review in the previous section, numerous model-based
approaches have been applied in the literature to optimally raise the benefits of actively
using the operational flexibility of energy-intense industrial processes by performing DSM.
However, promising further research perspectives can be identified that have not yet been
considered in the literature. These are thus addressed in the present thesis using model-
based methods as well. As in the remainder of the thesis, the focus is set on the formulation
of suitable models for the intended purposes further on, we continue to use the order of
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Section 2.1 and present and discuss the contributions of the thesis in accordance with that.
That is, we first present algorithms that enhance the solvability of scheduling formulations
when embedding nonlinear process models. Second, we propose model formulations that
allow for performing DSM directly by a single-layer eNMPC. Third, we propose a two-
stage stochastic problem formulation for optimizing the participation at pay-as-bid bal-
ancing markets. Finally, we present a generic process model that enables an environmental
assessment of monetarily incentivized measures for DSM.

2.2.1. Computationally tractable approximations of nonlinear
scheduling problems

A stated in Subsection 2.1.1, an accurate capturing of nonlinear process characteristics by
using nonlinear models typically prohibits long planning horizons with fine discretizations
in discrete-time scheduling. Having algorithms that enable more efficient yet accurate so-
lutions to nonlinear scheduling problems would then also allow for making use of recent
advancements in formulating sophisticated data-driven surrogate models that are capable
of capturing highly complex nonlinear chemical engineering relations (e.g., [133, 134]). To
this end, we herein propose an algorithm relying on a reduced-space scheduling formulation
exposing only the actual decision variables to the optimizer (see, e.g., [135–137]). In the
original version of the algorithm, we assign one DoF to multiple generally nonconsecutive
intervals with similar electricity prices, thereby furnishing a tailored time grid using fewer
decision variables. The time grid is iteratively refined by conducting a wavelet-based anal-
ysis of the solution from the previous iteration. This analysis identifies both parts of the
time grid that need a finer discretization and parts where a coarser one can be used, thus
allowing for a systematic introduction of additional and deletion of insignificant decision
variables from the optimization problem. We also present a further development of the
original algorithm, enhancing its performance in case of scheduling problems comprising
only continuous DoFs. Therein, we perform optimizations directly in the space of coeffi-
cients of the wavelet transform, making the explicit derivation of a time grid superfluous.
Thereby, dimensionality reductions do no longer correspond to assigning one DoF to mul-
tiple intervals but rather turn into truncations of the wavelet transform. This procedure
allows for calculating the marginal effect of relaxing the constraints truncating the wavelet
transform, i.e., the Lagrangian multipliers, and thus provides a quantitative measure for
the improvements in the objective function from the introduction of additional decision
variables.

2.2.2. Real-time capable control strategies for continuous market
participation

Following the discussion in Subsection 2.1.2, there is still a continued demand for highly
accurate dynamic models for distillation columns that substantially improve the computa-
tional efficiency in dynamic optimizations and thus allow for deciding on energy trading in
real-time also in case of processes with large time constants. Therefore, we herein present
a hybrid mechanistic/data-driven modeling approach, enhancing the classical compart-
mentalization [109–112] by integrating machine learning. In particular, due to numerous
recent successful applications in PSE to replace complex nonlinear thermodynamic calcu-
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lations [138–140], we therein substitute the stage-to-stage calculations inside the compart-
ments by using ANNs as explicit surrogate models for the intra-compartment input/output
relations. The proposed ANN-based compartment inherits the advantages of classical com-
partment models, i.e., the compliance with integral balance relations and the possibilities
for substantial reductions in the number of differential variables without significantly in-
fluencing the quality of dynamic responses. At the same time, the proposed model avoids
the classical drawbacks by omitting time-consuming flash calculations on each stage. The
reduced hybrid model then forms the basis of a real-time capable control strategy that
allows for the participation in continuous intra-day electricity markets directly at the con-
trol layer. Therein, the ANN-based modeling approach is combined with a suboptimal
eNMPC scheme that relies on a restricted number of function evaluations in the dynamic
optimization [98], which further enhances the real-time capability of the control strategy.

2.2.3. Optimal participation in pay-as-bid markets for ancillary
services

Several existing works have discussed potential benefits from the simultaneous participation
in multiple energy markets. In particular, authors have found very promising revenue po-
tentials when partitioning the available operational flexibility among both spot electricity
and ancillary service markets (cf. Subsection 2.1.3). However, there is still a substantial
research gap concerning the optimal decision-making at pay-as-bid markets, where ask
prices have to balance between higher probabilities for acceptance of the bids and higher
potential compensation payments from the TSO. Closing this gap is desired, as several
ancillary service markets, particularly the European markets for balancing power that
are highly promising for marketing the operational flexibility of energy-intense industrial
processes [3, 141], apply a pay-as-bid pricing. Therefore, we herein present a framework
for model-based bidding strategies based on two-stage stochastic programming. As an
example, we consider the German market for primary balancing power (PRL), where par-
ticipants can receive highly valuable compensation payments for offering additional reserve
capacities that are automatically retrieved to control the grid frequency. In our framework,
the first stage is formulated as an MINLP and corresponds to the identification of the op-
timal bidding strategy at the PRL market, i.e., what amounts to offer and what prices to
ask to maximize the expected revenues from marketing the operational flexibility given a
forecast of the development of the maximum compensation payments at the PRL market.
Depending on the results of the PRL auction, the remaining flexibility is then used in
the second stage to exploit price spreads at the spot electricity markets, namely the day-
ahead market, via a subordinated MILP scheduling optimization. The two-stage problem
is solved using a tailored enumeration approach by decomposing the MINLP formulation
of the deterministic equivalent into NLPs for identifying the optimal ask prices and MILPs
for determining the corresponding production schedules for each element within the finite
set of realizations of the offered capacity.
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2.2.4. Environmental assessment of monetarily incentivized measures
for demand side management

A stated in Subsection 2.1.4, some authors have started to extend the mostly economic
perspective on DSM by assessing the environmental impacts of performing DSM in re-
sponse to price signals. However, there have not yet been systematic approaches towards
a bi-objective assessment of measures increasing the flexibility potential on the demand
side that target generalizable conclusions not limited to a specific application and provide
thorough explanations for their observations. In particular, this includes the question if
economically-driven measures, i.e., measures that enhance the exploitation of fluctuating
electricity prices, promote the penetration of renewables by allowing to consume electricity
primarily in periods with a high renewable share. To this end, we assess if the current pric-
ing at the electricity markets sets incentives for investments in increased flexibility that are
suitable for reducing the environmental impacts of the electricity consumption, which we
measure by the contribution to the integral residual load. We herein provide a computa-
tional study focusing on the German electricity sector using both historic electricity time
series data as well as projected time series data for the future. In a first step, we conduct
a quantitative characterization of the time-variable input data sets using frequency and
correlation analysis. In a second step, we investigate the effects of the different charac-
teristics of the time series on process scheduling. For this purpose, we perform single-
and bi-objective optimizations of the production schedule with regard to both electricity
costs and residual load contributions using a generic process model. In this model, we
introduce a general formulation for DSM activities allowing for load shiftings, including
temporary shut-downs. We investigate numerous parametrizations of the generic process
model considering varying average utilization rates, storage capacities, ramping limits, and
off-design efficiency losses. Thereby, the vast majority of DSM-relevant processes is cov-
ered, which enables the desired generalizable conclusions not limited to a specific process.
Finally, by analyzing the results of the scheduling optimizations, we systematically identify
measures increasing the flexibility potential on the demand side, which are driven by the
economic perspective and those driven by the environmental perspective, which allows for
the discussion of contradictions in the current market mechanisms.
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3. Low-dimensional approximations of
nonlinear scheduling problems with
time-variable electricity prices

This chapter is concerned with the development of algorithms that allow for long planning
horizons with fine discretizations in discrete-time nonlinear scheduling problems with time-
variable electricity prices. As the proposed approach relies on a reduced-space formulation
of the optimization problem to directly translate reductions in the number of decision vari-
ables into reductions of the problem size, we first present a general reduced-space scheduling
formulation in Section 3.1. Afterwards, we describe the proposed algorithm in Section 3.2.
Therein, we initially describe the concept of the linear mapping procedure for reducing the
number of decision variables by assigning one DoF to multiple generally nonconsecutive
intervals with similar electricity prices, furnishing a tailored nonuniform time grid. Sec-
ond, we briefly present the idea behind the wavelet-based analysis and describe how this
can be used for iterative refinement of the time grid. Third, we discuss the properties of
the algorithm, particularly its guarantee for furnishing feasible schedules. In Section 3.3,
we introduce the case study for assessing the performance of the algorithm, namely the
scheduling of a CAES formulated as an MINLP, where we use ANNs as sophisticated
surrogate models for the highly nonlinear efficiency characteristics of the turbomachines.
The performance of the algorithm in furnishing feasible near-optimal schedules in the first
case study is then evaluated in Section 3.4. Therein, a distinct focus is set on both the
convergence behavior of the algorithm with increasing lengths of the planning horizon as
well as on the computational performance, i.e., the scaling of CPU times. The further
development of the proposed algorithm in case of scheduling problems comprising only
continuous DoFs is described in Section 3.5. Therein, we first discuss the remaining short-
comings of the original algorithm. Second, we introduce the approach for dimensionality
reductions by exposing the coefficients of truncated wavelet transforms as only decision
variables to the optimizer, which makes the explicit derivation of a time grid superfluous.
Third, we describe the proposed further development of the refinement procedure by using
sensitivity information from Lagrangian multipliers, which provides a quantitative mea-
sure for the improvements in the objective function from the introduction of additional
decision variables. The second case study, which we use for assessing the performance
of the extended algorithm, is presented in Section 3.6 and corresponds to the scheduling
of a flexible ASU subject to time-variable electricity prices formulated as an NLP. Note
that we therein also apply ANNs as surrogate models, representing the nonlinear power
consumption characteristic of the process. The results of the scheduling optimizations are
presented in Section 3.7. Again, we therein set a distinct focus on the discussion of the
convergence behavior of the algorithm with increasing lengths of the planning horizon as
well as on the computational performance. Furthermore, we demonstrate the advantages
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compared to the original version of the algorithm in terms of a reduced number of itera-
tions. Finally, the chapter is concluded and further research perspectives are sketched in
Section 3.8.

3.1. General reduced-space scheduling formulation

The algorithm introduced in Section 3.2 targets the solution of the general scheduling prob-
lem given in (3.1a)-(3.1e). This corresponds to a reduced-space scheduling formulation.
Note that a significant share of all discrete-time scheduling problems with time-variable
electricity prices that have been considered in literature so far can be formulated equiv-
alently. We do not claim that the reduced-space formulation is always beneficial. Nev-
ertheless, the reduced-space approach is highly suited for exploiting the advantages of a
reduced number of decision variables when applying the proposed algorithms.

In (3.1a)-(3.1e), the production schedule is optimized by minimizing an objective func-
tion Φ(·) (3.1a), mostly corresponding to operational costs. Note that alternative objectives
might be possible, such as maximizing profitability or minimizing environmental impacts
(cf. Chapter 6) and would require only minor changes. In most cases, the objective func-
tion can then be written as a sum over interval-specific objective functions φt(·) for each
time interval t = 1 . . . T . For instance, when minimizing electricity costs, this will simply
correspond to the product of the instantaneous electricity price and the current electricity
consumption. di denote the continuous process inputs (such as mass flows, power con-
sumptions, etc.) and yj the binary ones (e.g., operating modes). The values of the process
inputs in each time interval t are the DoFs for optimization, referred to as di,t and yj,t and
limited by respective bounds (3.1d)-(3.1e). If the DoFs are specified, the entire schedule
can be calculated. Moreover, two kinds of constraints are imposed denoted by gl,t(·) and
hm(·): one that needs to be fulfilled in every interval (3.1b), e.g., operating bounds, and one
for the last interval (3.1c), which allows for the consideration of production targets. Other
types of constraints (e.g., targets at intermediate time points, minimum requirements at
final time, etc.) are possible as well and could be added in a similar way as (3.1b)-(3.1c),
but are omitted for readability. The (in)equality signs in (3.1b)-(3.1c) are chosen to match
the case studies, however different ones could be applied as well. Furthermore, we assume
that the function gl,t(·) in (3.1b) depends on all DoFs up to time t, as this is typically the
case for real processes. However, the assumption is not necessarily required. Finally note
that in a reduced-space formulation, Φ(·), φt(·), gl,t(·), and hm(·) are explicit functions of
the optimization variables, i.e., the DoFs di,t and yj,t.

min
di,t,yj,t

Φ(di,1, . . . , di,T , yj,1, . . . , yj,T ) =
T∑
t=1

φt(di,t, yj,t) (3.1a)

s.t. 0 ≤ gl,t(di,1, . . . , di,t, yj,1, . . . , yj,t), ∀l, t (3.1b)

0 = hm(di,1, . . . , di,T , yj,1, . . . , yj,T ), ∀m (3.1c)

dli ≤ di,t ≤ dui , ∀i, t (3.1d)

yj,t ∈ {0, 1} , ∀j, t (3.1e)

In the general problem formulation, we also allow for further intermediate variables
xk,t, that are however not exposed to the optimizer and thus not presented as part of the
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reduced-space optimization problem (3.1a)-(3.1e). Instead, they are calculated successively
and in an explicit manner from the DoFs and their initial conditions xk,1:

xk,t+1 = fk(xk,t, di,t, yj,t), ∀k, t. (3.2)

Constraints on xk,t can also be accounted for in the reduced-space formulation above by
including them into (3.1b)-(3.1c). We thereby explicitly allow for time-coupling constraints
that enable the modeling of storage devices with limited capacities. Note that the other
common type of time-coupling constraints, i.e., ramping limits, can also be formulated
equivalently to (3.1c).

3.2. Original algorithm: Tailored time grids through
wavelet-based grid adaptation

The proposed algorithm comprises two key features to exploit the reduced-space formu-
lation (i.e., hiding (3.2) from the optimizer): (i) an assignment of one DoF to multiple
generally nonconsecutive intervals with similar electricity prices by a linear mapping fur-
nishing a tailored nonuniform time grid and (ii) a wavelet-based grid adaptation procedure
for iterative refinements of the assignment, for which we use the algorithm from Schlegel
et al. [142] that was originally proposed for refining the control vector parametrization in
dynamic optimization. Both key features are explained in the following. Furthermore, the
properties of the algorithm are discussed.

3.2.1. Linear mapping for reducing the number of optimization
variables

We substitute the original chronologically ordered DoFs (di,1, . . . , di,T )T and
(yj,1, . . . , yj,T )T , i.e., the original optimization variables in the reduced-space formu-

lation (3.1a)-(3.1e), by new decision variables (d̂i,1, . . . , d̂i,T̂ )T and (ŷj,1, . . . , ŷj,T̂ )T with
reduced dimensionality. Formally, these new optimization variables are mapped to the
original DoFs by a linear relation using the matrix A ∈ RT×T̂ (cf. (3.3a)-(3.3b)). Note
that their index t̂ = 1 . . . T̂ does not necessarily have a chronological meaning. In fact, we
also cluster disjoint time intervals. A significant reduction of the number of optimization
variables is achieved by choosing T̂ � T .

(di,1, . . . , di,T )T = A · (d̂i,1, . . . , d̂i,T̂ )T , ∀i (3.3a)

(yj,1, . . . , yj,T )T = A · (ŷj,1, . . . , ŷj,T̂ )T , ∀j (3.3b)

The use of a common matrix for all inputs is not mandatory and only selected to simplify
the notation. As the algorithm targets the solution of scheduling problems with time-
variable electricity prices, we consider a mapping that assigns one DoF to multiple intervals
of the scheduling problem that comprise similar electricity prices. Thus, each row of A
has T̂ − 1 zero entries and one entry equal to one.
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Inserting the right-hand side of (3.3a)-(3.3b) into the optimization problem (3.1a)-(3.1e),
we obtain a new reduced-space formulation with lower dimensionality:

min
d̂i,t̂,ŷj,t̂

Φ̂(d̂i,1, . . . , d̂i,T̂ , ŷj,1, . . . , ŷj,T̂ ) =
T̂∑
t̂=1

φ̂t̂(d̂i,t̂, ŷj,t̂) (3.4a)

s.t. 0 ≤ ĝl,t(d̂i,1, . . . , d̂i,T̂ , ŷj,1, . . . , ŷj,T̂ ), ∀l, t (3.4b)

0 = ĥm(d̂i,1, . . . , d̂i,T̂ , ŷj,1, . . . , ŷj,T̂ ), ∀m (3.4c)

dli ≤ d̂i,t̂ ≤ dui , ∀i, t̂ (3.4d)

ŷj,t̂ ∈ {0, 1} , ∀j, t̂. (3.4e)

In comparison to problem (3.1a)-(3.1e), there are fewer optimization variables in the
formulation (3.4a)-(3.4e). The objective still remains a summation over single functions,
but now with index t̂, i.e., with fewer summands. The number of constraints (3.4b) in
contrast remains unchanged, i.e., constraints still have to hold for every t. Moreover, note
that internal calculations of intermediate variables (3.2) also remain unaffected, such that
the system (3.4a)-(3.4e) still respects the chronology of the horizon. Thus, dependencies
between model variables in time steps t and t + 1 can still be accounted for, allowing for
the consideration of storage relations.

A direct analysis of the left-hand side of (3.3a)-(3.3b) for an iterative adaptation of A
would typically involve the consideration of a strongly fluctuating time series, such that
the application of the algorithm from Schlegel et al. [142] might show poor performance.
Thus, we propose the following decomposition of A introducing matrices P and B:

A = P−1 ·B.
Having electricity prices c = (c1, . . . , cT )T , the permutation matrix P ∈ RT×T is defined

in a way that P · c furnishes a vector of electricity prices in descending order. As P is
constant during the iterations, the remaining matrix B ∈ RT×T̂ is to be adapted over the
iterations. In B, each row also has T̂ −1 zero entries and one entry equal to one. However,
the rows are arranged in a way that blocks of column vectors with all entries equal to one
are formed. The blocks are located from top left to bottom right. The sizes of the blocks
thus determine how many of the original DoFs, i.e., how many intervals with similar prices,
are represented by the same decision variables. Compared to the multiplication with A
(i.e., the left-hand side of (3.3a)-(3.3b)), the series after multiplication with B will likely
show substantially less fluctuations and is thus expected more suitable for the wavelet-
based grid adaptation. The entire mapping procedure is illustrated in Figure 3.1 for a
small example.

3.2.2. Wavelet-based analysis and iterative refinement of the time
grid

We apply the algorithm from Schlegel et al. [142] (Figure 3.2) to iteratively refine the
time grid, i.e., the first mapping in Figure 3.1 using the matrix B. More precisely, this
corresponds to deciding how many decision variables to use for representing the full time
grid. Hence, starting in iteration 0 from an initial assignment matrix B0, the algorithm
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Figure 3.1.: Illustration of the assignment of one degree of freedom to multiple noncon-
secutive intervals by the linear mapping procedure with T = 8 and T̂ = 4. The first
multiplication with the matrix B is a mapping of a small number of decision variables
to a larger number of degrees of freedom. The following multiplication with P−1 is a
rearrangement. The first decision variable (blue) is used for the intervals with the highest
and second highest electricity price (t = 3, 5). The second variable (red) is used for the
intervals with the third and fourth highest price (t = 2, 4). Likewise, the third (yellow)
and fourth (purple) variable are also assigned to two intervals (t = 1, 8 and t = 6, 7).

iteratively generates a sequence B0,B1, . . . ,Bs by solving (3.4a)-(3.4e). The correspond-
ing solutions (d̂s∗i,1, . . . , d̂

s∗
i,T̂

)T and (ŷs∗j,1, . . . , ŷ
s∗
j,T̂

)T are analyzed to determine the refined

assignment matrix Bs+1 for the next iteration until a desired stopping criterion is reached.
The adaptations of the matrix B correspond to adding additional decision variables to the
optimization problem (3.4a)-(3.4e), i.e., to inserting additional grid points, or to removing
irrelevant ones, i.e., to deleting grid points.

The algorithm decides on whether to increase or decrease the number of optimization
variables by analyzing the differences in the solution from the previous iteration, i.e.,
by analyzing |∆d̂s∗

i,t̂
| = |d̂s∗

i,t̂
− d̂s∗

i,t̂−1|. Easily spoken, if |∆d̂s∗
i,t̂
| is small, continuing to use

individual optimization variables d̂s+1
i,t̂

and d̂s+1
i,t̂−1 in the next iteration is insignificant. In

contrast, if |∆d̂s∗
i,t̂
| is large, it is worth investigating benefits from increasing the number of

optimization variables to represent this part of the time grid.
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Figure 3.2.: Flowchart of the wavelet-based grid adaptation procedure. The last gray
box corresponds to an optional a posteriori search.

In order to enable systematic decision criteria for grid point insertion and deletion, a
wavelet transform in the so-called Haar basis is conducted, which we denote by WψHaar

(·).
For instance, if the continuous optimization variable d̂i,t̂ is used to decide on refinements
of the time grid, the corresponding wavelet transform of the optimized time series reads:

WψHaar

(
Bs · (d̂s∗i,1, . . . , d̂s∗i,T̂ )T

)
= λs∗i . (3.5)

Thereby, we represent the entire optimized time series after the first linear mapping
(cf. Figure 3.1) unambiguously by T coefficients λs∗i,a,b with a ∈ {−1, . . . , N − 1} and
b ∈ {0, . . . , 2a − 1}, which we summarize in the vector λs∗i . Formally, these coefficients
allow to express a piecewise linear signal by a linear combination of wavelet basis functions
ψa,b. An efficient procedure to obtain λs∗i,a,b, which is referred to as fast wavelet transform
(FWT), can be found in the relevant literature [143].

The set of basis functions ψa,b with nonzero coefficients λs∗i,a,b is strongly related to the

matrix Bs (cf. Appendix A.2). E.g., assuming pairwise different d̂s∗
i,t̂

in Figure 3.1, the
wavelet representation would in general use four basis functions ψ−1,0, ψ0,0, ψ1,0, and ψ1,1

with nonzero coefficients. The coefficients of the wavelet transform (3.5) are analyzed to de-
cide on grid point deletions and insertions. To this end, we appply the algorithm proposed
by Schlegel et al. [142]. A detailed treatment can be found in their work. Consequently,
we only review the key ideas. The required formulas as well as further informations are
given in Appendix A.1.

The aforementioned decision whether to increase or decrease the number of optimiza-
tion variables to represent a specific part of the time grid can now be made based on
the absolutes of the wavelet coefficients |λs∗a,b| instead of the differences |∆d̂s∗

i,t̂
|. That is,

comparably low |λs∗a,b| correspond to the presence of optimization variables with low infor-
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mational content that can be deleted from the optimization problem with minor influences
on the objective value to be expected. In contrast, comparably high |λs∗a,b| indicate that
using additional optimization variables might enable significant benefits. Consequently,
threshold values εd for deletion and εi for insertion are used and can be tuned to increase
the performance. The so-called norm equality of the wavelet transform (cf. [144]) further
allows for proper scaling, such that 0 ≤ εd, εi ≤ 1 holds.

By performing grid point insertions and deletions, the relevant set of basis functions ψa,b
for the next iteration is identified. Based on this, the new mapping can be derived using
the procedure given in Appendix A.2. Assuming that in the wavelet representation of the
example in Figure 3.1, the coefficient λs∗1,0 would fulfill the criterion for insertion and λs∗1,1 the
criterion for deletion, in the next iteration, there would be individual decision variables
for the interval with highest (t = 3), with second highest (t = 5), with third highest
(t = 2), and with fourth highest electricity price (t = 4). The remaining fifth decision
variable would be assigned to all other intervals. This would correspond to using basis
functions ψ−1,0, ψ0,0, ψ1,0, ψ2,0, and ψ2,1. Note that in contrast to dynamic optimization
problems, for which this procedure was originally proposed, there is a finest resolution for
the optimization variables that gives exactly a one-to-one assignment between the decision
variables for optimization and the DoFs in (3.3a)-(3.3b) with T = T̂ . Consequently,
inserting grid points that correspond to using basis functions with an assignment of multiple
optimization variables to the same interval (i.e., basis functions ψN,b, ψN+1,b, etc.) is not
allowed.

Further note that the wavelet transform (3.5) requires T = 2N with N ∈ {1, 2, 3, . . .},
i.e., scheduling horizons of 2, 4, 8, 16, . . . intervals (e.g., hours). In the computational study,
we confine to these cases. For different scheduling horizons, e.g., T = 24 (one day with
hourly discretization), one could decompose the horizon into multiple subhorizons - in this
case T1 = 16 and T2 = 8.

3.2.3. Properties of the algorithm

If the deletion of grid points is prohibited, the objective value in iteration s+1 is guaranteed
to be at least as good as the objective value in iteration s. Thus, using εd = 0 gives a
nonincreasing sequence of objective values for any εi. If εi = 1 is additionally chosen
(i.e., selecting all possible grid points for insertion), the algorithm ultimately results in
a one-to-one assignment in (3.3a)-(3.3b) with B ∈ RT×T . Consequently, the solution of
(3.4a)-(3.4e) then becomes equivalent to the solution (3.1a)-(3.1e). If the subproblems in
each iteration are solved to global optimality, the sequence of solution points converges to
the global minimizer of (3.1a)-(3.1e) in this case.

Due to the computational complexity of the original problem, convergence of the opti-
mization problems to solve to (3.1a)-(3.1e) is in general not desired. A reasonable selection
of εd and εi thus should balance between exploration through increasing the number of op-
timization variables for improved objective values and maintenance of low dimensionality
in the optimization problem to limit the computational burden. Furthermore, appropriate
stopping criteria should be applied. A suitable criterion indicating near-optimal solution
points furnished by the grid adaptation is the relative improvement in the objective func-
tion from one iteration to the next:
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∆Φs∗ =
|Φs−1∗ − Φs∗|
|Φs∗|

.

If ∆Φs∗ falls below a threshold, the algorithm is terminated. As a reasonable selection
for the threshold value, we herein apply the relative optimality tolerance optcr for the
solution of (3.4a)-(3.4e) for this purpose as well, i.e., the algorithm is finally terminated if
∆Φs∗ < optcr. Moreover, if the insertion step only proposes refinements that would lead
to a finer resolution than a one-to-one assignment, the algorithm is also terminated.

In each iteration s, inserting the optimal solution (d̂s∗i,1, . . . , d̂
s∗
i,T̂

)T and (ŷs∗j,1, . . . , ŷ
s∗
j,T̂

)T

into (3.3a)-(3.3b) gives a feasible point for the optimization problem (3.1a)-(3.1e). Note
that this point will in general not satisfy any optimality conditions. However, as the point
is feasible and expected near-optimal if sufficiently many iterations have been performed,
it represents a suitable initial point for a local search considering the full time grid of
optimization problem (3.1a)-(3.1e). The search does not necessarily need to be performed
among all optimization variables. For instance, performing the local search only on con-
tinuous variables that can be handled very efficiently in state-of-the-art local NLP solvers
seems to be an appealing alternative. We acknowledge that there is no guarantee that
the local solver will converge to the actual global minimum. However, a feasible point
satisfying local optimality conditions and likely further improving the objective value can
thereby be furnished requiring comparably low additional computational effort. Alterna-
tively, the feasible point generated through (3.3a)-(3.3b) could also be used as initial point
for a global solution of (3.1a)-(3.1e); this would be beneficial for global algorithms whose
computational requirements strongly depend on having good initial guesses.

Various works demonstrate the successful practical application of the grid adaptation
to dynamic optimization problems. In particular, authors have shown that the algorithm
can identify high-quality solutions by using tailored discretizations that are comparable to
the solutions when using very fine equidistant discretizations, but require substantially less
computational time [142, 145, 146]. In particular, authors have also shown that an adequate
balance between maintaining a low number of optimization variables and improving the
objective function can be achieved by tuning the parameters and that few adaptation steps
starting from coarse discretizations commonly suffice for obtaining near-optimal solutions.
Nevertheless, the performance of the algorithm will certainly depend on the actual problem
considered. As our algorithm essentially exploits the strong relation between instantaneous
electricity prices and optimal values of the DoFs in the corresponding intervals, we expect
the performance to be best if this relation is very distinct.

3.3. Case study 1: Scheduling of a compressed air energy
storage

Although the present thesis is primarily concerned with industrial DSM, we herein consider
the operational optimization of an energy storage system, which however shows strong
similarities from a methodological point of view. Among the variety of opportunities for
energy storage, CAES belongs to the few technologies that have been commercialized and
are readily available at large scale [147]. In a CAES plant (Figure 3.3), electricity is bought
at low prices. The energy is used to pressurize and store air in a cavern. In times of high
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Figure 3.3.: Simplified flowsheet of a compressed air energy storage.

electricity prices, the cavern is discharged via turbines that power a generator. The concept
relies on large price spreads to overcome the efficiency losses of the turbomachines [148].
Optimal scheduling is thus crucial for the economic performance of the plant [42].

Scheduling of a CAES plant represents a computationally challenging optimization prob-
lem, as the efficiency characteristics of turbomachines commonly show highly nonlinear
behavior. Moreover, scheduling of CAES plants involves strong coupling between time
intervals, in a sense that the pressure of the cavern in the interval t and thus also the nec-
essary work for storing additional gas/the released work by expanding stored gas depends
on the cavern pressure of the previous interval t− 1.

In the following, we first present the considered set of equations for modeling a CAES
plant with a distinct focus on the relations inside the turbomachines to highlight the
capabilities of the presented algorithm to solve nonlinear scheduling problems involving
time-coupling constraints. Afterwards, we briefly discuss how a reduced-space scheduling
formulation in alignment with (3.1a)-(3.1e) arises from the modeling equations.

3.3.1. Mixed-integer nonlinear scheduling model

We aim at maximizing the profit, which corresponds to the difference between the revenues
from electricity disposal and the costs for electricity purchase. The objective Φ(·) to be
minimized reads:

Φ(WE
t ,W

C
t ) = −

T∑
t=1

ct · (WE
t −WC

t ),

where ct is the instantaneous spot electricity price in hour t (without distinction of selling
vs. purchasing price). Note that we omit the multiplication with the interval length ∆t =
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1 h for readability when presenting the equations. We use historic German day-ahead spot
electricity prices from the end of January 2018, which are retrieved from EPEX SPOT SE
(www.epexspot.com). We assume the prices to be known for the entire planning horizon.
WE
t and WC

t denote the electricity production/consumption of the expansion/compression
train in the corresponding hour. We use wEt and wCt to denote specific energies and mE

t

and mC
t as masses that are processed by the expansion/compression train, i.e.,

WE
t = mE

t · wEt , ∀t
WC
t = mC

t · wCt , ∀t.

We further introduce binary variables yEt and yCt that indicate if the cavern is charged
or discharged in the current interval. There is no sense in simultaneously charging and
discharging if energy is bought and sold at the same price. However, there is the possibility
of neither charging nor discharging during intervals with intermediate electricity prices. We
thus require

yEt + yCt ≤ 1, ∀t.
Furthermore, we set limits for the mass flows only in case that the operating mode is active.
Otherwise we force them to be zero:

yEt ·mE
min ≤ mE

t ≤ yEt ·mE
max, ∀t

yCt ·mC
min ≤ mC

t ≤ yCt ·mC
max, ∀t.

Moreover, a linear balance is used for modeling the accumulation of mass storage within
the cavern

mt+1 = mt + (mC
t −mE

t ), ∀t,
with mt as the stored mass. Assuming air to be an ideal gas, the cavern pressure pt can
be calculated via

pt =
mt ·R · T
M · V

, ∀t,

using parameter valuesR = 8.314 J
mol·K (ideal gas constant), M = 0.028949 kg

mol
(molar mass

of air), T = 323.15 K (constant cavern temperature), and V = 40, 000 m3 (cavern volume).
The cavern pressure is used to determine the pressure ratios of the expansion/compression
train ΠE

t and ΠC
t . We account for pressure losses in the pipes through a constant pressure

difference ∆p = 50, 000 Pa. pa = 100, 000 Pa further corresponds to the ambient pressure.

ΠE
t =

pt −∆p

pa
, ∀t

ΠC
t =

pt + ∆p

pa
, ∀t

Having the respective pressure ratios as well as the processed amounts of air, the specific
energies can be obtained from the efficiency maps of the turbomachines. We use ANNs to
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represent the efficiency correlations. We use one efficiency map for the expansion and one
for the compression train, each at optimized operating points. More precisely, the efficiency
maps are obtained from individual operational optimizations of the turbine/compressor
configuration by optimally setting pressure ratios between the single turbomachines that
lead to the lowest energy consumption/highest energy production for given total flows and
pressure ratios. This procedure is explained in detail in the work of Schweidtmann and
Mitsos [134]. The ANN functions are denoted by fEANN(·) and fCANN(·). In both cases,
feed-forward ANNs with hyperbolic tangent activation functions comprising one hidden
layer and 25 neurons are used. Training of the ANNs is conducted using the Levenberg-
Marquardt algorithm from the MATLAB R2019a Deep Learning Toolbox (Mathworks,
Inc.). Overall, this results in adding two nonlinear functions for calculating the specific
energies wEt and wCt :

wEt = fEANN(mE
t ,Π

E
t ), ∀t

wCt = fCANN(mC
t ,Π

C
t ), ∀t.

Furthermore, we also represent the operating bounds of the turbomachines, such as surge
limits, via ANNs. In total, there are four operating bounds for both the expansion and the
compression train. In each case, two functions define maximum pressures (left and upper
boundaries of the efficiency maps represented by functions gEANN,1(·), gEANN,2(·), gCANN,1(·)
and gCANN,2(·)) and two functions define minimum pressures (right and lower boundaries of
the efficiency maps represented by functions gEANN,3(·), gEANN,4(·), gCANN,3(·) and gCANN,4(·)).
ANN-functions defining the operating bounds comprise one hidden layer with 12 neurons.
We thus add the following set of constraints on the cavern pressure:

pt ≤ gEANN,1(m
E
t ) + (1− yEt ) ·M, ∀t

pt ≤ gEANN,2(m
E
t ) + (1− yEt ) ·M, ∀t

pt ≥ gEANN,3(m
E
t )− (1− yEt ) ·M, ∀t

pt ≥ gEANN,4(m
E
t )− (1− yEt ) ·M, ∀t

pt ≤ gCANN,1(m
C
t ) + (1− yCt ) ·M, ∀t

pt ≤ gCANN,2(m
C
t ) + (1− yCt ) ·M, ∀t

pt ≥ gCANN,3(m
C
t )− (1− yCt ) ·M, ∀t

pt ≥ gCANN,4(m
C
t )− (1− yCt ) ·M, ∀t.

Choosing a sufficiently large constant M , which needs to be as high as the maximum
cavern pressure that can be reached, ensures that the equations are always fulfilled in
time intervals, where the operating mode is not active. Note that we thereby use big-
M formulations for the disjunctions, although convex hull formulations generally lead to
tighter relaxations [149]. Finally, we prevent emptying of the cavern over the horizon by
demanding:

0 =
T∑
t=1

(mC
t −mE

t ).
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3.3.2. Degrees of freedom and reduced-space formulation

Revisiting the model equations in the previous subsection, one recognizes that if values
are given for the process in- and outflow and the operating modes for all t, all other model
equations can be evaluated in an explicit manner. The scheduling problem for the CAES
plant can thus be written as a reduced-space formulation that is equivalent to (3.1a)-(3.1e)
with d1,t = mE

t , d2,t = mC
t , y1,t = yEt , y2,t = yCt corresponding to the process inputs, i.e., the

DoFs, and expressing the objective and concatenating all inequality constraints as explicit
functions thereof. Note however, that the objective function cannot be written as a sum
over interval-specific objective functions like in (3.1a). We however emphasize that this
does not affect the performance of the algorithm. A trivial solution to the reduced-space
problem is selecting all DoFs to be zero (mE

t = mC
t = yEt = yCt = 0), resulting in an initial

upper bound for the objective function Φ0 = 0.

For the application of the grid adaptation algorithm, we select the same matrix As for
all process inputs within one iteration. In fact, this means that if using a grid with T̂ grid
points, there are always 4T̂ optimization variables. Due to the special structure of the
problem, it appears to be appropriate to decide on grid point insertion and deletion (i.e.,
on increasing or decreasing the number of optimization variables) based on the analysis of
the net flow mN

t = mC
t −mE

t . This selection originates from the fact that in each interval ei-
ther mE

t or mC
t is allowed to be nonzero. Furthermore, choosing more decision variables for

optimization for yEt and yCt than for mE
t and mC

t is pointless. Although a reduction of the
number of binary variables might be computationally highly beneficial, we consciously dis-
regard the possibility to represent yEt and yCt by substantially fewer decision variables than
mE
t and mC

t , as the refinement procedure originally proposed by Schlegel et al. [142] solely
focused on continuous optimization problems. Refinement strategies explicitly targeting
the efficient handling of binary variables by accounting for their characteristics (commonly,
substantially less frequent “on/off” fluctuations) is thus a promising future work.

3.4. Performance assessment for the original algorithm

The reduced-space scheduling problem for the first case study (cf. Section 3.3) is im-
plemented in our in-house open-source software for deterministic global optimization
MAiNGO [150], which utilizes the concept of McCormick relaxations [135, 151, 152]. C++

header files containing the model formulation used in MAiNGO can be downloaded from
https://git.rwth-aachen.de/avt.svt/public/glopse. The reduced-space implemen-
tation substantially reduces the number of optimization variables when using ANNs, lead-
ing to significant improvements in the computational performance compared to commercial
state-of-the-art solvers [134]. Note that we indeed also tested full-space formulations of
the process model in GAMS (GAMS Development Corp.) and tried a solution using
BARON [153]. However, the computational performance of the reduced-space formula-
tion applied in MAiNGO was found superior, which is in good agreement with previous
work [134]. Default settings are used within MAiNGO for the lower and the upper bound-
ing procedure. Optimizations are stopped either if a relative optimality gap of optcr = 1%
is undercut or if a CPU time limit of 5 · 105 s (∼6 d) is exceeded. All calculations are
conducted on an Intel® Xeon® CPU E5-2630 v3 @ 2.40GHz with 192 GB RAM. Calcu-
lations are performed using a single CPU of the server only and thus do not make use of
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MAiNGO’s parallel computing capabilities. We test three solvers in the upper bounding
procedure (SLSQP [154], IPOPT [155], and KNITRO [156]). CPLEX (IBM Corporation)
is always used as solver in the lower bounding.

The grid adaptation algorithm is always initialized with four equally-distributed grid
points, giving four optimization variables per process input, i.e., the same DoFs are used
for the 25% of intervals with the highest electricity prices, etc. The grid adaptation is
stopped either if the relative change in the objective function between subsequent iterations
is below the relative optimality gap, i.e., ∆Φs∗ < optcr = 1% or if the finest resolution is
reached and no further grid points can be inserted. The applied threshold values εd = 10−4

and εi = 0.7 have been found by trial and error and provide a good balance between
improving the objective function and maintaining a low number of optimization variables.

3.4.1. Convergence behavior for increasing scheduling horizons

Figure 3.4 depicts the progress of the grid adaptation algorithm for varied lengths of the
scheduling horizon with N = 4, 5, 6, 7, which corresponds to T = 16, 32, 64, 128 time in-
tervals. Confining to an hourly discretization in accordance with the electricity market,
we thus consider scheduling horizons between 16 h and ∼5 d. For N = 4, 5, we also show
the results of a deterministic global search considering individual DoFs for each interval,
i.e., considering the full time grid. As can be seen, a global search considering the full
time grid becomes computationally prohibitive. In fact, no feasible point with objective
value better than Φ0 can be found within the time limit of 5 · 105 s for N ≥ 5. Results
depicted are produced using SLSQP as solver in the upper bounding. Using KNITRO as
solver with mixed-integer capabilities gives no improvements. We thus conclude that even
for moderately long scheduling horizons, the generation of favorable feasible points is not a
simple task. Moreover, we expect that for N = 5 the current lower bound after exceeding
the time limit still substantially underestimates the global minimum. Consequently, an
application of deterministic global solution algorithms to scheduling problems of compara-
ble complexity considering the full time grid will not lead to desired results, emphasizing
the need for advanced solution algorithms.

As can be seen from Figure 3.4, the grid adaptation algorithm reaches one of the stopping
criteria for all scheduling horizons within at most four iterations. Note that only for N = 5,
the fourth iteration of the algorithm also results in an improvement of ∆Φ3∗ > 1%; however,
no further iterations are performed as a further grid point insertion is only possible for
insignificant parts of the time grid. The reason for this anomaly lies in a very distinct
price peak in the underlying time series of electricity prices. Here, an exceptionally high
electricity price occurs for only one hour of the horizon. As in the last iteration of the
algorithm, individual DoFs are used exclusively in this singular hour, the improvement in
the objective function is comparably high between the third and the fourth iteration.

Final solutions depicted in Figure 3.4 use 12, 14, 16, and 17 grid points, i.e., optimization
variables per process input, to represent the full time grid. We emphasize that for the
longest scheduling horizon of 128 hourly intervals, this corresponds to a reduction in the
number of optimization variables by almost 90% compared to a solution approach assigning
individual DoFs to each interval of the horizon. In the case of N = 4, i.e., T = 16, the
objective value after the last iteration of the grid adaptation can be compared to the global
optimum obtained by a deterministic search under consideration of the full time grid. The
error between the objective values is substantially less than 1% and thus lower than the

29



3. Low-dimensional approximations of nonlinear scheduling problems with time-variable
electricity prices

100 101 102 103 104 105

CPU time [s]

-300

-200

-100

0
Sc

al
ed

 o
bj

ec
ti

ve
 [

%
] (a) 16 intervals

100 101 102 103 104 105

CPU time [s]

-300

-200

-100

0

Sc
al

ed
 o

bj
ec

ti
ve

 [
%

] (b) 32 intervals

100 101 102 103 104 105

CPU time [s]

-300

-200

-100

0

Sc
al

ed
 o

bj
ec

ti
ve

 [
%

] (c) 64 intervals

100 101 102 103 104 105

CPU time [s]

-300

-200

-100

0

Sc
al

ed
 o

bj
ec

ti
ve

 [
%

] (d) 128 intervals

Grid adaptation
Full time grid: UB
Full time grid: LB

Figure 3.4.: Progress of the grid adaptation and comparison to a global optimiza-
tion considering the full time grid. Results are depicted for scheduling horizons of
T = 16, 32, 64, 128 intervals ((a) - (d)). Objective values are relative to the best feasible
point furnished by the algorithm (dotted red line). Red diamonds (♦) depict the outcome
of the algorithm after each iteration. The blue solid lines give current upper bounds (UB)
and dashed lines current lower bounds (LB) when solving the problem considering the full
time grid.

remaining optimality gap of the global search. The comparison to the global optimum is not
possible for N ≥ 5, as the global solver does not converge within the time limit. However,
also in these cases, our results indicate that solution points close to the global optima have
been furnished. In particular, the sequences for N = 6 and N = 7 seem to converge with
the improvements between subsequent iterations consistently decreasing, e.g., for N = 7,
the improvement between the zeroth (four grid points) and the first iteration (eight grid
points) is ∆Φ1∗ = 72%. Further increasing the number of grid points to 14 in the second
iteration gives ∆Φ2∗ = 9% and finally ∆Φ3∗ < 0.1% using 16 grid points in the third one.
Moreover, comparing the absolute values of the objective functions for different N allows
for a rough plausibility check: if the fluctuations show repeating patterns with similar
amplitudes, savings when doubling the horizon are expected twice as high. As can be seen
in Table 3.1, our results are in good agreement with this rule of thumb. In fact, when
comparing the objective values for N = 5, 6 with that for N − 1, the improvements are
larger than a factor of two, which can be explained by larger spreads of the electricity
prices. For N = 7, the factor is slightly lower than two; however, in this case, storage
capacities become a relevant factor (cf. Figure 3.5), limiting the achievable savings.
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Table 3.1.: Comparison of absolute savings for different lengths of the scheduling horizon
and the fluctuations of the corresponding electricity price time series.

#Intervals [-] Objective Standard deviation of
value [EUR] price time series [EUR/MWh]

T = 16 (N = 4) -72.5 22.13
T = 32 (N = 5) -156.5 25.14
T = 64 (N = 6) -354.3 32.60
T = 128 (N = 7) -684.5 32.57

We further tested the two optional a posteriori search strategies outlined in Subsec-
tion 3.2.3 on the original problem considering the full time grid for all scheduling horizons.
The local search strategies ((i) local searches considering all optimization variables using
mixed-integer solvers and (ii) local searches considering continuous optimization variables
only using NLP solvers) both yielded slightly improved solutions within a short time.
However, improvements are considered insignificant (less than 1% and thereby less than
the final optimality gap of the global solution from the last iteration). Global solution
strategies starting from the outcome of the grid adaptation algorithm did not result in any
further improved feasible points within a CPU time limit of 5 · 104 s. We thus assume
the feasible points that are obtained after stopping of the grid adaptation to be a close
approximation of the global solution of the optimization problem considering the full time
grid.

Looking at the solution times given in Figure 3.4 allows for estimating the savings in
computational times when applying the grid adaptation. For N = 4, the algorithm fur-
nishes a feasible point with an objective value extremely close to the global minimizer as
stated above within less than a CPU time of 400 s by using 12 grid points, i.e. 12 opti-
mization variables per process input, to represent the full time grid. The computational
time for a deterministic global search considering the full time grid, i.e., 16 optimization
variables per process input, is however ∼8,000 s and thus higher by a factor of ∼20. In
the case of N = 5, the grid adaptation algorithm terminates after a CPU time of less than
3,000 s finally using 14 optimization variables per process input, compared to 32 optimiza-
tion variables per process input when considering the full time grid. A deterministic global
search on the original problem considering the full time grid is stopped after exceeding
the CPU time limit of 5 · 105 s with a substantial remaining optimality gap. Time savings
enabled by the grid adaptation thus already correspond to a factor of �100, i.e., to mul-
tiple orders of magnitude. Extrapolating the results presented in Figure 3.7 and discussed
in Subsection 3.4.2 allows for approximating solution times when considering the full time
grid. For instance, for N = 5, solution times in the order of 107 . . . 108 s are expected. So-
lution times for N ≥ 5 thus appear prohibitive even when using multiple cores for parallel
computing.

In Figure 3.5, the hourly operation schedule of the CAES plant after each iteration of
the grid adaptation is given for a horizon of T = 128 intervals, i.e., N = 7. Note that this
corresponds to a planning horizon of more than 5 days, which is a scheduling horizon with
relevant length considering the limited predictability of future electricity prices. Recap
that the depicted storage level is not a DoF of the optimization problem. In contrast, it
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(a) 4 grid points (iter. 0)
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(b) 8 grid points (iter. 1)
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(c) 14 grid points (iter. 2)
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(d) 16 grid points (iter. 3)

Figure 3.5.: Optimized operation schedule of the CAES plant after each of the four
iterations of the grid adaptation ((a) - (d)). A scheduling horizon of T = 128 intervals is
considered. Dashed thick blue lines depict the storage level (i.e., the cavern pressure), the
dotted blue line depicts the production target. The electricity price profile for the case
study is shaded in gray.

integrates the net mass flow and thereby the two continuous DoFs (cf. Subsection 3.3.1).
Thus, the slope of the storage level in one interval corresponds to the instantaneous value
of the DoFs. Besides, a great advantage of depicting the storage level lies in the fact that it
is highly relevant for the limiting constraints in the operational optimization and thereby
facilitates discussions of the schedule as will be explained in the following. Furthermore,
a schematic depiction of the wavelet transform of the corresponding optimal solutions
(cf. (3.5)) and thus of the numbers of grid points used as well as their distributions is given
in Figure 3.6. Iteration 0 starts with using only four grid points, i.e., four optimization
variables per process input, to represent the 128 hourly intervals of the scheduling horizon,
i.e., the same DoFs are assigned to the 32 hourly intervals with the highest electricity
prices, etc. The characteristics of the price profile are however such that the most intuitive
solution, i.e., filling the cavern in the 32 intervals with lowest electricity prices and emptying
the cavern in the 32 intervals with highest prices, is not feasible. This explains the very
low profit in iteration 0 (cf. Figure 3.4). Consequently, additional grid points are inserted,
causing an increased number of optimization variables in the subsequent iteration. Next,
eight equally-distributed grid points are used that suffice to reproduce an intuitive behavior,
i.e., a completely filled cavern after ∼50 h when electricity prices rise steeply. From then
on, only minor adjustments of the charging/discharging strategy occur that slightly tend
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Iteration 1

#Grid points: 8
Objective function: −622.70 €
CPU time for solution : ~130 s

Iteration 2

#Grid points: 14
Objective function: −682.01 €
CPU time for solution : ~18,000 s

Iteration 3

#Grid points: 16
Objective function: −682.47 €
CPU time for solution: ~106,000 s

𝑏

𝑏 𝑏

𝑎
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Iteration 0

#Grid points: 4
Objective function: −171.78 €
CPU time for solution: ~16 s
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𝑏
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Figure 3.6.: Schematic depiction of the wavelet transform of the optimal solu-
tion (cf. (3.5)) during the iterations for a scheduling horizon of T = 128 intervals. Used
(nonzero) wavelet coefficients are in gray, giving the number of grid points in the iterations.
Wavelet coefficients selected for grid point insertion (increasing the number of optimiza-
tion variables) are marked with (o). Wavelet coefficients selected for grid point deletion
are marked with (x) (decreasing the number of optimization variables).

to a finer resolution when representing the parts of the time grid with higher prices. After
four iterations, the finest resolution used in the linear mapping is an assignment of one
DoF to four intervals with similar prices. The coarsest resolution is an assignment of
one DoF to 16 intervals. It is assumed unlikely that the introduction of more than the
final 16 grid points would lead to substantial improvements in the objective value. More
generally speaking, we assume that 16 optimization variables per process input suffice for
the exploitation of all relevant fluctuations of the electricity price in spite of the large range
of prices within the considered horizon.

3.4.2. Computational performance and scaling of the algorithm

As computational times represent the main bottleneck for the solution of nonlinear schedul-
ing problems with time-variable electricity prices on relevant planning horizons, we briefly
discuss the scaling of the presented algorithm. Here, one has to differentiate between
the consideration of larger planning horizons, i.e., more intervals, and the increase in the
number of optimization variables per process input from adding additional grid points.
Note that in solution approaches considering the full time grid, the latter directly follows
from the former. However, in the case of the presented grid adaptation algorithm, the
consideration of larger time horizons does not necessarily mean a proportional increase in
the number of optimization variables. Solely the number of constraints that need to be
satisfied, i.e., the dimensionality of (3.1b) in the general problem formulation from Section
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Figure 3.7.: CPU time per iteration of the grid adaptation algorithm as a function of the
number of grid points, i.e., the number of optimization variables for each of the process
inputs, in the corresponding iteration. Note that there are four process inputs. Symbols
depict the varying scheduling horizons. Blue upwards-pointing triangles (M): 16 intervals,
red circles (◦): 32 intervals, yellow squares (�): 64 intervals, purple downwards-pointing
triangles (O): 128 intervals.

3.1, scales linearly with the length of the horizon.
In Figure 3.7, solution times for each individual iteration from Figure 3.4 are depicted.

The plot uses a logarithmic scale for the CPU times. If the number of intervals considered
remains unchanged, the solution times approximately lie on a straight line, corresponding
to an exponential scaling of the solution time when increasing the number of optimiza-
tion variables, i.e., the number of grid points, which matches the worst-case scaling of
branch-and-bound solution approaches to deterministic global optimization. In fact, the
introduction of four additional grid points results in an increase in the CPU time by a fac-
tor of ten. This finding is valid for all considered scheduling horizons, thus giving parallel
lines for the respective horizons. Importantly, the distance between the lines for N and
N + 1 is approximately constant for all N . This corresponds to a linear relation. More
precisely, for a fixed number of grid points, the consideration of twice as many intervals
(N ′ = N + 1) leads to a doubled solution time. This scaling behavior is considered an
important feature of the grid adaptation, as it allows for the consideration of relevant
planning horizons of several days to weeks even for complex nonlinear scheduling problems
if an appropriate assignment of DoFs to time intervals is chosen and thus sufficiently few
decision variables are exposed to the optimization algorithm.

3.5. Further development of the algorithm: Truncated
wavelet transforms and sensitivity-based refinements

Despite the successful demonstration in the previous section, showing that near-optimal
schedules can be furnished by applying tailored nonuniform time grids using only a limited
number of optimization variables, the following issues remain:

• The refinement procedure presented above needs restrictions, limiting the possibilities
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for inserting additional grid points in one iteration in order to guarantee that the
derivation of the assignment of DoFs to intervals is unambiguous (cf. Appendices A.1
and A.2).

• Furthermore, the grid adaptation algorithm makes use of a systematic yet purely
heuristic procedure for introducing additional optimization variables. Consequently,
there is no quantitative measure for the expected improvement in the objective func-
tion through the refinement step providing a sound basis for the decision-making.

• As a consequence of the previous points, the algorithm’s performance can be poor in
cases where the optimal schedule is strongly governed by active ramping constraints,
i.e., too many iterations are required to identify promising schedules, which involves
the introduction of actually negligible optimization variables and thus unnecessarily
prolong computational times.

Overcoming the shortcomings of the algorithm presented in Section 3.2 relies on two
ideas that will be explained in the following: (i) we perform optimizations directly in the
space of coefficients of a truncated wavelet transform of the time series of DoFs, making
the derivation of a (tailored) time grid superfluous, and (ii) we decide on refinements based
on the marginal effect of relaxing the constraints truncating the wavelet transform, i.e., the
Lagrangian multipliers, which provides a quantitative measure for the improvements in the
objective function from the introduction of additional optimization variables and thereby
enables decisions based on sensitivity information instead of pure heuristics. We remark
that the proposed refinement strategy using Lagrangian multipliers shows conceptual sim-
ilarities with approaches for column generation that have recently also gained attention
in the context of long-term operational decisions [157–159]; these approaches rely on ini-
tially exposing only a restricted number of variables to the optimizer and then iteratively
increase this number based on Lagrangian multipliers as well.

3.5.1. Preliminaries

In this section, we address the special case of the general problem formulation (3.1a)-(3.1e)
without binary variables, thus reading:

min
di,t

Φ(di,1, . . . , di,T ) =
T∑
t=1

φt(di,t) (3.6a)

s.t. 0 ≤ gl,t(di,1, . . . , di,t), ∀l, t (3.6b)

0 = hm(di,1, . . . , di,T ), ∀m (3.6c)

dli ≤ di,t ≤ dui , ∀i, t. (3.6d)

Note that the limitation to purely continuous problems is not as restrictive as it appears:
in fact, binary variables often solely stem from piecewise linearizations of nonlinear func-
tions (cf. [14]). Again, we confine to cases with horizons lengths of T = 2N , N ∈ {1, 2, 3 . . .}
for the ease of presentation. Moreover, we continue to use the permutation procedure using
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matrix P ∈ RT×T that orders the time series of DoFs according to the electricity prices,
i.e.,

(di,1, . . . , di,T )T = P−1 · (d̃i,1, . . . , d̃i,T )T (3.7)

with d̃i,1 denoting the value of the process variable di in the interval with highest electric-
ity price. Furthermore, we introduce the inverse Haar-wavelet transform W−1

ψHaar
(·). In

particular, we use this to recover the time series of permuted DoFs (d̃i,1, . . . , d̃i,T )T from
the coefficients of its wavelet transform, denoted by λi,a,b and summarized in vector λi,
i.e.,

(d̃i,1, . . . , d̃i,T )T = W−1
ψHaar

(λi). (3.8)

3.5.2. Dimensionality reduction through truncated wavelet transforms

In Section 3.2, we use the information contained in the coefficients of the wavelet transform
to iteratively derive a tailored time grid for the scheduling problem, assigning one DoF
to multiple generally nonconsecutive intervals. In contrast, we herein propose an alterna-
tive procedure making the derivation of a time grid superfluous in the case of scheduling
problems with only continuous decision variables. For this purpose, we insert both the per-
mutation (3.7) and the inverse Haar-wavelet transform (3.8) into the optimization problem
(3.6a)-(3.6d), leading to an equivalent reduced-space reformulation exposing the wavelet
coefficients λi as only variables to the optimizer:

min
λi

Φψ(λi) (3.9a)

s.t. 0 ≤ gψl,t(λi), ∀l, t (3.9b)

0 = hψm(λi), ∀m (3.9c)d
l
i
...
dli

 ≤W−1
ψHaar

(λi) ≤

d
u
i
...
dui

 , ∀i. (3.9d)

Here, we formulate the objective as well as all constraints as explicit functions Φψ(·), gψl,t(·),
and hψm(·) of the coefficient vector λi.

As the inverse Haar-wavelet transform W−1
ψHaar

(·) corresponds to a matrix multiplica-

tion by definition, i.e., each value of the series (d̃i,1, . . . , d̃i,T )T is a linear combination of
2N + 1 coefficients, we do not expect a substantial deterioration of the computational
performance of optimization algorithms if solving the formulation (3.9a)-(3.9d) instead of
(3.6a)-(3.6d). Moreover, optimizations in the space of wavelet coefficients enable an ex-
ploitation of their physical meaning. In particular, as the coefficient λi,−1,0 corresponds to
the scaled mean of the transformed time series, summation constraints on (di,1, . . . , di,T )T

that are commonly used to guarantee reaching desired production targets in scheduling
problems can be equivalently reformulated by fixing the coefficient λi,−1,0:

T∑
t=1

di,t = γ ⇔ λi,−1,0 =

√
2
log2 T · γ
T

.
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Using the scheduling formulation that considers the wavelet coefficients as optimization
variables, i.e., (3.9a)-(3.9d), dimensionality reductions correspond to truncations of the
wavelet transform, essentially taking up a key idea from image compression using wavelet
transforms [160]. Consequently, we only allow a subset of all coefficients denoted by Ui to
be nonzero. Coefficients λi,a,b, (a, b) /∈ Ui are set to zero and thereby no longer treated as
optimization variables, adding (3.10) to the scheduling problem (3.9a)-(3.9d).

λi,a,b = 0, ∀i, (a, b) /∈ Ui (3.10)

We finally highlight that for any Ui, any feasible point of the scheduling problem (3.9a)-
(3.10) becomes a feasible point of the original problem (3.6a)-(3.6d) if transformed back
using (3.8) and (3.7).

3.5.3. Sensitivity-based refinement strategy

We target the development of an algorithm for the efficient iterative refinement of the
set of used, i.e., not-truncated, wavelet coefficients Ui, making the solution of (3.9a)-
(3.10) converge to the solution of (3.6a)-(3.6d) with a substantially smaller number of
optimization variables. To this end, we herein propose to decide on adding a specific
truncated pair (a, b) to the set U s+1

i for the next iteration s+1 based on the marginal effect
of relaxing the constraints (3.10) in the current iteration s (Figure 3.8), thus exploiting
the relation:

∂Φψ,s∗

∂λi,a,b

∣∣∣∣
λi,a,b=0

= µs∗i,a,b, ∀i, (a, b) /∈ Ui (3.11)

with Φψ,s∗ being at least a local and preferably the global minimizer of (3.9a)-(3.10) and
µs∗i,a,b denoting the Lagrangian multipliers of (3.10). Following this interpretation, we add

those truncated pairs (a, b) to U s+1
i where the (local) sensitivities |µs∗i,a,b| of the objective

function with respect to the value of the coefficient are largest. Thereby, (3.11) provides
a quantitative measure for comparing the benefits in terms of objective value from adding
different coefficients to the wavelet representation, thus overcoming an important weakness
of the original algorithm as discussed above.

As a potential further development of the algorithm in the future, it might be promising
to investigate benefits from using higher-order sensitivity information, such as a quadratic
approximation of the improvements in the objective function. Along these lines, there
would also arise opportunities for an optimization-based selection of truncated pairs (a, b)
to add to U s+1

i . That is, having an accurate approximation would allow for constructing
subproblems for determining the truncated pairs (a, b), whose utilization would lead to the
maximum improvement in the objective function, which could improve the convergence
behavior.

Considering decisions on deletion of insignificant optimization variables, i.e., determina-
tion of pairs (a, b) to be truncated, we continue to apply the criterion proposed by Schlegel
et al. [142] and applied in Section 3.2. That is, we continue to decide on deletions by
comparing the absolute values of used coefficients to a relative threshold εdi , with index i
indicating that individual thresholds can be used for each DoF. Thus, if

∣∣λs∗i,a,b∣∣ < εdi ·‖λs∗i ‖2,
the pair (a, b) is removed from U s+1

i . We emphasize that this criterion is already based
on sound considerations. In particular, using a threshold value for determining pairs (a, b)
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Figure 3.8.: Flowchart of the algorithm for sensitivity-based refinements of truncated
wavelet transforms.

to be truncated is reasoned by the scaling of wavelet basis functions that ensures a norm
equality [144]: ∥∥∥(d̃s∗i,1, . . . , d̃

s∗
i,T )T

∥∥∥
2

= ‖λs∗i ‖2 ,

which implies that truncating small absolute wavelet coefficients has only minor effects
on the time series of process variables and thereby will also only insignificantly impair
objective values.

We emphasize that in contrast to the heuristic procedure for grid point insertion (cf. Sub-
section 3.2.2), the sensitivity-based refinement procedure described in this section does not
need to obey certain rules; instead, any refinement step is possible at any time. In partic-
ular, this enables the use of wavelet coefficients λsi,a,b of a high level of detail, i.e., large a,
without previously exploring all levels below. Thereby, we are able to circumvent addi-
tional iterations of the algorithm and avoid the introduction of insignificant optimization
variables, which otherwise unnecessarily prolongs the computational times for identifica-
tion of a suitable approximation. Anticipating the presentation of the results below, this
allows for an efficient treatment of cases, in which optimal schedules are strongly governed
by active ramping constraints.

Finally, the further developed algorithm still relies on heuristic stopping criteria for
terminating the refinement procedure, such as a threshold on the relative improvement in
objective values between consecutive iterations (cf. Subsection 3.2.3) or simply a maximum
number of used optimization variables. We again emphasize that these criteria are required
in general to indicate that sufficiently near-optimal solutions have been furnished. Note
that this is reasoned by the absence of global lower bounds, i.e., from solving relaxations of
the problem considering an untruncated wavelet transform, in the general case, and thus
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does not involve a certificate of optimality. Moreover, we also highlight that the additional
discussions from Subsection 3.2.3 concerning the convergence of the algorithm, its tuning,
and the opportunities for a posteriori searches remain valid. In other words, the extended
algorithm presented herein does not change the fundamentals of the algorithm proposed in
Section 3.2; it is rather meant to enhance the performance for a special case of optimization
problems.

3.6. Case study 2: Scheduling of a flexible air separation
process

Due to their high electricity consumption as well as inherent possibilities for liquid product
storage, scheduling of cryogenic ASUs is one of the most vibrant research fields in the con-
text of DSM [4]. We herein focus on an industrial-scale ASU producing both high-purity
liquid nitrogen (LIN) and oxygen (LOX), which is stored in buffer tanks and distributed
to off-site customers. The considered process configuration has been tailored to high load
flexibility and is described in detail in literature [16, 101]. Most importantly, the process
configuration comprises an integrated liquefaction cycle enabling a high ratio of storable
liquid products. Moreover, the configuration allows for liquid-assisted operation, where
stored cryogenic LIN is fed back to the distillation section. Thereby, the internal col-
umn flows and the separation performance can be maintained in the desired operating
range, although substantially reducing the power consumption of the process and hence
the liquefaction capacity.

The resulting wide operating range makes the considered process configuration on the one
hand promising for performing DSM with profitable capabilities for the exploitation of spot
electricity market price spreads on short to medium time-scales (e.g., between day and night
or between working days and weekends). However, on the other hand, the turbomachines
applied in ASUs are commonly characterized by narrow low-loss operating ranges and
significant off-design efficiency losses if leaving these ranges, resulting in nonlinear process
characteristics (cf. Figure 3.9). Consequently, scheduling of the considered process has to
be conducted carefully by accounting for its nonlinearities as precisely as possible.

3.6.1. Nonlinear scheduling model

We herein consider the scheduling of the described ASU subject to time-variable hourly
day-ahead spot market prices. We assume that all electricity is purchased at this market
and that prices for the entire planning horizon are known. Price data is retrieved from
EPEX SPOT SE (www.epexspot.com) and corresponds to historic German day-ahead
prices from end of September/beginning of October 2018. Having fixed cumulative pro-
duction targets, the objective function to be minimized Φ(·) corresponds to the costs for
electricity purchase, in accordance with the formulation in (3.6a), and is given by:

Φ(LINt, LOXt) =
T∑
t=1

φt(LINt, LOXt) with φt(LINt, LOXt) = ct · P (LINt, LOXt)

where ct denotes the day-ahead price for hour t and P (·) the instantaneous power con-
sumption given as a function of the production rates LINt and LOXt. Note that we again
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Figure 3.9.: Operating range and power consumption characteristic of the considered
ASU configuration comprising an integrated liquefaction cycle and allowing for liquid-
assisted operation. The power consumption is calculated using an artificial neural network
fitted to optimized steady-state operating points using a rigorous process model from
literature [101].

omit the multiplication with the interval length ∆t = 1 h for readability. Furthermore, we
impose operating limits on the two production rates:

−50 mol/s ≤ LINt ≤ 150 mol/s, ∀t
50 mol/s ≤ LOXt ≤ 130 mol/s, ∀t.

Note that in the inequalities above, the negative lower bound for the LIN production
corresponds to the aforementioned possibility to feed back stored LIN from the tank. In
order to ensure reaching the production targets, we require the average production rates
to equal the nominal production of LINnom = LOXnom = 120 mol/s in each case, thus
demanding:

1

T

T∑
t=1

LINt = LINnom

1

T

T∑
t=1

LOXt = LOXnom.

The power consumption of the process Pt(LINt, LOXt) is calculated using an ANN as
nonlinear surrogate model, resulting in the surface given in Figure 3.9. Note that this
surface is nonconvex, motivating the use of deterministic global optimization methods
for solving the scheduling problems in the following. In particular, one finds univariate
functions (fixed LIN and varying LOX and vice versa) with flat plateaus comprising in-
flection points and partially even with local minima. For generating the training data, we
herein used steady-state optimizations of the rigorous dynamic process model from [101],
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extended by the consideration of off-design efficiency losses in the turbomachines. Using
the MATLAB R2019a Deep Learning Toolbox (MathWorks, Inc.), the ANN is fitted to
184 optimized stationary operating points, which are equally distributed across the entire
operating range, and comprises one hidden layer with 6 neurons and hyperbolic tangent
activation functions. The ANN fits the training data with a maximum relative error below
2% and a mean percentage error of ∼0.5%. The use of a nonlinear surrogate model herein
corresponds to an advancement compared to the vast majority of previous literature that
either use simplified linear characteristics [5–7, 30], which potentially introduces signifi-
cant approximation errors, or rely on the identification of piecewise-linearized surrogate
models [8, 17, 64–67], which potentially requires large numbers of disjunctions for being
accurate. We further assume that the process can be operated in a continuous way within
its operating range. In this case, we do not need additional binary variables indicating
active modes. In particular, we thereby also omit possibilities for temporary shut-downs of
the entire plant, which have been considered in most of the referenced works. However, in
the case of the herein considered process configuration, opportunities for temporary shut-
downs are of limited additional economic potential considering the existing possibilities
for reductions of the power consumption by >50% (cf. Figure 3.9) on the one hand and
large durations with off-spec production during shut-down or start-up periods on the other
hand [161].

As ASUs are characterized by large liquid volumes [86, 87] that lead to time constants in
a similar order as the time scales of spot electricity markets [10], process dynamics further
need to be accounted for in the scheduling [78], as it is also discussed in more detail in
Subsection 2.1.2. For this purpose, we impose constraints on the change in production
rates, as widely done in scheduling practice to ensure that load changes can be tracked
without violating product requirements (cf. [8, 17, 30]). Revisiting the results presented
in [16] concerning the process dynamics, the following constraints appear suitable, so that
common industrially applied control systems would be able to track all scheduled set-point
changes.

−15 mol/s ≤ LINt − LINt−1 ≤ 15 mol/s, ∀t
−15 mol/s ≤ LOXt − LOXt−1 ≤ 15 mol/s, ∀t.

Note that changing the control system to a more advanced one, such as NMPC, could
involve substantially loosened ramping limits [89, 117] and thereby increase potential sav-
ings, which should be thoroughly investigated in the future. Moreover, we acknowledge
that numerous works argue to construct dynamic surrogate models [10, 80–82] for explic-
itly capturing the process dynamics and demonstrate their successful application to the
scheduling of ASUs [14, 18, 88]. This discussion is however out of the scope of this chap-
ter. Nevertheless, we emphasize that the presented approach is conceptually also applicable
to scheduling problems involving dynamic process models as will be briefly discussed in
Section 3.8, but leave this for future work.

41



3. Low-dimensional approximations of nonlinear scheduling problems with time-variable
electricity prices

Finally, we consider that the storable amount of product is limited. In particular, we
restrict the cumulative over-/underproduction, so that the nominal production can be kept
up for not more than 12 h by using the available storage capacities, thus requiring:

−6 · LINnom ≤
t∑

τ=1

(LINτ − LINnom) ≤ 6 · LINnom, ∀t

−6 · LOXnom ≤
t∑

τ=1

(LOXτ − LOXnom) ≤ 6 · LOXnom, ∀t.

3.6.2. Degrees of freedom and reduced-space formulation

The entire scheduling problem presented in the previous subsection can be formulated
equivalently to (3.6a)-(3.6d) by selecting d1,t = LINt and d2,t = LOXt, making the algo-
rithm proposed in Section 3.5 applicable to this problem. Consequently, we expose the
coefficients λ1,a,b and λ2,a,b of the wavelet transforms of the permuted time series of pro-
duction rates as optimization variables to the solver. The objective and every presented
constraint are formulated as explicit functions thereof by using (3.7) and (3.8). Note that
according to the discussion about the physical meaning of the wavelet coefficients, the
constraints that ensure reaching the production target can be reformulated fixing the first

wavelet coefficients to λ1,−1,0 =
√

2
log2 T · T · LINnom and λ2,−1,0 =

√
2
log2 T · T · LOXnom.

3.7. Performance assessment for the extended algorithm

As in Section 3.4, the reduced-space scheduling problem presented in the previous sec-
tion is implemented and solved using our in-house open-source software for determinis-
tic global optimization MAiNGO [150] based on McCormick relaxations [135, 151, 152] -
again exploiting the reduction in the number of optimization variables when using ANNs in
reduced-space formulations, which lead to significant improvements in the computational
performance [134]. C++ header files containing the model formulation used in MAiNGO
can be downloaded from https://git.rwth-aachen.de/avt.svt/public/glopse. We
use IPOPT [155] as solver in the upper bounding procedure and CPLEX (IBM Corpo-
ration) as solver in the lower bounding. We apply a relative optimality tolerance of 2%
in accordance with the maximum regression error of the ANN. Furthermore, we impose a
CPU time limit of 105 s (∼28 h). In order to get the values of the Lagrangian multipliers
of constraints (3.10), we perform an additional a posteriori local search starting from the
best feasible point using IPOPT. All calculation are conducted on one core of an Intel®

Xeon® CPU E5-2630 v3 @ 2.40GHz with 192 GB RAM.
Moreover, we apply threshold values εd1 = εd2 = 10−3 for truncating coefficients of the

wavelet transform in the optimization problem in the next iteration. Afterwards, we add
those pairs (a, b) of truncated wavelet coefficient to the set U s+1

i for the next iteration,
where the marginal effect of relaxing (3.10), i.e., the absolute of the Lagrangian multiplier,
is highest. This is done until the total number of optimization variables between two
iterations is increased by four. Note that this procedure is primarily chosen for illustration
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Figure 3.10.: Optimal objective value in the course of the algorithm as a function of the
number of optimization variables in the corresponding iterations. Values are scaled between
a constant operation (100%) and the benchmark from multi-start local optimization when
using the untruncated wavelet transform (0%). Symbols depict the varying scheduling
horizons. Blue upwards-pointing triangles (M): 128 intervals, red circles (◦): 256 intervals,
yellow squares (�): 512 intervals.

purposes, as it allows for displaying the effects of adding additional optimization variables
in a high resolution. With regard to a practical application of the algorithm, other criteria
are possible as well as previously discussed.

3.7.1. Convergence behavior for increasing scheduling horizons

In this section, we analyze the course of objective and optimal variable values over the
iterations of the algorithm. Note that global deterministic solutions when considering the
full dimensionality, i.e., using an untruncated wavelet transform, are computationally in-
tractable for the applied scheduling horizons. Thus, a stochastic global approach relying on
multi-start local searches is applied to obtain benchmark values for using the untruncated
transforms. This choice is justified by the good performance of local searches with IPOPT
performed during pre-processing in MAiNGO, i.e., in contrast to the results presented in
Section 3.4, no improvements of the upper bounds have been observed within the CPU
time limit in any case. Consequently, we herein scale all objective values for comparison
purpose between the benchmark from multi-start local optimizations using the untrun-
cated transform (0%) and the objective value of a constant production using only the fixed
coefficients λ1,−1,0 and λ2,−1,0 (100%). Consequently, the scaled objective values indicate
which percentage of the maximum achievable cost savings are discarded by truncating the
wavelet transform.

In Figure 3.10, we show the course of the scaled objective value over the iterations of
the algorithm for the different horizon lengths of T = 128, 256, 512 hourly intervals. The
algorithm furnishes a series of feasible solutions with objective values that decrease mono-
tonically and converge towards the benchmark values from multi-start local optimizations,
i.e., the presumable global optima using the untruncated wavelet transform, for all con-
sidered horizon lengths. Moreover, it can be seen that high percentages of the maximum
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Table 3.2.: Comparison of the minimum numbers of required optimization variables for
reaching a desired scaled objective value in case of varying horizon lengths.

#Intervals [-] #Opt. variables for desired objective value [-]
10% 5% 2% 1%

T = 128 13 17 22 35
T = 256 15 20 35 62
T = 512 20 31 49 92

achievable cost savings can be reached even when using substantially truncated wavelet
transforms. Table 3.2 gives a comparison of the minimum numbers of optimization vari-
ables that are required for reaching specific desired percentages of the maximum savings.
Thereby, we illustrate how the algorithm circumvents a linear scaling in the number of
optimization variables with the number of considered scheduling intervals by confining
to low-dimensional yet accurate approximations that suffice for exploiting large propor-
tions of the saving potentials. For instance, if comparing the 128 h scheduling horizon to
the 512 h, i.e., four times as many intervals, we find that only ∼50% more optimization
variables are required if confining to 90% of the maximum savings. Likewise, ∼80% more
optimization variables are required for 95% of the maximum savings and 2.2 times as many
for 98%. Even if demanding the exploitation 99% of the saving potentials, 2.6 and thus
still substantially less than four times as many optimization variables are required.

In addition to the discussion of objective values, the courses of the optimal variable
values over the iterations of the algorithm, i.e., the optimized production schedules, are
given in Figure 3.11. It can be seen that the algorithm furnishes feasible solutions that
converge to the benchmark time series considering the full dimensionality, i.e., an optimal
untruncated wavelet transform, even in cases where the optimum is strongly governed by
active ramping constraints. Furthermore, we notice that only a very limited number of
nonzero wavelet coefficients, i.e., optimization variables, suffices for detailed reproduction of
the most important fluctuations of the optimum when considering the full dimensionality.
In particular, the iterations in Figure 3.11 correspond to reductions in the number of
optimization variables compared to an untruncated wavelet transform (d) of 93.75% (a),
87.5% (b), and 81.25% (c) respectively, demonstrating the ability of accurately reproducing
large and strongly fluctuating time series from only a few important wavelet coefficients.

Finally, in Figure 3.12, we compare the convergence behavior of the sensitivity-based
refinement strategy proposed in Subsection 3.5.3 to the systematic yet heuristic procedure
from Subsection 3.2.2 for a horizon length of T = 128 hourly intervals. As can be seen, the
ability to identify suitable low-dimensional approximations that take the characteristics
of the original problem, such as active ramping constraints, into account is substantially
enhanced by the sensitivity-based refinement procedure. Thus, if we instead apply the
algorithm from Subsection 3.2.2, the performance is poorer, so that similarly close approx-
imations of the optima when considering the full dimensionality in terms of objective and
variable values require more optimization variables. Note that due to a worst-case expo-
nential scaling of computational times when performing deterministic global optimizations
in both cases (cf. Subsections 3.4.2 and 3.7.2), these achieved reductions in the number
of optimization variables through the sensitivity-based refinement strategy correspond to
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(a) 16 opt. variables
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(b) 32 opt. variables
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(c) 48 opt. variables
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(d) Full opt. variables

Figure 3.11.: Optimized production schedules after selected iterations of the algorithm
considering a scheduling horizon of 128 intervals. (a): using 16 optimization variables,
(b): using 32 optimization variables, (c): using 48 optimization variables, and (d): from
multi-start local optimizations considering the full dimensionality, i.e., using an untrun-
cated wavelet transform with 256 optimization variables. Dotted red lines depict the LIN
production, solid blue lines correspond to LOX. The electricity price profile for the case
study is shaded in gray.

highly promising times savings. Likewise, iterations using a similar number of optimization
variables and thus resulting in similar computational times furnish improved approxima-
tions in case of the sensitivity-based refinement strategy.

3.7.2. Computational performance and scaling of the algorithm

In this section, we discuss the savings in computational times enabled by the use of the
proposed algorithm in comparison to solution approaches considering the full dimensional-
ity, i.e., using an untruncated wavelet transform. In particular, as in Subsection 3.4.2, we
observe beneficial effects of reducing the number of optimization variables, i.e., truncating
the wavelet transform in this case, for converging the lower bound in branch-and-bound al-
gorithms for deterministic global optimization, that allow for obtaining converged solutions
within the time limit. For illustration, we summarize the CPU times spent in MAiNGO’s
branch-and-bound procedure in Figure 3.13 for all problems, where a converged solution
could have been obtained within the time limit. Note that the left part of this figure
essentially leads to similar observations as Figure 3.7. That is, using the sensitivity-based

45
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Figure 3.12.: Comparison of the course of the optimal objective value for a horizon length
of 128 intervals. We compare the sensitivity-based refinement strategy (blue upwards-
pointing triangles (M)) presented in Section 3.5 to the wavelet-based grid adaptation from
Section 3.2 using a heuristic criterion for refinements (purple downwards-pointing triangles
(O).

refinement strategy again successfully circumvents an unfavorable, worst-case exponen-
tial, scaling of computational times with the horizon length, that would be observed in
solution approaches considering the full dimensionality. One rather finds that the CPU
times only scale exponentially with the number of optimization variables (given a fixed
horizon length), whereas they scale linearly with the horizon length (given a fixed num-
ber of optimization variables). Thus, by sensibly truncating the number of optimization
variables, solutions are enabled in a reasonable time that leave only small percentages of
the maximum achievable savings unexploited, which are in a similar order of magnitude
as the relative optimality tolerance of the solver. More precisely, the 2% gap in savings
is undercut after a CPU time in the order of 101 s in case of T = 128 hourly scheduling
intervals. In the case of T = 256, this can still be achieved within 103 . . . 104 s. Even
for T = 512, we expect this to be computationally tractable, considering ready-to-use op-
portunities for speed-ups by using parallel computing capabilities on local machines (∼10
cores). Besides these opportunities for reducing the computational times for obtaining
converged global optima, we observe a nearly linear scaling of computational times in the
pre-processing with the number of optimization variables. Consequently, the algorithm
appears also promising for reducing the computational burden for obtaining stationary
feasible points.

3.8. Summary and recommendations for future research

We present an algorithm for identifying low-dimensional yet highly accurate approxima-
tions of discrete-time nonlinear scheduling problems subject to time-variable electricity
prices. Both the original and the extended version of the algorithm rely on a reduced-space
formulation of the optimization problem. Therein, we explicitly allow for time-coupling
constraints, such as storage or ramping limits. The key idea of the proposed algorithm
is to substitute the original DoFs of the scheduling problem, which represent each time
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Figure 3.13.: CPU time spent in MAiNGO’s branch and bound (BaB) for converging the
objective value to within the optimality tolerance. (a): given as a function of the number of
optimization variables, (b): plotted over the corresponding objective value. Symbols depict
the varying scheduling horizons. Blue upwards-pointing triangles (M): 128 intervals, red
circles (◦): 256 intervals, yellow squares (�): 512 intervals. The vertical dashed-dotted
line further gives the applied relative optimality tolerance for MAiNGO for comparison.

interval of the scheduling horizon individually, by a reduced number of new decision vari-
ables. More precisely, in the original version of the algorithm, one DoF is now assigned to
multiple intervals of the scheduling problem that comprise similar electricity prices, giving
a tailored nonuniform time grid. A systematic approach using a wavelet-based analysis
proposed in literature iteratively refines the time grid. We apply the grid adaptation algo-
rithm to the operational optimization of a CAES plant. There, substantial nonlinearities
in the optimization problem arise from the efficiency characteristics of the turbomachines.
These are accounted for by using ANNs as surrogate models. We show that the algorithm is
able to identify feasible schedules that give similar objective values as deterministic global
searches with consideration of the full time grid but require substantially less computa-
tional time. Moreover, we find that the solution times scale approximately linearly with
the horizon length when maintaining the same number of grid points in the optimization
problem, circumventing the worst-case exponential scaling of computational times with the
horizon length in solution approaches considering the full time grid. In fact, this enables
the consideration of scheduling horizons, which are prohibitively long without the grid
adaptation.

Furthermore, we present a further development of the proposed algorithm targeting the
special case of having only continuous variables in the optimization problem. Therein, we
replace the systematic yet purely heuristic refinement procedure by much sounder consid-
erations based on sensitivity analysis. For this purpose, we make use of an inverse wavelet
transform that allows for formulating a reduced-space optimization problem exposing only
the coefficients of the wavelet transform to the optimizer. Thereby, we enable reductions
in the dimensionality of the optimization problem by truncating the wavelet transform.
Decisions concerning the use of specific wavelet coefficients are iteratively made based on
sensitivity information from the Lagrangian multipliers, giving the marginal effect of re-
laxing the constraint truncating a coefficient. The extended algorithm is applied to the
scheduling of an industrial-scale ASU, where we again use an ANN as a surrogate model
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representing the nonlinear process characteristics. To this end, we fit the ANN to the power
consumption characteristic of the plant, which is obtained from optimizations using a rig-
orous process model. We again demonstrate that using a substantially reduced number of
optimization variables compared to solution approaches considering the full dimensionality
is suitable for identifying feasible near-optimal schedules. In particular, we show that sub-
stantially truncated wavelet transforms are still able to reproduce time series that allow
for the exploitation of high percentages of the maximum achievable savings. Moreover,
we demonstrate that the sensitivity-based refinement procedure can yield similarly close
approximations as the heuristic one while using even fewer optimization variables. The
reductions in the dimensionality of the optimization problems again lead to significant
savings in computational times when performing deterministic global optimizations, cir-
cumventing the worst-case exponential scaling of solution times with the horizon length if
considering the full dimensionality.

Due to the ability to furnish feasible near-optimal schedules in a reasonable time, the pri-
mary field of application for the proposed algorithms will lie in solving strongly nonconvex
optimization problems involving multiple local solutions, where even the generation of fa-
vorable feasible points is a highly challenging task if considering the full dimensionality. In
addition to that, the identified savings in computational times for local searches make the
algorithm also promising for applications, where solution times are of crucial importance,
e.g., to ensure real-time capability. Here, we highlight in particular that single-shooting
approaches to dynamic optimization are formulated in a similar way as the reduced-space
quasi-stationary scheduling addressed in this chapter - with both the objective as well
as the path-constrained variables being explicit functions of the parametrized, commonly
piecewise-constant input signals while hiding the actual model, that is, the state integra-
tion in case of dynamic optimization, from the optimizer (cf. [162]). Consequently, such a
formulation would also allow for the usage of the presented algorithms, which should not
be surprising, as the heuristic refinement procedure of the wavelet-based grid adaptation
was originally proposed for dynamic optimizations. Thus, promising future fields of appli-
cation will certainly also include moving horizon applications involving nonlinear dynamic
optimizations, which aim at integrating both the scheduling and the control perspective.
The application of the presented algorithm for scheduling with low-dimensional dynamic
models (e.g., [18, 22, 88]) and economic optimizations directly in the control layer using a
detailed dynamic model (cf. [16] as well as Chapter 4) is thus left for future work. In turn,
utilizing concepts from previous works in the field of dynamic optimization concerning the
detection of the switching structure of the optimization problem [163–165] might become
promising for solving scheduling problems as well. We highlight that these two research
perspectives indicate a vanishing border between scheduling, which classically relies on
quasi-stationary models, and dynamic optimization problems from both a methodological
and an application-related point of view.

A further promising direction for future research can be identified, lying in the exten-
sion of the further developed algorithm towards the handling of scheduling problems that
comprise logic disjunctions and conditional statements, i.e., towards those problems where
binary variables in state-of-the-art formulations do not solely stem from piecewise lineariza-
tions and could thus not be eliminated by using the original (smooth) nonlinear function.
Here, it should be thoroughly investigated if alternative formulations exist that describe
the relationships but forgo binary variables. In particular, progress made - again mostly in
the area of dynamic optimization - regarding nonsmooth optimization [166–169] as well as
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the handling of complementarity constraints [170–173] already bear a potential for elim-
inating the binary variables in many conventional problem formulations, which would in
these cases allow for the direct application of the proposed sensitivity-based refinement
strategy using Lagrangian multipliers. As an alternative to nonsmooth formulations, we
are also interested in a tailored treatment for binary DoFs similar to that of continuous
ones, i.e., using truncatable transforms and providing quantitative measures for decisions
on refinements. Along these lines, future research should also investigate if the underlying
concepts of our approaches (in particular, the reduced-space optimization, but also the
truncated wavelet transforms) are computationally beneficial as well in the case of MILP
scheduling problems, which have been extensively studied in the literature.

Finally, it is worth exploring further fields of application for the proposed algorithms on
a higher-level perspective. For instance, we see great potential in applying the algorithms
to two-stage stochastic programs, where the consideration of individual recourse actions
for each scenario easily involves a large computational burden that could be reduced by
using a reduced-space formulation either assigning the same recourse action to multiple
similar scenarios in the mixed-integer case or exposing a truncated transform of the recourse
decisions to the optimizer and using sensitivity-based refinements. In the context of the
present thesis, we are particularly interested in extending the approaches towards a two-
dimensional analysis considering scheduling problems with electricity price fluctuations
over multiple time intervals and in multiple scenarios due to the uncertainties.
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In this chapter, we address the development of a reduced hybrid mechanistic/data-driven
dynamic model for distillation columns with a particular focus on its application to the
control of ASUs participating in continuous electricity markets in real-time. First, we
give a brief overview of existing approaches for reduced dynamic modeling of distillation
columns in Section 4.1. In particular, we therein discuss their individual strengths and
weaknesses and present a characterization of desired novel reduction approaches. In Sec-
tion 4.2, we show how the integration of machine learning can overcome the shortcomings of
classical compartmentalization approaches. To this end, we first repeat the classical com-
partmentalization approach and afterwards propose its enhancement by replacing complex
nonlinear thermodynamic stage-to-stage calculations with ANNs as surrogate models for
the intra-compartment input/output relations. Moreover, we briefly cover the training
procedure for the ANNs due to its crucial influence on model performance. In Section 4.3,
we introduce the case study for the performance evaluation of the proposed ANN-based
compartment model, namely a well-investigated single-product nitrogen plant. Therein,
we first provide a brief description of the process giving all manipulated and controlled
variables. Second, we present the formulation of the dynamic optimization problem that
we solve in open-loop. Third, we introduce the control structure and characterize the oper-
ating scenarios considered in the closed-loop simulations. In Section 4.4, the results of the
open-loop optimizations are discussed focusing on both the prediction accuracy and the
solutions times when applying the ANN-based compartment model in comparison to a full-
order stage-to-stage model. The achieved trade-off between the loss in accuracy and the
reduction of computational times is also put into the context of the relevant literature. In
Section 4.5, we present the results of the closed-loop simulations. Therein, a distinct focus
is set on the in silico demonstration of the real-time capability of the approach. Moreover,
we discuss the controller performance both in the absence and presence of unmeasured dis-
turbances. Finally, we conclude the chapter in Section 4.6. Here, we present perspectives
for further improvements in both the model formulation and the control architecture.
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Figure 4.1.: Illustration of the key concepts of classical dynamic model reduction ap-
proaches for distillation columns.

4.1. Classical reduced dynamic modeling approaches for
distillation columns

As stated in Subsection 2.1.2, existing approaches for reduced dynamic modeling of dis-
tillation columns can be classified into three categories (Figure 4.1): (i) nonlinear wave
models, (ii) collocation-based approaches, and (iii) compartmentalization/stage aggrega-
tion. In the following, we briefly review their concepts and limitations. Based on that, we
derive desired attributes for the novel reduction approach that we propose in the remainder
of this chapter.

4.1.1. Nonlinear wave models

The oldest of the three classes of dynamic reduction approaches for distillation columns
interprets the column profiles as traveling waves and describes their movement in space and
time by partial differential equations [174]. Nonlinear wave models have originally been
proposed considering packed columns. Nevertheless, they can also be used to approximate
the profiles of staged columns described by stage-to-stage models. The early work of Gilles
and Retzbach [102] proposes a first wave model for binary columns assuming sharp, i.e.,
discontinuous, temperature and concentration profiles. Later on, the wave model presented
by Marquardt [103] overcomes the limitation to sharp profiles. The work by Kienle [104]
finally generalizes the concept to multi-component mixtures. Under certain thermody-
namic assumptions (in particular, constant molar overflow and relative volatilities), the
wave equations can be solved analytically and embedded into overall column balances. For
this purpose, Caspari et al. [105] recently extended the nonlinear wave model by an overall
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mass and energy balance that account for varying column hold-ups occurring in case of
load changes. In fact, the authors thereby embed the wave equations into a simplified
compartmentalization approach (cf. Subsection 4.1.3).

Nonlinear wave models correspond to low-dimensional representations of distillation
columns by definition, enabling promising opportunities for savings in computational times.
As an important advantage compared to collocation-based or compartmentalized models,
the size of the DAE system describing the nonlinear wave model is independent of the size
of the original full-order stage-to-stage model. Moreover, the approach involves only a few
constitutive parameters that can be estimated from stationary profiles and does not rely on
a priori definitions of collocation points, compartment boundaries, aggregated stages, etc.,
which mitigates the risks for an impaired model performance from a suboptimal model
set-up.

As a limitation, nonlinear wave models inherently rely on simplifying assumptions on
the thermodynamic properties. Consequently, there is a significant dependence of the pre-
dicting capabilities of the models on the considered mixture. For instance, when applying
the extended multi-component nonlinear wave model to the high-pressure nitrogen column
of an ASU, Caspari et al. [105] show good prediction capabilities in case of rarely nonideal
behavior (a liquid air mixture containing mostly nitrogen and oxygen). At the same time,
large deviations from full-order stage-to-stage models in case of strongly nonideal mixtures
are likely and restrict the applicability of nonlinear wave models. Note that this already
holds for other compositions of a liquid air feed, particularly for higher argon contents that
occur in further distillation columns of ASUs.

4.1.2. Collocation-based approaches

Collocation-based model reduction approaches approximate the column profile by interpo-
lations between a finite number of collocation points. By selecting substantially fewer col-
location points than theoretical stages of a corresponding full-order stage-to-stage model,
a substantial model reduction is achieved [106, 107]. The column states above and below
each collocation point, which are required for the mass and energy balances, are calcu-
lated through interpolation. For instance, Cao et al. [115] apply second-degree Lagrange
polynomials. The locations of the collocation points can but do not necessarily need to
coincide with the locations of actual stages.

Using a collocation-based approach, the number of MESH-equations is reduced, leading
to a smaller DAE system for a given distillation column. As the structure of the DAE
system however remains almost unaffected, the reduction of the size of the system directly
translates into savings in computational times for integration. For instance, Cao et al. [115]
find a nearly linear scaling of simulation times with respect to the number of collocation
points used to approximate the column profile. This behavior constitutes an important
strength of collocation-based models: the degree of reduction can a priori be chosen by
selecting the number of collocation points.

The achievable degree of reduction of collocation-based models is obviously limited by
accuracy requirements. In other words, too high degrees of reduction lead to substan-
tial deviations from the predictions of full-order models for both the stationary and the
transient behavior. For a detailed study on this trade-off, we refer to the work of Carta et
al. [175]. Most importantly, the authors find that there is a minimum number of collocation
points that is required to accurately reproduce the characteristics of the transient behavior,
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which strongly depends on the considered mixture. Consequently, desirable large degrees
of reduction might easily introduce unphysical behavior, such as additional steady-states.

4.1.3. Compartmentalization and stage aggregation

Compartmentalization has been proposed as an alternative to collocation-based ap-
proaches [109]. Its mathematical derivation is given by Lévine and Rouchon [111] and
builds on singular perturbation theory. In addition, there is a physically meaningful in-
terpretation (cf. [112]): a column model is split up into a number of compartments. One
compartment is described by the dynamic compartment balances, stationary single-stage
balances for all included stages except for one so-called sensitivity stage, and equilibrium
calculations for all stages. Thus, the approach applies a separation by time scales assuming
single-stage dynamics to be negligible compared to overall compartment dynamics.

Compartment models reproduce exactly the steady-state of the corresponding full-order
stage-to-stage models. This finding is independent of the degree of reduction and thus
represents a major advantage compared to collocation-based reduction approaches. In
contrast, the transient behavior of compartment models depends on the number of com-
partments, their sizes, and the locations of the sensitivity stages. Horton et al. [110]
present heuristics for these choices and demonstrate that dynamic responses of compart-
ment models can be close to those of the corresponding full-order models, even if relying
on substantially fewer differential equations. Likewise, Bian et al. [119] apply the compart-
mentalization approach to a distillation column of an ASU and find only small influences
on the dynamic behavior even if reducing the number of differential equations by one order
of magnitude.

Linhart and Skogestad [112] propose a different perspective on compartment models and
introduce the concept of stage aggregation. More precisely, the mathematical formulation
of a compartmentalized column is equivalent to interconnecting dynamic stages (with ag-
gregated hold-ups) and stationary columns (without hold-ups), making the definition of
compartments superfluous. Instead, the selection of aggregation stages and the defini-
tion of their initial hold-ups become relevant. The authors also provide a study on the
computational efficiency of stage aggregation (and hence also of compartment) models.
Summarizing their findings, the reduction approaches manipulate the stiffness of the DAE
system instead of reducing its size. Consequently, improvements in the computational ef-
ficiency strongly depend on the integration method as well as the time constants of the
input signal and are in no case guaranteed. In a second study, the same authors identify
the solution of the large-scale nonlinear algebraic equation system describing the interme-
diate stationary columns to be the computational bottleneck of compartment and stage
aggregation models [176]. To overcome this limitation, they propose the use of explicit
functions interpolating between precalculated solutions, which however exhibits an unfa-
vorable scaling with both the level of detail of the table and the number of components in
the column.

4.1.4. Summary of shortcomings

As can be seen, a variety of dynamic model reduction approaches is available for distillation
columns with numerous successful applications in literature for all of them, noticeably in all
cases also with applications to the modeling and the dynamic optimization of ASUs (cf. the
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literature referred to in Subsection 2.1.2). Moreover, one finds no general superiority of
one approach. That is, each of the approaches offers certain promising advantages, which
make it promising for specific use cases. Nevertheless, these advantages are in all cases
accompanied by disadvantages that certainly limit the performances:

• Nonlinear wave models allow for representing an entire distillation column by only
one wave equation per component. However, they make strong assumptions on the
underlying thermodynamics when deriving the solution, limiting their applicability
to near-ideal mixtures.

• Collocation-based models represent a convenient way to reduce the number of MESH-
equations and hence the size of the DAE system. However, they bear a severe risk
of introducing unphysical behavior for desired large degrees of reduction.

• Compartmentalization and stage aggregation make use of separation by time scales
and do not depend on the thermodynamic properties. Thereby, they effectively re-
duce the number of differential equations. In standard variants, their computational
performance is however not promising.

Desired novel reduction approaches should combine the benefits and avoid the drawbacks
by (i) enabling substantial reductions of the size of the DAE system that directly translate
into savings in computational times, (ii) reproducing physically meaningful behavior even
for high degrees of reduction, and (iii) being independent of the considered thermodynamic
system in terms of performance.

4.2. Reduced hybrid dynamic model based on
compartmentalization and artificial neural networks

Machine learning techniques have already been applied in PSE several decades
ago (cf. [177]) and are currently regaining attention after a period of low activ-
ity (cf. [178, 179]). In particular, the use of hybrid mechanistic/data-driven (also called
semi-parametric/empirical or gray box) modeling approaches appears promising, as it en-
ables a balance between first-principle mechanistic (white box) and data-driven (black box)
models [180–182]. Consequently, we herein propose a reduced hybrid mechanistic/data-
driven dynamic model for distillation columns enhancing the classical compartmental-
ization by integrating machine learning to overcome the aforementioned shortcomings
(cf. Subsection 4.1.4).

4.2.1. Step 1: Classical compartmentalization

In order to facilitate both the derivation of the reduced hybrid model and its discussion in
the next subsection, we first present the rigorous full-order stage-to-stage model forming the
basis of the reduced model and show how the classic compartmentalization is conducted,
although both steps are standard in the literature. For the DAE system describing the full-
order model, we apply the following assumptions that have been widely used and validated
in literature for modeling of ASUs. Thus, we also consider this as a suitable replacement
of a real distillation column in an ASU. Note that neither the compartmentalization nor
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the surrogate modeling actually requires one of these assumptions, i.e., dropping one of
them would only involve adjustments in the compartment balances and/or the equation
system to be replaced by the ANNs.

• The vapor hold-up on a column stage is negligible compared to the liquid hold-
up [96, 115, 119, 183].

• Exiting liquid and vapor streams on each stage are in thermodynamic equilibrium [96,
115, 119, 183].

• The liquid on each stage is ideally mixed [96, 115, 119, 183].

• The dynamics of the temperature are much faster than the mass exchange, i.e., a
pseudo steady-state energy balance can be used. Note that this also reduces the
differential index of the equation system from two to one [115, 119].

• There is a constant pressure difference between neighboring stages [96, 119].

• The mass hold-up in the condenser is negligible [96, 115, 119, 183].

• There is a linear relation for stage hydraulics with constant proportional factor kd
on each stage [96, 115, 119].

Following these assumptions, the DAE system for a single column stage i ∈ {1, . . . , N}
with components j = 1 . . . C reads:

Ṁi = Li−1 + Vi+1 − Li − Vi (4.1)

Mi · ẋji = Li−1 · (xji−1 − x
j
i ) + Vi+1 · (yji+1 − x

j
i )− Vi · (y

j
i − x

j
i ), j = 1 . . . C − 1 (4.2)

C∑
j=1

xji = 1 (4.3)

0 = Li−1 · (hLi−1 − hLi ) + Vi+1 · (hVi+1 − hLi )− Vi · (hVi − hLi ) (4.4)

(
yi
Ti

)
= px-flash(xi, pi) (4.5)

hLi = hL(xi, Ti, pi) (4.6)

hVi = hV(yi, Ti, pi) (4.7)

Li = kd ·Mi (4.8)

with Mi denoting the molar hold-up, Li and Vi the liquid and vapor streams leaving stage i,
xji and yji as mole fractions of component j in liquid and vapor phase respectively (which
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can be combined as vectors xi and yi), Ti denoting the temperature, pi the pressure, and
hLi and hVi as liquid and vapor enthalpies. The specific functions px-flash(·), hL(·), and
hV(·) depend on the thermodynamic models used. In case of additional feeds to the stage
or product withdrawals, the corresponding streams are added to the balance equations.
The entire model for a distillation arises from formulating the equations (4.1)-(4.8) for all
theoretical stages i = 1 . . . N and adding the equation systems for condenser and reboiler.

As stated above, one compartment is now defined to consist of multiple single stages.
Without loss of generality, balance equations (4.1)-(4.4) for one single stage, the so-called
sensitivity stage Nc,s, can be replaced by the overall compartment balances. Assuming
that stages Nc,1 to Nc,2 form compartment c, we get:

Ṁc = LNc,1−1 + VNc,2+1 − LNc,2 − VNc,1 (4.9)

Mc · ẋjc = LNc,1−1 · (x
j
Nc,1−1 − x

j
c) + VNc,2+1 · (yjNc,2+1 − x

j
c)

− LNc,2 · (x
j
Nc,2
− xjc)− VNc,1 · (y

j
Nc,1
− xjc), j = 1 . . . C − 1

(4.10)

C∑
j=1

xjc = 1 (4.11)

0 = LNc,1−1 · (hLNc,1−1 − h
L
c ) + VNc,2+1 · (hVNc,2+1 − hLc )

− LNc,2 · (hLNc,2
− hLc )− VNc,1 · (hVNc,1

− hLc ).
(4.12)

In equations (4.9)-(4.12), the compartment states Mc, x
j
c and hLc are introduced and defined

as follows:

Mc =

Nc,2∑
i=Nc,1

Mi

xjc =
1

Mc

Nc,2∑
i=Nc,1

Mi · xji , j = 1 . . . C

hLc =
1

Mc

Nc,2∑
i=Nc,1

Mi · hLc .

The fundamental idea of compartment models lies in assuming that the compartments
are sufficiently large, so that single-stage dynamics can be neglected compared to overall
compartment dynamics. Consequently, single-stage balance equations are assumed sta-
tionary. Thus, the entire DAE system for compartment c consists of equations (4.9)-(4.12)
plus equations (4.5)-(4.8) for stages i ∈ {Nc,1, . . . , Nc,2} and the steady-state versions of
equations (4.1)-(4.4) for stages i ∈ {Nc,1, . . . , Nc,2} \ {Nc,s}, i.e., all stages except for the
sensitivity stage. An overall compartmentalized model for a distillation column arises from
conducting these steps for all compartments c ∈ {1, . . . , NC}, thus reducing the number of
differential equations compared to a full-order stage-to-stage model by a factor of N/NC

with the the number of algebraic equations remaining (nearly) constant. Note that if the
DAE system for single stages is of differential index one, so is the DAE system for an entire
compartment and thus also the overall compartment model.
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4.2.2. Step 2: Surrogate modeling with artificial neural networks

In order to derive the proposed model, we formulate the equation system describing a
classical compartment as an index-1 DAE system:

˙̂x(t) = f̂(x̂(t), û(t), ŷ(t)) (4.13)

0 = ĝ(x̂(t), û(t), ŷ(t), ẑ(t)). (4.14)

In equations (4.13) and (4.14), we introduce the following notation: differential com-
partment states are denoted by x̂(t). Compartment inputs, that are handed over by the
neighboring compartments, are denoted by û(t), which corresponds to states of column
stages Nc,1 − 1 and Nc,2 + 1. Compartment outputs, that are required in the equation
systems of neighboring compartments, are denoted ŷ(t), which corresponds to the states
of column stages Nc,1 and Nc,2. The remaining (algebraic) compartment states are denoted
by ẑ(t).

As analyzed by Linhart and Skogestad [176] (see, above), when solving equations (4.13)
and (4.14), the main computational effort is spent in the solution of the highly nonlinear
algebraic equation system (4.14) that mainly originates from the thermodynamic rela-
tions (4.5)-(4.7), such as a GE-model (Margules, NRTL, etc.) or an equation of state
(Peng-Robinson, PC-SAFT, etc.). To reduce the computational effort, Linhart and Skoge-
stad [112] propose interpolation between tabulated precalculated solutions of (4.14), giving
the compartment outputs as an explicit function of the compartment inputs and the dif-
ferential states: (

ŷ(t)
ẑ(t)

)
= ĝ−1(x̂(t), û(t)). (4.15)

As an alternative avoiding the unfavorable scaling of the interpolation approach with the
level of detail in the table, we herein propose to use a continuous surrogate model for the
solution of the algebraic equations, i.e., for (4.15), to further improve the computational
efficiency of the model and make it readily applicable in state-of-the-art frameworks for
dynamic optimization. Due to their recent successful application to numerous chemical
engineering problems involving complex thermodynamics - with Schweidtmann et al. [138]
replacing implicit thermodynamic functions for fluid properties, Nentwich et al. [140] and
Huster et al. [184] replacing the iterative computation of mixture properties, as well as
Schweidtmann et al. [139] replacing entire flash calculations for vapor-liquid equilibria - we
herein use ANNs as surrogate model replacing (4.15). Note that ANNs can be evaluated
efficiently in a forward manner. Likewise, the use of backpropagation algorithms (as a
special case of automatic differentiation for ANNs) allows for efficient gradient calcula-
tions even for very complex network structures [185]. However, the latter opportunity is
currently omitted in our computational framework. Instead, analytical Jacobians are used
for the ANN-functions, which at some point will presumably cause limitations in problem
complexities. Furthermore, sophisticated computer codes are readily available for efficient
training of the ANNs. Thereby, ANNs can be fitted very efficiently to large data sets, that
arise from the sampling of a high-dimensional input space [186].

The DAE system representing the ANN-based compartment model then reads:
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˙̂x(t) = f̂(x̂(t), û(t), ŷ(t)) (4.16)

ŷ(t) = ĝANN(x̂(t), û(t)). (4.17)

We highlight that the model formulation (4.16)-(4.17) is only one possibility of an ANN-
based compartmentalization approach. The choice of this system however seems appealing,
as it shows an analogy to the dynamic modeling of simple flash units. That is, the model
outputs can be calculated as an explicit function of the model inputs (cf. a Tx-flash).
An ANN-based compartmentalized distillation column model can thus still be considered
as interconnected MESH-equations. Other possibilities for using ANNs within hybrid
compartmentalization approaches exist as well. For instance, using a surrogate model for
the ordinary differential equation (ODE) form of the index-1 DAE system (4.13)-(4.14)
represents an alternative. Likewise, ANNs could also be used to replace only specific parts
of the algebraic equation system (4.14), such as single-stage flash calculations (4.5). Further
note that the stage aggregation analogy from Linhart and Skogestad [112] again allows for
an alternative formulation of a reduced hybrid model with the ANNs replacing a series of
interconnected stationary stages, which corresponds to the learning of the input/output
behavior of stationary distillation columns.

The ANN-based compartment model inherits the ability of the classical compartment
model to substantially reduce the number of differential equations, which is a desired at-
tribute with regard to computational efficiency. Furthermore, in the ANN-based compart-
ment, we facilitate the solution of the algebraic equation system describing the input/out-
put relations inside the compartment. More precisely, we confine to solving the system only
for those variables that are relevant for the compartment balances and introduce explicit
functions for this purpose. As stated above, an ANN-based compartmentalized column
still considers physical insights in the form of integral balance relations.

The use of surrogate models represents a second source of errors in addition to potential
errors from manipulating the stiffness of the DAE system through compartmentalization.
Whereas the latter only affects the transient model behavior, prediction errors of the ANNs
are also present in steady-state, so that in contrast to the classical compartmentalization,
the steady-state of the ANN-based compartment model does not necessarily coincide with
the steady-state of the corresponding full-order stage-to-stage model. However, assuming
a sufficiently good estimation accuracy of the function ĝANN(·), deviations are expected
to be small. One disadvantage of the ANN-based compartmentalization is that it requires
a significant preparation effort for obtaining ĝANN(·). For instance, the wall time for
the training of the most complex single ANNs used in the case study was 10-20 h by
applying the procedure presented below. This preparation effort represents a shortcoming
compared to collocation-based and nonlinear wave models that can be set up much more
easily. However, the preparation is only done once offline and in an automated way. The
CPU time savings when applying the reduced hybrid model for control purposes are in
contrast online and repeatedly seen.

Extrapolability of the ANN functions cannot be expected in general. It is thus crucial to
cover the required operating range well. Further note that using the hyperbolic tangent ac-
tivation function of the ANN inherently introduces nonconvexities that need to be handled
within the optimization problem [134]. Consequently, in the case of overfitting the relation
(4.15), these nonconvexities might also introduce multiple unphysical local minima to the
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optimization problem. However, this risk can be mitigated by applying regularization ap-
proaches during the training, such as the commonly used early stopping criterion (cf. [185])
as done in this work or more sophisticated approaches such as dropout (cf. [187]). The
results of the case study conducted in this work further indicate that the discussed issues
might be of minor relevance in practice.

4.2.3. Comments on the training procedure

Obtaining the required function ĝANN(·) in (4.17) consists of the three following major
steps: (i) sampling the input space, (ii) solving the nonlinear equation system, and (iii) fit-
ting the ANNs. In the following, we give a brief description of how we have conducted
them for the case study and discuss potential further developments for the future.

As mentioned above, it is crucial that the relation ĝANN(·) produces accurate predictions
across the entire operating range of the compartment section. We therefore aim to provide
input samples (i.e., samples of x̂(t) and û(t)) that cover this range well. Note that if the
range was known exactly, problems with extrapolation would not arise. In practice, the
identification of the actual operating range is not straight-forward. Therefore, the following
approach is proposed: first, characteristic load changes across the entire operating range
of the distillation column are performed by simulating the full-order stage-to-stage model.
Thereby, lower and upper bounds for the differential compartment states x̂(t) and input
variables û(t) can be obtained for each compartment. Afterwards, the space spanned
by the bounds can be sampled by means of appropriate techniques, e.g., the well-known
Latin hypercube method [188]. Here, we recommend to add adequate safety factors to the
bounds of x̂(t) and û(t).

In a second step, equation (4.14) is solved for all samples of x̂(t) and û(t). As this
corresponds to the solution of a nonlinear algebraic equation system, various computer
codes can be used for the solution. As all models in the case study are implemented in
the modeling language Modelica and made accessible to our in-house software package
for dynamic simulation and optimization (cf. Subsection 4.3.2), we herein use the internal
capabilities of this software package for solving nonlinear algebraic equation systems.

As by solving the nonlinear equation system, the required input/output samples for equa-
tion (4.15) are obtained, the function ĝANN(·) can be fitted using state-of-the-art computer
codes for training of ANNs. For instance, in this work, we use the MATLAB R2018a
Neural Network Toolbox (Mathworks, Inc.). We investigated different network architec-
tures and obtained the best results by representing each compartment output separately
with a multiple-input-single-output ANN with one hidden layer. For good performance of
the ANNs, we further recommend using the same scaling procedure for composition vari-
ables as applied by Cao et al. [115] when applying the ANN-based compartment model
to case studies focusing on the high-pressure columns of ASUs. More specifically, we use
the logarithm of molar fractions (for j = O2 and j = Ar) or the logarithm of one minus
the molar fraction (for j = N2) within the ANN instead of the molar fractions directly.
For determining the number of neurons per ANN, an iterative procedure is applied that
increases the number of neurons within the hidden layer of the ANNs until a minimum
performance criterion is met.

We highlight that potential improvements in the training procedure exist in each
of the three steps. In particular, we see a great perspective in using both more so-
phisticated (adaptive) sampling methods (e.g., [140, 189, 190]) and more complex net-
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Figure 4.2.: Flowsheet of the process considered in this chapter. Manipulated (MVs) and
controlled variables (CVs) are highlighted in the flowsheet and listed in Tables 4.1 and 4.2
respectively.

work structures using multiple hidden layers, potentially enhanced by ensemble learn-
ing (e.g., [191, 192]). Assuming maximum internal column flows to be known for a specific
application and considering that compositions are inherently bounded between zero and
one, these further developments could thereby potentially allow for ANNs having accurate
prediction capabilities across the entire input range and thus entirely circumventing the
risk for extrapolation.

4.3. Case study: Optimal operation of a nitrogen plant

We focus on a process for producing highly pure gaseous nitrogen for an on-site customer,
such as a chemical plant (Figure 4.2). Similar process designs are well-investigated in the
literature (e.g., [10, 14, 83, 87, 88, 98, 99, 105, 116, 193]). In the process, ambient air is
pressurized, cooled down to the two-phase region, and fed to a distillation column. On
top of the column, the nitrogen product stream is drawn off. The bottom stream of the
column is expanded and used for condensing the column reflux. Both the gaseous product
and the waste stream are used to cool down the incoming feed air in a counter-current
heat exchanger. The thermal couplings of the column’s in- and outputs make this ASU
configuration an interesting case study for control purposes.

We herein aim at identifying operating strategies that reduce the operational, i.e., elec-
tricity, costs for the plant while satisfying the customer’s product demand. We highlight
the external liquefaction cycle of the plant that can act as a buffer for storable liquified
products and hence allows a flexibilization of the operation of the ASU, which is - to some
degree - independent from the customer’s operating schedule. In times of low electricity
prices and low utilization rates, nitrogen can be overproduced, liquified, and stored. In
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Table 4.1.: Manipulated variables (MVs, i.e., process inputs) in the case study with their
respective bounds.

Description [Unit] Bounds

MV1 Inlet flow main air compressor [mol
s

] [301.5, 368.5]
MV2 Inlet flow zone 2 of heat exchanger [mol

s
] [36.75, 44.90]

MV3 Distillation column product withdrawal [mol
s

] [0, ∞)
MV4 Inlet flow product storage tank [mol

s
] [0, ∞)

Table 4.2.: Controlled variables (CVs) in the case study with their respective bounds.

Description [Unit] Bounds
CV1 Product impurity [ppm] [0, 20]
CV2 Temperature difference (integrated reboiler and condenser) [K] [0, ∞)
CV3 Temperature difference (inlet heat exchanger zone 1) [K] [0, ∞)
CV4 Temperature difference (outlet heat exchanger zone 1) [K] [0, ∞)
CV5 Temperature difference (outlet heat exchanger zone 2) [K] [0, ∞)
CV6 Temperature at turbine inlet [K] [115, ∞)
CV7 Temperature behind heat exchanger [K] [0, 95]
CV8 Relative hold-up (reboiler) [%] [95, 105]
CV9 Relative hold-up (storage tank) [%] [0, 200]

turn, this allows for load reductions in case of high electricity prices and high utilization
rates. The plant’s operation can be defined using four manipulated variables (MVs, cf.
Figure 4.2), whose operating ranges can be found in Table 4.1. Additionally, Table 4.2 lists
the considered controlled variables (CVs, cf. Figure 4.2). Note that in the following, the
controller is required to keep the CVs within their respective bounds and not at a given
set-point as is done in classic regulatory control.

In the following, we first briefly describe the applied models for the unit operations. Af-
terwards, we present the formulation of the dynamic optimization problem that we solve
in open-loop in Section 4.4 to assess both the prediction accuracy and the computational
efficiency of the proposed reduced hybrid mechanistic/data-driven dynamic model. After-
wards, we apply this model within a closed-loop eNMPC framework, which we introduce
at the end of the section. Furthermore, we describe the operating scenario for assessing
the performance of the proposed eNMPC framework, i.e., the applied market, demand,
and disturbance models, as well as the controller parameters.

4.3.1. Process modeling

We herein differentiate between the model used when solving the dynamic optimization
problems (cf. Subsection 4.3.2) and the model used as the replacement for the actual
plant. The only difference between the two lies in the way that the distillation column is
modeled. For all other unit operations, we use the same models as in Caspari et al. [98]
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both when solving the dynamic optimization problems and when simulating the dynamic
response of the plant replacement. Details on those units can be found in Appendix B. In
the plant replacement, we use a full-order stage-to-stage model making use of the assump-
tions in Subsection 4.2.1 for the distillation column. The model comprises 40 theoretical
stages, a steady-state condenser, and a single flash unit for the reboiler. When solving
the dynamic optimization problems, we apply the presented ANN-based compartment
model. For comparison purposes, we however also consider benchmark cases using either
a full-order model (no model/plant mismatch) or the corresponding classical compartment
model (with errors only due to compartmentalization).

We investigated different compartmentalization schemes for the distillation column and
gained valuable insights into the influence of the number of compartments on model accu-
racy, which are used for setting up the ANN-based compartment model. That is, confining
to compartments of almost equal size, we found the use of four compartments (i.e., ap-
proximately ten stages per compartment) to be best suited for the application, which is
in good agreement with the results of Bian et al. [119]. This corresponds to a reduc-
tion of the size of the differential equation system describing the distillation column by
90%. Increasing the number of compartments to five, i.e., a lower degree of reduction, did
not show significant increases in the accuracy, but substantially prolonged computational
times, whereas decreasing the number to three, i.e., a higher degree of reduction, led to
an undesired inverse-response behavior when simulating step responses. In contrast to the
number of compartments, the complexity of the ANNs did not show a substantial effect on
computational times, so that adequately complex ANN structures can be applied without a
need to balance between accuracy and computational performance. Details on the number
of neurons used for fitting all required input/output functions inside the compartments
are also given in Appendix B. As a further adjustment to the classical compartment, we
include the (stationary) condenser into the upper compartment of the ANN-based model.
In contrast, the feed stage and reboiler are still modeled separately.

4.3.2. Formulation of the optimal control problem

Optimal values for the process inputs u(t), i.e., the MVs, are calculated by solving a
dynamic optimization problem (4.18a)-(4.18g) on the finite prediction horizon T = [t0, tf ]
minimizing the electricity costs at final time φ (x (tf )), which is referred to as the optimal
control problem (OCP).

min
u(t),x(t),y(t)

φ (x (tf )) (4.18a)

s.t. ẋ(t) = f (x(t),y(t),u(t)) , ∀t ∈ T (4.18b)

0 = g (x(t),y(t),u(t)) , ∀t ∈ T (4.18c)

0 = h (x(t0),y(t0),u(t0)) (4.18d)

ulb ≤ u(t) ≤ uub, ∀t ∈ T (4.18e)

ylb ≤ y(t) ≤ yub, ∀t ∈ T (4.18f)

0 = cf (x(tf )) (4.18g)

The semi-explicit index-1 DAE system (4.18b)-(4.18c) corresponds to the process model
considered within the OCP and incorporates - besides the model equations for the other
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process units (cf. Appendix B) - either the DAE system describing the ANN-based com-
partment model, the classical compartment, or the full-order stage-to-stage model. Recall
that by using the ANN-based model for the distillation column instead of the full-order
one, the number of differential states x(t) as well as the number of algebraic states y(t) are
substantially reduced, which is beneficial with regard to solution times. Equation (4.18d)
further defines the initial state of the DAE system.

Calculation of the electricity costs as objective to be minimized enters the DAE system
by using the following differential equation:

φ̇(t) = ĉE(t) · Pt(t)

with ĉE(t) denoting the (predicted) instantaneous electricity price and Pt(t) the net elec-
tricity consumption of the entire plant (consumption of the compressor and liquifier minus
production of the turbine).

Hard path constraints (4.18e)-(4.18f) on process inputs, i.e., the MVs, as well as se-
lected algebraic states, i.e., the CVs, are used to ensure that the plant remains within its
operating range (Tables 4.1 and 4.2). In particular, compressor and turbine flows (MV1
and MV2) can be varied within ±10% compared to their nominal stationary operating
point and a maximum product impurity (CV1) of 20 ppm is demanded. In addition to
that, we force driving temperature differences at various points of the plant to be positive.
Furthermore, we require the temperature of the air flow at the turbine inlet to remain
above and that behind the second heat exchanger zone below the boiling point. Due to
delivery commitments, the on-site gaseous product demand needs to be fulfilled at every
point in time either via the column withdrawal or re-vaporization of the tank content. In
order to prevent emptying the tank, a terminal equality constraint (4.18g) is used for the
final state of the storage tank, i.e., we constrain the tank holdup at the end of the horizon
to its initial value. Note that a wide range of additional operational constraints has been
used in literature, such as flooding limits (cf. [10, 116]). For the sake of simplicity, these
are discarded here. However, their integration would be straight-forward. Assuming that
the constrained variable can be calculated as a function of column states of the full-order
stage-to-stage model (as is the case for, e.g., the flooding velocity), we can also use a
surrogate model for its calculation inside a compartment, which essentially corresponds to
adding one ANN per additional CV.

Solution of the OCP (4.18a)-(4.18g) is realized using the in-house software package
DyOS [194]. The models themselves are set up in the object-oriented modeling language
Modelica and made accessible for DyOS via exportation as a functional mock-up unit
(FMU) using Dymola (Dassault Systèmes®). DyOS solves the OCP in a sequential ap-
proach using a single-shooting algorithm [195, 196]. Therein, the OCP is converted into an
NLP by control vector parametrization and then solved via sequential quadratic program-
ming (SQP) using SNOPT [197] version 7.2-4. As integrator, we apply NIXE [198], but
also compare to using LIMEX [199] in Subsection 4.4.2. When solving the OCP once offline
in open-loop in Section 4.4, we consider a prediction horizon of 24 h and use a piecewise-
constant parametrization for each control vector with twelve equally-sized intervals, giving
48 DoFs for the optimizer. We apply historic German day-ahead spot electricity prices
retrieved from EPEX SPOT SE (www.epexspot.com) for January 4th, 2018 for illustra-
tion. Furthermore, we consider a constant withdrawal of 155 mol

s
of gaseous nitrogen by

an on-site customer. In Section 4.5, the OCP is solved repeatedly on a moving horizon, as
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Figure 4.3.: Single-layer eNMPC framework considered in the closed-loop case study in
Section 4.5.

is presented in the following subsection.

4.3.3. Control structure and closed-loop scenarios

We apply the single-layer eNMPC framework given in Figure 4.3 to allow for the participa-
tion of the ASU in a continuous intra-day electricity market directly on the control layer.
In particular, we demonstrate in silico that real-time capable decision-making concerning
energy trading is enabled by a combination of the reduced hybrid mechanistic/data-driven
dynamic model presented above with a suboptimal fast update scheme from literature. We
herein focus on the German continuous intra-day market with hourly electricity products.
Note that this market is indeed an auction market following the pay-as-bid principle, so
that the ask prices submitted to the market would strictly speaking define a probability of
acceptance (cf. Chapter 5). However, this perspective is out of the scope of this chapter,
such that a simplified market model is applied with the following constituting rules:

• During one hour, the price is known and remains constant.

• Electricity is both bought and sold at the same price.

• There is no delay between the purchase and consumption of energy.

• Energy can only be bought and sold for the current hour.

As the development of the electricity price in the course of the day is inherently uncertain,
we construct price forecasts that are used in the eNMPC by assuming a geometric Brownian
motion (GBM) process [200]. Thereby, we assume that the long-term drift of the price
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Figure 4.4.: Electricity prices for the computational study. The solid blue line corresponds
to the actual prices at the German intra-day continuous market, the other lines depict
forecasts used in the eNMPC for the first three hours of the horizon. Dashed red line:
forecast at t = 0 h, dotted yellow line: forecast at t = 1 h, dashed-dotted purple line:
forecast at t = 2 h.

development is known but superimposed with a random process [201]. Tuning parameters
can be used for balancing between these two effects. The GBM assumes that in the t’th
hour, the k-hours-ahead forecast of the electricity price ĉ

t+k|t
E can be calculated using the

equation below with ct+kE denoting the real price development:

ĉ
t+k|t
E = ĉ

t+k−1|t
E + θ · (ct+kE − ĉt+k−1|tE ) + ξt+k|t with ξt+k|t ∼ N (0, σ).

Here, ξt+k|t is a random variable and corresponds to a zero-mean white Gaussian noise
added to the signal. Parameter values θ = 1 and σ = 0 correspond to perfect forecasts.
For θ = 0 we find a random walk with variance σ2. Parameter values of θ = 0.8 and
σ = 5 are used to construct forecasts for the case study. Figure 4.4 compares the real
course of the electricity price for the case study, which corresponds to German intra-
day continuous market data from December 18th, 2018 retrieved from EPEX SPOT SE
(http://www.epexspot.com), to the predicted one from using the GBM in the first three
hours of the considered horizon.

Although exploitation of temporal price spreads at electricity markets appears highly
promising, the primary target of the ASU remains to safely satisfy its on-site customer
demands at any time. We thus assume the following operating scenario: the customer
submits its schedule beforehand, i.e., the schedule is known in the eNMPC layer. How-
ever, due to a disruption in the customer’s operation, the schedule is changed. We assume
that this change of schedule is communicated to the ASU operator 1 h before its occur-
rence (Figure 4.5). From then on, the eNMPC can react to this upcoming change in the
customer’s demand.

We further consider a heat input per tray due to imperfect isolation as a disturbance as
done by Caspari et al. [100]. We assume that this disturbance follows a sine curve. The
curve is shifted, such that it matches the typical course of temperature over one day (i.e.,
the minimum is around 5:00 am, cf. Figure 4.6). As will be shown later, this additional
heat stream is a severe disturbance to the energy balance of the column, such that an

66

http://www.epexspot.com
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Figure 4.5.: On-site gaseous product demand for the computational study. The dashed
red line depicts the originally submitted schedule of the customer, the solid blue line
corresponds to the actual schedule. The vertical line gives the point in time when the
change in the schedule is submitted and can be used in the eNMPC.

increased amount of heavy boiling oxygen and argon would contaminate the product with-
out countermeasures. We assume that the disturbance is neither measured nor estimated.
Thus, the controller rejects the disturbance only by using process feedback. Note that in
practice, measurements and forecasts of the course of the temperature would be possible
and might allow for a feed-forward component in the control structure using a suitable
model for its relation to the heat stream.

In order to reject the disturbance as well as to react on both changes in the on-site
demand and newly available price forecasts, the OCP (4.18a)-(4.18g) is solved repeatedly
on a moving horizon using the ANN-based compartmentalization for the modeling of the
distillation column. We choose a sampling time of 15 min for the eNMPC that we consider
adequate compared to the time constants of the plant. Note that this is much longer
than what is common in industrial practice with LMPCs. However, the mismatch between
the applied reduced hybrid nonlinear model and the actual plant is also substantially
smaller than in the case of linearized control models. Due to the nonetheless existing
model/plant mismatch, we add a safety factor to the bounds of the limiting CV, i.e.
we use a constraint back-off. More precisely, a product impurity bound of 19 ppm is
used instead of 20 ppm that would actually correspond to the product requirement given
in Table 4.2. The constraint back-off is implemented by adjusting (4.18f). We use no
special treatment for infeasible optimization problems, such as a reformulation of the hard
path constraints as soft ones. In particular, this also holds in case of initial constraint
violations due to model/plant mismatch, i.e., normal iterations of the solver are conducted
for driving the CVs back within their bounds in the course of the horizon. We assume full
state feedback and calculate the initial state of the ANN-based compartment model for
optimization from the states of the full-order stage-to-stage model (cf. equation (4.18d)),
which we use as plant replacement to simulate dynamic responses. Both the prediction
and the control horizon are chosen to be 12 h, which enables the exploitation of the most
distinct daily price spreads (cf. Figure 4.4) by the eNMPC. Using an hourly piecewise-
constant control vector parametrization thus results in 48 DoFs for the optimizer. In the
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Figure 4.6.: Disturbance model for the computational study. An unmeasured heat input
per tray is assumed following a sine curve.

first cycle, the optimization is initialized at the optimal steady-state in case of nominal
production. All subsequent optimizations are initialized using the optimal solution from
the previous iteration.

In order to limit the computational burden for solving the OCP (4.18a)-(4.18g), we rely
on the suboptimal eNMPC scheme proposed by Caspari et al. [98], essentially utilizing
ideas originally proposed by Diehl et al. [202]. More precisely, we allow for at most five
major SQP iterations without performing an interim linesearch, which in fact means that
we confine to a limited number of five DAE and sensitivity integrations, that are responsi-
ble for the vast majority of the computational time. We account for the solution times by
assuming that the optimal MVs reach the process after a fixed dead-time of 30 s. Within
that time, the optimal MVs from the last optimization are used further on. Comparing
this to the results presented in Subsection 4.5.1, we find the assumed time delay to be even
rather conservative. No further measures to compensate for the delay, such as delay com-
pensation by prediction, etc. (cf. [203]), are taken. Note that selecting the number of DAE
integrations corresponds to finding a balance between short time delays and better (i.e.,
more converged) solutions. The comparison of the performance of the presented frame-
work to an ideal controller that uses the exact full-order process model and has perfect
knowledge (cf. Subsections 4.5.2 and 4.5.3) indicates that the chosen parameters balance
this trade-off in an appropriate way for the considered case study.

The economic performance of the presented eNMPC framework considering the intro-
duced market, demand, and disturbance models is evaluated in comparison to an optimized
nonflexible operation and the optimal flexible production schedule from solving an open-
loop OCP offline assuming perfect knowledge about markets, demands, and disturbances
and applying a full-order stage-to-stage model. In the following, we distinguish between
operating scenarios without (SI.x) and with (SII.x) process disturbances. All scenarios
are compared on the basis of equal cumulative production in the course of one day. This
means that the net production that is achieved by the eNMPC framework defines the net
production for the comparative cases. Note that this allows for a simple comparison of the
electricity costs of each operating strategy.

Scenario SI.1 corresponds to the online application of the presented eNMPC framework
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Table 4.3.: Characterization of operating scenarios without consideration of process dis-
turbances (SI.1-SI.3). ANNCM abbreviates the ANN-based compartment model, FSM the
full-order stage-to-stage model.

SI.1 SI.2 SI.3
eNMPC OCP Opt. steady-state

Optimization Online Offline Offline
Sampling time 15 min - -
Time delay Yes No No
Control and prediction horizon 12 h 24 h 24 h
Control vector parametrization 1 h 15 min 24 h
Distillation model (eNMPC) ANNCM FSM FSM
Distillation model (plant) FSM FSM FSM
Electricity prices Predicted Known Known
Customer demand Predicted Known Known

under consideration of time delays due to solution times as well as imperfect knowledge
about the market. This scenario is compared to two benchmark operation strategies. Sce-
nario SI.2 is the solution of an offline OCP assuming perfect knowledge (no model/plant
mismatch and perfect forecasts). It thus represents the economically optimal operation
for a given sampling time that cannot be outperformed by the eNMPC. In contrast, sce-
nario SI.3 corresponds to a nonflexible operation mode, i.e., the process is operated at
a constant production rate yielding the same net production as the eNMPC framework
in scenario SI.1. Scenario SII.1 essentially repeats the computations from scenario SI.1.
However, the unmeasured disturbances (cf. Figure 4.6) are used as additional input for
simulating the plant replacement’s response. From a control perspective, this means that
the controller now needs to reject disturbances in addition to the handling of model/plant
mismatch. Scenario SII.2 again represents the ideal solution for benchmarking the perfor-
mance of the eNMPC framework. Note that we herein also assume the disturbance profile
to be known in the OCP. Finally, in scenario SIII.3, the optimal trajectories from sce-
nario I.2 are used for simulating the process under disturbances in a feed-forward manner.
This scenario is not relevant for the economic comparison, however, it allows for assessing
the severeness of the considered disturbances. Short characterizations for all considered
scenarios are given in Tables 4.3 and 4.4.

4.4. Performance in open-loop control

The OCP is implemented and solved using DyOS as described in Subsection 4.3.2. For
SNOPT, we apply an optimality tolerance of 10−2 and a feasibility tolerance of 10−6. For
both integrators, NIXE and LIMEX, we apply absolute and relative tolerances of 10−6.
Dynamic responses of the plant replacement are simulated using the same integration
tolerances. All calculations are conducted on an Intel® Xeon® CPU E5-2630 v2 with 2.60
GHz and 128 GB RAM.
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Table 4.4.: Characterization of operating scenarios with consideration of process distur-
bances (SII.1-SII.3). ANNCM abbreviates the ANN-based compartment model, FSM the
full-order stage-to-stage model.

SII.1 SII.2 SII.3
eNMPC OCP OCP

Optimization Online Offline Offline
Sampling time 15 min - -
Time delay Yes No No
Control and prediction horizon 12 h 24 h 24 h
Control vector parametrization 1 h 15 min 15 min
Distillation model (eNMPC) ANNCM FSM FSM
Distillation model (plant) FSM FSM FSM
Electricity prices Predicted Known Known
Customer demand Predicted Known Known
Disturbances Unknown Known Unknown

4.4.1. Prediction capabilities of the hybrid mechanistic/data-driven
model

In Figure 4.7, we present the optimal profiles for selected MVs, namely the gaseous feed air
(MV1) as well as the liquified and stored product (MV4), obtained when solving the OCP
embedding the different models for the distillation column. As can be seen, there is an
almost perfect agreement between the optimal MV profiles obtained when using the ANN-
based compartment model, the classical compartment model, and the full-order stage-to-
stage model within the OCP. In fact, the highest relative error compared to the optimal
MV profile from using the full-order model is 0.07% for the ANN-based compartment
model and 0.04% for the classical compartment model.

In Figure 4.8, we further show the actual responses of selected CVs, namely the nitrogen
product purity (CV1) and the temperature at the turbine inlet (CV6), when simulating
the plant replacement using the full-order stage-to-stage model and applying the optimal
MV profiles and compare them to the corresponding predictions made in the OCP. We
thereby assess the errors introduced through the reduction approaches, namely through
both the compartmentalization and the surrogate modeling using ANNs. However, one
should consider the errors in relation to the agreement between the full-order model and the
actual responses of a physical plant. With regard to control applications, the model/plant
mismatch is commonly handled efficiently in a closed-loop manner by using feedback of the
process. Simply speaking, if errors that are introduced during the (hybrid) model reduction
are below the inherent model/plant mismatch, the accuracy of the reduced (hybrid) model
is not critical. For instance, in the case of the considered ASU, we assume a mismatch
between physical plants and full-order stage-to-stage model according to Subsection 4.2.1
in the order of few ppm for the most important (and also the limiting) process variable,
the nitrogen product purity (CV1), to be realistic.

The results given in Figure 4.8 validate the good prediction capabilities of the classical
compartment model. In particular, our results are in good agreement with the findings
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Figure 4.7.: Selected optimal MV profiles obtained when embedding the different dis-
tillation column models in the OCP. Solid blue trajectories are optimized using the
full-order stage-to-stage model (FSM), dotted purple lines using the classical compart-
ment model (CM), and dashed red lines using the proposed ANN-based compartment
model (ANNCM). Thin dashed-dotted black lines give the respective bounds for the MVs.
(a) MV1: feed air stream entering the main air compressor, (b) MV4: liquified product
stream entering the storage tank.

from Bian et al. [119], indicating that for columns comprising around 40 or more stages,
ten single stages can easily be combined into one compartment without significant influ-
ences on the dynamic responses. For instance, we find that for the impurity in the product
stream (CV1), the root mean square error (RMSE) between the prediction using the clas-
sical compartment model and the actual response of the full-order stage-to-stage model is
∼0.5 ppm, which corresponds to an error of ∼2.5% relative to the impurity limit of 20 ppm.
Following the discussion above, this accuracy appears adequate for control purposes, as
we assume that a sufficiently large safety factor �2.5% would be added in practice to
bounds on crucial CVs. Due to the derivation of the ANN-based compartment model, the
accuracy achieved by classical compartmentalization represents the actual benchmark for
the hybrid approach, i.e., a better agreement between the ANN-based compartment model
and the full-order model than between the classical compartment model and the full-order
model could only occur by chance through the vanishing of two error sources.

We further see from Figure 4.8 that - as expected - the ANN-based compartment model
inherits the capabilities of the classical compartment model to reproduce the transient
behavior of full-order models well while reducing the number of differential equations by
90%. More precisely, for the predictions of the ANN-based compartment model, an RMSE
of 0.67 ppm in the product impurity (CV1) is found, which is only slightly worse than the
RMSE when applying the classical compartmentalization. The small deviations between
the two performances can be explained by the remaining prediction errors of the embedded
ANNs. These errors are present both in transient and in (almost) stationary operation,
where the classical compartment model achieves a perfect agreement between predictions
and actual responses. However, since ANNs are universal approximators (cf. [185]), the
prediction errors of the ANNs (i.e., the deviations between the hybrid and the classical
compartmentalization) can be decreased to an arbitrary size if sufficiently many hidden
neurons are applied and data points for training are used. In practice, the prediction
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Figure 4.8.: Comparison of predicted trajectories of selected CV when solving the OCP
embedding the reduced model to the actual simulated dynamic response of the plant re-
placement using a full-order stage-to-stage model. Dotted purple lines show predictions
using the classical compartment (CM) in the OCP, dashed red lines the predictions using
the ANN-based compartment (ANNCM). Symbols depict the dynamic responses of the
full-order model when applying the obtained optimal MV profiles. Thin dashed-dotted
black lines are the respective bounds for the variables. Lower figures show detailed views
marked in the upper ones. (a) CV1: impurity in the nitrogen product stream, (b) CV6:
absolute temperature of the feed air at the turbine inlet.

accuracy of the ANNs is nevertheless limited by the actual number of neurons applied and
the size of the data set used for training. Using the obtained ANNs (cf. Appendix B),
this additionally introduced error is always below 0.5 ppm for the product purity and
thus already in the same order as the inherent limitations in the prediction accuracy of
the compartmentalization approach applied. We highlight that the prediction errors of the
ANN-based compartment model are thus also smaller than assumed safety factors and that
the actual model/plant mismatch between real plants and full-order stage-to-stage models
will likely be at least in a comparable order of magnitude. Qualitatively similar results
are obtained for different process variables as well. For instance, the RMSE for predicting
the temperature at the turbine inlet (CV6), which depends on the molar streams and
enthalpies of the product and waste streams, is even below 0.1 K when applying the ANN-
based compartment model.
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Table 4.5.: Average CPU times over 10 runs for solving the OCP when using the different
models for the distillation column.

Distillation model in OCP CPU time (NIXE) [s] CPU time (LIMEX) [s]
Full-order stage-to-stage model 2,490 4,909
Classical compartment model 14,928 12,099
ANN-based compartment model 162 123

4.4.2. Computational performance and savings in solution times

Table 4.5 shows CPU times for solving the OCP (4.18a)-(4.18g) when using both the
ANN-based and the classical compartment model as well as when using the full-order stage-
to-stage model. Results are presented separately for applying the integrators NIXE and
LIMEX. We find that the ANN-based compartment model enables high-quality prediction
capabilities (Figures 4.7 and 4.8) while substantially reducing the computational effort for
solving the OCP by more than one order of magnitude compared to using a full-order
model. This holds for both integrators tested. However, if LIMEX is applied, the benefits
appear even stronger (factor of ∼40 when using LIMEX vs. ∼15 when using NIXE).
Similar behavior can be observed for the comparison of the hybrid compartmentalization
to the classical version. Again, the relative improvement is higher when using LIMEX.
Noticeably, for both integrators tested, the use of the classical compartment model in our
numerical set-up leads to a significant increase in computational times, that is, solution
times when using the classical compartment model are higher by factors of 2.5 (LIMEX)
and 6 (NIXE) compared to the full-order stage-to-stage model respectively. As discussed
in Subsection 4.1.3, this behavior has also been observed in the literature [176].

An extensive study might become necessary in the future for verification and generaliza-
tion of the exceptionally good computational efficiency of our reduction approach to other
solution methods for dynamic optimization. In particular, we recommend the applica-
tion of such a reduced hybrid mechanistic/data-driven model within simultaneous solution
methods (e.g., [204]) as well for future research.

4.4.3. Comparison with literature results

The works of Khowinij et al. [118] and Bian et al. [119] for the application of classical
compartment models, the works of Cao et al. [115, 116] for the application of collocation-
based models, and the recent work by Caspari et al. [105] applying an extended nonlinear
wave model appear suitable for comparing our results to findings from the literature, as
similar processes are considered. Furthermore, these works apply full-order stage-to-stage
models using the same assumptions as we did for benchmarking the respective reduction
approaches. Khowinij et al. [118] report a fivefold reduction of computational times using
MATLAB’s ode15s (Mathworks, Inc.) as integrator for a single nitrogen column. For
another column producing both nitrogen and oxygen tested by Bian et al. [119] using the
same methods, only insignificant reductions were observed. In comparison, our results even
show an increase in computational times by applying a classical compartment model instead
of a full-order stage-to-stage model when using state-of-the-art integrators. However, we
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do not exclude the possibility that highly tailored integration methods might be able to
efficiently exploit the structure of the classical compartment model. We however validate
that compartmentalization approaches (as long as not too many stages are combined within
one compartment) are exceptionally suited for reproducing dynamic responses from full-
order models and thus efficiently reduce the number of differential equations. We highlight
that this fact is believed to be the key to the computational performance of the presented
ANN-based compartmentalization approach.

Concerning the use of collocation-based models, Cao et al. [116] report a reduction in
simulation times in gPROMS (PSE, Ltd.) of ∼70% when reducing the model size by ∼60%
for a similar case study (optimal operation of a nitrogen plant with a liquid buffer subject
to fluctuating electricity prices). The authors further report absolute errors in relevant
product purities of below 1 ppm for that model [115], which appears comparable to the
accuracy of the presented ANN-based compartment model. Unfortunately, the authors do
only report time reductions for simulating the process responses and not for solving the
OCP. However, as a first approximation, we estimate savings in solving the OCP to be of
a similar order of magnitude. We thus expect the proposed hybrid compartmentalization
approach to enable a substantially better balancing between model accuracy and com-
putational demand than what could be achieved by using collocation-based approaches
instead.

Finally, Caspari et al. [105] propose an extension of the nonlinear wave model from
Kienle [104] accounting for varying column hold-ups by using integral dynamic balance
equations and apply this model to both open-loop and closed-loop case studies considering
the same process configuration as we do. Comparing their reported open-loop results to
our work, we find slightly larger deviations from the full-order stage-to-stage model with
regard to both the dynamic and the stationary behavior when applying the nonlinear
wave model. Note that these deviations likely stem from (i) a higher degree of reduction
of differential states and (ii) simplifying thermodynamic assumptions when deriving the
solution of the wave equations. However, the authors demonstrate that the deviations
can be handled effectively in closed-loop. Thus, the reported savings in computational
times for solving OCPs, which are in a similar order of magnitude as we find for the
ANN-based compartment model, make the nonlinear wave model a promising candidate for
application in an eNMPC framework targeting the participation of the considered ASU in a
continuous intra-day electricity market in real-time directly on the control layer. However,
we emphasize that the prediction capabilities of nonlinear wave models - in contrast to
those of the ANN-based compartment model - strongly depend on the nonideality of the
considered thermodynamic system, so that their applicability to other columns in ASUs,
particularly those with higher argon fractions, will certainly be limited.

4.5. Performance in closed-loop control

All computations are again conducted in the in-house software package DyOS. MATLAB
R2018a (Mathworks, Inc.) is used for setting up the closed-loop framework and thus for
sequencing the tasks. Within DyOS, integrator tolerances (both absolute and relative)
are set to 10−2 when solving the OCP in the eNMPC layer and 10−4 for simulating plant
responses. For solution of the benchmark calculations (cf. Tables 4.3 and 4.4), all tolerances
(including optimality and feasibility tolerances of SNOPT) are set to 10−4. All calculations
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Table 4.6.: Solution times for the OCP in the eNMPC layer, i.e., the time for five major
SQP iterations without interim linesearch. The first row corresponds to the eNMPC frame-
work using the reduced hybrid model (scenarios I.1 and II.1). The second row corresponds
to the same operating scenario when using the full-order model for comparison.

Distillation model in OCP CPU time [s]
Mean Std. dev. Max.

ANN-based compartment model 19.00 1.90 26.75
Full-order stage-to-stage model 314.15 124.73 563.25

are conducted on an Intel® Xeon® CPU E5-2630 v2 with 2.60 GHz and 128 GB RAM.

4.5.1. Discussion of real-time capability

Average solution times spent in the eNMPC layer in closed-loop simulations of SI.1 and
SII.1 are listed in Table 4.6. We further compare the solution times to a scenario with-
out model/plant mismatch that is not real-time capable, i.e., using a detailed full-order
stage-to-stage model in the OCP formulation (4.18a)-(4.18g) of the eNMPC . All other
closed-loop settings, in particular the time delay, are kept constant. CPU time savings
achieved by using the ANN-based compartment model instead of a full-order stage-to-
stage model are ∼95% and therefore in good agreement with the open-loop results shown
in Subsection 4.4.2. Furthermore, Table 4.6 gives a ratio of the standard deviations to the
means of the solution times that is substantially smaller when using the reduced hybrid
model (10% vs. ∼40%). This finding is of practical importance for suboptimal eNMPC
schemes, as solution times and hence time delays for updating the MVs can be estimated
very precisely.

We highlight that by using the presented eNMPC framework applying the ANN-based
compartment model, the solution time spent in the eNMPC layer never exceeded the
assumed time delay of 30 s. In fact, this means that the presented results for the eNMPC
framework represent a conservative estimate. In practice, either a fixed solution time for
the optimizer would allow for more SQP iterations and thus for more converged solutions
or the updated inputs after a fixed number of SQP iterations would reach the process with
less time delay in most of the cycles improving the ability of the control system to react
on changes/disturbances.

4.5.2. Controller performance without disturbances

Optimal MV profiles for the gaseous feed air (MV1) and the liquified product (MV4) in
SI.1, SI.2 and SI.3 are given in Figure 4.9. We demonstrate that a near-optimal operation
can be achieved using the presented eNMPC framework. More precisely, one can see that
only small deviations occur between the MV profiles computed in the eNMPC layer (SI.1)
and the ideal MV profiles obtained by solving an OCP without model/plant mismatch
and with perfect forecasts about electricity prices and customer demands offline (SI.2).
Furthermore, we see that fluctuations around the optimal steady-state operation (SI.3)
are substantial and extend nearly over the entire operating range of the process. These
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Figure 4.9.: Profiles for selected MVs in scenarios SI.1-SI.3. The solid red line corresponds
to using the described eNMPC framework. The dashed blue line is the offline solution of an
OCP with perfect knowledge. The dotted gray line gives the optimal stationary operating
point for the process. Thin dashed-dotted black lines give the respective bounds for the
MVs. (a) MV1: feed air stream entering the main air compressor, (b) MV4: liquified
product stream entering the storage tank.

fluctuations (overproduction in times of low prices and reduced production in times of
high prices) form the basis of economic improvements (cf. Table 4.7). We emphasize that
even the offline solution of the OCP as the limiting case for the eNMPC does not yield
control signals that are constant during one hour in accordance with the varying electricity
prices, but rather show a ramping behavior. Note that this finding represents in fact an
economic motivation for sampling times of the eNMPC below one hour irrespective of the
compensation of model/plant mismatch and disturbance rejection.

Selected trajectories of CVs in SI.1-SI.3 are given in Figure 4.10. We find the product
purity (CV1) to be again the limiting constraint. No further constraint is active at any
time. These results highlight the crucial influence of product purities on process economics.
Producing product in higher purity as required would decrease the economic performance.
At the same time, this also causes the need for highly accurate process models for the
distillation column. Most importantly, the eNMPC framework satisfies the product re-
quirements at any time. However, the bound used within the eNMPC layer including the
constraint back-off for the product purity is exceeded regularly due to a combination of
model/plant mismatch and time delays in updating the MVs. Using hard path constraints
for the CVs in the OCP thus regularly causes infeasibility at the initial conditions and
consequently infeasible optimization problems. However, the conducted SQP iterations
are found suitable for identifying MV trajectories that drive the impurity below its bound
again within one sampling interval. The highest constraint violation occurs after ∼6 h,
when the feed air drops by >10% within short time (cf. Figure 4.9 (a) and 4.10 (a)),
causing a sharp peak in the impurity trajectory. This finding however is in good agree-
ment with previous results that the highest deviations between full-order stage-to-stage
models and compartmentalized models occur for fast input dynamics. Nevertheless, even
a relatively low safety factor (19 ppm as bound instead of the actually required 20 ppm)
appears already sufficient - in particular, when considering that the assumed time delay
is estimated conservatively. Trajectories from the offline solution of the OCP and the
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Figure 4.10.: Simulated closed-loop trajectories for selected CVs in scenarios SI.1-SI.3.
The solid red line corresponds to using the described eNMPC framework. The dashed blue
line is the offline solution of an OCP with perfect knowledge. The dotted gray line gives
the optimal stationary operating point for the process. Thin dashed-dotted black lines are
the respective bounds for the variables. Note that in SI.1, a safety factor is added to the
bound, keeping the product impurity below its actual specification. (a) CV1: impurity in
the nitrogen product stream, (b) CV2: driving temperature difference in the integrated
reboiler and condenser, (c) CV6: absolute temperature of the feed air at the turbine inlet,
(d) CV9: liquid hold-up of the storage tank.

steady-state process optimization are at the impurity bounds (nearly) all the time. Only
if very steep changes in the MV profiles occur, the product impurity also decreases such
that the constraint is temporarily not active. However, the trajectory reaches the bound
again after less than two sampling times.

Comparing the economic performance for a given production target, which is defined by
the net production when applying the eNMPC framework, in Table 4.7, we can quantify
the near-optimal operation of the eNMPC . That is, given a quarter-hourly control vector
parametrization and respecting the operating bounds from Tables 4.1 and 4.2, a maximum
economic improvement of 0.63% versus an optimal stationary operation can be achieved
for the electricity market fluctuations depicted in Figure 4.4. Approximately 75% of these
savings can also be achieved by using the eNMPC framework presented, although we
therein consider the inherent uncertainties at real-time markets as well as in customer
demands. Note that these savings in the order of ∼0.5% in electricity costs are already
promising regarding the production of commodities while at the same time safely satisfying
all customer demands. Moreover, the considered price fluctuations are rather moderate,
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Table 4.7.: Operational (electricity) costs in the considered scenarios. Costs are normal-
ized to the offline OCP benchmark calculations (scenario SI.2 and SII.2) respectively.

Scenario Costs
Scenarios without SI.1 - eNMPC 100 + 0.16%
disturbances SI.2 - OCP (offline) 100%

SI.3 - Optimal steady-state 100 + 0.63%
Scenarios with SII.1 - eNMPC 100 + 0.19%
disturbances SII.2 - OCP (offline) 100%

such that even nowadays, one could find periods with potentially higher profit margins.
Finally, we briefly discuss the economic gap between the offline OCP (SI.2 and SII.2) and

the eNMPC strategy (SI.1 and SII.1). For this purpose, we have conducted additional in
silico studies varying the constitutive parameters of scenario SI.1 and (partially) aligning
them with the ones of scenario SI.2 (cf. Table 4.3). In particular, we thereby assess the
effect of (i) computational delays in updating the MVs, (ii) the use of imperfect market
forecasts, and (iii) a limited prediction horizon below one entire day:

(i) The influence of the computational delay is negligible, i.e., when disregarding it, rela-
tive changes in performance-relevant process variables, such as cumulative production
or total electricity costs, are �0.01%.

(ii) The effect of the imperfect electricity price forecasts is also comparably minor. This
can be explained by the fact that the relevant price spread between the hours where
the load is increased (1-6 h) and where it is reduced (7-21 h) is substantially larger
than the noise term. Thus, price forecasts do not need to be perfect but only repro-
duce the relevant price spreads.

(iii) Among the three influences, increasing the horizon of the eNMPC shows the biggest
impact. Nevertheless, by increasing the horizon from 12 to 24 h, the gap between
the economic performance when solving the OCP offline as limiting case and the
eNMPC framework is only reduced by one fourth coming at the price of a higher
computational burden.

Summarizing, a small potential for optimizing the eNMPC parametrization by increasing
the prediction horizon is identified here, as solution times and thus computational delays
do not appear restrictive. However, the results also indicate that the most important fact
causing the loss of economic performance stems from the model/plant mismatch. More
precisely, by using the constraint back-off, one actively prevents the eNMPC from operating
the plant at its impurity bound and thus from the most efficient operation (i.e., highest
production for given feed and thus given electricity consumption).

4.5.3. Controller performance with disturbances

Optimal MV profiles for the gaseous feed air (MV1) and the liquified product (MV4) in
SII.1, SII.2, and SII.3 are given in Figure 4.11. Note that the MVs in SII.3 are equal
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Figure 4.11.: Profiles for selected MVs in scenarios SII.1-SII.3. The solid red line cor-
responds to using the described eNMPC framework. The dashed blue line is the offline
solution of an OCP with perfect knowledge. The dotted yellow line repeats the MV pro-
files from SI.2. Thin dashed-dotted black lines give the respective bounds for the MVs.
(a) MV1: feed air stream entering the main air compressor, (b) MV4: liquified product
stream entering the storage tank.

to those in SI.2 and only repeated for comparison purposes. As can be seen, the total
inflow to the process (MV1) remains nearly unchanged, i.e., optimal offline solutions of the
OCP with and without consideration of disturbances are very similar. Small differences
occur in the amount of stored product (MV4). These differences however already explain
how a constraint violation is circumvented by the control system: a temporarily lowered
distillate-to-feed ratio is used for the column to enhance the separation effect, counteracting
the additional heat input, i.e., the disturbances. Again, optimal MV profiles when using
the eNMPC framework are close to those from the offline solution of the OCP and follow
the same trends.

Selected trajectories of CVs in SII.1-SII.3 are given in Figure 4.12. This illustrates the
severity of the assumed disturbance model. If no countermeasures are taken and the MV
profiles from solving the OCP without consideration of the disturbances offline (SII.3) are
applied, the additional heat input to the distillation column causes the product impurity
(CV1) to substantially exceed its bounds by more than 10 ppm, which in fact corresponds
to an impurity that is >50% higher than allowed. No other constraint violation occurs.
However, the depicted influence on the process is already remarkable. Similarly to SI.2, us-
ing the MVs obtained by solving the OCP with perfect knowledge offline (SII.2) allows for
operating the process at the limiting impurity bound nearly constantly. The process oper-
ation applying the eNMPC framework again results in low-amplitude fluctuations around
the bound used in the eNMPC layer including the constraint back-off. Note that these
fluctuations are neither more frequent nor of a substantially increased amplitude compared
to the results in Figure 4.10 (a). We highlight that again no violation of the actual product
requirement is observed, even when applying the same safety factor as in the nondisturbed
case. Generalizing the results, we conclude that the presented eNMPC framework en-
ables an effective rejection of disturbances with slow dynamics (e.g., disturbances caused
by differences between day and night, etc.) by utilizing feedback from the process on a
quarter-hourly scale.
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Figure 4.12.: Simulated closed-loop trajectories for selected CVs in scenarios SII.1-SII.3.
The solid red line corresponds to using the described eNMPC framework. The dashed
blue line is the offline solution of an OCP with perfect knowledge. The dotted yellow line
gives the response of the plant when using the MV profiles from SI.2. Thin dashed-dotted
black lines are the respective bounds for the variables. Note that in SII.1, a safety factor is
added to the bound, keeping the product impurity below its actual specification. (a) CV1:
impurity in the nitrogen product stream, (b) CV2: driving temperature difference in the
integrated reboiler and condenser, (c) CV6: absolute temperature of the feed air at the
turbine inlet, (d) CV9: liquid hold-up of the storage tank.

A second economic evaluation is conducted for assessing the performance of the eNMPC
framework in operating scenarios with disturbances. The lower rows of Table 4.7 give
a comparison of the actually achieved operation when applying the eNMPC framework
with the results from the offline solution of the OCP - again on the basis of equal net
production. Note that the comparison to an operating schedule with a constant operation
is not informative, as the operating point would have to be chosen in a way that even the
strongest disturbance intensity would not cause a constraint violation. Note that in reality,
one would instead use a subordinated regulatory control maintaining the desired set-points
for the CVs. Besides, a comparison of SII.1 and SII.2 to SII.3 is pointless, as in II.3, a
significant violation of the product requirements occurs. Furthermore, we highlight that
the results for SII.1 and SII.2 are based on a different production target than the results
for SI.1-SI.3. Comparing the costs per produced amount of nitrogen allows for estimating
the impact of the chosen disturbance model on process economics. That is, comparing
both SI.1 with SII.1 and SI.2 with SII.2 gives an increased cost per mole of nitrogen by
∼1%. This loss in economic performance can be explained by the countermeasures for
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circumventing the constraint violation, which increases the amount of feed air processed
and thus the electricity consumption per amount of product. Nevertheless, the results for
SII.1 and SII.2 are in good agreement with the results for SI.1 and SI.2. That is, even in
the presence of unmeasured disturbances to the process, the economic performance of the
eNMPC framework is close to solving an OCP with perfect knowledge offline.

4.6. Summary and recommendations for future research

We propose a reduced hybrid mechanistic/data-driven dynamic model for distillation
columns that is based on compartmentalization and combines it with ANNs. The pro-
posed ANN-based compartment model benefits from the principle of a separation by time
scales to efficiently reduce the number of differential equations. Time-consuming stage-to-
stage calculations for the intra-compartment input/output relations are avoided by using
ANNs as explicit surrogate models. We successfully apply the reduced hybrid model in
a case study addressing the optimal flexible operation of a nitrogen plant. The proposed
ANN-based compartmentalization reduces the number of differential equations for mod-
eling the distillation column by 90% compared to a full-order stage-to-stage model. The
prediction error of the reduced hybrid model compared to the open-loop response of the
full-order model is below 1 ppm in the limiting product purity. This error is partially intro-
duced by the compartmentalization itself, additional errors introduced by using the ANNs
are in a comparable order of magnitude. Moreover, we demonstrate that by embedding the
ANN-based compartment model into an OCP, solution times can be substantially reduced
compared to using the full-order stage-to-stage model or the classical compartment model
by more than one order of magnitude.

We further present a real-time capable single-layer eNMPC framework combining the
proposed reduced hybrid dynamic model with a suboptimal fast update method. That
is, when solving the OCP in closed-loop on a moving horizon, we confine to a limited
number of major SQP iterations without interim linesearch. The eNMPC framework is
applied to the control of the nitrogen plant and targets the participation in a continuous
intra-day electricity market. In the in silico study, we explicitly consider the mismatch
between the reduced hybrid model used in the OCP formulation and the detailed full-
order model used as plant replacement. We demonstrate that the single-layer eNMPC
framework enables adjustments of the production schedule in real-time, which are based
on newly available information concerning the uncertain electricity market, i.e., updated
price forecasts, and allows for reacting on upcoming changes in on-site customer demands.
Applying the eNMPC framework further allows for economic savings compared to station-
ary process operation strategies that are close to the maximum achievable savings when
assuming perfect knowledge, i.e., no model/plant mismatch, perfect price forecasts, and
known on-site demands. Additionally performed investigations considering the presence of
an unmeasured heat input to the column as disturbance show that the proposed eNMPC
framework can also effectively reject disturbances with slow dynamics (e.g., fluctuations
between day and night).

Important research potentials can be identified that should be addressed in the future.
From the modeling perspective, the derivation of the ANN-based compartment model
should be thoroughly analyzed. In particular, we recommend detailed studies on both
the compartmentalization itself, i.e., on which and how many stages to aggregate, and
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the surrogate modeling, i.e., on which surrogate model structures to apply for modeling
which input/output relations. These studies are intended to validate the insights gained
so far. That is, a minimum number of compartments is required to adequately reproduce
dynamic responses for given input signals and any introduction of further compartments
unnecessarily prolongs solution times. Moreover, our results suggest that the surrogate
model complexity does not substantially influence computational times and should thus
not be limiting. Detailed empirical knowledge would thereby enable further improvements
in the model performance with regard to both the prediction accuracy and computational
efficiency. Along these lines, we also recommend considering the previously described
opportunities to enhance the performance of the surrogate models by using more sophis-
ticated sampling and training methods. Finally, due to the good performance of the
extended nonlinear wave model presented by Caspari et al. [105] in case of rarely nonideal
thermodynamic behavior, we consider a combination of both approaches to be a promising
perspective for modeling of complex distillation systems that occur, e.g., in larger ASU
configurations. More precisely, one can think of using compartment balances embedding
wave equations for column sections that can be represented well with this approach, i.e.,
sections with nearly constant relative volatilities and molar overflow, and use ANN-based
compartments for the others.

Future work should thus also address case studies with larger ASU configurations
comprising multiple distillation columns producing oxygen and argon as well (e.g.,
[16, 18, 86, 100]). To this end, replacing the suboptimal update method through
more sophisticated sensitivity-based update methods (cf. [205–207]) appears promising
to retain low sampling times. If necessary, the application of two-layer eNMPC struc-
tures (cf. [208, 209]) represents a further alternative that could allow for the separation in
time scales between economic optimization (acceptable if performed on slower scales) and
disturbance rejection (faster time scale than disturbance is required). Along these lines,
the aforementioned opportunity to apply the methods proposed in Chapter 3 to dynamic
optimization problems subject to time-variable electricity prices bears great potential for
reducing the dimensionality of the OCP and thereby further reduce the computational
burden. With regard to the practical implementation, the eNMPC framework also needs
to be extended to cope with a limited number of available measurements and thus requires
the integration of state-of-the-art methods for state estimation (cf. [210, 211]).

Finally, as analogies between mathematical models for distillation columns and those
for other spatially distributed process units have already motivated the adaptation of
classical dynamic model reduction approaches for distillation columns to further spa-
tially distributed process units, including fixed bed reactors [174, 212] and heat exchang-
ers [115, 174], using the reduced hybrid mechanistic/data-driven modeling approach for
these purposes appears highly promising. In particular, we consider the operation of flexi-
ble energy processes that are designed to cope with fluctuating sources, e.g., organic Rank-
ine cycles for waste heat recovery from transient heat sources (e.g., [213]), to be a promising
field of application. Similarly to the distillation columns considered in this chapter, these
processes are governed by strong nonlinearities and transient behavior - this time in the
heat exchangers - motivating the development of advanced control methods that require
low-dimensional yet accurate nonlinear models. Here, we emphasize that many relevant
applications involve the appearance and disappearance of phases, e.g., condensation/evap-
oration during start-up/shut-down of flexibly operated distillation columns (e.g., [161]) or
moving phase boundaries in transiently operated evaporators (e.g., [214]. Consequently,
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future work should also revisit the proposed hybrid mechanistic/data-driven compartmen-
talization in the light of optimization-oriented model formulations accounting for discrete
events, such as appearing/disappearing phases (cf. [171, 173]).
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5. Model-based bidding strategies for
optimal decision-making at
pay-as-bid markets

In this chapter, we formulate the optimal decision-making at a pay-as-bid market for an-
cillary services, namely the German market for PRL, as a two-stage stochastic program.
Therefore, in Section 5.1 we first provide a brief characterization of the PRL market and
compare it to the day-ahead spot market, whose price spreads are exploited by a subordi-
nated scheduling optimization. Afterwards, we present the proposed two-stage stochastic
problem formulation in Section 5.2. Therein, we first introduce the first and second stage
problem formulations, i.e., the optimization of the actual bidding strategy and the sub-
ordinated scheduling problem. Then, we discuss a tailored solution approach based on
enumeration, decomposing the MINLP formulation of the deterministic equivalent into a
finite number of NLPs and MILPs. In Section 5.3, the case study for assessing the economic
benefits of the optimized bidding strategies is presented. To this end, we first introduce
an autoregressive time-series model for forecasting the upcoming maximum accepted ask
price at the PRL market and give the corresponding formulation of the first-stage. Second,
we present an MILP scheduling model for the operational optimization of a flexibilized alu-
minum electrolysis cell. The results of the case study are shown in Section 5.4. Therein,
we first discuss solution times as well as the scaling of the algorithm with respect to the
number of admissible bids. Then, we present the results of the economic performance
evaluation for the optimized bidding strategies. In particular, we also compare the savings
in operational costs to the pure exploitation of spot market price spreads. Moreover, the
influence of constitutive parameters of the subordinated scheduling model on the optimal
bidding strategy is investigated within a parameter study and the goodness of price fore-
casts is discussed. Finally, the chapter is concluded and further research perspectives are
sketched in Section 5.5.

5.1. Characterization of the considered electricity markets

The previous chapters focus on the participation of flexible processes in energy-only mar-
kets, such as the day-ahead or the continuous intra-day market, where physical amounts of
electricity are traded for a fixed time of delivery following the principle of balancing supply
and demand. In contrast to that, in ancillary service markets, participants offer balancing
capacities that can be retrieved to maintain the stability of the electricity grid. In turn,
participants that reserve capacities for this purpose receive compensation payments from
the TSO. Among the German markets for ancillary services, the market for PRL is of par-
ticular importance, as provided PRL capacities are retrieved automatically within a few
seconds if the grid frequency exceeds/falls below a threshold value. Consequently, high
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hurdles exist for entering the PRL market. At the same time, offering PRL is economi-
cally promising due to valuable compensation payments. As this chapter focuses on the
participation in the PRL market, its main market rules and mechanisms are explained in
the following.

The PRL market is a weekly auction, where the participants are allowed to place single
or multiple bids. The number of bids allowed to be submitted by one participant is not
restricted by market regulations. Each individual bid consists of two parts: (i) the amount
offered, i.e., the capacity reserved for PRL that the participant is willing to provide and
(ii) the corresponding ask price, i.e., the compensation payment that the participant is
willing to accept for providing the offered PRL capacity. Once the auction is closed, those
bids with the lowest ask prices are accepted until the total demand for PRL that the TSO
has communicated is satisfied. In contrast to the day-ahead market as well as several of
the US-American ancillary service markets, there is no uniform pricing. Instead, if a bid
is accepted, the corresponding individual ask price is paid (pay-as-bid). Also if multiple
bids have been placed by the same bidder, each one is compensated individually at the
corresponding ask price. The smallest amount that can be offered is 1 MW. The increment
is also 1 MW. Note that the case study presented below considers the circumstances from
2018 as described above and that the regulations for ancillary service markets are steadily
adjusted. We however emphasize that this does not affect the applicability of the proposed
methods in principle in case of pay-as-bid auctions.

5.2. Two-stage stochastic problem formulation

The key idea of the presented approach is to identify a bidding strategy that minimizes
expected weekly production costs. For this purpose, mathematical formulations are intro-
duced for both the bidding at the PRL market and an integrated scheduling model, which
considers alternative marketing opportunities at the day-ahead spot market. Thereby, a
two-stage stochastic problem formulation arises, where optimizing the bids to be placed at
the PRL market is the first stage and marketing the remaining flexibility at the spot market
is the second stage. Afterwards, we present a solution approach based on enumeration.

5.2.1. Mixed-integer nonlinear bidding problem

The optimal bidding strategy is defined as the set of bids, which consists of offered PRL
capacities and the corresponding ask prices, that lead to the lowest production costs. Note
that revenues from the PRL market, i.e., the compensation payments from the TSO, are
herein considered as negative costs. As the maximum accepted ask price is not known
beforehand, selecting the optimal bidding strategy is not straight-forward. Instead, one
has to balance between higher potential revenues and a lower probability of acceptance of
the bid if high prices are asked. If a distribution is available for the maximum accepted
ask price, the bidding problem can be formulated as a stochastic program. Therein, the
objective EC corresponds to the expected weekly production costs, which can be written
as a probability-weighted sum over different scenarios. In the following, we present the
formula for the general setting where up to N bids can be made (cf. (5.2)). Here, N
pairs of capacities P PRL

j [MW] and ask prices APRLj [EUR/MW] are optimized. These are
expressed as vectors P PRL and APRL. The N ask prices APRL are further assumed to
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be ordered, i.e.,

APRLj ≤ APRLj+1 , j = 1 . . . N (5.1)

Note that P PRL
j is defined as the additionally offered capacity and does not include

P PRL
1 . . . P PRL

j−1 . For calculating the expected costs EC, N +1 mutually exclusive scenarios
have to be considered that are defined as follows: in scenario i, the i bids with the lowest
ask prices, i.e., the bids 1 . . . i are accepted and the respective compensation payments are
received. All other bids i + 1 . . . N are refused. We also introduce scenario 0, in which
no bid is accepted. p0 . . . pN denote the probability for the respective scenarios, such that∑N

i=0 pi = 1 holds. The revenues from the PRL market that need to be considered in

scenario i can be calculated as
∑i

j=1 P
PRL
j ·APRLj . Ci gives the corresponding weekly pro-

duction costs in scenario i without consideration of the revenues from the PRL market.
Herein, the Ci’s are calculated via an integrated scheduling model, which further allows
for exploiting price spreads on the day-ahead spot electricity market using the remaining
operational flexibility. We thereby follow similar considerations as Dowling et al. [122]
and Otashu and Baldea [123] (cf. Subsection 2.1.3) and market capacities that have re-
mained unused in a longer-term market optimization on a shorter-term perspective. Note
however that herein, the definitions of long- and short-term markets are adjusted. The
corresponding scheduling model is presented and discussed in detail in Subsection 5.2.2
and corresponds to a subordinated optimization problem, such that a two-stage stochastic
formulation arises.

Finally and following the discussion above, the expected costs can be calculated as:

EC = p0 · C0 +
N∑
i=1

pi ·

(
Ci −

i∑
j=1

P PRL
j · APRLj

)
. (5.2)

Therein, we assume that if a bid is accepted, i.e., if the ask price is lower than the maximum
accepted ask price, the complete offered capacity is compensated irrespective of the actual
demand of the TSO. Since the flexibility potential of most real processes is much lower
than the demand of the TSO (order of 1 GW), this assumption appears to be valid. If the
distribution of the maximum accepted PRL ask price is further known, the probabilities for
all scenarios p0 . . . pN can be calculated by using the cumulative distribution function F (·).
The probability for scenario 0, in which all bids are refused, is equal to the probability
that the maximum accepted PRL ask price is below the lowest ask price, i.e., lower than
APRL1 , and thus reads:

p0 = F
(
APRL1

)
. (5.3)

The probability for all intermediate scenarios i = 1 . . . N − 1, i.e., the probability that all
bids up to i’th one are accepted, equals the probability that the maximum accepted PRL
ask price is between APRLi and APRLi+1 , giving:

pi = F
(
APRLi+1

)
− F

(
APRLi

)
, i = 1 . . . N − 1. (5.4)

Finally, the probability of scenario N , in which all bids are accepted, is the probability
that the maximum accepted PRL ask price lies above the highest ask price (APRLN ) and

87



5. Model-based bidding strategies for optimal decision-making at pay-as-bid markets

can be calculated by using the summation relation:

pN = 1− F
(
APRLN

)
. (5.5)

As discussed in Section 5.1, the market imposes increments of 1 MW and thus the N
capacities to offer P PRL are integer variables with values between 1 MW (smallest amount
to offer) and P PRL

max , i.e.,

P PRL
i ∈ {1, 2, . . . , P PRL

max }, i = 1 . . . N. (5.6)

Note that in order to lower the computational demand of the optimization, a continuous
approximation of P PRL might be possible. However, this approach will not be considered
in the following. Further note that P PRL

max does not stem from market regulations, but
from flexibility limits of the process and thus requires physical insights or expert process
knowledge. Consequently, the sum of all offered capacities P PRL

i is also not allowed to
exceed P PRL

max , such that the following inequality holds:

N∑
i=1

P PRL
i ≤ P PRL

max . (5.7)

5.2.2. Integrated mixed-integer linear scheduling model

As stated above, for a specific scenario i, the weekly production costs Ci without revenues
from the PRL market are calculated via an integrated scheduling optimization. Therein,
the remaining operational flexibility, i.e., the entire flexibility range of the process minus
the capacity reserved for the provision of PRL in scenario i, is used to optimally exploit
spot market price spreads and thus to minimize Ci (cf. (5.8)). Following the discussion in
Subsection 2.1.1, we herein confine to discrete-time scheduling models, as the overwhelming
majority of DSM-related scheduling formulations relies on this time representation. Note
that this assumption is however only made for illustration purposes and not necessary for
the applicability of the presented approach.

When evaluating the scheduling objective, we consider - in alignment with the case
study presented in Section 5.3 - both electricity costs, which are the sum of the products
of the (hourly) day-ahead electricity spot market prices cEt and the instantaneous electric-
ity consumptions Pi,t for each time interval t, and opportunity costs due to production
losses ∆mP

i multiplied with the product market price cP . Beside these components, other
subordinated scheduling problems might also require the consideration of additional raw
material usage (see, e.g., [21]). T denotes the horizon length of the scheduling problem,
that is T = 168 for an hourly discretization in case of a weekly auction. The objective for
the subordinated scheduling problem finally reads:

Ci =
T∑
t=1

cEt · Pi,t + cP ·∆mP
i . (5.8)

As done in the case studies of Chapter 3, we omit the multiplication with the interval
length ∆t = 1 h for readability. We further assume that when the bidding takes place,
day-ahead prices for the entire scheduling horizon are known or rather that highly accurate
forecasts are available.
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5.2. Two-stage stochastic problem formulation

In this chapter, we focus on processes that can be operated continuously within physical
limits, i.e., the energy consumption is limited between a minimum and a maximum value
Pmin and Pmax. Once an offered PRL capacity is accepted, part of this flexibility range is
given to the TSO, who can use it to maintain the grid frequency within desired bounds.
Recap that in scenario i, the i bids with the lowest ask prices are accepted. Consequently,
the total capacity that is reserved for PRL in scenario i, denoted by P PRL

Cap,i, reads:

P PRL
Cap,i =

i∑
j=1

P PRL
j . (5.9)

A 100% availability of the accepted PRL capacity is strictly demanded. There-
fore, the original operational flexibility range of the process in scenario i is reduced by
P PRL
Cap,i (cf. (5.10)). This actually corresponds to a very conservative scheduling, as the

total PRL capacity of the process will likely be retrieved in almost none of the intervals.
Nevertheless, the strict formulation is justified, as the risk of penalties ranging up to losing
access to the PRL market for not being able to provide the required capacity is prevented.
Note that PRL capacities have to be offered symmetrically, i.e. both positive and negative
powers can be retrieved by the TSO.

Pmin + P PRL
Cap,i ≤ Pi,t ≤ Pmax − P PRL

Cap,i, ∀t. (5.10)

The equation above represents the link between the scheduling and the bidding model
from Subsection 5.2.1. It is worth emphasizing that only the offered PRL capacity has a
parametric influence on the subordinated scheduling model and not the ask price. This
fact will be used for the solution approach presented in the next subsection. For setting up
the actual process model and constraints, we refer to the extensive DSM-related literature
cited in Subsection 2.1.1. In particular, we refer to the numerous approaches to formulate
scheduling problems subject to time-variable electricity prices as MILPs. A considera-
tion of subordinated (MI)NLP scheduling problems (cf. Chapter 3) would not prohibit
the application of the solution approach presented below in principle. Nevertheless, the
computational performance of the solution approach relies on the efficient solvability of
the subordinated scheduling problems for fixed P PRL

Cap,i as discussed in the following.

5.2.3. Solution approach based on enumeration

Concatenating the equations from Subsection 5.2.1 and those from Subsection 5.2.2 for all
scenarios i, a comprehensive MINLP formulation arises determining the optimal bidding
strategy by minimizing the expected costs EC. In fact, this corresponds to the determinis-
tic equivalent of a two-stage stochastic program (cf. [215]). Due to a very large number of
additional variables introduced by the subordinated scheduling model, a straight-forward
solution of the deterministic equivalent with standard solvers appears prohibitive. In fact,
for the case study presented in the next section, the direct optimization of the deterministic
equivalent has been tried in pre-studies using state-of-the-art commercial MINLP solvers.
However, no converged solution could have been obtained within an acceptable time. Thus,
a different solution strategy is proposed.

Optimization of the bidding strategy can be equivalently reformulated into the two-
stage stochastic program (5.11a)-(5.11e). Therein, the bids to be placed at the PRL
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market (the amounts to offer and the prices to ask) are the first-stage decision variables.
The weekly production costs in scenario i without consideration of revenues from the
PRL market, denoted by Ci, is the optimal value of the second-stage problem, in which
the scheduling problem for a specific PRL capacity to be provided is solved, i.e., the
hourly energy consumption Pi,t is optimized, depending on the outcome of the PRL market
auction.

min
PPRL,APRL

EC (5.11a)

s.t. (5.1)-(5.7) (5.11b)

Ci = min
Pi,t

(5.8), i = 1 . . . N (5.11c)

s. t. (5.9), (5.10) (5.11d)

Process model equations (5.11e)

The second-stage optimal values Ci only depend on the integer upper-level variables
P PRL. Consequently, we herein solve (5.11a)-(5.11e) by enumeration. More precisely,
the second-stage problem (MILP) is parametrically solved for all possible realizations of
P PRL, which in fact means for all possible P PRL

Cap,i ∈ {1, 2, . . . , P PRL
max }. Then, the optimal

objective values of the second-stage are inserted in the first-stage problem (NLP), which
is solved for the optimal value of APRL given a fixed realization of P PRL. This approach
appears to be suitable under the following assumptions:

• There is no combinatorial explosion in the number of subproblems to solve. This
appears to be the case in practice. As shown in Subsection 5.4.3, a small number of
bids N to be placed already suffices. Thus, while scaling in the number of possible
realizations of P PRL and hence the number of NLP subproblems to be solved is
exponential, i.e., considering a process with P PRL

max = 10 MW as done below, there
are 10 possible realizations if N = 1, 45 if N = 2, 120 if N = 3, and so on, this is
not of practical importance.

• The single subproblems can be solved within a short time. This assumption appears
to be valid for the majority of MILP scheduling problems considered in literature
so far if state-of-the-art MILP solvers are used. If N is furthermore restricted to
a small number (see, above), global solution of the nonconvex NLPs also appears

unproblematic due to the low number of optimization variables [P PRLT ,pT ]T ∈
R2N+1.

Note here that the number of NLPs as well as their complexity are completely inde-
pendent of the considered process. Consequently, the performance of the algorithm for a
fixed number of bids exclusively depends on the computational tractability of the subor-
dinated scheduling optimizations. Consequently, the approach appears adequate for the
vast amount of scheduling problems that have been formulated as MILPs so far in the
literature. Otherwise, the use of structure-exploiting decomposition algorithms might be-
come necessary for the solution of the two-stage stochastic program (5.11a)-(5.11e). Along
these lines, we emphasize that the presence of mixed-integer second-stage variables due to
the aforementioned linearization of nonlinear functions and/or the reformulation of logical
constraints substantially complicates the decomposition as it prevents the application of
classical Benders cuts (cf. [216]).
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5.3. Case study: Flexible aluminum production at the
market for primary balancing power

Due to its high energy demand of around 14 MWh per tonne, the aluminum electrolysis
is promising for performing DSM. Furthermore, efficiency losses in periods of off-design
operation are rather small compared to other processes. The thermal energy balance of
the electrolysis cell is however crucial for the process. That is, the process can be operated
in over- or underload only for a limited period. Otherwise, in case of a too high power
uptake, the cell gets damaged. Likewise, if the power uptake is too small, the molten
electrolyte freezes. The electrolytic process considered in this chapter (a series connection
of single electrolysis cells), which is located in Essen, Germany, and operated by TRIMET
Aluminium SE, has a nominal power uptake of 90 MW. For flexible operation, the power
uptake can be varied by ± 22.5 MW (i.e., ±25%). The additionally accumulated thermal
energy is limited between 48 operating hours with maximum power uptake and 48 hours
with minimum power uptake. As the provision of PRL capacities is accompanied by highly
frequent fluctuations in the power uptake, which might strongly influence the process if
occurring with large amplitudes, the maximum PRL capacity is restricted to below the
maximum flexibility range of 22.5 MW and set to 10 MW.

In the following, we first briefly introduce the model for the PRL market regression that
allows for computing the (expected) probabilities of acceptance for bids with given ask
prices. Afterwards, we present an MILP formulation for the scheduling of the described
aluminum electrolysis.

5.3.1. Market regression and formulation of the bidding problem

We adapt the approach of Ierapetritou et al. [5] to forecast the development of the maxi-
mum accepted PRL ask price. In that work, the authors originally forecast the course of
spot market prices by using a generalized form of autoregressive moving average (ARMA)
models that is superimposed by a constant daily pattern. For a detailed treatment of
ARMA models, we refer to the textbook of Box et al. [217]. Adapting the approach, we

herein assume the maximum accepted PRL ask price ÃPRL for the considered week to
consist of three components:

ÃPRL = fPRLShort−term · fPRLSeason · ÃPRLBase

The factors ÃPRLBase and fPRLSeason account for long-term developments and yearly patterns.
Mathematical expressions for both of them can be found in Appendix C. The logarithm
of the short-term factor fPRLShort−term is regressed using a stationary ARMA(PARMA,QARMA)
model. Different values for PARMA and QARMA are tried. Parameter estimation for all
models is conducted in the MATLAB R2017a Econometrics Toolbox (MathWorks, Inc.).
The model parameters are fitted to historical data for the maximum accepted ask price
for the years 2014-2017. All data concerning PRL is retrieved from the central Internet
platform www.regelleistung.net. As the historical time series data shows a significant
autocorrelation, only models with PARMA ≥ 1 are considered. Parameters of all identified
models, as well as the Akaike information criterion AIC (cf. [218]), are given in Table 5.1.
Although one finds that an increased model order slightly reduces the variance of the noise
term compared to the model with only one autoregressive parameter, i.e., the ARMA(1,0)
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Table 5.1.: Parameters of the identified ARMA(PARMA,QARMA) models. φp and θq are
the regression parameters, σ2 is the model variance. AIC gives the Akaike information
criterion.

Model φ1 φ2 θ1 θ2 σ2 AIC
ARMA(1,0) 0.8715 - - - 0.0062 -465.72
ARMA(1,1) 0.9276 - -0.2369 - 0.0059 -474.66
ARMA(2,0) 0.6578 0.2461 - - 0.0058 -476.55
ARMA(2,1) 0.5026 0.3812 0.1659 - 0.0058 -474.82
ARMA(2,2) 1.4644 -0.5170 -0.8081 0.2631 0.0058 -474.20

model, the Akaike criterion indicates the suitability of the ARMA(1,0) model. In fact, all
higher-order models appear to overfit the relation, i.e., to introduce additional parameters
with only an insignificant influence on the model accuracy. Consequently, we will confine
to the ARMA(1,0) model, which will be referred to as AR(1) model in the following.

The use of the AR(1) model for predicting the logarithm of the short-term factor
fPRLShort−term leads to small adjustments of the bidding problem in contrast the formula-
tion presented in Subsection 5.2.1. Further note that by following the presented solution
approach (cf. Subsection 5.2.3), the PRL capacities to be offered P PRL are no longer
optimization variables but rather parameters of the bidding problem. Consequently, the
production costs in each scenario without revenues from the PRL market, i.e., the Ci’s,
are also no longer optimization variables and are instead precalculated by solving the
scheduling problem presented in the following subsection. We consider three bids (N = 3)
to be placed. In Subsection 5.4.3, the influence of different numbers of bids is however
investigated. The price forecasts using the presented ARMA models assume a Gaussian
distribution and give an expected value ŷPRL with variance σ2. Thus, the cumulative dis-
tribution function F (·) in equations (5.3)-(5.5) can be expressed using the error function
erf(·). Note that this probability distribution now gives the distribution of the logarithm
of the short-term price factors, denoted by yPRL, and not of the actual ask prices APRL.
The link between these two variables is realized by adding the following equation to the
bidding problem:

yPRLi = log(APRLi )− log(fPRLSeason)− log(ÃPRLBase), i = 1 . . . N. (5.12)

Obviously, if yPRL is ordered, APRL is ordered as well due to the monotonicity of the
logarithm. Furthermore, we introduce bounds on the ask prices. Allowing a deviation
from the expected value ŷPRL of ±2σ already covers more than 95% of all values and thus
appears suitable for our purpose, thus we additionally require in the bidding problem that
the following holds:

ŷPRL − 2σ ≤ yPRLi ≤ ŷPRL + 2σ, i = 1 . . . N. (5.13)
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A truncated form of the series definition of erf(·) is used to allow for the use in common
commercial solvers for global deterministic optimization like BARON [153]. More precisely,
we use the Taylor series

erf(x) =
2√
π
·
∞∑
n=0

(−1)n · x2n+1

(2n+ 1) · n!
=

2√
π
·
(
x− x3

3
+
x5

10
− x7

42
+ . . .

)
which we truncate after 12 terms to limit the maximum error to below 3 · 10−7 in the
relevant interval yPRLi ∈ [ŷPRL − 2σ; ŷPRL + 2σ].

5.3.2. Mixed-integer linear scheduling model

According to the process description above, the discrete-time scheduling problem presented
below is set up for the electrolytic process assuming that a fixed capacity is reserved for
PRL, denoted by P PRL

Cap . Note that for the sake of readability, we further omit the scenario
index i in the following. As stated in Subsection 5.2.2, an hourly time-discretization is
used in accordance with hourly available day-ahead electricity prices cEt on German day-
ahead market that are retrieved from EPEX SPOT SE (www.epexspot.com) and that are
assumed to be known for each hour t of the whole scheduling horizon of one week, i.e.
t ∈ {1, . . . , T = 168}.

Besides the electricity costs for one week, the objective function C in the scheduling
problem below also considers opportunity costs if the production target for the weekmtarget,
which assumes 168 h of nominal operation with Pnom = 90 MW, is not met. We assume
a specific electricity requirement of ζnom = 14 MWh per tonne of aluminum in nominal
design operation. Consequently, the production target is mtarget = 1080 t. The costs for
not achieving this target is accounted for by multiplying the production loss ∆mP with an
average aluminum stock market price for the week, denoted by cP and retrieved from the
London Metal Exchange (www.lme.com). The objective thus reads:

C =
T∑
t=1

cEt · Pt + cP ·∆mP .

As discussed above, the flexibility range of the process is reduced by P PRL
Cap due to the

required 100% availability of the PRL capacity, resulting in:

Pmin + P PRL
Cap ≤ Pt ≤ Pmax − P PRL

Cap , ∀t

with Pmin = 67.5 MW and Pmax = 112.5 MW. Further equations are introduced to match
the process description above. That is, we model the accumulation of surplus energy Et
using a balance equation and impose bounds Emax = −Emin = 1080 MWh to prevent
the damaging of the cells as well as freezing of the electrolyte. In order to prevent a net
accumulation of energy in the cells over one week, the energy is forced to reach zero at the
end of the horizon.

E1 = 0

Et+1 = Et + (Pt − P0), ∀t
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ET + (PT − P0) = 0

Emin ≤ Et ≤ Emax, ∀t

Likewise, production equations for the amount of aluminum produced mt are introduced:

m1 = 0

mt+1 = mt + ṁt(Pt), ∀t

∆mP = mtarget − (mT + ṁt(PT )).

Here, ṁt(Pt) is the - in general - nonlinear relation between the power uptake Pt and the
production rate ṁt. For this relation, we assume that the influence of the power uptake on
the specific electricity requirement can be expressed by a quadratic function over the whole
operating range, i.e., (ζt − ζnom) ∝ (Pt − Pnom)2. By multiplying the function ζt(Pt) with
the instantaneous power uptake Pt, a nonlinear production characteristic arises. Here, we
assume an increase in the specific electricity requirement by 1% if operating the process
at Pt = Pmin and Pt = Pmax. For the sensitivity analysis in Subsection 5.4.3, different
values are used to evaluate the influence of this parameter on the bidding strategy. The
influence of the provision of PRL on the production is considered by an offset of the
nonlinear function, denoted by ∆ṁPRL, that is assumed constant for all Pt and that
increases quadratically with the PRL capacity provided. In the base case, we assume a
production loss ∆ṁPRL = 0.032 t/h, corresponding to a loss of -0.5%, if the maximum
capacity of 10 MW is provided for PRL at nominal operation, i.e.,

∆ṁPRL = 0.0005 · P0

ζmin
· P PRL2

Cap .

In order to have an MILP representation of the production characteristic, the linear seg-
mentation method as outlined by Floudas [219] is applied. Thus, the following set of
equations is added to the scheduling problem:

ṁt =
S∑
s=1

(zs,t · as + bs · Ps,t)−∆ṁPRL, ∀t

S∑
s=1

zs,t = 1, ∀t

S∑
s=1

Ps,t = Pt, ∀t

zs,t · P lb
s ≤ Ps,t ≤ zs,t · P ub

s , ∀s, t

zs,t ∈ {0, 1}, ∀s, t
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Table 5.2.: Average CPU times for solving the subproblems when using the proposed
enumeration approach.

Problem Solver Instances Mean CPU time
per instance [s]

Scheduling CPLEX 10 5.21
Bidding (N = 1) BARON 10 0.38
Bidding (N = 2) BARON 45 2.28
Bidding (N = 3) BARON 120 77.00

Here, as and bs are the intercept and the slope of the linear segment s. Binary decision
variables zs,t are added for each segment, indicating if the respective segment is active or
not. We further ensure that only one segment can be active in one interval. Furthermore,
auxiliary variables Ps,t are introduced, such that they are nonzero if and only if segment s
is active. P lb

s and P ub
s are the corresponding lower and upper bound of the segment.

Applying s ∈ {1, . . . , S = 15} for the segmentation for highly accurate computation of
the opportunity costs, the overall MILP scheduling model for one week and fixed P PRL

Cap is of
moderate size comprising 3,025 continuous and 2,520 binary variables and can consequently
be solved efficiently by using state-of-the-art MILP solvers.

5.4. Results

Optimal bidding strategies are calculated for the first six weeks of 2018. Both the bidding
problem and the scheduling problem are implemented in GAMS v. 25.0.1 (GAMS Devel-
opment Corp.). Data exchange between both GAMS models for the subsequent solution is
realized by using the interface between MATLAB R2017a (MathWorks, Inc.) and GAMS.
CPLEX v. 12.8 (IBM Corporation) is used as a solver for MILPs (referred to as schedul-
ing problems) and BARON v. 17.10.16 [153] for NLPs (referred to as bidding problems).
MILPs are solved until guaranteed global optimality. In BARON, a relative optimality gap
of 10−5 is applied as a termination criterion. All calculations are conducted on an Intel®

Xeon® CPU E5-2630 v2 with 2.60 GHz and 128 GB RAM.

5.4.1. Comments on solution times and their scaling

Average solution times when performing the optimizations assuming N = 1, 2, 3 bids
placed are given in Table 5.2. It is indeed found that the solution times for the MILP
scheduling problems are not prohibitive. Solution times for the NLP bidding problems
strongly depend on the number of bids that are allowed to be placed. Nevertheless, even
if three bids are allowed to be placed (which will be later shown to be adequate for raising
the economic potential of a PRL market participation), the average solution time for one
of the 120 bidding problems is less than 80 s. Summarizing, Table 5.2 indicates the validity
of the previously made assumptions concerning the suitability of the solution approach,
demonstrating its ability to identify optimal bidding strategies.
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Figure 5.1.: Savings in expected weekly production costs compared to a constant pro-
duction with day-ahead prices for the first six weeks of 2018. Blue bars correspond to
savings by an optimized production schedule exploiting day-ahead price spreads only, red
bars correspond to the optimal bidding strategy considering both revenues from the PRL
market and exploitation of day-ahead price spread using remaining capacities.

Table 5.3.: Characterization of the optimal biding strategies identified for the first six
weeks of 2018.

Week Offered capacity Lowest ask price Price forecast
[MW] [EUR/MW] [EUR/MW]

Week 1 [4, 3, 2]T 3,554 3,668
Week 2 [5, 3, 2]T 2,961 3,586
Week 3 [5, 3, 2]T 2,613 3,368
Week 4 [4, 2, 2]T 2,383 2,746
Week 5 [4, 3, 2]T 2,080 2,468
Week 6 [3, 2, 1]T 1,896 2,254

5.4.2. Economic evaluation of the bidding strategies

For the first six weeks of 2018, we calculate savings that can be achieved by using the
presented model-based bidding strategy for a PRL market participation and compare them
to a constant production at nominal operation under time-variable spot market prices in
Figure 5.1. Furthermore, we compare the presented approach to the pure exploitation of
spot market price spreads as done in the majority of previous studies (cf. Subsection 2.1.1).
As can be seen, the active marketing of operational flexibility offers significant economic
benefits compared to a constant production. In the first week of 2018, savings of more
than 20% are possible that stem from both strongly fluctuating spot market prices as well
as high compensation payments for the provision of PRL capacities. However, also in the
following weeks, significant savings are possible in the range of 5-10%. In addition, we find
that for most of the considered weeks, advantages of a PRL market participation compared
to a pure spot market participation can be clearly observed. In week two, the expected
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savings achieved by an optimal bidding strategy considering both revenues from PRL and
spot markets are almost twice the savings from the pure exploitation of spot market price
spreads (5.9% compared to a stationary operation with the optimal bidding strategy vs.
3.4% if solely participating in the spot market). Note that this high value of operational
flexibility provided as PRL is found in spite of (i) a comparably high production loss due
to the provision of PRL and (ii) a small maximum PRL capacity compared to the entire
flexibility range.

Table 5.3 gives further details about the bids placed in each week. It can be seen that the
optimal bidding strategies are very conservative, i.e., the ask prices, for which the majority
of the capacities is offered, are clearly below the predicted maximum accepted ask prices.
In other words, reducing the risk of a refused offer for a large capacity by lowering the ask
price has a larger impact than increasing the potential revenues through higher ask prices.
In particular, this holds for those weeks, where the advantage of marketing the flexibility
on the PRL market rather than on spot markets is most significant, i.e., in weeks two and
three. Here, half of the admissible PRL capacity is offered 600-700 EUR per MW below the
expected maximum accepted ask prices, corresponding to a deviation from the expected
value that is only slightly lower than 2σ, which in turn corresponds to a probability of
acceptance of approximately 95%. This conservatism stems from the high monetary value
of PRL in certain weeks and is lowered in weeks, where the benefits are smaller. Beside
the ask prices, the capacity that is offered for PRL is also of interest. Although there is
a clear relation between the capacity offered and the ask price, that is, almost half of the
total capacity is offered at the lowest price in all weeks and then the additionally offered
capacities are lowered with increasing ask prices, the total capacity offered however differs
from 6 up to 10 MW. Again, there is the trend that in weeks, where the monetary value of
PRL is high, higher capacities are offered. The optimal strategy thus aims at marketing
the entire admissible capacity of 10 MW only in promising marketing situations.

Finally, it is worth mentioning that assuming the ability to optimally exploit spot mar-
ket price spreads over an entire week is very optimistic. The optimal exploitation of hourly
price spreads for one week would require a perfect knowledge about short- to medium-term
developments of the spot market. Obviously, this knowledge is not available, such that
only parts of the price spreads are disposable for exploitation. Consequently, the actually
achievable savings in weekly production costs from the marketing of the operational flexi-
bility will be lower than Figure 5.1 suggests, however, the potential of an additional PRL
market participation compared to a pure spot market optimization, i.e., the differences in
height of the two bars in each week in Figure 5.1, will likely increase. Furthermore, we
expect that knowing about the imperfect exploitation of spot market price spreads will
likely lead to even more conservative bidding strategies.

5.4.3. Parameter study

Revisiting the general problem formulation introduced in Section 5.2, one finds that for
a given price forecasting model, the optimal bidding strategy exclusively depends on the
parametric solution of the second-stage problem, i.e., the solution of the spot market
scheduling problem as a function of the capacity reserved for PRL. In order to investigate
the influence of different “costs-over-PRL-capacity” functions, the constitutive parameters
of the scheduling problem are varied. For this purpose, off-design efficiency losses through
an increased specific energy requirement in the range of 0-2% at the bounds of the flexibility
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Figure 5.2.: Influence of model parameters on minimum production costs in week four
when providing different PRL capacities. We consider the optimal scheduling subject to
spot market prices and disregard revenues from the PRL market. Blue upwards-pointing
triangles (M) with dashed line give an ideal case without losses, red circles (◦) with solid
line give the benchmark described in Subsection 5.3.2. Yellow squares (�) with dotted
line and purple downwards-pointing triangles (O) with dashed-dotted line assume either
increased production losses due to the provision PRL or off-design efficiency losses.

Table 5.4.: Overview of the optimal bidding strategies in week four for the different
minimum production cost curves given in Figure 5.2.

Curve Offered capacity Lowest ask price
[MW] [EUR/MW]

#1 10 2,548
#2 [4, 2, 2]T 2,383
#3 [2, 1, 1]T 2,384
#4 [5, 3, 2]T 2,334

range and production losses compared to nominal operation due to the provision of PRL
capacities in the range of 0-1% at the maximum admissible PRL capacity are considered.
Selected cost functions are depicted in Figure 5.2. The different shapes of these functions
stem from three effects that the provision of PRL has on the process, that are: (i) the
provision of PRL is associated with a production loss and therefore opportunity costs
due to highly frequent fluctuations in the power uptake that lower the efficiency across
the entire operating range, (ii) the provision of PRL decreases the flexibility range of
the process and therefore limits the ability to exploit spot market price spreads, and (iii)
as a flexible operation is usually accompanied by efficiency losses due to periods of off-
design operation, the previous effect of a narrowed flexibility range might be weakened -
particularly for low PRL capacities.

Different cost functions also lead to different bidding strategies. The influences of the
cost functions on the optimal bids are examined for week four (Table 5.4). Starting from
the benchmark parameters introduced in Subsection 5.3.2, increasing the intensity of the
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production loss caused by fluctuations due to the provision of PRL (effect (i) becomes more
relevant) lowers the amount offered substantially from a total of 8 MW to only 4 MW.
In contrast, increasing the efficiency losses in the case of off-design operation (effect (iii)
becomes more relevant) increases the amount offered to 10 MW. The influence on the actual
ask price for which the majority of the capacity is offered is however low. For completeness,
Table 5.4 also lists an idealized case, where only effect (ii), i.e., the decreased flexibility
range at spot markets, is present. Note that in this case, neither splitting the offer nor
offering less than the maximum capacity is reasonable, as the optimal ask price for each
increment is the same. The higher ask price in this case can be explained by the larger
slope compared to the other curves in the relevant range of PRL capacities up to 5 MW,
such that higher revenues are required to compensate for the increased costs. In conclusion,
it is highly crucial to know the actual influence of the provision of PRL capacities on the
production process when calculating the bidding strategy. For instance, if curve #1 is
assumed, but the actual relation follows curve #3, the revenues from the PRL market
can no longer compensate for the production losses. Vice versa, if curve #3 is assumed
and curve #1 is correct, a substantial economic potential would remain unexploited. We
highlight that although the previous discussions have been conducted for the example of
a flexible aluminum electrolysis cell, the general conclusions hold for different processes as
well. In other words, similar effects will appear for the vast majority of processes and have
to be taken into account to find a reasonable bidding strategy.

In addition to the study on the influence of process parameters, we also investigate how
erroneous forecasts of the spot market price development influence the optimal bidding
strategy. Therefore, we repeat calculations for week four using two perturbed time series
with an equal average for the day-ahead price (cf. Figure 5.3). One of them assumes
increasing volatility in the course of the week and the other one decreasing volatility. Note
that deviations from the original price signal are assumed to be stronger at the end of
the week, i.e., when they are farther away from the PRL auction. The corresponding
bidding strategies are summarized in Table 5.5. Here, one clearly sees that in case of high
volatility, i.e., of high revenue potentials at the spot market, the optimal bidding strategy
leaves substantial capacities for the subordinated scheduling optimization at the day-ahead
market. At the same time, the optimizer tends to higher and thus more aggressive ask
prices to make revenues from the PRL market competitive to those from the spot market.
In turn, in the low-volatility case, the optimal bidding strategy aims at marketing the
maximum admissible range at the PRL market and prefers low-risk ask prices. Note that
determining the bidding strategy using erroneous spot market time series also bears the risk
of leaving economic potentials unexploited. However, in contrast to process parameters,
future electricity prices are inherently uncertain. Consequently, future work should aim at
incorporating the knowledge about these uncertainties into the proposed framework, e.g.,
by stochastic programming. Note that this would in fact lead to a significant increase in
the number of scenarios that need to be considered and might thus require improvements
in the solution approach. In contrast to that, adjustments of the short-term production
schedule can already be addressed efficiently by means of a moving horizon recalculation
of the schedule once new price information becomes available. Here, we refer the reader to
the relevant literature (e.g., [88]).

Finally, we evaluate the benefits of splitting one offer into multiple single offers with
individual ask prices, which is a common practice at the PRL market as can be seen from
past auction results. For this purpose, Table 5.6 shows how the number of bids placed
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Figure 5.3.: Day-ahead price time series for calculating the optimal bidding strategy in
week four. The solid blue line shows the original prices for that week, the dashed red line
gives a perturbed time series with increasing volatility in the course of the week and the
dotted yellow line corresponds to decreasing volatility.

Table 5.5.: Overview of the optimal bidding strategies in week four for the different day-
ahead electricity price time series given in Figure 5.3. For comparison, the probability that
no bid is accepted (scenario 0) is added.

Price time series Offered capacity Lowest ask price Probability of
[MW] [EUR/MW] scenario 0

Original time series [4, 2, 2]T 2,383 9.50%
Increased volatility [2, 2, 1]T 2,432 13.94%
Decreased volatility [5, 3, 2]T 2,349 6.38%

influences the expected production costs in week four. As can be seen, the improvement in
relative savings through placing three instead of one bid is less than 0.05 percentage points
and thus very small compared to the savings enabled by placing the first bid. Consequently,
placing more than one bid does not enable additional economic benefits in the present
setting. Calculations for Table 5.6 are repeated assuming two hypothetical forecasting
models with equal expected values but different forecasting standard deviations σ∗ (square
root of the introduced variance σ∗2). Comparing the results for σ∗ = 0.5σ, σ∗ = σ, and
σ∗ = 2σ illustrates the monetary value of improved forecasting accuracy, that is, halving the
forecasting standard deviation increases the savings in weekly production costs by >15%.
Furthermore, we find that improvements enabled by submitting additional bids increase
with more uncertain forecasts. However, even if twice the standard deviation is assumed
for the forecasts, which already corresponds to an uncertainty of several hundreds of EUR
per MW, improvements appear still small. Nevertheless, splitting the total capacity to
offer for PRL might still be rational from a different point of view. That is, the problem
formulation in this work assumes risk-neutral market participation. However, the model
could be also extended to account for other risk preferences such as in particular risk
aversion.
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Table 5.6.: Influence of the number of bids placed on the expected production costs in
week four. Calculations are repeated assuming a doubled and a halved standard deviation
for the price forecasting model.

Forecasting Expected savings for a varying number of bids
standard deviation N = 1 N = 2 N = 3
0.5σ 1.137% 1.157% 1.162%
σ 0.966% 0.998% 1.008%
2σ 0.792% 0.847% 0.864%

5.4.4. Goodness of price forecasts

In Figure 5.4, the identified PRL price forecasting model is validated by comparing the one-
step-ahead forecasts when applying the AR(1) model with parameters from Table 5.1 to the
actual PRL price data for the first 18 weeks of 2018. Therein, we find that 55.56% of the
forecasting errors are in the interval [−σ, σ], 72.22% lie within [−2σ, 2σ] and no forecasting
error is found outside [−3σ, 3σ]. Comparing this to the assumed normal distribution, one
has to conclude that the proposed time series forecasting model performs poorer at this
sample than expected from the estimated model variance (cf. Table 5.7). In particular, the
model performance is poor for the second half of the validation set. The comparison of
predicted and actual maximum accepted ask prices for the weeks 10-18 thereby illustrates
a shortcoming of a purely autoregressive model, that is, once accepted ask prices are
currently low, an autoregressive model tends to forecast low prices for the next week as
well. However, at the same time, aggressive market competitors will be encouraged to
increase their ask prices in order to exploit the entire price range, in which their bids are
accepted. Consequently, the maximum accepted ask price increases, whereas only minor
changes in the weighted average of accepted ask prices appear. In the auction for the
following week, this spread will in turn encourage competitors, whose bids have not been
accepted in the previous week, to underbid the prices, thus closing the gap between the
maximum and the average accepted ask prices again. The fluctuating maximum accepted
ask prices accompanied by an almost constant weighted average of accepted ask prices in
the weeks 10-18 might indicate such behavior. Obviously, the proposed AR(1) model is
not able to predict these fluctuations. Instead, the AR(1) model appears to lag behind
one week.

For the six weeks considered in Subsection 5.4.2, Table 5.8 additionally lists, which of the
optimized ask prices would have been accepted in the corresponding weeks. It can be seen
that although the forecasts of the maximum accepted ask prices are above the actual value
for almost the complete period, the vast majority of the offered capacities would still have
been accepted. This is indeed a consequence of the previously discussed conservatism of the
approach due to large uncertainty in the forecasts. However, this also implies that partic-
ularly if prices are substantially underestimated, economic potentials remain unexploited,
as far too low prices are asked, which can only be overcome by an improved forecasting
accuracy. Thus, although the proposed AR(1) model shows an acceptable performance on
the data set, further research is recommended concerning the improvement of the forecast-
ing accuracy in order to exploit the full economic potential of the approach. This might
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Figure 5.4.: Validation of the proposed AR(1) time series model for forecasting the max-
imum accepted ask price for the first 18 weeks of 2018. The solid red line shows the AR(1)
forecasts. Error bars indicate the interval ±σ. The dashed blue line gives the actual
maximum accepted ask price in these weeks. The dotted yellow line corresponds to the
weighted average of all accepted ask prices and is only depicted for comparison.

Table 5.7.: Comparison of the distribution of actual model forecasting errors for the first
18 weeks of 2018 with the assumed normal distribution.

Interval Percentage of values within interval
Forecasting errors Normal distribution

[−σ, σ] 55.56% 68.27%
[−2σ, 2σ] 72.22% 95.45%
[−3σ, 3σ] 100% 99.79%

include the transition towards more sophisticated model structures for forecasting complex
market dynamics.

5.5. Summary and recommendations for future research

The optimal participation in a pay-as-bid market for ancillary services, namely the German
market for PRL, is formulated as a two-stage stochastic MINLP minimizing the expected
weekly production costs. Both revenues from the PRL market as well as from the day-
ahead spot market are considered. More precisely, the bids to be placed at the PRL market
(the amounts to offer and the prices to ask) are the first-stage decision variables, whereas
the second stage corresponds to a scheduling optimization, which markets the remaining
flexibility at the spot market depending on the outcome of the PRL auction. Furthermore,
we herein apply an autoregressive time series model for forecasting the upcoming maximum
accepted ask prices on the PRL market, which allows for calculating the probabilities
that a bid is accepted. A tailored solution approach based on enumeration is proposed to
decompose the problem into a finite number of NLPs and MILPs. Following this approach,
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Table 5.8.: Offered capacity that would have actually been accepted in the first six weeks
of 2018 when applying the optimized bidding strategy relying on the foreasted prices.

Week Capacity [MW/MW] Maximum accepted ask price
Accepted / offered Value [EUR/MW] Forecast [EUR/MW]

Week 1 7/9 3,891 3,668
Week 2 10/10 3,359 3,586
Week 3 10/10 2,953 3,368
Week 4 6/8 2,647 2,746
Week 5 7/9 2,344 2,468
Week 6 5/6 2,102 2,254

optimal bidding strategies are calculated for an industrial aluminum electrolysis cell. Our
results indicate a high value of a flexible operation, enabling savings up to more than 20%
compared to a stationary operation in specific weeks at the beginning of 2018. Moreover,
we demonstrate that the optimal participation in the balancing markets can offer additional
saving potentials exceeding those from the pure exploitation of spot market price spreads.
Besides, we show that the optimal bidding strategy crucially depends on how the provision
of PRL capacities influences the process efficiencies. If poor assumptions are made about
this relation, economic potentials might remain unexploited or - in extreme cases - savings
might turn into losses. Finally, the benefits from splitting the capacity to offer into several
bids with individual ask prices as is common practice in the PRL market are evaluated. Our
results however indicate that only insignificant improvements are enabled when submitting
more than one bid.

In summary, our results demonstrate the potential of model-based strategies for mar-
keting the operational flexibility at pay-as-bid markets for balancing power, but also show
that the performance of the proposed approach, i.e., the actually realized savings, strongly
depends on the quality of the forecasts of the upcoming maximum accepted ask prices. If
the forecasts comprise large uncertainties, the optimizer tends to conservative bids asking
low prices to ensure receiving the highly valuable compensation payments for providing
PRL. Thereby, economic benefits remain unexploited, as the range of accepted ask prices
is not exhausted. Here, we recommend the development of more sophisticated forecasting
models than a simple autoregression. In particular, we see a high potential in applying
machine learning models for that purpose, such as long short-term memory networks that
have been applied to the forecasting of the development of financial markets with great
success (e.g., [220]). Furthermore, there is also a possibility to include game-theoretical
approaches, which aim at modeling the strategic behavior of competitors at the energy
markets (cf. [221]).

Future research should additionally target a more realistic treatment of uncertainties in
upcoming spot market prices. In particular, we are interested in the explicit consideration
of uncertainties in the spot market price development when determining the optimal bid-
ding strategy. Moreover, future approaches should also incorporate recalculations of the
optimal short-term production schedule subject to spot market signals on a moving horizon,
once new price information becomes available. Along these lines, one could also implement
the actual bidding procedure within a moving horizon framework, such that production
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targets need no longer to be met within one scheduling horizon and load shifts between
multiple horizons get possible. Here, we emphasize that adaptations of the presented ap-
proach have to keep up with continuously occurring changes in the markets themselves.
Note that for instance, a recent change towards daily auctions has partially overcome the
issue of the increasing uncertainty in spot market prices in the course of the scheduling
horizon. However, when focusing on the finer discretized continuous intra-day market that
on the one hand enables higher savings (cf. [222]) but on the other hand comprises larger
uncertainties, the described extension of the approach becomes relevant again.

Finally and as indicated above, the general multi-stage stochastic concept should be
applied to other decision-making problems. Note that this requires addressing both the
upper-stage bidding problems (if considering different markets for ancillary services) and
the lower-stage subordinated scheduling optimizations (if considering different shorter-term
spot markets). Here, a very promising research perspective lies in the consideration of the
market for secondary balancing power (SRL), where compensation payments are indeed
lower than at the PRL market. However, technical requirements for participation in the
SRL market are also less strict, making it promising for a larger variety of processes. Note
that modeling the participation in the SRL market will require an adequate consideration
of the so-called energy prices that ultimately determine the amount of balancing energy
that is retrieved from the individual participants. In this context, we have recently pro-
posed in a conference paper to simplistically correlate the amount of retrieved balancing
energy with the energy price using an exponential law fitted to historic data [223]. A de-
tailed discussion of the corresponding potential model formulations is however out of the
scope of the present thesis and thus foregone for the sake of brevity. Furthermore, we em-
phasize that the existence of more products to offer (six periods per day, each subdivided
into a positive and a negative load direction, instead of one unidirectional PRL product
a day), leads to a substantial increase in both the number of first-stage decision variables
and the number of second-stage scenarios. Against this backdrop, we strongly recommend
to revisit the proposed solution approach to cope with the increasing complexity of such
a decision-making problem by either developing and/or tailoring structure-exploiting de-
composition algorithms (e.g., [224, 225]) addressing a deterministic solution of the MINLP
or by assessing the suitability of stochastic/semi-stochastic solution approaches.
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economically and environmentally
incentivized measures in industrial
demand side management

In this chapter, we critically question the currently discussed measures increasing the flexi-
bility potential of processes on the demand side from the perspective of the decarbonization
of the electricity sector. In particular, we herein investigate if economically-driven mea-
sures, i.e., measures that enhance the exploitation of fluctuating electricity prices, promote
the penetration of renewable electricity sources by allowing to consume electricity primar-
ily in periods with a high renewable share. To this end, we provide a massive simulative
study focusing on the German electricity sector using both historic electricity time series
data as well as projected time series data for the future In Section 6.1, we first present the
objective functions, which we use for quantifying the economic and environmental perspec-
tive on DSM throughout this chapter and provide rationales for these choices. Namely, we
herein continue to use the total costs for electricity purchase at the day-ahead market as
the economic objective and introduce the individual contribution to the integral residual
load as the environmental one. In Section 6.2, we show the results from an analysis of
the underlying time series, i.e., of the day-ahead electricity prices as well as of the ratio
between the residual load and the network-wide electricity consumption. Thereby, we fa-
cilitate the interpretation of the results of the scheduling optimizations in the remainder
of this chapter. For this purpose, we present a quantitative characterization of the time
series and show the results of both a correlation and a frequency analysis. Afterwards, we
present a generic process model in Section 6.3, which we use to evaluate the benefits from
DSM with regard to an exploitation of the different fluctuation patterns of the two time
series to minimize the corresponding objective functions. First, we present an ideal storage-
type customer and discuss its constitutive parameters. Afterwards, two extensions to this
basic model are given that allow for both the consideration of off-design efficiency losses
and making use of shut-down opportunities. The results of the single- and bi-objective
scheduling optimizations using the historic time series are given in Section 6.4. Therein,
focuses are set on the effect of both average utilization rates and off-design efficiency losses
on Pareto curves. Furthermore, we systematically assess the influence of storage and ramp-
ing limits on the two objectives and also evaluate the improvements when making use of
opportunities for shut-downs. In addition to that, we qualitatively describe the results of
the scheduling optimizations considering the projected time series but limit the discussion
to the key observations. Finally, the chapter is concluded in Section 6.5. Therein, we also
briefly discuss further developments in the methodology as well as extensions of the scope
of the simulative study.
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6.1. Objective functions for scheduling

As briefly mentioned in the introduction, the German electricity market as well as many
others are characterized by a time-variable electricity supply satisfying a (mostly) inelastic
electricity demand, which causes fluctuations in the electricity mix. This consequently
leads to time-variables electricity prices, as the numerous generation technologies exhibit
different operating costs. Whereas the previous chapters are mainly concerned with the
exploitation of spot market price spreads, time-variable electricity mixes can be exploited
as well from an environmental point of view (cf. Subsection 2.1.4). In this section, we
thus introduce the two objective functions for the optimization that are considered in the
remainder of this chapter. That is, we introduce one objective function for quantifying the
economic perspective and one for the environmental perspective, and briefly discuss their
interrelation.

6.1.1. Quantification of the economic perspective

From an entrepreneurial perspective, the primary objective of DSM is to minimize the costs
for the electricity purchase by preferably consuming electricity in hours with low prices
while respecting all requirements, e.g., obeying operating limits, satisfying demands, etc.
We focus on hourly changing spot prices at the day-ahead market due to its large trading
volumes. Note that we herein also give a more detailed description of its underlying price
setting mechanisms that is beyond the scope of the previous chapters, as it allows for a
qualitative explanation of the correlation between the economic and the environmental
objective. We further remark that recent studies indeed identify larger economic benefits
of participation in real-time electricity markets, such as the intra-day continuous market in
Germany, as more distinct price peaks occur there [18, 222]. In the following, we however
assume that the entire electricity is purchased at the day-ahead spot market for the ease
of presentation. The economic objective for optimization thus equals the total electricity
costs

C =
∑
t

ct · Pt, (6.1)

with ct denoting the instantaneous day-ahead spot market price in hour t and Pt the power
consumption.

The German day-ahead market applies uniform pricing, i.e., the market clearing price in
each hour is determined by the intersection of the supply and the demand curve. Assuming
a perfectly competitive market, the supply curve is the aggregated marginal cost curve of
all electricity suppliers. Consequently, for known hourly demands and a given pool of
suppliers with known marginal costs, the so-called marginal power plant would then solely
determine the spot electricity price ct [226]. Therefore, in periods with a high share of
renewable electricity generation, which is associated with negligible marginal costs (and in
Germany currently also feed-in support), spot prices are low, which is referred to as the
merit-order effect of renewable energy sources [227].
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6.1.2. Quantification of the environmental perspective

The described price setting procedure inherently leads to time-variable electricity mixes
depending on the almost inelastic instantaneous network-wide electricity demand and the
realized generation from intermittent renewable sources. Consequently, there is an analo-
gous environmental optimization opportunity by preferably consuming electricity in those
hours where the electricity generation is associated with low environmental impacts. In the
previous literature referred to in Subsection 2.1.4, the environmental objective has mostly
been quantified by accounting for different contributions of the individual electricity gen-
eration technologies to climate change, targeting the exploitation of time-variable carbon
footprints for the electricity consumption. As an alternative, we herein measure whether
electricity is primarily consumed in hours with a high share of renewable generation by
introducing the hourly residual load share rt, which is the quotient of the instantaneous
residual load and the network-wide electricity consumption. Thus, rt gives the percent-
age of the entire network-wide electricity consumption that needs to be satisfied by a
non-renewable generation. Note that rt ≤ 1 thus holds and that rt < 0 is also possible,
indicating hours with a surplus of renewable energy, which should certainly be preferred.
A suitable environmental objective then reads:

R =
∑
t

rt · Pt (6.2)

if assuming that the purchased electricity has the same mix as traded at the market, giving
the individual contribution to the integral residual load, i.e., the part of the total individual
electricity consumption that needs to be satisfied by a non-renewable generation.

We emphasize that the proposed environmental objective is not meant for a detailed
life cycle analysis but should rather provide a tangible measure for the reduction in the
consumption of fossil-produced electricity in favor of renewable electricity with a compact
mathematical form comparable to that of the economic objective, i.e., a linear combination
of the hourly electricity consumptions with fixed constants. Moreover, using this measure
omits an existing optimization potential between different fossil energy sources, which we
do not intend to address in this study. In particular, we thereby prevent favoring periods
with a high share of generation from gas-fired plants, which on the one hand involve fewer
emissions than coal-fired plants, but on the other hand commonly only contribute to the
electricity mix in periods with a very low renewable generation due to their high operating
costs.

6.2. Time series analysis

We consider yearly time series for both ct and rt when evaluating the objective func-
tions (6.1) and (6.2), i.e., t ∈ {1, . . . , T = 8760}, and investigate both the current
and a projected future scenario for the German electricity sector. The first data set
contains historic time series from 2017 and is provided by Agora Energiewende (www.
agora-energiewende.de/). The 2030 data set is provided by Forschungsgesellschaft für
Energiewende (www.ffegmbh.de/) and has been obtained in the project MONA 2030 [228]
by means of system simulations assuming a continued increase in the installed renewable
electricity generation capacities by ∼70% compared to 2015. Before conducting schedul-
ing optimizations using a generic process model (cf. Sections 6.3 and 6.4), we investigate
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Table 6.1.: Quantitative descriptors for the four time series. All values are normalized to
the respective means.

Descriptor Electricity price [-] Residual load share [-]
2017 2030 2017 2030

Mean 1.00 1.00 1.00 1.00
Minimum -2.43 0.00 0.19 -2.03
Maximum 4.78 2.68 1.46 2.37
Standard deviation 0.52 0.35 0.24 0.86

the time series, assess their correlation, and identify different characteristic fluctuation
patterns. The results presented below thus allow for qualitatively anticipating the obser-
vations that we make during the scheduling optimizations described in Section 6.4 and
facilitate the interpretation thereof.

6.2.1. Quantitative characterization

Table 6.1 gives quantitative descriptors for all considered time series. All values are nor-
malized to the respective means to make the series comparable. As we confine to the
discussion of relative improvements through DSM activities in Section 6.4 by comparing
to a constant production, i.e., with averaged input data in (6.1) and (6.2), this normal-
ization appears reasonable for interpreting the results. As can be seen, electricity prices
in the historic 2017 time series show a very broad distribution compared to the residual
load shares, as measured by both the range and the standard deviation. Consequently,
higher relative optimization potentials from the economic perspective are expected com-
pared to the environmental one. Comparing the 2017 to the 2030 time series, one finds
that the distribution of the electricity prices becomes narrower, whereas the distribution
of the residual load shares becomes broader with even a larger range and standard devia-
tion than the prices. Consequently, relative economic optimization potentials are expected
to decrease, whereas environmental ones are expected to increase. The latter conclusion
can be explained by the increasing penetration of electricity generation from intermittent
renewable sources assumed for 2030. From this perspective, the narrowing of the distri-
bution of the electricity prices seems counter-intuitive. However, we presume that this
observation stems from the assumptions behind the time series simulation for 2030. More
precisely, projected prices are bounded by the minimum (zero without feed-in support)
and maximum marginal costs of the power plant fleet when assuming a perfectly competi-
tive market. Possible market behavior going beyond this assumption, which is apparently
present in 2017 and causes more distinct price peaks and troughs, is not included in the
2030 price series. We however emphasize that absolute price spreads in 2030 are still higher
than in 2017.

6.2.2. Correlation analysis

Considering bi-objective optimizations, i.e., trade-offs in simultaneously fulfilling both ob-
jectives, the correlation between the time series of electricity prices and residual load shares
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Figure 6.1.: Scatter plots for both the historic and the projected time series.

is crucial. Thus, in Figure 6.1, we show scatter plots containing the pairs (ct, rt) for every
hour in 2017 and 2030 respectively. In both cases, an S-curve can be observed indicating a
positive correlation. The intensity of the correlation can be quantitatively assessed using
correlation coefficients. Here, the use of Spearman’s rank coefficient ρ is highly informa-
tive, as it represents a measure for the monotonicity of a correlation. More precisely, if
one finds a strictly monotone function (represented by ρ = 1), the bi-objective perspective
on DSM would be redundant, i.e., Pareto curves would become points. For the 2017 time
series, we find ρ = 0.64, whereas for 2030, we find ρ = 0.76. Thus, for both 2017 and
2030 monotone trends can be observed. However, there is also a potential for balancing
trade-offs between the two objectives, which we expect to become particularly important
in the presence of efficiency losses.

6.2.3. Frequency analysis

Details concerning fluctuation patterns in the considered time series can be gained by fre-
quency analysis. For this purpose, we conduct discrete Fourier transforms. The resulting
spectra are depicted in Figure 6.2. Our analysis focuses on fluctuations on an hourly-
to-daily scale, which is typically considered in DSM due to, in general, limited storage
capacities. Note that the lower frequencies are nevertheless of interest for different tech-
nologies addressing, e.g., seasonal storage [229]. Confining to the DSM-relevant frequency
components, one finds the most important frequency components at 1

24
h−1 and 1

12
h−1.

In other words, all time series are characterized by the superposition of two sine waves,
one with a period length of one day (day/night fluctuations) and one with a period length
of half a day (intra-day fluctuations). Noticeably and independently from the considered
year, in case of the residual load share, the day/night fluctuation is more distinct, leading
to a temporal course with typically one local minimum per day, which matches the peak
in generation from photovoltaics at noon. In contrast, in the case of the electricity price,
the intra-day fluctuation is more distinct, which typically leads to two local maxima a
day, that occur around 8:00 am and 8:00 pm respectively. This two-peak-behavior directly
follows from the market clearing procedure itself, considering that the peak in generation
from photovoltaics at noon is superimposed with a daily flat plateau in the network-wide
electricity consumption between 8:00 am and 8:00 pm. That is, at the beginning and the
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Figure 6.2.: Frequency spectra of the fluctuation patterns of the considered normalized
time series obtained by discrete Fourier transform.

end of this plateau, a high demand meets a comparably low supply from photovoltaics. In
contrast, at the center of the plateau, i.e., at noon, there is much more supply from pho-
tovoltaics at low marginal costs and thus less conventional electricity generation at higher
marginal costs is required to meet the demand, involving temporary daily price troughs.
We again highlight that the different fluctuation patterns can be observed irrespective of
the considered year, indicating that these are not caused by imperfect market behavior.
Moreover, we observe that components with frequencies above 1

6
h−1 . . . 1

4
h−1 show a larger

contribution to the spectra of the electricity prices than to the spectra of the residual load
shares. This corresponds to the existence of very short-term price spreads, whereas there
are no spreads to be exploited on a similar scale with regard to a reduction of the con-
tribution to the residual load. Together, these findings represent an indication that some
measures increasing the flexibility potential might influence the economic and the environ-
mental objective in a different manner. In particular, whereas the exploitation of day/night
fluctuations is possible even for processes with limited capabilities for load changes, the
exploitation of short-term spreads certainly requires high plant agility, i.e., loose ramping
constraints. Consequently, we expect mostly economic and almost no environmental in-
centives for loosening ramping constraints. Finally, we note that Figure 6.2 also illustrates
the trend of increasing fluctuations of the residual load shares and decreasing (relative)
fluctuations of the prices in the projected time series (cf. Table 6.1).
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6.3. Generic process model

In order to evaluate the benefits from DSM through the exploitation of the fluctuations
of the time series analyzed in Section 6.2, we consider a generic process that is able to
vary its electricity consumption and store products. Processes like these act as virtual
batteries, i.e., load increases act similarly to charging and load reductions to discharging a
battery storage from the perspective of the electricity grid [123, 230]. We remark however
that these virtual batteries can obviously not have net feeding into the grid at any point
in time. Moreover, we require that all load reductions have to be caught up, i.e., we
confine to load shiftings and not allow for a pure load shedding, etc. (cf. the classification
by Gellings [231]). Depending on the considered process, the ability to shift loads is
however limited by different constraints, which will be analyzed in detail in the following.
To this end, we first introduce an idealized base case, referred to as ideal storage-type
customer, and discuss ranges for the limiting process parameters. Afterwards, we present
two extensions to account for off-design efficiency losses and enable temporary shut-downs
of the process. As we consider variations of the constitutive model parameters across
large ranges, we account for the vast majority of DSM-relevant processes and thus aim
at generalizable conclusions not limited to a specific process. Model equations are only
briefly covered herein, instead, the focus is set on the underlying assumptions. Actual
mathematical formulations have been extensively discussed in the relevant literature as
well as in the previous chapters of the present thesis.

6.3.1. Ideal storage-type customer

The mathematical model of the ideal storage-type customer, which we consider as a base
case, is given in the early work of Daryanian et al. [62] and describes an idealized process
with flexible power uptake and opportunities for product storage. Essentially, the model
relies on two assumptions:

• The production rate is proportional to the power consumption irrespective of the
operating point. Note that in the battery analogy, this assumption leads to an ideal
behavior in the sense that neither charging nor discharging is associated with any
losses.

• The total production of the process must remain constant, equaling that of a constant
operation at the nominal production rate.

The ability of the process to shift loads is further limited by (i) its operating range and
average utilization rate, (ii) its storage capacities, and (iii) ramping constraints:

(i) The power consumption of the considered process is limited by lower and upper
bounds. Besides the size of the flexibility range, the average utilization rate UR [%],
giving the ratio between the nominal and the maximum power consumption, is of
crucial importance. Note here that energy-intense processes are commonly sized for
UR ≈ 1 to minimize capital costs. This represents one of the main hindrances for
load shiftings, as missed production can hardly be caught up [232]. For instance, for
the chlor-alkali capacities in Germany, an average utilization rate of >90% is found,
limiting the potential of DSM [141]. Thus, we herein consider a process with a
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representative average utilization rate UR = 95% and a flexibility range of 50-100%,
but investigate benefits from an oversizing of the facilities, i.e., from reduced average
utilization rates. In Section 6.4, we consider oversizings by up to 20%, i.e., average
utilization rates UR = 79 . . . 95%. Obviously, the oversizing of production facilities
is usually in conflict with total annualized costs, requiring integrated optimizations
in practice (see, e.g., [233]).

(ii) To account for limited storage opportunities, the process model considers a simple
buffer tank that is filled by the instantaneous production and continuously emptied by
the nominal production, which can be interpreted as a constant down-stream demand
that needs to be met. Note that several real processes are indeed characterized by
seasonal fluctuations in the demand that might interact with the provision of load
flexibility. The consideration of such aspects is however beyond the scope of the
chapter. The stored amount increases in the case of overproduction and decreases
in case of underproduction. We do not consider losses during storage. The stored
amount is limited between zero and the maximum storage capacity. In order to avoid
emptying the tank throughout the year, we force both the initial and the final tank
levels to 50%. Moreover, we allow for a systematic comparison between processes
of different scales by using the time, up to which the production rate at the design
operating point can be maintained with a completely filled storage tank, as a measure
for the storage capacity, denoted by Smax [h]. In the parameter studies in Section 6.4,
we consider a wide range of storage capacities between Smax = 3 . . . 48 h. Note that
in contrast to an oversizing of the actual production facilities, a retrofit of storage
capacities is easily possible in many settings (see, e.g., [7]).

(iii) Finally, the flexibility of a process can be limited by imposing a maximum change
between two successive operating points. In particular, such ramping constraints are
required to ensure that transitions between two operating points can be realized with-
out violating requirements [78]. Ramping constraints are commonly modeled using a
set of linear equations [37]. As we again target the comparability between processes
of different scales, we herein impose a maximum on the change in utilization rates
between consecutive hours, denoted by ∆max [%/h]. In Section 6.4, we investigate
the influence of different ramping constraints by considering ∆max = 5 . . . 25%/h.
Note that whereas adjustments of the average utilization rate by oversizing as well
as of the storage capacities usually involve the installation of additional equipment,
ramping constraints can be affected by changes in the operating philosophy (see,
e.g., [89]) beside modifications in the process design (see, e.g., [87]).

6.3.2. Off-design efficiency losses

The assumption of a linear production characteristic made above by assuming a constant
efficiency might in some cases be a poor approximation of the reality (cf. the processes
considered in Chapter 3). Instead, efficiency losses in case of off-design operation occur
and have to be taken into account when assessing the potential of DSM [141]. In order
to enable a systematic treatment, we introduce the following assumptions, leading to an
extended storage-type customer model that can account for efficiency characteristics:
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• The electric efficiency, i.e., the ratio between the production rate and the power
consumption, is a function of the instantaneous utilization rate.

• The highest electric efficiency is reached at the design operating point.

• To account for off-design efficiency losses, we use a quadratic approximation of the
generally nonlinear function, leading to a cubic function for calculating the produc-
tion rate from the power consumption.

Following the assumptions, the entire loss characteristic is defined by one parameter, de-
noted by ζ [%], giving the relative loss in the electric efficiency at the lowest admissible
utilization rate (50%) compared to the electric efficiency at nominal operation. Consider-
ing the large variety of processes in the DSM-relevant literature, we evaluate a range of
potential parameters with ζ = 0 . . . 33% in Subsection 6.4.2. Using the battery analogy, we
thereby account for losses during charging and discharging. Moreover, we highlight that
under the aforementioned assumptions, the constraint on satisfying the integral production
target involves that any load shifting, i.e., any temporary off-design operation, increases
the total electricity consumption.

In order to enable the use of efficient MILP solvers, the cubic relation for calculating the
production rate is replaced by a piecewise-linear continuous approximation. More precisely,
as in the case study of Chapter 5, we apply linear segmentation (cf. [219]) and use six
intervals with individual slopes and intercepts. Interval bounds are found by minimizing
the error between the cubic function and the piecewise linearization.

6.3.3. Shut-down opportunities

In order to circumvent temporary price peaks, it can be beneficial to shut down the entire
process for a certain period. Herein, we focus on shut-downs that allow for fast warm-starts
after a limited down-time. For modeling these opportunities, we make use of the following
assumptions:

• During the down-time, no product is produced and negligible electricity is consumed.

• Shut-downs are only possible if the process is operated at its lower operating bound.
Thereby, we prohibit abrupt shut-downs from high utilization rates that might stress
the equipment disproportionately.

• Warm-starts, i.e., start-ups after down-times, are only possible within a specified
limited period.

Herein, we also study the influence of a varying maximum down-time, denoted by τmax [h],
on the different objective functions. To capture the highly different characteristics of the
numerous DSM-relevant processes, we apply τmax = 0 . . . 12 h in Subsection 6.4.4.

Modeling of shut-downs relies on the introduction of binary variables indicating operat-
ing modes and transitions [5, 30, 37, 234, 235]. Constraints on the maximum down-time
can then be established using a set of linear inequalities [30, 36]. Note that modeling the
opportunities for shut-downs under the given assumptions further involves an adjustment
of the ramping constraints introduced above, which can be found in [21].
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6.4. Scheduling results for the generic process model

In this section, we evaluate to what extent different measures increasing the flexibility
potential on the demand side can enhance the exploitation of the different characteris-
tics of the input time series described in Section 6.2. For this purpose, we implement
the scheduling optimization problem embedding the three versions of the generic process
model from Section 6.3 in GAMS version 26.1.0 (GAMS Development Corp.). The docu-
mentations of the GAMS models can be found in Appendix D. Therein, we use an hourly
discretization and consider the entire year. The resulting (MI)LPs are solved using CPLEX
version 12.8 (IBM Corp.). Default solver settings are applied. Pareto curves when con-
ducting bi-objective optimizations are identified using an ε-constraint method, furnishing
15 equidistant Pareto optima. In the following, optimization results are discussed in detail
for the historic time series from 2017. Afterwards, a brief presentation of the key insights
from using the projected time series for 2030 is given. Note that throughout this section,
all objective values are relative to a stationary operation for comparison purposes.

6.4.1. Effect of average utilization rates on Pareto curves

First, we analyze the impact of different average utilization rates on bi-objective optimiza-
tions by varying the oversizing of the process, i.e., by decreasing the average utilization
rate below its reference value UR = 95%, when considering the ideal storage-type cus-
tomer model from Subsection 6.3.1. Furthermore, we also identify an optimized average
utilization rate by treating it as an additional optimization variable. Pareto curves given
in Figure 6.3 correspond to different process variants, spanning a range for various storage
capacities Smax and ramping limits ∆max.

• P1 - a variant with a low storage capacity Smax = 3 h and a limited load shifting
capability due to severe ramping limits ∆max = 5%/h. Consequently, the flexibility
potential of this variant is expected to be substantially restricted.

• P2 - a variant with a low storage capacity Smax = 3 h, but strongly loosened ramping
limits ∆max = 25%/h. Compared to P1, the flexibility potential of the variant is
higher.

• P3 - a variant with a limited load shifting capability due to severe ramping limits
∆max = 5%/h, but with a significantly increased storage capacity Smax = 48 h.
Again, there is a higher flexibility potential than for P1. Note that a comparison
with P2 is not intended here.

• P4 - a variant with both an increased storage capacity Smax = 48 h and loosened
ramping limits ∆max = 25%/h, hence exhibiting the largest flexibility potential of
all variants.

Figure 6.3 confirms the anticipated larger saving potentials in the economic objective
compared to the environmental one in 2017 (cf. Table 6.1). Concerning an assessment
of trade-offs between the objectives, the most important result is that for the idealized
case without efficiency losses, there are mostly synergetic effects between economic and
environmental objectives when conducting optimizations of the production schedule. In
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(c) P3: 48 h storage capacity
5%/h ramping limit
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(d) P4: 48 h storage capacity
25%/h ramping limit

Figure 6.3.: Pareto curves for different parametrizations of the ideal storage-type cus-
tomer model (cf. Subsection 6.3.1). The solid gray curve is the reference with average
utilization rate UR = 95%. The dashed yellow curve corresponds to a 10% oversizing com-
pared to the reference (UR = 86%), the dashed-dotted blue curve to 20% (UR = 79%).
The solid red line is the Pareto curve for an optimal average utilization rate.

particular, in none of the considered cases, the optimization for a single objective leads
to a deterioration of the other one compared to a stationary operation. Nevertheless, one
sees that there is a nonnegligible space for balancing between the objectives. More pre-
cisely, optimizations for a single objective leave a substantial saving potential in the second
objective of up to 3-4 percentage points unexploited. Summarizing, in case of near-ideal
processes, i.e., with negligible efficiency losses, optimizations of the production schedule
for economic performance, which are likely conducted from an entrepreneurial perspec-
tive, lead to improved environmental objectives, but do not exploit the full environmental
potential. Furthermore, one finds a crucial importance of the average utilization rates in
Figure 6.3: if these are too high, almost no saving potentials can be exploited, leading
to incentives for the oversizing of production facilities. Decreasing the average utilization
rate evenly affects the economic and the environmental objective, so that Pareto curves are
almost parallel to each other for a fixed process variant. Along the same lines, we find a
nearly constant optimal average utilization rate along the corresponding red Pareto curve
in Figure 6.3. These findings are very important, as we can conclude that the average
utilization rate that is favored from an economic perspective and thus highly relevant for
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investment decisions, is also favored from an environmental perspective.
Finally, comparing the variants P1. . .P4, there is a strong dependence of both the achiev-

able savings as well as the shape of the Pareto curves on the parametrization of the process
variant. Whereas the first finding is an obvious result of the different flexibility potentials
of the variants as discussed at the beginning of the subsection, the second finding is not
as intuitive. For instance, we find that process variants with loosened ramping constraints
exhibit Pareto curves, which extend over larger ranges of objective values and thus indicate
more distinct trade-offs between the objectives. Moreover, in Figure 6.3 (b), the anchor
points of the Pareto curves with lower average utilization rates do not always dominate the
corresponding anchor points at higher average utilization rates, as is however the case for
all other variants. These findings indicate that measures adjusting the storage capacities
and those adjusting the ramping limits affect economic and environmental objectives in
DSM in a different manner, which has been anticipated in Subsection 6.2.3 and will be
discussed in more detail in Subsection 6.4.3.

6.4.2. Influence of off-design efficiency losses on Pareto curves

Before analyzing the influence of storage capacities and ramping limits, we first study
the effect of off-design efficiency losses. For this purpose, bi-objective optimizations using
the process variants introduced in Subsection 6.4.1 are repeated using a fixed oversizing
of 20% (i.e., UR = 79%). In contrast, we now vary the intensity of the off-design efficiency
losses (cf. Subsection 6.3.2). Comparing the Pareto curves under consideration of off-
design efficiency losses in Figure 6.4 to their respective references without losses, one
finds a significant influence of the loss intensity on the achievable savings through an
almost parallel shifting of the Pareto curves. For instance, when considering rather low
losses of 10% at the lower operating bound, the saving potential in both objectives for
all process variants is reduced by 30 . . . 50%. Moreover, high loss intensities bear a severe
risk that optimizations for economic objectives that still yield promising cost savings lead
to impaired environmental performance. In particular, applying the contribution to the
residual load as the environmental objective as done in this chapter, an optimal spot market
participation can lead to a net increase in the environmental objective. Most likely, if
applying other objectives, e.g., the carbon footprint of the electricity consumption, similar
observations will be made.

We furthermore remark that the findings presented above, i.e., that increased storage
capacities and loosened ramping constraints do not affect economic and environmental
objectives evenly, are crucial for assessing the risk of a net increase in the environmental
objective. In particular, in the case of processes with low storage capacities and a high
load shifting agility (i.e., P2), economic optimizations are more likely to lead to an increase
in the environmental objective even for large low-loss operating ranges. In spite of that,
our results indicate that the presence of off-design efficiency losses is not significant for the
intended bi-objective assessment of measures increasing the flexibility potential, as we find
rather even influences on the two objectives represented by nearly parallel Pareto curves.

6.4.3. Parameter study on storage and ramping constraints

As discussed in the previous subsection, it is sufficient to consider an ideal process with-
out off-design efficiency losses for studying the influence of storage capacities and ramping
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(b) P2: 3 h storage capacity
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(c) P3: 48 h storage capacity
5%/h ramping limit
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(d) P4: 48 h storage capacity
25%/h ramping limit

Figure 6.4.: Pareto curves for different parametrizations of the storage-type customer
model when assuming varying curves for quadratic off-design efficiency losses (cf. Subsec-
tion 6.3.2) and using a fixed oversizing of 20%. The solid red curve is the reference without
losses. The dashed-dotted blue curve corresponds to 5%, the dashed yellow curve to 10%,
the dotted purple line to 20%, and the solid gray line to 33% losses at the lower operating
bounds compared to the reference.

limits on the economic and environmental objectives. Therefore, we conduct a detailed
parameter study on these influences on the results of single-objective optimizations using a
fixed average utilization rate UR = 79%, which corresponds to an oversizing of 20% com-
pared to the reference and thus enables promising saving potentials. In Figure 6.5, both
objectives exhibit only weak gradients at the upper bounds of the considered parameter
ranges, indicating only minor additional improvements from increasing storage capacities
to above Smax = 48 h and loosening ramping limits to more than ∆max = 25%/h. In
fact, when discarding both storage and ramping constraints, the additional improvements
are substantially smaller than what can be achieved by exhausting the parameter ranges
from Figure 6.5. Thereby, our results indicate low additional economic and environmental
values of providing seasonal storage capacities in the order of several hundreds of hours.
Furthermore, it can be clearly seen that the two process parameters do not affect the two
objectives evenly, representing a noticeable difference to the average utilization rate. In
particular, we find that the influence of loosening ramping constraints, i.e., the influence
of increasing the agility of a process, is much more distinct in the case of the economic
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Figure 6.5.: Parameter study for single-objective optimizations assuming an oversizing of
20% compared to the reference with an average utilization rate UR = 95%. The relative
effect, i.e., the additional savings, from increasing the storage capacity Smax and loosening
the ramping constraints ∆max is scaled between its minimum (Smax = 3 h, ∆max = 5%/h)
and maximum (Smax = 48 h, ∆max = 25%/h).

objective. For instance, comparing a process with low storage capacities and limited load
shifting capabilities (P1 with Smax = 3 h and ∆max = 5%/h) to a process with substantial
storage capacities and loose ramping limits (P4 with Smax = 48 h and ∆max = 25%/h),
one finds improvements in economic and environmental savings of factors of 2.15 and 2.34
respectively. In the case of the economic objective, ∼44% of this improvement can be
obtained by only loosening the ramping constraints while maintaining low storage capaci-
ties (P2), whereas this value is only ∼24% for the environmental objective. If in contrast
only increasing storage capacities while maintaining the severe ramping limits (P3), one
achieves ∼69% of the maximum improvement in the economic objective, but even ∼75%
of the maximum improvement in the environmental one.

Presumably, this behavior is caused by the different fluctuation patterns of the input
time series, which are analyzed in Subsection 6.2.3 by means of discrete Fourier transform.
Apparently, different spectra require different process capabilities for exploitation. More
precisely, the identified electricity price spreads on short time scales (period lengths below
6 h) can only be exploited by processes with substantial load shifting capabilities, i.e., with
loose ramping limits. As spreads in the residual load share on a similar scale are much
less distinct, the impact of loosening ramping constraints is less significant in the case of
the environmental objective. Following this argumentation, the very low sensitivity of the
environmental objective to ramping limits above 10 . . . 15% is not surprising. Along the
same lines, the differences in the spectra of the input time series also explain the course of
the sensitivity of the objectives to storage limits. More precisely, the very distinct frequency
component with a period length of 12 h in the price time series requires comparably low
storage capacities for exploitation, resulting in high sensitivities of the economic objective
in this range. As the frequency component with a period length of 24 h is less distinct,
the sensitivity drastically decreases at higher storage capacities. As in the case of the
environmental objective, the frequency component with a period length of 24 h is the
dominant one, this behavior does not occur. With regard to a bi-objective assessment
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(b) Environmental obj.

Figure 6.6.: Analysis of additional savings enabled by temporary shut-downs (cf. Sub-
section 6.3.3) as a function of the maximum down-time. A fixed oversizing of 20% (i.e.,
an average utilization rate UR = 79%) is used and a ramping constraint of 10%/h is im-
posed. Line styles indicate the storage capacity Smax. Yellow squares (�) with dotted
lines: Smax = 12 h, blue upwards-pointing triangles (M) with dashed lines: Smax = 24 h,
and red circles (◦) with solid lines: Smax = 48 h. Values are scaled to the case with
Smax = 12 h and without shout-downs.

of different measures increasing the flexibility potential on the demand side, the findings
presented in this subsection are highly relevant, as they unveil a systematic problem:
current price time series set promising monetary incentives for increasing the load shifting
capabilities of a process, although this will not noticeably affect the ability of the process
to contribute to a reduction of the residual load. Even more severely, there are no adequate
monetary incentives for increasing the storage capacities of a process up to the level that
would be favored from an environmental perspective.

6.4.4. Improvements from shut-down opportunities

Finally, we assess possible improvements from temporary shut-downs of the process
(cf. Subsection 6.3.3) by performing single-objective optimizations. For this purpose, we
again consider an ideal process without efficiency losses using a fixed oversizing of 20%
(i.e., UR = 79%) and a fixed ramping constraint of ∆max = 10%/h. In the study, we
vary both the storage capacity Smax and the maximum down-time τmax. As can be seen
in Figure 6.6, temporary shut-downs are incentivized from both the economic and the
environmental perspective, as they allow for avoiding peak hours in electricity prices as
well as in residual load shares. Nevertheless, the differences between the two objectives
are apparent. In particular, we find that the additional savings through temporary shut-
downs are substantially more distinct from the economic perspective and predominate the
benefits from a further increase in the storage capacities. For instance, when considering a
storage capacity of 12 h as a reference, savings enabled by shutting down the process for a
maximum of only 1 h are more than twice as high as the savings from doubling the storage
capacities without shut-down opportunities and still 50% higher than from quadrupling
the storage capacities. Similar observations however cannot be made for the environmental
objective. Here, the benefits of increased storage capacities are more important.
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As in Subsection 6.4.3, the reason for the described differences in the behavior in Fig-
ure 6.6 (a) and (b) lies in the different fluctuation patterns of the electricity price and
the residual load share time series. In particular, electricity price spreads occur on faster
time scales, leading to a higher “value” of short down-times of few hours compared to
further increased storage capacities that are not required for short-term buffering. For the
contribution to the residual load, in contrast, the frequency components with large period
lengths correspond to the only important spreads, explaining the higher importance of
storage. Note that the differences in the influence on economic and environmental objec-
tives are not as distinct for temporary shut-downs as for loosened ramping constraints,
which hardly affect environmental savings (cf. Subsection 6.4.3). This finding stems from
the fact that shut-downs also widen the operating range, which is equally beneficial from
both the economic and the environmental perspective as discussed in Subsection 6.4.1.

6.4.5. Key insights from the 2030 study using the projected time
series

In this subsection, we only qualitatively describe the key observations from the scheduling
optimizations considering the projected time series for 2030 and omit a detailed presenta-
tion of quantitative results. Corresponding figures can however be found in Appendix E.
In particular, we are herein interested in the question of whether the drawn conclusions
will remain valid in the future, where electricity markets will be characterized by an even
stronger penetration of generation from intermittent renewable sources. Furthermore, the
considered setting also allows for assessing whether an imperfectly competitive market be-
havior, which characterizes the historic 2017 price time series but not the projected 2030
time series, distorts the observations.

Comparing the results for 2030 with those for 2017, the most noticeable difference is
that the relative saving potentials are now larger for the environmental objective as an-
ticipated in Subsection 6.2.1 by comparing the widths of the distributions. Note that this
also has a considerable effect on the shape of the Pareto curves. The differences become
most recognizable when considering off-design efficiency losses - here, optimizations for the
environmental objective now bear a risk of increasing costs and not vice versa as in 2017.
Furthermore, the Pareto curves seem to shrink, which is in good agreement with the higher
correlation coefficient in 2030 (cf. Subsection 6.2.2). Note that both effects are likely a di-
rect consequence of the decreasing relative economic saving potentials in 2030. However,
as discussed above, these can at least partially be explained by an assumed ideally compet-
itive market avoiding extreme price peaks. In the present thesis, we do not intend to draw
a final conclusion whether an increase in the renewable generation will cause an increase
in the relative price spreads in addition to the inevitable rise in both the average prices
and the absolute spreads. In contrast, we strongly emphasize that these findings do not
affect the prioritization of different possible measures increasing the flexibility potential at
the demand side and should thus be discussed elsewhere.

The observations made in Subsections 6.4.3 and 6.4.4 are indeed still visible when con-
sidering the projected time series for 2030, although they appear slightly weakened. We
thus conclude that parts of the high-frequency electricity price fluctuations that set incen-
tives for loosening ramping constraints and creating shut-down opportunities but not for
increasing storage capacities, presumably stem from nonideal market behavior. However,
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6.5. Summary and recommendations for future research

the statements made concerning uneven influences of different measures increasing the flex-
ibility potential on the two objectives remain unaffected. In particular, this includes the
finding that measures loosening ramping limits or allowing for temporary shut-downs are
also in the future still significantly incentivized from an economic perspective, although
they continue to exhibit only minor capabilities for improving the environmental objective.
Consequently, our observations are primarily caused by the prevalent market mechanisms
governing the price setting that impose the differences in time scales for the fluctuations
in electricity mixes and prices (cf. Subsection 6.2.3) irrespective of the actual partially
nonideal strategic behavior of market participants.

6.5. Summary and recommendations for future research

We present a systematic assessment of measures increasing the flexibility potential on the
demand side with regard to both economic and environmental objectives. In particular,
we conduct a massive simulative study focusing on the German electricity sector using
both historic electricity time series data as well as projected time series data for the
future. Therein, the economic perspective is represented by achievable cost savings for
the electricity purchase through the exploitation of day-ahead spot market price spreads,
whereas environmental impacts are measured in a simplifying yet tangible manner by
reductions in the contribution to the integral residual load through the exploitation of time-
variable electricity mixes. We first analyze the input time series to be exploited and find
different contributions of certain frequency components to the spectra. In particular, the
electricity price time series is characterized by fluctuations on shorter time scales, typically
comprising two minima a day. In contrast to that, the share of renewable electricity
generation is mostly characterized by a day/night fluctuation.

We further present a model formulation for a generic process that acts as a battery from a
grid level perspective to perform single- and bi-objective scheduling optimizations exploit-
ing the fluctuations in the time series. The generic model comprises general formulations
for DSM activities for load shiftings, includes the possibility for temporary shut-downs,
and allows for taking off-design efficiency loss characteristics into account. By varying the
constitutive process parameters, we consider the vast majority of DSM-relevant processes
from literature, which allows for a systematic treatment not limited to a specific applica-
tion. In particular, we thereby find that measures loosening ramping limits or allowing
for temporary shut-downs are significantly incentivized from an economic perspective, al-
though they exhibit only minor capabilities for reducing the residual load. The latter is
achieved much more effectively through substantially increased storage capacities, which
are in turn not monetarily incentivized in an adequate manner. Measures optimizing the
operating range of processes - which are commonly designed for nearly full utilization - by
an oversizing of existing production facilities however affect economic and environmental
objectives evenly. The considered case studies using both historic and projected future
time series lead to similar observations, indicating that the presented findings ultimately
originate from the prevalent price setting mechanism of the electricity market and not from
the strategic behavior of market participants.

Although our analysis suggests that comparable observations are likely when considering
other countries, whose electricity markets apply similar pricing schemes and whose energy
sectors are characterized by comparably high penetrations of intermittent renewable elec-
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tricity sources as the German one, we recommend additional studies using both historic
and projected future time series to validate the findings. Along these lines, we are highly
interested in extending the scope of the simulative study towards market environments
that account for network congestion in the price setting by applying nodal prices, such as
several US-American electricity markets. In particular, this should address the question of
whether regional differences in the renewable electricity generation, which induce regional
price signals due to limited transmission capacities, then also lead to different regional
prioritizations of measures increasing the flexibility potential on the demand side.

Moreover, future research perspectives lie in methodological developments that could
further increase the generalizability and hence the significance of the results. In partic-
ular, future research should revisit the applied objective functions and consider studying
the impacts of participating in real-time markets, which are commonly characterized by
more distinct price peaks in comparison to day-ahead markets. In addition to that, a fair
quantification of the environmental benefits of load shiftings from hours with high renew-
able shares in the electricity mix to ones with lower shares remains an open challenge.
Furthermore, a thorough study of the interactions between seasonally varying product
demands and the provision of load flexibility is recommended. Along these lines, we are
also interested in assessing the impacts of changing raw material requirements and prod-
ucts in case of load variations as well as the potentials of switching the energy sources.
Note that whereas the first is presumably highly process-specific and therefore it would
be hard to derive generalizable conclusions, the latter will apply for numerous processes
- for instance, consider power-to-heat concepts and gas-fired but electrically boosted fur-
naces, e.g., for glass production. Here, temporarily increasing/decreasing the electricity
consumption might be motivated either by economic or environmental considerations that
do not necessarily need to result in similar operating schemes. Finally, we see clear benefits
if incorporating design aspects into the scheduling optimizations by considering annualized
costs and environmental impacts, but at the same time, acknowledge that these will be
highly process-specific again and in some cases also hard to quantify, particularly when
assessing the environmental impacts.
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7. Conclusion and discussion of future
research perspectives within the
context of industrial demand side
management

Industrial DSM is nowadays considered as an important measure to align the network-wide
electricity consumption with a volatile generation and thereby enhance the transforma-
tion of the energy system towards a high penetration of intermittent renewable electricity
sources. As at the same time, high shares of volatile electricity generation induce price
fluctuations at liberalized electricity markets, there is also an economic motivation for
flexibilizing the operation of energy-intense processes. In order to raise the economic po-
tentials, model- and optimization-based approaches have become the method of choice. In
particular, numerous works have formulated the provision of load flexibility as a schedul-
ing problem with time-variable electricity prices using quasi-stationary linearized process
models to assess economic benefits from DSM for a large variety of processes. Moreover,
there have been several recent works that argue to account for the transient process behav-
ior during load changes in scheduling optimizations for processes with slow dynamics and
to apply low-dimensional dynamic models for that purpose. In addition to that, authors
have started to also take compensation payments for the provision of ancillary services
into account when assessing the monetary advantages from DSM. Finally, there is a low
yet increasing number of publications that target the quantification of environmental ben-
efits when performing DSM by either assessing the environmental impacts of economically
optimized schedules or directly conducting scheduling optimizations for environmental ob-
jectives. Against this backdrop of a vast amount of literature focusing on DSM and using
model-based approaches for this purpose, we herein identify promising further research per-
spectives beyond the described state-of-the-art and propose model-based methodologies to
address them systematically.

First, we propose an algorithm relying on a reduced-space scheduling formulation, which
exposes only the actual decision variables to the optimizer, to allow for long planning hori-
zons with fine discretizations in discrete-time scheduling although considering nonlinear
process models. In the original version of the algorithm, we assign one DoF to multiple
generally nonconsecutive intervals with similar electricity prices and thereby apply a tai-
lored time grid relying on fewer decision variables. A wavelet-based analysis of the solution
applying a given time grid is conducted to iteratively refine the grid in a systematic man-
ner. We then extend the algorithm by a sounder sensitivity-based refinement strategy in
the case of scheduling problems comprising only continuous DoFs. To this end, we per-
form optimizations directly in the space of coefficients of the wavelet transform. In this
case, dimensionality reductions correspond to truncations of the wavelet transform, which
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allows for calculating the marginal effect of using specific additional decision variables in
the optimization problem. Both versions of the algorithm are applied to the operational
optimization of processes comprising turbomachines that are characterized by strongly
nonlinear efficiency characteristics, for which we use ANNs as surrogate models. In the
two case studies, namely a CAES plant and an ASU, we demonstrate that the use of the
proposed algorithms allows for low-dimensional approximations of the original problem
considering the full dimensionality. In particular, we show that formulations relying on
substantially reduced numbers of decision variables can still exploit almost the full eco-
nomic potential. These reductions in the dimensionalities of the optimization problems
ultimately lead to significant savings in computational times when performing determinis-
tic global optimizations, circumventing the worst-case exponential scaling of solution times
with the horizon length if considering the full dimensionality.

Second, we address the continued demand for highly accurate yet computationally
tractable dynamic models for distillation columns by presenting a hybrid mechanistic/data-
driven modeling approach, enhancing the classical compartmentalization with surrogate
modeling using ANNs. Thereby, the proposed ANN-based compartment enables substan-
tial reductions in the number of differential variables without significantly influencing the
quality of dynamic responses and at the same time, omits time-consuming flash calcula-
tions on each stage. Due to substantial improvements in the computational efficiency in
dynamic optimizations compared to the use of full-order stage-to-stage models, we apply
the proposed reduced hybrid model within a single-layer eNMPC framework. Therein,
we also make use of a suboptimal fast update method confining to a limited number of
major SQP iterations without interim linesearch. This combination finally allows for mak-
ing decisions about energy trading in real-time directly at the control layer in the case of
processes with large time constants. We consider the control of a nitrogen plant partici-
pating in a continuous intra-day electricity market as a case study and demonstrate that
the proposed eNMPC framework combining reduced hybrid models with suboptimal up-
date methods enables adjustments of the production schedule in real-time based on newly
updated price forecasts. Moreover, we find that applying the eNMPC framework allows
for economic savings compared to stationary process operation strategies that are close
to the maximum achievable savings when assuming no model/plant mismatch and perfect
price forecasts. Finally, we also show that the proposed single-layer eNMPC framework
can effectively reject disturbances with comparably slow dynamics.

Third, we propose the formulation of a mathematical program to identify optimal bid-
ding strategies at pay-as-bid markets for ancillary services. Namely, we herein consider
the participation in the German market for PRL, where participants offer the provision
of reserve capacities for maintaining the grid frequency within desired bounds and re-
ceive valuable compensation payments in return. To allow for optimal decision-making
accounting for revenues from both the PRL market and the day-ahead spot market, we
propose a two-stage stochastic MINLP minimizing the expected weekly production costs
and balancing between higher probabilities of acceptance of the bids and higher poten-
tial compensation payments. To this end, the first stage is formulated as an MINLP and
corresponds to the identification of the optimal bidding strategy at the PRL market, i.e.,
what amounts to offer and what prices to ask given a forecast of the development of the
maximum compensation payments. Depending on the results of the PRL market auction,
a subordinated MILP scheduling optimization is conducted to market the remaining flex-
ibility at the spot electricity market in the second stage. The two-stage problem is solved
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using a tailored enumeration approach, which decomposes the MINLP formulation of the
deterministic equivalent into finite numbers of NLPs identifying the optimal ask prices and
MILPs determining the corresponding production schedules. Optimal bidding strategies
are identified for a flexible industrial aluminum electrolysis cell using an autoregressive
forecasting model for the upcoming maximum accepted ask prices. We identify a high
economic advantage when simultaneously marketing the operational flexibility at both the
PRL and the day-ahead market. Additionally conducted parameter studies identify im-
portant influences of the process characteristics and the quality of the price forecasts for
both the spot and the PRL market on the optimal bidding strategies.

Fourth, we target a systematic approach towards a bi-objective assessment of measures
increasing the flexibility potential on the demand side, enabling generalizable conclusions
not limited to a specific application and providing thorough explanations for the obser-
vations. To this end, we assess if measures that enhance the exploitation of fluctuating
electricity prices, promote the penetration of renewables by allowing to consume electricity
primarily in periods with a high renewable share. We conduct a simulative study focusing
on the German electricity sector using both historic electricity time series data as well
as projected time series data for the future. Therein, the economic perspective considers
cost savings through the exploitation of day-ahead spot market price spreads, whereas
environmental impacts are assessed by quantifying the reductions in the contribution to
the integral residual load. We analyze the fluctuating input time series and find differ-
ent contributions of certain frequency components to the spectra. In particular, whereas
the electricity price time series is characterized by fluctuations on a sub-daily scale with
a period length of 12 h, typically comprising two minima a day, the share of renewable
electricity generation is mostly characterized by a daily fluctuation with a period length
of 24 h and a peak at noon. Furthermore, we present a generic model formulation com-
prising general formulations for DSM activities for load shiftings, including the possibility
for temporary shut-downs, and allowing for the consideration off-design efficiency losses.
Using this model, we perform single- and bi-objective scheduling optimizations exploiting
the fluctuations in the time series. By varying the constitutive process parameters, we
find that there are significant monetary incentives for increasing the agility of a process,
although this does not enable improvements in environmental objectives. In contrast,
substantially increased storage capacities are not monetarily incentivized in an adequate
manner, although they are highly crucial for reducing the contribution to the integral resid-
ual load. The considered simulative studies apply both historic and projected future time
series and lead to similar observations, indicating that these findings are a direct result of
the prevalent price setting mechanism of the electricity market and do not stem from a
nonideal behavior of market participants.

Certainly, there are opportunities for further developments in the proposed method-
ologies as discussed at the end of the respective chapters. However, there are three open
challenges, representing future research directions within the broader context of the present
thesis, that we consider to be of high importance, so that we like to discuss them in the
following. Systematically addressing them will certainly require sophisticated model-based
approaches that might partially rely on or - at least to some extent - benefit from the
methods presented in this thesis.
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(i) Integrating demand side management into the design perspective

Our results as well as many others from the literature show that performing DSM can offer
substantial economic benefits by making operational decisions in response to time-variable
electricity prices. This gives rise to the question to what extent these adjusted operat-
ing schemes could affect decisions made on superordinated layers that address long-term
strategic (investment) decisions. Along these lines, few authors have started to account for
investments in retrofits of existing processes to enhance the exploitation of time-variable
electricity prices, for instance, by allowing for the extension of buffering capacities (cf. [7])
or the purchase of additional electrolyzer stacks (cf. [233]). However, we see great poten-
tial when also accounting for these circumstances once designing novel processes. More
precisely, future process designs should account for a flexible operating scheme and thus
carefully evaluate if additional investments in flexibility would amortize within the lifetime
of the process. Against this backdrop, we also refer to the work of Burre et al. [229] who
argue for a unifying perspective on DSM, electric energy storage, and e-production under
the heading “Power-to-X”’. That is, we emphasize that although processes for storing
surplus electricity (either in form of desired products or to release it in times of short-
ages) are explicitly meant to be operated flexibly, they are commonly designed considering
stationary operating conditions (e.g., [236–238]).

Integrating the operational perspective into design optimizations will however lead to
complex large-scale optimization problems. Note that this will particularly hold if processes
are characterized by nonnegligible time constants that require the use of dynamic models
and/or strongly nonlinear behavior, leading either to large-scale mixed-integer dynamic
optimization (MIDO) problems or MINLPs to be solved. Along these lines, approaches
to reduce the dimensionality, such as the methods for time series aggregation referred to
in Chapter 2 or the algorithms proposed in Chapter 3, might play an important role. We
emphasize that there is nevertheless still also a continued demand for efficient decomposi-
tion methods to solve the integrated optimization of design and operation. Note that this
will apply even more, as the long-term prediction of electricity prices, which is essential
with regard to investment decisions, involves substantial uncertainties. Ideally, these un-
certainties should be taken into account by using two-stage stochastic or, in some cases,
potentially also robust problem formulations, which makes it even more difficult to solve
the corresponding optimization problems.

(ii) Bringing developed operating schemes into industrial practice

Whereas the first perspective is concerned with further developments in model formulations
and solution approaches, the second one rather addresses the remedy of hindrances for
the implementation of the developed methods in industrial practice. Note that in the
following, we will set the focus of the discussion on changes in the control strategy, as
these will have more direct influences on the actual process behavior than adjustments
in the superordinated production planning/scheduling. Here, the combination of reduced
hybrid mechanistic/data-driven dynamic models with fast update methods for eNMPC
proposed in Chapter 4 has been proven in silico to be highly efficient for a real-time capable
economic decision-making (with potential further methodological developments outlined at
the end of the chapter). However, the applicability of such approaches essentially relies on
the availability of suitable (reduced hybrid) models. Revisiting our approach for hybrid
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mechanistic/data-driven modeling as well as the others referenced throughout the thesis,
one finds that in almost all cases, the hybrid modeler has been in the comfortable situation
of having the “real” model for data generation. Undeniably, in industrial settings, this will
not always be the case, as the construction of high-fidelity full-order models is tedious and
expensive. Consequently, the required data will necessarily originate from measurements,
involving either costly experiments or interventions of the operation of a process. The
structure of the hybrid models therefore needs to match the available data, that is, e.g.,
only those relations can be replaced where both the input and the output of the data-driven
model can be measured or estimated. Moreover, in cases where the only data source
is an existing monitored process, one finds a severe conflict of interest between model
identification (that aims at covering the entire operating range) and a safe operation of
the process (that preferably stays in regions where the model is accurate). Opportunities
for the adaptive identification of data-driven model parts without conscious disruptions of
the operation of the process thus appear highly promising to facilitate the implementation
of the proposed hybrid model structures in industrial practice.

As stated above, the derivation of high-fidelity full-order process models, which would
enable offline opportunities to generate the required training data for the surrogate mod-
els, is nowadays still considered as a substantial intervention of established workflows and
therefore mostly avoided. Against this backdrop, the increasing importance of digital-
ization and concepts like digital twins however indicate an upcoming paradigm change.
In particular, the benefits from having a sound model-based decision-support throughout
the lifetime of a plant are increasingly recognized as a measure to ensure the competi-
tiveness of processes [239–241]. This means that high-fidelity full-order dynamic models
might eventually become readily available, allowing for generating accurate process data
in-silico without performing costly experiments or disrupting the plant’s operation, which
would substantially facilitate hybrid mechanistic/data-driven approaches to reduced dy-
namic modeling for control purposes.

(iii) Designing future electricity markets that set the right incentives

Finally, we would like to argue for a more system-wide assessment of industrial DSM that
carefully evaluates its benefits from the perspective of the entire electricity sector and com-
pares it to different alternative flexibility measures for the electricity grid, such as DSM of
households, the use of electric energy storage systems, and the provision of conventional
or dispatchable renewable back-up producers. Here, interdisciplinary researchers need to
identify those technical solutions involving the lowest macroeconomic costs while fulfilling
the primary objectives. Among these, the reduction of the emissions associated with the
electricity generation by substitution of fossil sources by renewable ones and the stabi-
lization of the electricity grid, i.e., the maintenance of the security of supply through the
remedy of both temporal and spatial shortages, certainly belong to the most important
objectives. Note that due to the severeness of the challenge to transform the electricity
sector towards very high shares of electricity generation from mostly intermittent renew-
able sources, we rather expect that a large variety of technological alternatives will indeed
be required to meet this challenge.

Once those options involving the lowest macroeconomic costs are identified, their system-
wide value needs to be aligned with microeconomic benefits, i.e., desired technological
alternatives must be incentivized, so that entrepreneurial investments become profitable.
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This implies a critical assessment if contradictions exist, which prevent adequate incen-
tives, as is shown in Chapter 6 for the provision of storage capacities that allow for load
shiftings on daily time scales. In the case that market principles of balancing demand
and supply that cause temporal price spreads do not set adequate investment incentives,
an alternative lies in an active incentivization, as is currently done for ancillary services
that balance short-term frequency fluctuations (cf. Chapter 5). Along these lines, there is
a strong need to reconsider specific aspects of the energy economics that originate from
times with an electricity generation exclusively from dispatchable power plants. This will
certainly hold for the legislative framework that currently de facto penalizes the provision
of load flexibility by industrial processes [242]. Likewise, the current price setting schemes
require a revision. For instance, Schäfer et al. [243] find that the intra-day trading of
rectangular energy blocks, which is economically clearly incentivized by even sub-hourly
price spreads, substantially contributes to the prevalent frequency fluctuations and thus
impairs the grid stability. In this context, model-based methods for industrial DSM (and
hence also for the operational optimizations of other “Power-to-X” processes as discussed
above) become highly relevant, as they enable an assessment how given market designs
influence entrepreneurial decisions, which then in turn allows for simulating the effects on
electricity grids and thus finally also for evaluating given market designs or ultimately for
deriving improved ones.
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Appendix A.

Additional information on the
wavelet-based grid adaptation

A.1. Grid point deletion and insertion algorithms

Recall that λs∗i denotes a vector containing all wavelet coefficients λs∗i,a,b. Then, a suitable

criterion for grid point deletion that uses a threshold 0 ≤ εd ≤ 1 reads:

|λs∗i,a,b| < εd · ‖λs∗i ‖2 ∀a, b.

If a wavelet coefficient λs∗i,a,b is selected for deleting a grid point, the corresponding basis

function ψa,b will be discarded when deriving the matrixBs+1 for the next iteration (cf. Ap-
pendix A.2).

For grid point insertion, only the boundary coefficients are considered. The coefficient
λs∗i,a,b is called a boundary coefficient if λs∗i,a+1,2b = 0 ∨ λs∗i,a+1,2b+1 = 0 holds. Let there be

vectors λ̃
s∗
i containing all boundary coefficients in descending order and λ̃

s∗
i,o containing the

o highest boundary coefficients in descending order. Then, we apply the following criterion
for insertion: ∥∥∥λ̃s∗i,o−1∥∥∥

2
< εi ·

∥∥∥λ̃s∗i ∥∥∥
2
<
∥∥∥λ̃s∗i,o∥∥∥

2
.

that corresponds to selecting the o highest boundary coefficients, i.e., the entries of λ̃
s∗
i up

to index o, for grid point insertion. If a wavelet coefficient λ̃si,a,b is selected for inserting
grid points, the two basis functions ψa+1,2b and ψa+1,2b+1 will be included when deriving
the matrix Bs+1 for the next iteration (cf. Appendix A.2).

Selecting the same coefficient for both grid point deletion and insertion during one
iteration is excluded. Furthermore, we only allow for deletion of those boundary coefficients
where λs∗i,a+1,2b = 0 ∧ λs∗i,a+1,2b+1 = 0 holds.
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A.2. Derivation of the assignment matrix

The matrix Bs+1 is constructed in a recursive manner, starting from Bs+1 = 1 and a = 0
and iterating from b = 0 to b = 2a−1 each time. A wavelet basis function ψa,b that shall be
included for Bs+1 adds both a row and a column to the matrix. A discarded basis function
ψa,b in contrast only adds a new row. For instance, if ψ0,0 shall be used, the matrix is
adjusted to:

Bs+1 =

(
1 0
0 1

)
and we set a = 1. This time, we assume that ψ1,0 shall be used, whereas ψ1,1 shall remain
unused. The first adjustment then results in:

Bs+1 =

1 0 0
0 1 0
0 0 1

 .

The second step gives:

Bs+1 =


1 0 0
0 1 0
0 0 1
0 0 1

 .

The procedure is repeated N times. Thereby, a matrix Bs+1 is finally obtained with
2N rows and as many columns as wavelet basis functions that shall be used in the next
iteration.
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Appendix B.

Unit models for the nitrogen plant case
study

B.1. Compressor and turbine

Air is assumed an ideal gas with an isentropic coefficient γ = 1.401. The electrical energy
consumption is calculated from the isentropic relation and further accounts for losses in
efficiencies in case of off-design operation. We assume isentropic efficiencies ηC = 0.8 for
compressors and ηT = 0.9 for turbines. Besides, we assume an electrical efficiency of the
engine ηE = 0.9. All efficiencies are assumed to depend quadratically on the air flow and
decrease by ∆η = 0.025 at the operating limits of ±10%. Incoming feed air enters the
main air compressor at atmospheric pressure and exits at 10 bar. The bypass flow through
the turbine is expanded from 9 bar to 6.6 bar.

B.2. Intermediate chiller

After leaving the main air compressor, the feed stream is chilled to the ambient temperature
of 25◦ C.

B.3. Counter current heat exchanger

Steady-state material and energy balances are assumed for both heat exchanger zones.
The heat exchanger zone 1, where no phase change takes place, is discretized into five well-
mixed finite volumes. In contrast, the heat exchanger zone 2 is assumed to be only one
lumped volume. The heat transfer coefficients kA are adjusted, so that minimum driving
temperature differences are kept for all discrete volumes at nominal operation.

B.4. Liquefaction cycle

In the liquifier, part of the product stream is cooled down to its dew temperature and
then completely liquified. For calculating the electricity demand, we assume that the heat
removal is realized via a refrigeration cycle with an energy efficiency ratio of ζ = 2.5, i.e.,
the electricity demand equals 40% of the heat removal.
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The storage tank itself is modeled via a dynamic balance equation:

Ṁ = Lin − Lout.

For the re-vaporization, we assume that the energy requirement is negligible.

B.5. Distillation column

The column consists of 40 theoretical stages. The incoming feed air enters the column
at the bottom stage. Operating pressures are 6.6 bar at the bottom stage and 6.4 bar at
the top. The reboiler operates at a pressure of 2.5 bar. The reflux from the condenser is
assumed to be saturated liquid. Proportional controllers are used for levels in the column
sump as well as in the integrated reboiler and condenser.

B.5.1. Thermodynamic models

When solving the flash calculations, the chemical potential of the liquid phase is calculated
using the NRTL model for activity coefficients and the extended Antoine equation for vapor
pressures. The vapor phase is modeled as an ideal gas. Moreover, we use the DIPPR 106
equation for the enthalpy of vaporization. All thermodynamic parameters are retrieved
from the Aspen Plus version 8.8 database (Aspen Technology, Inc.).

B.5.2. Compartmentalization

We use the following compartmentalization approach: stages 1-9 (counted from top to
bottom) form compartment 1, stages 10-19 form compartment 2, stage 20-29 form com-
partment 3, and stages 30-39 form compartment 4. The feed stage (stage 40) and the
reboiler are modeled separately. The condenser, which has negligible hold-up, is assumed
to be part of compartment 1. For each compartment, we generate 250,000 samples of
input/output data.

B.5.3. Surrogate modeling

For training of the ANNs replacing the stage-to-stage calculations determining the intra-
compartment input/output behavior, we apply single-layer feed-forward network structures
with a minimum of 5 neurons in the hidden layer. We iteratively increase the number of
neurons until a minimum performance criterion is undercut or a maximum number of 50
neurons is reached. As a performance criterion, we use the RMSE. The standard fitting
procedure of MATLAB R2018a’s Neural Network Toolbox (Mathworks, Inc.) is applied
using 70% of the samples for training, and each 15% for testing and validation. The
Levenberg-Marquardt backpropagation is used as training algorithm.
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B.5. Distillation column

Following the described approach, the ANNs summarized in the table below are obtained
for modeling the input/output correlations inside the compartments:

Table B.1.: Network sizes (i.e., number of hidden neurons) for input/output correlations
inside each compartment and root mean squared error (RMSE) for the test set during the
fitting procedure.

Compartment Output #Neurons [-] RMSE [-] Unit
1 L9 8 7.88E−4 mol/s
1 Q 8 2.09 W

1 log(1− xN2
9 ) 25 2.48E−4 [-]

1 log(xAr9 ) 25 2.18E−5 [-]

1 log(1− yN2
1 ) 50 4.43E−3 [-]

1 log(yAr1 ) 50 4.39E−3 [-]
1 hV1 10 1.06E−4 J/mol
2 L19 10 4.50E−4 mol/s
2 V10 10 8.74E−4 mol/s

2 log(1− xN2
19 ) 25 1.73E−4 [-]

2 log(xAr19 ) 25 3.00E−5 [-]

2 log(1− yN2
10 ) 40 7.58E−4 [-]

2 log(yAr10 ) 40 1.96E−3 [-]
3 L29 20 9.12E−4 mol/s
3 V20 20 9.96E−4 mol/s

3 log(1− xN2
29 ) 20 2.01E−4 [-]

3 log(xAr29 ) 20 1.06E−4 [-]

3 log(1− yN2
20 ) 30 3.68E−4 [-]

3 log(yAr20 ) 30 1.61E−4 [-]
4 L39 30 1.08E−3 mol/s
4 V30 30 1.54E−3 mol/s

4 log(1− xN2
39 ) 20 7.83E−5 [-]

4 log(xAr39 ) 20 3.51E−4 [-]

4 log(1− yN2
30 ) 25 1.68E−4 [-]

4 log(yAr30 ) 25 1.01E−4 [-]
4 hL39 12 9.27E−2 J/mol
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Appendix C.

Regression model for forecasting the
development of the market for primary
balancing power
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Figure C.1.: Historic accepted ask prices for primary balancing power for the period
2013-2017. The solid blue line shows the maximum accepted ask price for each week, the
dotted yellow line additionally gives the weighted average of all accepted ask prices. The
data is retrieved from www.regelleistung.net.

In Figure C.1, historical data for the maximum accepted ask price for PRL in the period
2013-2017 is plotted. We assume that the maximum accepted ask price ÃPRL,k for week k
consists of three components and hence reads:

ÃPRL,k = fPRL,kShort−term · f
PRL,k
Season · Ã

PRL,k
Base

where ÃPRL,kBase is the base component for the maximum accepted ask price in week k and
is calculated as the average over the previous 52 weeks:

ÃPRL,kBase =
1

52
·

52∑
l=1

ÃPRL,k−l.

The factor fPRL,kSeason further accounts for the yearly repeating trend that can be observed in
in Figure C.1 (high prices around Christmas and new year, low prices during summer). It
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primary balancing power

is calculated by averaging the ratios between actual prices and base prices in each calender
week of the year. Having data for both actual prices and base prices for the past three
years, this factor is calculated by:

fPRL,kSeason =
1

3
·

3∑
m=1

ÃPRL,k−52·m

ÃPRL,k−52·mBase

where we assume a year to consist of exactly 52 weeks in the notation for the sake of
readability.

The factor fPRL,kShort−term finally represents short-term market effects. We assume
that the logarithm of this factor can be expressed by a stationary zero-mean
ARMA(PARMA,QARMA) model:

yPRL,k = log
(
fPRL,kShort−term

)

yPRL,k = εPRL,k +

PARMA∑
p=1

φp · yPRL,k−p +

QARMA∑
q=1

θq · εPRL,k−q

εPRL,k ∼ N
(
0, σ2

)
.

The current value of yPRL,k is hence the sum of a zero-mean white noise εPRL,k with vari-
ance σ2, a weighted sum over PARMA previous (autoregressive) values and a moving average
of QARMA previous noise terms. The parameters φp and θq are estimated to minimize the
error between model forecasts and measured values. The model order (PARMA, QARMA)T

is commonly controlled by using an information criterion (e.g., the Akaike information
criterion as done in Chapter 5) to prevent overfitting.

One-step-ahead forecasts, i.e., forecasts ŷk+1, which will be needed for optimal bidding
at the PRL market, can be made by using the equation below:

ŷPRL,k+1 =

PARMA∑
p=1

φp · yPRL,k+1−p +

QARMA∑
q=1

θq ·
(
yPRL,k+1−q − ŷPRL,k+1−q) .

The variance of the one-step-ahead forecast is simply the model variance σ2, i.e.,

var (ŷk+1) = σ2,

which enables forecasts of the probability that a bid with a given ask price is accepted.
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Appendix D.

Documentations of GAMS models for
the generic process

D.1. Ideal storage-type customer (LP)

Symbols

Sets

Name Domains Description
t * Hours in a year (1 . . . 8760)

Parameters

Name Domains Description
c t Hourly day-ahead price [EUR per MWh]
r t Hourly percentage of the consumed electricity consumption that is

generated from nonrenewable sources [%]
Pnom Nominal power uptake [MW]

Variables

Name Domains Description
P t Power uptake in hour t [MW]
∆ t Rate of change in power in hour t [MW]
S t Stored surplus energy at beginning of hour t [MWh]
C Electricity costs for the production [EUR]
R Total contribution to the residual load [MWh]

Equations

Name Domains Description
Costs Yearly costs
ResLoad Yearly electricity consumption from nonrenewable sources
Storage t Accumulation of surplus energy
RateOfChange t Ramping of power uptake
Start Initial condition for storage
Target Production target

137



Appendix D. Documentations of GAMS models for the generic process

Equation definitions

Costs

C =
∑
t

(ct · Pt)

ResLoad

R =
∑
t

( rt
100
· Pt
)

Storage

St+1 = St + (Pt − Pnom) ∀t

RateOfChange

∆t+1 = Pt+1 − Pt ∀t

Start

S1 = 0

Target

Pnom · 8760 =
∑
t

Pt

138



D.2. Extended storage-type customer accounting for off-design efficiency losses (MILP)

D.2. Extended storage-type customer accounting for
off-design efficiency losses (MILP)

Symbols

Sets

Name Domains Description
t * Hours in a year (1 . . . 8760)
s * Segments for efficiency loss (1 . . . 6)

Parameters

Name Domains Description
c t Hourly day-ahead price [EUR per MWh]
r t Hourly percentage of the consumed electricity consumption that is

generated from nonrenewable sources [%]
Pnom Nominal power uptake [MW]
a s Intercept of segment [MW]
b s Slope of segment [-]
lb s Lower bound of segment [MW]
ub s Upper bound of segment [-]

Variables

Name Domains Description
P t Power uptake in hour t [MW]
∆ t Rate of change in power in hour t [MW]
S t Stored surplus energy at beginning of hour t [MWh]
C Electricity costs for the production [EUR]
R Total contribution to the residual load [MWh]
Pseg s, t Power uptake in each segment [MW]
Peff t Effective power uptake accounting for efficiency losses [MW]
z s, t Binary variable for efficiency losses (indicates if segment is active)

Equations

Name Domains Description
Costs Yearly costs
ResLoad Yearly electricity consumption from nonrenewable sources
Storage t Accumulation of surplus energy
RateOfChange t Ramping of power uptake
Start Initial condition for storage
Target Production target
Section1 t Selection of exactly one z per hour
Section2 t Determination of individual Ps in each segment
BigM1 s, t Sets lower bounds for power uptake depending on z
BigM2 s, t Sets upper bounds for power uptake depending on z
Efficiency t Determination of effective power uptake
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Equation definitions

Costs

C =
∑
t

(ct · Pt)

ResLoad

R =
∑
t

( rt
100
· Pt
)

Storage

St+1 = St + (Peff,t − Pnom) ∀t

RateOfChange

∆t+1 = Pt+1 − Pt ∀t

Start

S1 = 0

Target

Pnom · 8760 =
∑
t

Peff,t

Section1 ∑
s

zs,t = 1 ∀t

Section2 ∑
s

Pseg,s,t = Pt ∀t

BigM1

zs,t · lbs ≤ Pseg,t,s ∀s, t

BigM2

zs,t · ubs ≥ Pseg,t,s ∀s, t

Efficiency

Peff,t =
∑
s

(zs,t · as + bs · Pseg,s,t) ∀t
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D.3. Ideal storage-type customer including shut-down
opportunities (MILP)

Symbols

Sets

Name Domains Description
t * Hours in a year (1 . . . 8760)

Parameters

Name Domains Description
c t Hourly day-ahead price [EUR per MWh]
r t Hourly percentage of the consumed electricity consumption that is

generated from nonrenewable sources [%]
Pnom Nominal power uptake [MW]
Pmax Maximum power uptake [MW]
∆max Maximum rate of change [MW]

Variables

Name Domains Description
P t Power uptake in hour t [MW]
∆ t Rate of change in power in hour t [MW]
S t Stored surplus energy at beginning of hour t [MWh]
C Electricity costs for the production [EUR]
R Total contribution to the residual load [MWh]
y t Binary variable indicating if process is running
zon t Binary variable indicating transition to on
zoff t Binary variable indicating transition to off

Equations

Name Domains Description
Costs Yearly costs
ResLoad Yearly electricity consumption from nonrenewable sources
Storage t Accumulation of surplus energy
RateOfChange t Ramping of power uptake
Start Initial condition for storage
Target Production target
BigM1 t Sets lower bounds for power uptake depending on y
BigM2 t Sets upper bounds for power uptake depending on y
BigM3 t Sets lower bounds for rate of change depending on y
BigM4 t Sets upper bounds for rate of change depending on y
Transitions t Coupling of mode variable and transition variables
MaxDowntime t Shut down limited to a certain period (here 1 h)
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Equation definitions

Costs

C =
∑
t

(ct · Pt)

ResLoad

R =
∑
t

( rt
100
· Pt
)

Storage

St+1 = St + (Pt − Pnom) ∀t

RateOfChange

∆t+1 = Pt+1 − Pt ∀t

Start

S1 = 0

Target

Pnom · 8760 =
∑
t

Pt

BigM1

yt ·
Pmax

2
≤ Pt ∀t

BigM2

yt · Pmax ≥ Pt ∀t

BigM3

−yt+1 ·∆max − (1− yt+1) ·
Pmax

2
≤ ∆t+1 ∀t

BigM4

yt ·∆max + (1− yt) ·
Pmax

2
≥ ∆t+1 ∀t
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Transitions

zon,t − zofft = yt+1 − yt ∀t

MaxDowntime

yt+1 ≥ zoff,t ∀t
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Appendix E.

Results of the 2030 study using the
projected time series

E.1. Effect of average utilization rates on Pareto curves
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(b) P2: 3 h storage capacity
25%/h ramping limit
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(c) P3: 48 h storage capacity
5%/h ramping limit
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(d) P4: 48 h storage capacity
25%/h ramping limit

Figure E.1.: Pareto curves for different parametrizations of the ideal storage-type cus-
tomer model (cf. Subsection 6.3.1). The solid gray curve is the reference with average
utilization rate UR = 95%. The dashed yellow curve corresponds to a 10% oversizing com-
pared to the reference (UR = 86%), the dashed-dotted blue curve to 20% (UR = 79%).
The solid red line is the Pareto curve for an optimal average utilization rate.
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E.2. Influence of off-design efficiency losses on Pareto
curves
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(b) P2: 3 h storage capacity
25%/h ramping limit
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(c) P3: 48 h storage capacity
5%/h ramping limit
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(d) P4: 48 h storage capacity
25%/h ramping limit

Figure E.2.: Pareto curves for different parametrizations of the storage-type customer
model when assuming varying curves for quadratic off-design efficiency losses (cf. Subsec-
tion 6.3.2) and using a fixed oversizing of 20%. The solid red curve is the reference without
losses. The dashed-dotted blue curve corresponds to 5%, the dashed yellow curve to 10%,
the dotted purple line to 20%, and the solid gray line to 33% losses at the lower operating
bounds compared to the reference.
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E.3. Parameter study on storage and ramping constraints
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Figure E.3.: Parameter study for single-objective optimizations assuming an oversizing
of 20% compared to the reference with an average utilization rate UR = 95%. The relative
effect, i.e., the additional savings, from increasing the storage capacity Smax and loosening
the ramping constraints ∆max is scaled between its minimum (Smax = 3 h, ∆max = 5%/h)
and maximum (Smax = 48 h, ∆max = 25%/h).

E.4. Improvements from shut-down opportunities
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(b) Environmental obj.

Figure E.4.: Analysis of additional savings enabled by temporary shut-downs (cf. Sub-
section 6.3.3) as a function of the maximum down-time. A fixed oversizing of 20% (i.e.,
an average utilization rate UR = 79%) is used and a ramping constraint of 10%/h is im-
posed. Line styles indicate the storage capacity Smax. Yellow squares (�) with dotted
lines: Smax = 12 h, blue upwards-pointing triangles (M) with dashed lines: Smax = 24 h,
and red circles (◦) with solid lines: Smax = 48 h. Values are scaled to the case with
Smax = 12 h and without shout-downs.
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[74] N. Baumgärtner, B. Bahl, M. Hennen, and A. Bardow. RiSES3:Rigorous Synthesis
of Energy Supply and Storage Systems via time-series relaxation and aggregation.
Computers & Chemical Engineering, 127:127–139, 2019.
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on Computer Aided Process Engineering, volume 46 of Computer Aided Chemical
Engineering, pages 937–942. Elsevier, 2019.

159



Bibliography

[140] C. Nentwich, J. Winz, and S. Engell. Surrogate modeling of fugacity coefficients using
adaptive sampling. Industrial & Engineering Chemistry Research, 58(40):18703–
18716, 2019.

[141] F. Klaucke, T. Karsten, F. Holtrup, E. Esche, T. Morosuk, G. Tsatsaronis, and J.-
U. Repke. Demand response potentials for the chemical industry. Chemie Ingenieur
Technik, 89(9):1133–1141, 2017.

[142] M. Schlegel, K. Stockmann, T. Binder, and W. Marquardt. Dynamic optimization
using adaptive control vector parameterization. Computers & Chemical Engineering,
29(8):1731–751, 2005.

[143] B. B. Hubbard. The world according to wavelets: the story of a mathematical tech-
nique in the making. AK Peters, Ltd., 1996.

[144] S. G. Mallat. Multiresolution approximations and wavelet orthonormal bases of
L2(R). Transactions of the American Mathematical Society, 315(1):69–87, 1989.

[145] A. Prata, J. Oldenburg, A. Kroll, and W. Marquardt. Integrated scheduling and
dynamic optimization of grade transitions for a continuous polymerization reactor.
Computers & Chemical Engineering, 32(3):463–476, 2008.

[146] A. Hartwich and W. Marquardt. Dynamic optimization of the load change of a large-
scale chemical plant by adaptive single shooting. Computers & Chemical Engineering,
34(11):1873–1889, 2010.

[147] X. Luo, J. Wang, M. Dooner, and J. Clarke. Overview of current development in
electrical energy storage technologies and the application potential in power system
operation. Applied Energy, 137:511–536, 2015.

[148] H. Lund and G. Salgi. The role of compressed air energy storage (CAES) in future
sustainable energy systems. Energy Conversion and Management, 50(5):1172–1179,
2009.

[149] I. E. Grossmann and S. Lee. Generalized convex disjunctive programming: Nonlinear
convex hull relaxation. Computational Optimization and Applications, 26(1):83–100,
2003.

[150] D. Bongartz, J. Najman, S. Sass, and A. Mitsos. MAiNGO - McCormick-based
algorithm for mixed-integer nonlinear global optimization. http://permalink.avt.
rwth-aachen.de/?id=729717.

[151] G. P. McCormick. Computability of global solutions to factorable nonconvex pro-
grams: Part I - Convex underestimating problems. Mathematical Programming, 10
(1):147–175, 1976.

[152] A. Tsoukalas and A. Mitsos. Multivariate McCormick relaxations. Journal of Global
Optimization, 59(2):633–662, 2014.

[153] M. Tawarmalani and N. V. Sahinidis. A polyhedral branch-and-cut approach to
global optimization. Mathematical Programming, 103(2):225–249, 2005.

160

http://permalink.avt.rwth-aachen.de/?id=729717
http://permalink.avt.rwth-aachen.de/?id=729717


Bibliography

[154] D. Kraft. Algorithm 733: TOMP - fortran modules for optimal control calculations.
ACM Transactions on Mathematical Software, 20(3):262–281, 1994.
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[228] T. Kern, F. Böing, and S. von Roon. Merit Order Netz-Ausbau 2030
- Preiszeitreihe Basisszenario. https://www.ffe.de/themen-und-methoden/

speicher-und-netze/521-merit-order-netz-ausbau-2030-mona-2030, 2018.

[229] J. Burre, D. Bongartz, L. C. Brée, K. Roh, and A. Mitsos. Power-to-X: Between
electricity storage, e-production, and demand side management. Chemie Ingenieur
Technik, 92(1–2):74–84, 2020.

[230] N. Depree, R. Düssel, P. Patel, and T. Reek. The virtual battery - Operating an
aluminium smelter with flexible energy input. In E. Williams, editor, 145th TMS
Annual Meeting and Exhibition, Light Metals, pages 571–576. Springer, 2016.

[231] C. W. Gellings. The concept of demand-side management for electric utilities. Pro-
ceedings of the IEEE, 73(10):1468–1470, 1985.

[232] F. Ausfelder, C. Beilmann, M. Bertau, S. Bräuninger, A. Heinzel, R. Hoer, W. Koch,
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