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Abstract

This paper addresses the challenge of systematically incorporating detailed
energy considerations into early-stage production system design. Unlike ex-
isting approaches that either assess energy performance only after a system
has been fully specified or rely on coarse consumption estimates during op-
timization, the proposed methodology integrates detailed energy modeling
with mathematical optimization in a novel framework for energy-aware pro-
duction system configuration. The approach is based on an energy state
model that characterizes the consumption of individual system components
and production tasks, distinguishing between working and idle states, sup-
porting multiple energy carriers, and capturing energy conversion processes.
This model is embedded into a mixed-integer linear programming (MILP)
formulation of the configuration problem, which can be solved efficiently
using commercial solvers. This enables the simultaneous minimization of in-
vestment and energy costs already during early-stage system design. The
approach was implemented in a prototype decision-support tool and demon-
strated in a case study on a physical production line. Results show that the
energy state model provides accurate consumption estimates when extrapo-
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lating from measured data of an existing product variant to a future variant
with a different process plan. Computational experiments confirm that the
approach can solve large-scale configuration problems with up to 12 stations
and hundreds of tasks efficiently.

Keywords: Production system configuration, Sustainable manufacturing,
Energy consumption, Mathematical programming, Optimization

1. Introduction

Escalating and increasingly volatile energy prices [1], together with carbon
footprint reporting obligations and performance improvement requirements
driven by regulatory and market forces, are turning energy use into a criti-
cal yet high-risk area for manufacturing companies [2, B3]. Since the energy
consumption of a production system is largely determined during the early
stages of the system design process, energy-aware production system con-
figuration is attracting growing attention from both academia and industry
[, 5]. Although methodologies exist for modeling the energy consumption
of fully specified systems [6], as well as for configuring systems to minimize
energy costs based on coarse consumption estimates [7], defining formal op-
timization approaches for energy-aware system configuration that capture
the full complexity of energy use in manufacturing systems remains an open
challenge.

In order to address this gap, this paper proposes a systematic approach
to the energy-aware configuration of assembly lines. Given the description
of the products and their corresponding process plans, the system configura-
tion problem involves selecting an appropriate combination of manufacturing
system components and assigning production tasks to them while satisfying
all technological and productivity requirements. In contrast to conventional
methods that focus solely on minimizing investment costs, the proposed ap-
proach enables the accurate prediction of energy consumption already at the
system configuration stage, and minimizes the combination of total invest-
ment and energy costs over the planning horizon. To this end, a sophisticated
energy state model, based on the Energy Block concept of [§], is introduced
to characterize energy consumption at the level of individual components and
tasks. The model captures complex interactions among system components,
accounts for multiple energy carriers, and represents conversions between dif-
ferent carriers. This energy state model is integrated into a mathematical



programming formulation of the production system configuration problem,
enabling the computation of exact optimal solutions for the energy-aware
configuration problem. The proposed techniques have been implemented in
a prototype decision-support software tool that facilitates the configuration
of production systems through an interactive workflow combining automated
optimization with manual refinement steps. The presented techniques have
been validated from multiple perspectives, including modeling capabilities,
the accuracy of predicted energy consumption, and computational efficiency.

The remainder of the paper is structured as follows. First, Section
provides a review of the relevant literature. Section 3| formally defines the
production system configuration problem. Next, Section M introduces the
energy state model used to characterize consumption, followed by a mathe-
matical programming formulation of the configuration problem in Section [5]
Section [6] presents the implementation of the proposed techniques within a
decision-support software prototype. The proposed approach is validated in
a series of experiments in Section [7] Finally, Section [§ concludes the paper
and outlines directions for future research.

2. Literature Review

2.1. Modeling the Energy Consumption of Manufacturing Systems

Energy-aware design and operation of manufacturing systems rely on the
availability of suitable energy models that describe the relationship between
production activities and energy consumption. Manufacturing systems typi-
cally comprise multiple stations, machines, and subsystems, as well as mul-
tiple energy carriers whose consumption patterns vary over time according
to production requirements. Energy consumption is affected by numerous
factors, including machine states, process execution, production volume, and
system utilization [9]. Capturing these interactions in a model is challenging
because a trade-off exists between representational accuracy and model com-
plexity. Consequently, researchers have proposed a variety of energy mod-
eling approaches, ranging from high-level estimation methods to detailed
physics-based and data-driven models, each supporting different planning
and optimization approaches.

Advanced energy modeling methodologies have been developed to cap-
ture both multi-domain physical interactions and cross-level dependencies in
manufacturing systems. At the equipment level, bond graph theory has been
employed to integrate mechanical transmission dynamics with energy flows,



enabling detailed analysis of energy conversion and dissipation within com-
plex subsystems such as machine tool spindles [10]. To address interactions
across different organizational scales, cross-level modeling frameworks have
been proposed to link local process behavior with production-line dynamics
[T1]. These approaches embed machine-level optimization models, such as
Pareto-optimal energy—time trade-off functions, into higher-level stochastic
representations, thereby capturing the effects of buffering, resource interac-
tions, and production disruptions on overall energy performance. Detailed,
process-level models for evaluating performance and sustainability, captur-
ing stochastic system dynamics, often rely on Markov chain models [12].
The extension of such models to multi-process systems, specifically, hybrid
additive-subtractive manufacturing systems, is investigated in [13].

A widely adopted approach to energy modeling is based on the work of [§].
In this framework, energy consumption data are first obtained empirically,
after which the relationship between a system’s operating status (OS) and its
energy consumption is established. For instance, the power consumption of a
production resource is typically higher during value-adding operations than
during idle periods. Depending on the complexity of the system and the level
of process aggregation, multiple operating statuses and transitions between
them may be distinguished. By associating each OS with a representative
energy consumption, an energy state (ES) model can be constructed that
captures the dynamic energy behavior of the system.

Research on ES models has been dominated by applications to machine
tools (e.g., [14] 15, [16]). Although the resulting models differ in their level of
detail and application domain, they follow a common principle: representing
system behavior as a sequence of discrete operating states with characteris-
tic energy consumption. The surveyed models typically distinguish between
three and eight energy states, including, in various combinations, key operat-
ing states such as working, idle, setup, error, and off. For the early-stage de-
sign of high-volume manufacturing systems, however, setup and error states
are often neglected, making the working and idle states the most relevant.

2.2. Configuration of Manufacturing Systems

Production system configuration concerns the translation of product spec-
ifications and process plans into production system design: it involves se-
lecting system components and assigning production tasks to them. These
decisions fundamentally determine the productivity, cost, and energy con-
sumption of the resulting system. A plethora of different models and solution
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approaches has been investigated in the scientific literature.

In case of serial production systems, the archetypal mathematical formu-
lation is the assembly line balancing problem (ALBP), in which tasks are
assigned to stations either to minimize the number of stations subject to a
given cycle time (SALBP-1) or to minimize the cycle time for a fixed number
of stations (SALBP-2). A taxonomy of ALBP variants is provided in [17],
while solution approaches are reviewed in [I8]; recent advances are summa-
rized in the comprehensive survey [19]. Several extensions, such as Robotic
ALBP [20] and Resource-dependent ALBP [21] combine line balancing with
resource selection, which enables the consideration of alternative processing
modes and their implications for task durations, energy consumption, and
system costs.

Various attempts have been made to capture the minimization of energy
consumption within ALBP. In [22], it is argued that energy use can be re-
duced indirectly by minimizing system size and cycle time, i.e., via classical
ALBP objectives, without explicitly modeling energy consumption. Among
approaches that model energy consumption explicitly, many assign fixed con-
sumption values to each task-robot assignment. These include [23], which
minimizes cycle time and total energy consumption using particle swarm
optimization; [24], which proposes a constraint programming model for bal-
ancing human-robot collaborative assembly lines while incorporating a wide
range of practical constraints and cost factors, including working-state robot
energy consumption; [7], which minimizes cycle time and energy consump-
tion using a multi-criteria non-dominated sorting genetic algorithm (NSGA);
and [25], which addresses a mixed-model sequencing and assembly line bal-
ancing problem by minimizing a linear combination of cycle time and energy
consumption via a hybrid of ant colony optimization and simulated anneal-
ing.

More sophisticated models of energy consumption distinguish between
robots’ working and idle states. These include [26], who compute Pareto-
optimal solutions minimizing cycle time and energy consumption using simu-
lated annealing; [27], who propose a multi-objective cooperative coevolution-
ary algorithm to minimize carbon footprint, directly proportional to robot
energy consumption, and maximize line efficiency; [28], who developed a
Pareto artificial bee colony algorithm for minimizing cycle time and energy
consumption; [29], who minimize energy consumption in mixed-model assem-
bly lines using cuckoo search; and [30], who combine multi-objective harmony
search with reinforcement learning to solve a line balancing problem using a



rich process model capturing real-world requirements of automated electronic
assembly lines. A similar problem in mixed-model, multi-line human-robot
collaborative systems is addressed in [31], where total production costs and
emissions from energy consumption are minimized using NSGA. A problem
called sustainable line balancing, jointly minimizing cycle time, energy con-
sumption, and ergonomic risk, is introduced in [32], with Pareto-optimal
solutions obtained via a hybrid of Q-learning and a memetic algorithm. A
more detailed energy consumption model is considered in [33], which distin-
guishes between electricity and gas usage of workstations and robots; the
authors employ a hybrid large neighborhood search and genetic algorithm to
derive the Pareto set for multiple cost- and sustainability-related criteria in
a stochastic automotive disassembly line balancing problem.

Remotely related to energy consumption in automated systems, integrat-
ing human energy expenditure in manned assembly systems into ALBP mod-
els received considerable attention, too, as a means for ensuring ergonomics,
see, e.g., [34].

Energy consumption can also be addressed at other levels of the enter-
prise resource hierarchy. At the equipment level, [35] propose a data-driven
method to predict and optimize the energy use of industrial robots along
specified trajectories, while [36] present an approach to reduce machine tool
energy consumption through appropriate selection of machining parameters.
Reviews of energy-aware scheduling in intelligent production systems are pro-
vided in [37] and [38], and a recent survey on energy-flexible manufacturing
systems is given in [39].

2.3. Contribution

This section positions the contribution of this paper with respect to two
distinct lines of research: (1) energy and sustainability evaluation techniques,
and (2) previous approaches to energy-aware production system configura-
tion.

Evaluation techniques enable investigating the impact of system config-
uration and process parameters on productivity and sustainability using so-
phisticated models, based on candidate system configurations provided as
input, thereby supporting the improvement of manufacturing system per-
formance. However, they do not directly compute a system configuration
that optimizes a selected performance measure. Integrating an energy con-
sumption model into an optimization approach inevitably involves a trade-off
between prediction accuracy and computational tractability. Energy state
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models, which simplify temporal dynamics by representing energy consump-
tion as stationary energy blocks, offer a promising means of maintaining
computational tractability even when coupled with the detailed model of
technological dependencies required for system configuration.

Earlier energy-aware production system configuration approaches, includ-
ing the above line balancing methods, work on strongly simplified models of
the production system, while they neglect their complex and interconnected
technological and energy requirements. This paper substantially extends
those approaches by incorporating the following important features:

e Characterization of the technological requirements of tasks and compo-
nents using a rich model of function requirements, including symbolic
as well as additive and maxitive numerical functions.

e Automatic inclusion of auxiliary components in the configuration, as
implied by the function requirements. This is particularly important
because auxiliary components often account for a substantial share of
the total energy consumption of production systems.

e A detailed energy state model that differentiates between the working-
state and idle energy consumption of components.

e Modeling multiple energy carriers in the production system.

e Modeling energy conversion within the production system through the
automatic selection and inclusion of suitable energy converter compo-
nents.

e Automatically computing a system configuration that minimizes a com-
bination of investment and energy costs using exact mathematical pro-
gramming methods.

A precursor of the model presented here was introduced in [40], focusing
on an explainable optimization approach to system configuration, but with-
out considering energy consumption. Earlier works [41], 42] applied similar
models to manage fluctuations arising from machine malfunctions and the
variability of human operation times. A comparable production system con-
figuration model for flexible manufacturing cells was proposed in [43], with
particular emphasis on the integration of system configuration and geometric
layout planning.



3. Problem Definition

In this section, the energy-aware production system configuration prob-
lem is first motivated by a practical example. A formal problem definition is
presented afterwards.

3.1. A Motivating Sample Problem

Throughout the paper, the different aspects of production system config-
uration are illustrated using a sample use case based on the Bosch Rexroth
modular Mechatronic System (mMS) 4.0 (see Figure[l)) [44]. This system was
selected due to its accessibility for experiments involving different operating
modes and speeds, as well as for energy consumption measurements. Fur-
thermore, the complexity of the demonstration system makes it suitable for
presenting the core features of the proposed approach without introducing
unnecessary complications.

The mMS line consists of three stations and performs the assembly of a
cubic product from two parts. In the first station (feeding station), the two
parts are loaded sequentially onto a conveyor, where inspection tasks are also
carried out. The parts are then transferred to the second station (assembly
station), where joining pins are inserted into the lower part, followed by the
pressing task that assembles the two parts. Finally, the assembled product
is stored in the high-bay warehouse of the third station. The complete as-
sembly process consists of 17 tasks, as illustrated in the Gantt chart shown
in Figure

Given a formal specification of the process plan, a library of candidate
system components, and a cycle time limit (45 s in the example, correspond-
ing to approximately 100 000 pieces per year under single-shift production
with typical OEE), the production system configuration problem involves as-
signing components to tasks and installing all required auxiliary components
in the line in the most efficient manner. Candidate components differ in
capabilities, processing speed, cost, and required energy carriers (e.g., elec-
tricity, compressed air, or both). Selecting the most appropriate component
for each position requires considering several factors, including:

e Each task must be assigned to a component with appropriate capabil-
ities.

e Installing a component may generate additional function requirements,
which in turn necessitate auxiliary components (e.g., every pneumatic
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Figure 1: The Bosch Rexroth modular Mechatronic System (mMS) 4.0 [44].

component requires compressed air, which must be provided by a ded-
icated air compressor if compressed air is not supplied externally).

The processing speed of the selected component must support the de-
sired cycle time. However, whether the cycle time limit is strict in a
given station depends on the components selected for other tasks and
the synchronization constraints among them.

The required energy carriers significantly influence component choice.
Pneumatic components (e.g., presses or screwdrivers) are often cheaper
than their electric alternatives, but while electricity is ubiquitous, com-
pressed air may not be. Installing pneumatic components may there-
fore necessitate a dedicated air compressor, which is justified only if
multiple pneumatic components are present.

Although pneumatic components generally have lower purchase costs,
their compressed air consumption incurs operational costs. Consider-
ing both investment and energy costs may make higher-cost electric
components more advantageous.

The decision maker has flexibility in determining the line architecture.
For instance, the entire line could be controlled by a single PLC, re-
quiring a more powerful unit with many I/O channels, or individual
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Figure 2: Gantt chart of the tasks executed in the mMS system. Tasks 5-8 in Station 1
must be synchronized with Tasks 9-12 in Station 2. The cycle time of 44.5 s of the overall
line is determined by the slowest station, Station 2.

stations could be controlled by dedicated PLCs, allowing the use of
smaller, less expensive units.

These considerations are mutually interdependent, giving rise to a com-
plex optimization problem, which is formalized in the next section.

3.2. Formal Problem Definition

The studied production system configuration problem concerns the de-
sign of a single serial production line for manufacturing multiple products in
accordance with their prescribed process plans. For each product, the pro-
cess plan specifies a fully ordered sequence of tasks. The overall structure of
the line is predefined by the customer and provided as input: it consists of a
series of stations arranged along a conveyor, where tasks must be performed
at designated locations within each station. This structure induces a natural
three-level hierarchy: locations within stations, stations within the line, and
the line as a whole. This hierarchy is depicted in Figure
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Figure 3: Three-level resource hierarchy, with line, stations, and locations (black nodes).
Components (orange labels) are installed at nodes, and tasks (blue, rounded labels) are
assigned to components. Only a part of the nodes, components, and tasks are shown.

Tasks, components, and function requirements. The core challenge
lies in selecting and deploying, across different nodes of the resource hierar-
chy, the most suitable combination of components from a predefined compo-
nent library to manufacture the target products as efficiently as possible. To
this end, the technological requirements of tasks are expressed via function
requirements: for example, a screw-driving task demands the screw-driving
function. This function requirement can be satisfied by choosing an appropri-
ate component from the library that provides the needed function, assigning
it to the task, and installing it at an appropriate node in the system. For
example, the screw-driving function requirement may be satisfied by either
an electric or a pneumatic screwdriver.

Similarly, components themselves may have their function requirements.
For instance, the pneumatic screwdriver requires the compressed air function,
which must be provided by an air compressor. Every function requirement,
whether arising from a task or from a component, must be fulfilled by another
component installed either at the same node as the origin of the requirement,
or at another node above the origin of the requirement in the system hierar-
chy. For example, if a pneumatic screwdriver is assigned to a screw-driving
task, its need for compressed air can be met by an air compressor located
at the task location, the corresponding station, or the overall production
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line. Installing the compressor at the line level is often advantageous, as it
can then serve all components across the entire line. For each component in
the library, the allowed levels of installation—location, station, or line—are
predefined.

Types of function requirements. Technological requirements of different
natures can be encoded into symbolic and numeric functions. A symbolic
function is either required (provided) by a task (component) or not. In the
case of numeric functions, tasks and components may require and provide
different amounts of the function. Numeric functions are further subdivided
into additive functions, where, to satisfy the requirements of multiple tasks
and components, the sum of the required amounts must be provided (see
Figure {)); and maxitive functions, where the maximum of the individual
requirements must be supplied (see Figure. For example, the screw-driving
function above is a symbolic function, since it is either required (provided)
or not. PLC channels for component control are additive, since the number
of channels required from the PLC is the sum of the requirements of the
individual components being controlled. Compressed air pressure can be
regarded as a maxitive function, since if a compressor provides the maximum
of the required pressure values, then it can serve all individual components,
potentially through a pressure-limiting valve. Since symbolic functions can
be regarded as a special case of maxitive functions, where all required and
provided amounts equal one, in the sequel we resort to modeling additive
and maxitive functions.

Energy consumption, supply and conversion. A special goal of the
system configuration problem is capturing the energy consumption of pro-
duction already during the time of line design. For this purpose, we adopt
a simplified variant of the energy state model defined in [8]. The model
captures multiple energy carriers, e.g., electricity and compressed air, and
assumes that consumption is composed of (1) the working-state consump-
tion of components working on tasks, which depends both on the component
and the task; and (2) the idle consumption of components during time peri-
ods where they do not work on tasks.

While some energy carriers are supplied externally at given costs, others
may need to be generated internally within the system by installing appro-
priate energy converter components. For example, if electricity is supplied
externally but compressed air is not, and pneumatic components are installed
in the system, then an air compressor must also be acquired.
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Figure 4: Example of an additive numeric function: PLC channels. The amount required
by the components is summarized in the individual nodes and propagated upwards to the
root (line-level) node, where the requirement is satisfied by a PLC component.

Function groups. In order to capture rich technological requirements that
must be characterized using several numeric parameters, the notion of func-
tion groups is introduced to express the constraint that certain subsets of
functions and energy carriers must be provided together by the same com-
ponent. A typical example is the combination of the compressed air pressure
function and the compressed air energy carrier, which must be supplied by
the same air compressor. Hence, a single compressor that provides both high
pressure and efficient generation of air cannot be replaced by two separate
compressors, one producing high pressure and the other producing low-cost
air.

Cycle times and synchronization. The input also specifies a target cycle
time for each product. The overall line cycle time is determined by the
slowest station, while the cycle time of an individual station is calculated as
the sum of the durations of the tasks performed sequentially on the product
at that station. Task durations vary depending on the component assigned.
Additionally, synchronization constraints are imposed between certain pairs
of stations to account for the transfer of multiple parts at specific moments
within a cycle. These moments define synchronization points, which require
that the total duration of two corresponding subsets of tasks at the two
neighboring stations be equal. An example of synchronization is presented in
Figure[2] In Station 1, Tasks 1-4 are performed on the lower part, after which
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Figure 5: Example of a maxitive numeric function: compressed air pressure. In each node,
the maximum of the amounts required by components is taken, and then propagated up-
wards to the root (line-level) node, where the requirement is satisfied by an air compressor.

this part is transferred to Station 2. Then, Station 1 executes inspection
on the upper part as well (Tasks 5-8), and in parallel with that, Station
2 prepares the lower part for assembly (Tasks 9-12). The upper part is
transferred to Station 2 after the completion of both Task 8 in Station 1 and
Task 12 in Station 2. This implies a synchronization constraint, stating that
the total durations of Tasks 5-8 and Tasks 9-12 must be equal.

Objectives. The production system configuration problem involves deter-
mining the components installed at the different nodes of the resource hier-
archy, as well as the component assigned to each task, in such a way that
all the above constraints are satisfied and the cost of the system is mini-
mized. The total cost is composed of the investment cost of the components
installed at the nodes and the estimated energy consumption of the system
over the planning horizon, during which given amounts of different products
are expected to be manufactured.

Formal Domain Metamodel. Synthesizing the technological, topologi-
cal, and energetic concepts detailed above, the configuration domain is for-
mally defined as an algebraic tuple M = (R, T,C, F,&):

e Resource Topology (R): A three-level rooted tree R = (V, &y) rep-
resenting the resource hierarchy, where the root node vy € V denotes
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the entire production line, intermediate nodes stand for stations, and
leaf nodes denote individual locations, see Figure [3

e Tasks (7): Each task t € T is defined by its target execution node
v, € V, its function requirement vector r{ = [} ]rer, and its baseline

duration vector d; = [dy ]cec across compatible components.

e Component Library (C): Each candidate component ¢ € C is charac-
terized by its investment cost k¢, allowable deployment nodes Vatleved C
V, provided functions q¢ = [qgc] rer, induced auxiliary function re-
quirements rS’ = [r§ ]ser, and power consumption p. = [p! Jeee for
the idle state and p;” = [pz/cyt]eeg, +e7 for working state across energy
carriers and tasks.

e Function Space (F): Partitioned into additive functions F4 (accu-
mulated via summation) and maxitive functions F, (evaluated via the
maximum operator).

e Energy Carriers (£): Partitioned into externally supplied and in-
ternally converted carriers. An auxiliary converter component ¢ € C
converts carrier Fgom(c) to Ey(c) via an affine transfer function.

Assumptions. The following list summarizes the assumptions made in the
model:

e The model addresses the configuration of a single serial production line.

e Large-series production is assumed; hence, changeovers and ramp-up /ramp-
down effects are neglected.

e No in-process buffers are considered.
e The possibility of resource failures is omitted.

e The logical architecture of the line is represented by a three-level hier-
archy comprising locations, stations, and the line itself.

e For each product, the predefined process plan specifies a fully ordered
sequence of tasks.

e Each task is assigned to a predefined node of the resource hierarchy.
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Components must be selected from a given library, and installed at the
nodes of the resource hierarchy.

Technological correctness is captured through function requirements.
Functions are required by tasks and components, and they are either
provided by components or supplied externally.

A function requirement can only be fulfilled by a component installed
at the same node or at an ancestor node in the resource hierarchy.

Functions are additive (the total required amount is the sum of the indi-
vidual requirements) or maxitive (the total required amount is the max-
imum of the individual requirements). Symbolic functions are treated
as a special case of maxitive functions.

The model captures multiple energy carriers, which are either supplied
externally at given costs or generated within the system by appropriate
energy converters.

Energy consumption comprises the working-state consumption of task—
component pairs and the idle-state consumption of components.

The expected production volumes of the different products over the
planning horizon are given, and energy-related operational costs are
evaluated over this horizon.

The model focuses exclusively on production system configuration;
downstream planning problems, such as detailed scheduling, are out
of scope. Consequently, performance measures that depend on the de-
tailed task schedule, such as peak loads, cannot be captured.

All model parameters are deterministic.

The objective is to minimize a linear combination of investment and
energy costs over the given planning horizon, defined by the foreseen
production volumes of the individual products. With unit weights, this
equals the total investment and energy costs.
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4. Modeling the Energy Consumption

As indicated previously, the characterization of consumption is based on
the Energy Block approach [8], in which consumption is assigned to individual
components of the production system (see Figure @ Components may take
different energy states over time depending on their activity. Focusing on
mass production with large batch sizes, this paper distinguishes two energy
states: the working state, where the component executes a specific task and
consumption depends both on the component and the task; and the idle
state, where no task is actively executed by the specific component, and
hence, the consumption depends solely on the component.

It is emphasized that for each task, only the component explicitly assigned
to the task in the configuration model has working state consumption related
to the specific task. The duration of the working state equals the duration
of the task. Within an energy state, the consumption intensity of the related
component is assumed to be constant and given in the input, see Figure [6]

Component I ) ) ) I )
Component 2 i i[ ] i[ ] i[:]
Component 3 i i[ ) i[ ] i[ )

Cycle 1 i Cycle 2 i Cycle 3 i Cycle 4 i Cycle 5

v
~

Idle state :] Working state

Figure 6: Illustration of the Energy Blocks method for modeling the working state and idle
state of production system components. The top section shows the states of the individual
components during different cycles, while the bottom section shows the resulting total
power requirement of the system. Cycles 1 and 2 represent the system’s ramp-up phase,
while cycles 3 through 5 represent series production itself.



The propagation of energy consumption upwards in the resource hierarchy
is based on an idea similar to additive functions: the total energy demand
in a node equals the consumption of the components installed at the specific
node in addition to the demand propagated upwards from child nodes. In
the applied model, all consumption values represent the total consumption
over the planning horizon, taking into account the planned amounts of goods
produced.

The model captures an arbitrary number of energy carriers. For instance,
in the running example, electricity and compressed air are considered. The
demands and supplies are computed separately for each carrier.

The model differentiates externally supplied and internally generated en-
ergy carriers. For example, in the mMS example, external supply is required
for electricity, whereas compressed air is generated within the system by an
air compressor. For externally supplied carriers, the amount propagated up-
wards by the line-level node equals the amount consumed by the overall line,
and this demand is satisfied by purchasing the energy carrier at the specified
unit cost. Otherwise, i.e., if the carrier is not supplied externally or it is less
expensive to generate it within the system than to purchase it directly, the
carrier can be generated by installing an appropriate energy converter compo-
nent in a selected node, from where it can satisfy the demand of downstream
nodes.

Energy conversion is modeled using a linear transfer function. Consider
a converter component ¢ (e.g., an air compressor) that generates energy car-
rier Ei,(c) (compressed air) from energy carrier Egom(c) (electricity). To
generate o units of Ei,(c) over a time interval 7, the converter consumes
a.0 + bt units of Egoy(c), where the first term, proportional to the gen-
erated amount, represents the conversion efficiency, while the second term
captures the converter’s idle energy consumption.

Figure [7| presents the energy consumption of the mMS line belonging
to the production of a single workpiece. Compressed air is generated from
electricity within the system by an air compressor installed at the line level,
while electricity is supplied externally.

5. Solution Approach

The energy-aware system configuration problem is modeled as a mixed-
integer linear program (MILP). Due to the complexity of the model, the
presentation is broken into three parts: the core of the system configuration
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Figure 7: Illustration of the energy consumption model. The amount of compressed
air required by the components (red arrows) is summarized in the individual nodes and
propagated upwards until the root (line-level) node, where the requirement is satisfied by
an air compressor via conversion from electricity. The amount of electricity consumption
(dark purple wavy arrows) is handled in a similar way; however, this energy carrier is
supplied externally, thus, the line-level node propagates the demand upwards. Only a
part of the nodes and components are shown. The values align with the production of a
single workpiece of the mMS line detailed in Sections and

model (Section , the modeling of function requirements (Section ,
and the modeling of energy consumption (Section . The overall model is
recapitulated in Section [5.4. The formal notation is introduced in Tables
and 21

It is noted that the actual implementation contains additional constraints
to capture some practical requirements, e.g., fixing components at given lo-
cations or fixing the assignment of a component to a task based on the user’s
request specified in the graphical user interface. Such auxiliary constraints
are mathematically straightforward, and they are omitted here for the sake
of relative brevity.

5.1. Core of the System Configuration Model
The core of the system configuration model is presented below. This core
defines the resource hierarchy, the assignment of tasks to components, and
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Table 1: Notation: indices and parameters.

Indices

D= O+

~~

p(t)
s(t)

1)

—_—

Product index

Task index

Component type index
Station index

Location index

Function index

Energy carrier index
Product belonging to task ¢
Station assigned to task ¢
Location assigned to task ¢

Input parameters

C(s,1)
dt,c
1,
S ={(51,52)}
A

D)

Set of child nodes of station s and location [ in the resource hierarchy
Baseline duration of task ¢ when executed by component ¢

Cycle time limit of product p

Set of synchronization constraints between two subsets of tasks

Set of components applicable on line level

Set of components applicable on station level

Set of components applicable on location level

Investment cost of component ¢

Set of additive functions

Set of maxitive functions

Amount of function f required by task ¢

Amount of function f required by component ¢

Amount of function f provided by component ¢

Maximum amount of function f supplied externally

Set of energy carriers supplied externally

Power consumption of carrier e at idle of component ¢

Power consumption of carrier e of component ¢ when executing task ¢
Energy carrier generated by energy converter component c

Energy carrier consumed by energy converter component ¢
Parameters of the linear transfer function of energy converter component ¢
Unit cost of energy carrier e

Sets of function-function, energy carrier-energy carrier, and function-energy
carrier pairs combined into a function group, respectively

Units of product p produced over the planning horizon

Weight of investment cost in the objective function

Weight of energy cost in the objective function

the cycle times of the different products.
In the representation of the three-level resource hierarchy, nodes are iden-
tified by a pair (s,[), where s is the station index and [ is the location index.
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Table 2: Notation: decision variables.

Core decision variables

Te,s,l Component c is installed at location I of station s (boolean)

Ytesi  Task ¢ is assigned to component ¢ at location [ of station s (boolean)
¢ Actual duration of task t (real)
Tp Actual cycle time of product p (real)

Decision variables related to function requirements

‘PRs,l Amount of function f required at location { of station s (real)

¥7sy Amount of function requirement f propagated upwards from location ! of sta-
tion s (real)

<p1)7 sy Function f is provided at location [ of station s (boolean)

©fs1.. Function f is provided by component ¢ at location [ of station s (boolean)

Decision variables related to energy consumption

afs’l Amount of energy carrier e required at location [ of station s (real)

Ugs,l Amount of energy carrier requirement e propagated upwards from location [ of
station s (real)

Ugs,l,c Amount of energy carrier e converted into another carrier by component ¢ at
location [ of station s (real)

0.1  Emergy carrier e is provided at location ! of station s (boolean)

Ugs, 1. Enmergy carrier e is provided by component c at location [ of station s (boolean)

Ué,s,l,c Idle consumption of energy carrier e by component ¢ at location [ of station s

(real)

In case of the root node corresponding to the line itself, s = 0 and [ = 0.
For station nodes, s > 1 and [ = 0, whereas for location nodes, both s > 1
and [ > 1. Accordingly, (0,1) with [ > 1 is an invalid node identifier, since
locations do not exist outside stations. The set of children C(s,!) of node
(s,1) is composed of the following nodes:

e for the line node (0,0), the set contains all station nodes (s,0) with
s> 1;

e for station nodes (s,0), s > 1, it comprises all location nodes (s, ) with
[>1.

e whereas for location nodes (s,1), { > 1, the set is empty.

In the MILP model of the configuration problem, the objective is to mini-
mize a linear combination of the investment cost and the energy cost incurred
over the planning horizon . Here, 02{070 corresponds to the energy demand
of carrier e propagated upwards from the line node of the resource hierarchy
for the ensemble of all products manufactured during the planning horizon,
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i.e., the demand that is not satisfied by generation within the line, but must
be purchased from external sources. Constraint ensures that every task is
assigned to exactly one component that is located appropriately and provides
all the functions required by the task. Inequality encodes that a compo-
nent can be assigned to a task only if it is installed. Constraints , and
@ state that components can be installed only on the appropriate levels of
the resource hierarchy, i.e., on the line, on the station, and on the location
levels, respectively. Line excludes installing components at invalid nodes,
i.e., locations outside stations. Inequality defines the actual durations of
tasks depending on the component selected for their execution. It is noted
that the actual duration can be higher than the baseline duration due to
synchronization constraints between two subsets of tasks @D Inequalities
define product cycle times and state that they must respect the given
upper bound at each station. Finally, line defines the binary variables
in the model.

minimize

wr Z kcqus,l + wg Z keEOgO’O (1)
c,s,l e
subject to
Z Yt,c,s,l = 1 Yt (2)
s € {0, s(t)}
L e {0, I(t)}
c: r?tgq?c vf
Yt,c,s,l S Le,s,l Vta G s, l (3)
Le,0,0 = 0 Vi € A (4)
:Ec,s,O = 0 VZ ¢ E (5)
Teys,l = 0 Vi € II (6)
Te00=0 Ve, l > 1 (7)
0p > Zdt,cyt,c,s,l vt (8)
c,s,l
S d=> 4 V(S1,S2) €S (9)
tesSh teSsa
Tp > Tp > Z 51& Vp,S (10)
t: s(t)=s A p(t)=p
Tes,ly Yte,s,l S {07 1} Vt, ¢S, l (11)
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5.2. Modeling Function Requirements

In this section, the modeling of technological requirements is presented in
detail, which is captured via function requirements of tasks and components,
as well as functions provided by components. These are encoded in the form
of constraints in the MILP model of the system configuration problem.

Constraint states that if a function is not provided in a node of the
resource hierarchy, then the function requirement is propagated upwards.
Here, symbol = denotes logical inference, which can be encoded directly us-
ing an indicator constraint in state-of-the-art MILP solvers, or using big-M
constraints in less advanced solvers. Inequality states that the amount
of function requirement propagated upwards from the line level is at most the
amount supplied externally. Function requirements are computed separately
for maxitive and additive functions. For maxitive functions (including sym-
bolic functions), the requirement at a node is computed as the maximum of
the requirements of components , tasks , and the requirements prop-
agated upwards from child nodes . For additive functions, the underlying
idea is similar, but the requirements arising from different components, tasks,
and child nodes must be summed up, which is expressed by constraint .
Functions can be provided only by components that are installed . If a
component provides a function in a given node, then it must cover the entire
amount required, which is limited by the capabilities of the component .
Equality states that a function is provided in a node if it is provided
by a component installed at the node. Constraints — state that func-
tions and energy carriers combined into a function group must be provided

by the same component. Binary variables related to function requirements
are listed in line .

((plfa,s,l = 0) = (p.[]{,s,l Z (p}%,s,l Vfa Sal
(12)

U
©Yro00 = 4f vf
(13)
(p?,s,l > T%:c Le,s,l Vf c ]:M’ c s,
(14)
s = The VfeFM,t
(15)
OFe1 = WYy Vfe FM,s,l,(s'1) € C(s,1)
(16)
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R c
Prsl = ZTf,c Test t

c

> Rt X e Vf € AM, 5,1
t: s=s(t) A I=I(t) (s”,0")€C(s,1)
(17)
SDJ(’j,'aul,c S el Vf, sl ¢
(18)
(90?:87l7c = 1) = (QO;%SJ S q]g:C) va S, l,C
(19)
w?s,l S Z @%S,Lc vfa Sal
(20)
QO?IJLC = @%’S,l,c vS7lac7 (flaf?) € gFF
(21)
Ug,s,l,c = O-ecg,s,l,c VS, l; c, (617 62) S gEE
(22)
Plote = Tesic Vs.lc, (f.e) € GIP
(23)
w}:‘,s,l’@%s,l,c € {Ov 1} Vf,s,l,c
(24)

5.8. Modeling Energy Consumption

This section completes the MILP representation with the formulation of
the energy consumption model. Analogously to the handling of function
requirements, constraint states that if some energy requirement is not
satisfied by generation in a given node of the resource hierarchy, then the
energy requirement is propagated upwards. Constraint prohibits propa-
gation upwards from the line level for all energy carriers that are not supplied
externally. The indicator constraint computes idle consumption of each
component in the configuration. The total energy consumption in a node
is calculated from the working-state consumption of task-component pairs,
the idle-state consumption of components, the energy converted into another
carrier, and the consumption propagated upwards from child nodes . In
order to simplify the formulas, constraint calculates idle consumption
for the entire cycle time, i.e., also for the time spent in working state; in ex-
change, constraint adds only the difference between working-state and
idle consumption, p’,, — p!, for the time spent in working state. Energy
carriers can be provided by generation only by components that are installed
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and can generate the given carrier . If component ¢ provides energy
carrier Ey,(c) by generation from FEjgon(c), then the energy consumption of
FEfom(c) can be computed from the component’s transfer function and the
requirement of carrier Ey,(c) (31). Equality states that if an energy
carrier is provided by generation in a node, then the entire amount must
be provided by one converter component. Finally, binary variables used for
modeling energy consumption are listed in constraint .

(0—55,1 = 0) = (ags,l Z Jf,s,l) vev S,l
(25)
Ug,o,o =0 Veg EX
(26)
(x&sal = 1) = (O'é,s,l,c = Zp£7cVPTP> vea S, l7 c
p
(27)

Ugs,l = Z (pZV,C,t - pé,c) dt,ch(t)yt,c,s,l + ZU£,37Z,C +

(&)

t,c
G U
Zae,s,l,c + Z Oc,s' I/ Ve, s, 1
C

(s’,1")eC(s,l)

(28)
Ugs,l,c < Te,s,l Ve, s,l,c
(29)
Oese =0 Ve, s,l,c: e# Elc)
(30)
(Jgto(0)757170 =)= <Ugfmm(c>,s,l,c = QeOF, (¢)00 + e Z VNP) Vs, l,c
p
(31)
Jﬁs,l < Zaﬁs,z,c Ve, s, 1
C
(32)
Uf:s,l?a'ec:s,l,c € {Oa 1} Ve,s,l,c
(33)

5.4. Overall Mathematical Model

With the above definitions, the overall mathematical model of the energy-
aware system configuration problem is formulated as a MILP, solvable effi-
ciently by state-of-the-art mathematical solvers, as follows:
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minimize
c E U
wr E kixes: + wg g kZoco.0 (34)
c,s,l e

subject to

_7_7_' (35)

6. Decision-support Tool

The proposed mathematical models and solution approaches were imple-
mented in a web-based decision-support tool comprising two main modules:
System Configurator for automatically computing or manually editing con-
figurations, and Energy FEvaluator for performing detailed simulation-based
energy assessments of the configurations. The following subsections describe
the functionality of each module.

6.1. Overview of Functionalities: System Configurator

The System Configurator module of the decision-support tool facilitates
the energy-aware configuration of production systems via the following main
functionalities:

e The software maintains a resource library, containing the applicable
components, their properties, the functions they provide and require,
as well as their energy consumption characteristics, see Figure[8] These
models are common over all configuration projects in the software tool.

e [t allows the definition and maintenance of different projects, each tar-
geting the optimal configuration of a production system for a given set
of requirements. These requirements, including the description of the
products, their process plans, as well as all parameters of the math-
ematical model, e.g., the cycle time limits and the objective function
weights, must be provided by the user.

e Based on the above component library and project data, it automati-
cally computes the optimal production system configuration using the
solution approach presented earlier in Section [5 The configuration is
displayed on the GUI in two different views, a components view and a
task assignments view, accompanied by a brief evaluation including en-
ergy consumption, energy and investment costs, as well as actual cycle
times, see Figure [0
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e Finally, the software supports interactive configuration processes by
enabling the iterative combination of manual editing operations and
automated computation steps. The user can freely override constraints
or decisions of the formal mathematical approach via the following man-
ual modifications: (1) fixing a specific component in a given position of
the resource hierarchy; (2) assigning a specific component for a task; or
(3) filtering the applicable components based on one or multiple com-
ponent properties for the overall project or for specific tasks. In case
the manual modifications are inconsistent with the formal model, e.g.,
the component manually assigned to a task does not meet its func-
tion requirements, the software issues a warning message. Yet, user
decisions always dominate those proposed by the automated solver.

This possibility of manual editing, mixed-initiative planning, as well
as explainable optimization is particularly important in practical engi-
neering optimization where the discrepancies between the implemented
mathematical model and the user’s understanding of the real-world
problem are inevitable. Early results on explainable optimization in
production system configuration have been presented in [40]. The
complete integration of the explainable optimization methods proposed
there into the decision-support tool is a direction for future work.

6.2. Overview of Functionalities: Energy Fvaluator

To enable energy-focused decision making, the Energy Evaluator comple-
ments the System Configurator by the detailed assessment of the energy per-
formance of a candidate system configuration. It provides simulation-based
feedback on the energetic and environmental implications of configuration
choices, thereby supporting the selection of energy-efficient system designs.
It provides the following main functionalities:

e [t performs simulation-based analyses to generate configuration-specific
load profiles by deriving the detailed schedule of tasks and correspond-
ing component energy states over time.

e It computes the following energy-related key performance indicators
(KPIs), derived from the simulated load profiles and the corresponding
evaluation models: total energy consumption, energy consumption per
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Figure 8: Screenshot from the decision-support tool: specification of a component in the
component library.

product and per cycle, value-adding (working-state) and non-value-
adding (idle) energy consumption, and peak load. In addition, energy
costs and total costs are calculated for the system as a whole, per
product, and per cycle. Unlike System Configurator, the calculation of
KPIs takes into account the timing and occurrence of the values, so that
the ramp-up and ramp-down of production are factored in. Especially
in the case of slow-moving, energy-intensive, or small-batch production
systems, these energy consumption figures can contribute significantly
to total consumption.

e Finally, the results are presented interactively via a graphical user in-
terface, including time-resolved load profiles, KPI summaries (see Fig-
ure , and detailed task sequences in the form of Gantt charts, en-
abling users to analyze system behavior and identify energy optimiza-
tion potentials.

For the evaluation of the configuration in economic and ecological dimen-
sions, the total costs (C) as well as the amount of greenhouse gas emissions
(E) expressed as the carbon footprint in the unit of carbon dioxide equiv-
alents (kgco,.) were selected. The cost formula is based on [45] but was
simplified to fit the applied energy consumption model:
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Figure 9: Screenshot from the decision-support tool: components view of the optimal
system configuration for a project.

C=Cw+Cg

Resource costs (costs that are related to the initial investment, operation,
and maintenance of resources, Cyy) are calculated by multiplying occupancy
times with the respective resource cost factors. The overall resource cost is
the sum of the individual component costs. Energy costs (Cg) are composed
of line-induced grid energy costs, grid peak load costs, self-generation energy
costs and revenues from grid feed-in. For reasons of simplification and be-
cause of the assembly line focus of the approach, non-line-induced shares of
these cost types (e.g., from auxiliary or building-related energy users) were
not considered in the evaluation.

6.3. Software Implementation

The System Configurator is implemented as a single HTML5-based Java
Enterprise Edition web application. Graphical outputs are rendered using
embedded SVG images. All data are stored and transmitted in JSON format.
The data structures are documented and illustrated with examples in the
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Figure 10: Screenshot from the decision-support tool: display of the results of a configu-
ration evaluation.

online repositoryﬂ. The production system configuration problem is solved
using the FICO Xpress 9.4 mathematical optimization solver.

The energy evaluator is implemented as a Python-based web application,
combining a simulation-driven backend with a browser-based front end. The
backend uses Flask to provide HTTP interfaces and orchestrate discrete-
event simulations implemented with SimPy. Input and output data are con-
sistently stored and transmitted in JSON format, enabling integration with
external components. Interactive graphical outputs, such as load profiles and
evaluation results, are rendered in an HTML5/CSS3 and Vanilla JavaScript
interface. The underlying data structures and exemplary datasets are also
documented and provided in the online repository.

7. Validation

A fourfold validation of the proposed methodology has been performed.
First, the practical applicability of the proposed modeling framework is
demonstrated by encoding the mMS sample use case. Second, the obtained

Thttps://git.sztaki.hu/emi/earas-articles
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configuration is analyzed through Pareto and sensitivity analyses. Third, the
prediction accuracy of the method regarding energy consumption is demon-
strated via three product variants in the mMS use case. Finally, experiments
are conducted on randomly generated large-size problem instances to inves-
tigate the computational efficiency of the approach.

7.1. Modeling the Sample Use Case

The applicability and soundness of the proposed modeling framework
were validated by encoding the mMS sample use case, presented earlier in
Section [3.1] Modeling the existing physical process first required identifying
the production tasks and the corresponding components in such a way that
the tasks capture continuous, non-overlapping segments of the process, and
each task can be characterized by clearly defined start and end times, as well
as by a single component that executes it. This resulted in 17 tasks and 6
corresponding primary components, as shown in Table in the Appendix.
Moreover, three important auxiliary components providing different services
to the primary components were also added to the model: (1) the base cell,
which contains the common mechanical, electrical, and pneumatic infrastruc-
ture for the primary components; (2) the PLC, which controls the operation
of a single station or of the entire system; and (3) the air compressor, which
provides compressed air to pneumatic components.

The technological requirements of the tasks and the components were
captured by 10 functions. This includes 7 symbolic functions encoding the
capabilities of the 6 primary components. In most cases, the capabilities of
a component are encoded in a single function; however, the press executes
two types of tasks: it first loads the lower part (press loading function), and
then loads the upper part and joins the two parts (pressing function). Since
these two functions must be provided by the same press component, they are
grouped together into a function group.

Regarding the functions provided by auxiliary components to primaries,
controlling the operation of different components is captured by the PLC
channels additive function: the PLC must provide as many 1/O channels as
the sum of the channel requirements of the controlled components. Com-
pressed air pressure is a maxitive function: all individual components can
be served by a single compressor that provides the maximum of the required
pressure values.

Finally, two energy carriers are considered: electricity, with consumption
measured in watt-hours (Wh) and compressed air, measured in normal liters
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(N1). Since the compressed air energy carrier and the air pressure maxitive
function must be provided by the same compressor, these two are combined
into a function group.

Regarding energy consumption, tasks executed by pneumatic components
are characterized by their working-state compressed air consumption. The
duration of the working-state energy block is equal to the duration of the
task. No idle consumption of compressed air is modeled, which corresponds
to the assumption that there is no leakage in the pneumatic system.

Electricity consumption measurements performed on the AC and DC
sides of the physical mMS system showed that, somewhat surprisingly, the fi-
nal AC consumption of the system is practically independent of the executed
tasks. This is due to the low DC-side power demand and the inefficiency
of AC/DC conversion. Accordingly, electricity consumption was captured as
the idle consumption of the base cells.

Additional electricity consumption occurs at the air compressor in the
form of indirect consumption caused by the hysteresis control of the com-
pressed air tank. This consumption was characterized by the transfer func-
tion of the air compressor, identified from repeated measurements involving
the controlled emptying and refilling of the tank.

The process plan of the basic product, including tasks, durations, and
compressed air consumption is detailed in Table [A.4] in the Appendix. An
overview of these tasks and their temporal relations were presented earlier in

Figure [2|

7.2. Solving the Configuration Problem: Pareto and Sensitivity Analyses

A Pareto analysis of the two objectives, investment and energy costs,
together with a sensitivity analysis of the cycle time limit are conducted
to demonstrate the practical value of the proposed solution approach for
decision support. In these experiments, the component library includes all
components present in the physical mMS system, with true measured task
duration and energy consumption data; as well as alternative components
to illustrate different features of the proposed approach. Consequently, for
almost all component types in the mMS use case, alternative choices are
available, allowing selection between a slower, smaller, and less expensive
component and a faster, larger, and more expensive one.

The configuration obtained by minimizing only the investment cost, with
a sufficiently large cycle time limit, is considered to be the baseline configu-
ration. For this solution, the slower, lower-cost components are selected in
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Figure 11: Pareto frontier between the investment and energy costs in the sample use case.
The labels above the diagram indicate the changed components compared to the baseline
configuration, together with their station number. 2PU stands for pinning unit in Station
2, while AC for air compressor.

all cases, resulting in an investment cost of 38 400 EUR, an energy cost of
775 EUR, and a cycle time of 44.5 seconds.

Figure[11]shows the Pareto frontier between the two elements of the objec-
tive function, whereas Figure [12{ reports the optimal configurations and their
costs for different cycle time limits under equal objective function weights.
Both figures compare the corresponding configurations with the baseline case.
The Pareto frontier consists of four configurations, and the cycle time sen-
sitivity analysis identifies five relevant solutions, with only two appearing in
both sets.

The configurations comprising the Pareto frontier differ in the selected
pinning unit in Station 2 and the installed air compressor. The most energy-
efficient configuration is associated with 668 EUR energy cost, 41 600 EUR
investment cost, and a cycle time of 44.5 seconds. From the 107 EUR re-
duction of energy costs compared to the baseline configuration, roughly 37
EUR comes from the decreased cycle time and the corresponding lower idle
electricity consumption, made possible by the more efficient pinning unit.
Conversely, the same pinning unit has a higher compressed air consumption,
increasing the energy costs by 10 EUR. Finally, the more efficient air com-
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Figure 12: Investment and energy costs of the optimal solutions with equal objective
function weights and different cycle time limits. The labels above the diagram indicate the
changed components compared to the baseline configuration, together with their station
number. 2PU stands for pinning unit in Station 2, 2P for press in Station 2, 1SC for shape
control unit in Station 1.
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pressor lowers the energy costs by 80 EUR. In addition to illustrating the
trade-off between the different objectives, changes in energy prices would also
lead to one of the configurations along the Pareto frontier being optimal.

The cycle time sensitivity analysis presented in Figure [12| shows that the
baseline configuration has the highest cycle time of 44.5 seconds among the
relevant solutions, whereas the fastest possible line has a cycle time of 36.5
seconds. As the cycle time limit decreases (the relevant constraint becomes
stricter), the total cost increases. At the same time—as the changes in the
configurations suggest—the bottleneck station alters repeatedly between the
first and second stations. However, for some component types, there are
several switches between the slower and faster units, some of which may
initially seem counterintuitive, see, e.g., the shape control unit in the first
station. This pattern arises from the synchronization constraints, which sig-
nificantly influence station cycle time calculations. Some components affect
the cycle times of multiple stations through all of their assigned tasks (e.g.,
the sole task assigned to the pinning unit is involved in the synchronization
of Stations 1 and 2) or through only a subset of their assigned tasks (e.g.,
one of the two tasks of the press is member of the synchronized task sets),
see Figure [2|

The results demonstrate the value of the proposed approach as a decision-
support tool by identifying different optimal configurations under varying
objectives and constraints faced by the decision maker. They also show
that small changes in the input parameters lead to correspondingly moderate
changes in the resulting configurations.

7.3. Verification of the Energy Consumption Model

In order to verify the proposed energy consumption model, three prod-
uct variants in the mMS use case were considered with well-distinguishable
complexity, and consequently consumption levels (high, medium, and low).
The low-complexity product variant was a version of the product described
in Section Medium- and high-complexity product variants were created
by modifying the process parameters of several tasks, as shown in Table
in the Appendix.

The process of validation for the prediction accuracy of the proposed
method consisted of the following steps:

1. Energy consumption and task duration data were collected via mea-
surements about the production of a single workpiece for each of the
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three product variants. Measured data included the duration of each
task (seconds); current (amps) measured by an ATO-CUS-AC1500 Hall
sensor; and compressed air flow (normal liters per minute) measured
by an IFM SD5000 sensor. Consumption was measured for the whole
line at each tenth of a second during production.

2. Based on this information, a baseline ES model was set up for the
high-complexity product variant.

3. Applying the real (measured) task duration values, and the energy
intensity parameters calibrated to the high-complexity variant, the en-
ergy consumption of the medium- and low-complexity variants were
predicted.

4. The accuracy of the ES model was assessed by comparing the predicted
and measured consumption values.

The process above emulates the practical problem where energy consump-
tion measurements are available for an existing product variant, whereas pre-
dictions are required for similar, future variants for the design of a new or
updated manufacturing system.

As measured electricity consumption was practically constant, its aver-
age value was assigned to the base cells as idle consumption. Conversely,
compressed air consumption showed substantial variation over time, while
no leakage was detected. Accordingly, air consumption was modeled as the
working-state consumption of the executed tasks. In order to mitigate mea-
surement errors that resulted in small air consumption values occurring after
(and rarely, also before) executing pneumatic tasks, these values were reas-
signed to the nearest pneumatic task in time. As compressed air consumption
varies significantly even during the execution of a task, the modification of
process parameters presented in Table could potentially result in inac-
curate predictions.

Electricity Compressed air

Product variant | Predicted Measured  Error | Predicted Measured Error
High-compl. 7.2972 Wh  7.2972 Wh  0.00% | 8.4617 N1 84617 N1  0.00%

Medium-compl. | 6.3178 Wh  6.3262 Wh  0.13% | 6.7477 NI  6.7385 NI  0.14%
Low-compl. 4.7730 Wh  4.7669 Wh  0.13% | 4.5276 N1  4.5203 N1  0.16%

Table 3: Results of the energy consumption prediction accuracy verification.
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The results of the prediction accuracy test are presented in Table [3] As
expected, prediction errors are zero for the high-complexity product variant,
which is used for model calibration. For the other two variants, the errors
remain below 0.2%, both for electricity and compressed air. It should be em-
phasized that this extremely high accuracy was achieved because all processes
in the mMS system are highly deterministic, and because of the relatively
small difference between the existing system, represented by the measured
high-complexity variant, and the future system, represented by the medium-
and low-complexity target variants. In many industrial applications, sys-
tems may be subject to substantially greater uncertainty, or the differences
between the existing and future systems may be more pronounced.

In real-world manufacturing lines, predictions based on discrete energy
blocks exhibit greater variability. For instance, in a comprehensive study on
automotive body shop lines across over 200 workgroups, Teiwes et al. [14]
reported prediction errors between 15% and 30% for energy block models.
Crucially, as highlighted by [14], traditional early-stage design typically op-
erates with over-dimensioning and estimation uncertainties of 300% to 400%.
Consequently, even with industrial error margins of 15-30%, the underlying
energy block modeling approach provides substantial accuracy improvements
for early-stage system configuration decisions.

7.4. Computational Fvaluation

While the solution of the above variants of the small-scale sample problem
took only 0.1-0.2 seconds, computational efficiency may become a relevant
aspect for large-scale industrial problems. For this reason, computational
experiments investigated the efficiency of the proposed solution approach.
Preliminary experiments identified problem size, objective function, and the
external supply of energy carriers as factors that substantially affect solver
performance. In contrast, other parameters, such as the tightness of the cycle
time limits, were found to have very little impact.

Benchmark problem instances were generated based on the mMS use case,
by preserving the problem structure (types of tasks and components, function
requirements, energy carriers, etc.), but building a set of large, diverse, and
computationally challenging instances. Instance size was increased by dupli-
cating the stations (from the original 3 stations to 2 x 3 =6, 4 x 3 =12, or
6 x 3 = 18 stations), tasks (from 2-8, on average 5.67 tasks per station in the
original mMS use case to 2 x 5.67 = 11.33, 4 x 5.67 = 22.67 or 6 X 5.67 = 34
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tasks per station on average in the instances), as well as the number of com-
ponent types (from the original 9 component types to 2 x 9 = 18, 4 x 9 = 36,
or 6 x 9 = 54 component types). Numeric parameters, including compo-
nent costs, task durations, working-state and idle energy consumption were
randomized by a +£50% perturbation of the original mMS parameter values.
Cycle time limits were set according to the average durations over the differ-
ent execution modes of the tasks at each station, i.e., roughly the half of the
combinations of execution modes satisfy the cycle time limit.

Three different objective functions were considered: investment cost (w; =
1, wg = 0), energy cost (wy = 0, wg = 1), and total cost (w; = wg = 1). All
instances were solved with and without compressed air supplied externally.
In the latter case, the solver must select the most appropriate air compressor
from the component library.

The above generation scheme, comprising 3% different instance sizes, 3
objective functions, and 2 options for the availability of compressed air, re-
sulted in 3% x 3 x 2 = 162 instance classes. Generating 5 random instances
for each class yielded a total of 162 x 5 = 810 instances.

A standalone solver implemented in FICO Xpress v9.4 was used for the
experiments, which included the same MILP model as embedded in the web-
based decision-support tool. Experiments were run on a personal computer
with Intel i7 1.80 GHz CPU and 16 GB RAM, with a time limit of 600
seconds per instance.

A summary of the computational results is displayed in Figures[13]and[14]
whereas detailed results are presented in Tables in the Appendix.
The results indicate that very large problem instances, namely, over 90%
of the instances with up to 12 stations, 204 tasks and 54 component types,
could be solved to proven optimality. For the remaining instances, the solver
hit the time limit, and terminated with a valid but possibly sub-optimal
solution.

Yet, performance depends heavily on instance characteristics, as displayed
in Figure[13} minimizing investment cost (97.4% of the instances solved to op-
timality, 18.8 s average computation time, 0.3% average gap) is significantly
easier than minimizing total cost (72.2% optimal, 176.3 s computation time,
2.7% gap), whereas the most challenging objective is clearly minimizing en-
ergy cost alone (48.8% optimal, 316.9 s computation time, 12.2% gap). The
reason is that investment cost is expressed simply as a weighted sum over
the core decision variables z.,; in the objective (1)) of the MILP, whereas en-
ergy cost is inferred via a complex network of auxiliary binary variables and

38



v 0.65 108.35 132.20 100% 82.22% 79.26%
es

Compressed air available externally

No
37.02 244.33 501.55 94.81% 62.22% 18.51%
wr =1, wg =0 wr=1lLwg =1 wr =0, wg =1 wr =1, wg =0 wr =1Lwg =1 wr =0, wg =1
Objective function weights Objective function weights
Average solution time (s): Ratio of optimally solved problems:
| 400-600 m 200-400 = 0-200 B 0%20% m 20%40% m 40%—60%

m 60%-80% = 80%—-100%

1.87% 1.14% 0% 24.79% 12.92%

=)
N

Yes

Compressed air available externally

No
0.67% 3.53% 23.29% 21.51% 39.49% 47.30%
wr =1, wg =0 wr =1l,wg =1 wr =0,wg =1 wr =1l,wg =0 wr =1l,wg =1 wr =0,wg =1
Objective function weights Objective function weights
Average gap: Maximum gap:
m 20%-25% m 15%-20% m 10%-15% m 40%-50% m 30%-40% m 20%-30%
m 5%-10% m 0%5% m 10%20% m 0%-10%

Figure 13: Computational results by instance characteristics: heat maps displaying the
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function weights (horizontal axis) and compressed air supply (vertical axis).
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constraints, including indicator (logical inference) constraints. Total cost is
easier than energy cost alone because the solver can use the easy-to-compute
investment cost component as a strong lower bound. Nevertheless, it should
be noted that energy cost as a single objective is hardly relevant in practical
applications.

Moreover, instances where compressed air is supplied externally (87.2%
optimal, 80.4 s computation time, 1.0% gap) are easier to solve than in-
stances where an air compressor must be installed (58.5% optimal, 261.0 s
computation time, 9.2% gap). Like above, the reason is the mathematically
complex model of energy conversion, using binary variables and indicator
constraints. Finally, as expected, performance degrades with the increase of
instance size, which includes the decrease of the ratio of instances solved to
proven optimality, as well as the increase of computation time and optimality
gaps, see Figure [I3

The average optimality gap was 5.1% considering all instances, and 18.7%
over the instances where the time limit was hit. This includes large gaps on
a few outlier instances: the largest optimality gap encountered was 47.3%. It
is noted that the rapid increase of the optimality gap depending on instance
size and characteristic is a common phenomenon when solving large-scale
MILPs using exact solvers subject to a fixed time limit. The reported gaps
reflect partly the sub-optimality of the computed solution, and partly the
looseness of the lower bound. The relative contribution of these two factors
can be determined only when the exact optimal solution is known.
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Overall, these results suggest that the approach is readily applicable to
industrially relevant problem sizes. In extreme environments where even
larger instances must be tackled, the development of efficient heuristics can
be an interesting direction for future research.

8. Conclusions and Future Research

8.1. Research Implications

This paper proposed a novel approach to the energy-aware configuration
of production systems. The approach relies on the following key elements:
(1) an energy state model of the production system, characterizing energy
consumption at the level of individual system components and tasks; (2) the
integration of the energy state model into a formal mathematical model of
the production system configuration problem; and, as a result, (3) an over-
all decision-support framework that enables the consideration of the energy
consumption of production systems already in the early design stage, and
therefore, effectively minimizing the total investment and energy cost of the
future system.

In this way, the proposed approach supports the energy-aware configura-
tion of production systems, and substantially extends classical configuration
methods, which typically consider only investment cost during system design
and evaluate energy efficiency only a posteriori.

A case study on a physical production line confirmed the applicability of
the proposed approach to real industrial scenarios. In particular, the energy
state model enabled highly accurate prediction of electricity and compressed
air consumption when extrapolating from measured data for an existing prod-
uct variant to a future variant with a different process plan. This accuracy is
partly attributable to the highly deterministic and relatively simple produc-
tion environment, which should be considered when comparing these results
with those reported for more complex industrial environments.

An important limitation of the proposed approach is that, among various
practically relevant energy- and sustainability-related objectives, it focuses
exclusively on minimizing energy consumption or cost, assuming a known and
fixed (or average) unit energy cost for large-batch production. A richer set of
objectives, including line-level peak load, self-generation, carbon footprint,
and ramp-up/ramp-down events in small-batch production, is evaluated a
posteriori by the Energy Evaluator module. Some of these objectives can
also be integrated into the optimization model. For example, finite batch
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sizes and the resulting ramp-up/ramp-down activities can be captured by
incorporating these activities into the energy state model and assuming a
representative batch size. Others require substantially extending the model
scope. Line-level peak load, for instance, requires time-varying task con-
sumption in the energy state model and detailed task scheduling. Plant-level
peak load, in turn, requires extending the scope to the entire plant.

The most relevant direction for future research is the development of re-
liable methods for constructing energy state models for novel products and
processes, especially in cases where these differ significantly from previously
measured variants. In addition, extending the approach toward the explicit
integration of energy flexibility into production system configuration is of
particular interest. This includes the consideration of technologies such as
variable-speed drives, flexible heating and cooling systems, and multi-energy
equipment, enabling the adaptive operation of production systems in re-
sponse to the current energy environment.

8.2. Implications for practitioners

Efforts to enforce energy efficiency during the early-stage design of pro-
duction systems are hampered by the limited availability of detailed knowl-
edge about the energy consumption characteristics of system components
and manufacturing tasks. In many applications, only high-level measure-
ments (typically at the plant level, or at best at the production line level)
are available. Consequently, developing a detailed understanding of energy
consumption behavior is of utmost importance for improving the energy ef-
ficiency of production systems.

To address this issue, an energy state model was proposed that charac-
terizes energy consumption at the level of individual tasks and components.
It was demonstrated that the proposed model can be directly embedded
into formal mathematical models that are tractable by off-the-shelf opti-
mization solvers. This enables the effective estimation and minimization of
energy costs already during the early stages of manufacturing system design.
These techniques were implemented in a prototype decision-support software
tool that facilitates a mixed-initiative configuration process, combining auto-
mated problem solving with manual modifications to accommodate specific
user preferences.

When the target system differs only slightly from an existing system for
which measured data are available, the energy state model provides a sur-
prisingly accurate estimate of future energy consumption. In cases where
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the differences are significant, additional research is required; in this context,
the application of machine learning techniques appears to be a promising
direction.

In the case of the physical production line investigated in the experiments,
several measured characteristics were unexpected even for experienced engi-
neers. Due to the inefficiency of AC/DC conversion, the activity of DC-
powered components had no observable impact on the overall AC power con-
sumption. As a result, total energy consumption could only be reduced by
decreasing the cycle time or by improving the efficiency of AC/DC conversion.
In contrast, compressed air consumption and pneumatic components have a
direct impact on energy costs. First, potential air leakages must be elim-
inated; furthermore, investment into more energy efficient pneumatic com-
ponents can be economically justified. Similar easy-to-follow rules of thumb
can be highly valuable for practitioners; however, establishing generic and
reliable guidelines for system design and operation requires insights gained
from a large and diverse set of applications. Developing such guidelines is
therefore an important direction for future research.
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Appendix A. Data for the mMS Use Case

Compressed
Component name Task name Dur (s) air flow

(N1/s)

Separation magazine T1: Load lower part 4.5 ~0
Conveyor T2: Move lower part to Locl.2 3.8 0

Shape control unit T3: Check lower part 7.0 ~0
Conveyor T4: Move lower part to S2 3.8 0

Separation magazine T5: Load upper part 4.5 ~0
Conveyor T6: Move upper part to Locl.2 3.8 0

Shape control unit T7: Check upper part 7.0 ~0
Conveyor T8: Move upper part to S2 3.8 0
Conveyor T9: Move lower part to Loc2.1 3.5 0

Pinning unit T10: Insert pins into lower part 9.0 0.035
Conveyor T11: Move lower part to Loc2.2 3.5 0

Press T12: Take lower part into press 8.0 0.13
Conveyor T13: Move upper part to Loc2.2 7.0 0

Press T14: Join upper+lower parts 8.0 0.264
Conveyor T15: Move product to S3 5.5 0
Conveyor T16: Move product to Loc3.1 8.0 0

Warehouse T17: Store product 15.0 0.029

Table A.4: The process plan of the single product and the compressed air consumption of

the appropriate component-task pairs in the sample use case.
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Modified task Modification Medium High
Additional reject

T3: Check lower part . 9 13
cylinder movements
Additional reject
T7: Check upper part cylinder movements 9 13
T10: Insert pins Additional product 5 -
into lower part holder movement
T12: Take lower Vacuum lifter is on 1 9
part into press for additional time (sec)
T14: Join upper+ Vacuum lifter is on 1 9
lower parts for additional time (sec)
Acceleration of the warehouse
T17: Store product is increased (mm/sec) 300 800
Velocity of th hous
T17: Store product oLy OF LHE Watehouse 1500 3000

is increased (mm/sec)

Table A.5: Modifications of process parameters for the medium- and high-complexity
variants compared to the original low-complexity variant used for the verification of the
energy consumption model.

Appendix B. Detailed Computational Results
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.1 0.0% 0.0%
36 5 0.2 0.0% 0.0%

54 5 0.4 0.0% 0.0%

136 18 5 0.1 0.0% 0.0%

36 5 0.4 0.0% 0.0%

54 5 0.9 0.0% 0.0%

204 18 5 0.1 0.0% 0.0%

36 5 0.5 0.0% 0.0%

54 5 4.7 0.0% 0.0%

12 136 18 5 0.1 0.0% 0.0%
36 5 0.1 0.0% 0.0%

54 5 0.2 0.0% 0.0%

272 18 5 0.1 0.0% 0.0%

36 5 0.2 0.0% 0.0%

54 5 0.6 0.0% 0.0%

408 18 5 0.1 0.0% 0.0%

36 5 0.7 0.0% 0.0%

54 5 1.0 0.0% 0.0%

18 204 18 5 0.2 0.0% 0.0%
36 5 0.3 0.0% 0.0%

54 5 0.3 0.0% 0.0%

408 18 5 0.3 0.0% 0.0%

36 5 0.3 0.0% 0.0%

54 5 0.9 0.0% 0.0%

612 18 5 0.2 0.0% 0.0%

36 5 2.0 0.0% 0.0%

54 5 2.8 0.0% 0.0%

total: 135 avg.: 0.7 avg.: 0.0% max.: 0.0%

Table B.6: Computational results on generated problem instances: investment cost mini-
mized (w; = 1, wg = 0), compressed air supplied externally.
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.1 0.0% 0.0%
36 5 0.3 0.0% 0.0%

54 5 2.2 0.0% 0.0%

136 18 5 0.2 0.0% 0.0%

36 5 0.7 0.0% 0.0%

54 5 2.0 0.0% 0.0%

204 18 5 0.1 0.0% 0.0%

36 5 1.4 0.0% 0.0%

54 4 144.3 3.6% 18.0%

12 136 18 5 0.2 0.0% 0.0%
36 5 0.2 0.0% 0.0%

54 5 0.4 0.0% 0.0%

272 18 5 0.2 0.0% 0.0%

36 5 0.5 0.0% 0.0%

54 5 1.2 0.0% 0.0%

408 18 5 0.9 0.0% 0.0%

36 1 480.8 6.0% 10.8%

54 0 600.0 9.1% 10.6%

18 204 18 5 0.5 0.0% 0.0%
36 5 0.7 0.0% 0.0%

54 5 0.6 0.0% 0.0%

408 18 5 2.9 0.0% 0.0%

36 5 1.9 0.0% 0.0%

54 5 1.8 0.0% 0.0%

612 18 1 481.4 18.1% 24.8%

36 0 600.0 7.0% 10.6%

54 0 600.0 6.8% 8.4%

total: 111 avg.: 108.3 avg.: 1.9% max.: 24.8%

Table B.7: Computational results on generated problem instances: total cost minimized
(wy = 1, wg = 1), compressed air supplied externally.
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.0 0.0% 0.0%
36 5 0.2 0.0% 0.0%

54 5 0.7 0.0% 0.0%

136 18 5 0.1 0.0% 0.0%

36 5 0.7 0.0% 0.0%

54 5 1.9 0.0% 0.0%

204 18 5 0.0 0.0% 0.0%

36 4 190.1 0.4% 1.8%

54 0 600.0 5.7% 9.2%

12 136 18 5 0.1 0.0% 0.0%
36 5 0.6 0.0% 0.0%

54 5 8.8 0.0% 0.0%

272 18 5 0.1 0.0% 0.0%

36 5 1.3 0.0% 0.0%

54 4 226.8 0.6% 3.2%

408 18 5 0.3 0.0% 0.0%

36 0 600.0 1.9% 2.5%

54 0 600.0 7.7% 10.7%

18 204 18 5 0.2 0.0% 0.0%
36 5 1.2 0.0% 0.0%

54 5 3.6 0.0% 0.0%

408 18 5 0.2 0.0% 0.0%

36 5 4.7 0.0% 0.0%

54 4 127.7 0.4% 2.1%

612 18 5 0.3 0.0% 0.0%

36 0 600.0 5.8% 11.5%

54 0 600.0 8.4% 12.9%

total: 107 avg.: 132.2 avg.: 1.1% max.: 12.9%

Table B.8: Computational results on generated problem instances: energy cost minimized
(wy =0, wg = 1), compressed air supplied externally.
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.2 0.0% 0.0%
36 5 0.3 0.0% 0.0%

54 5 0.3 0.0% 0.0%

136 18 5 0.4 0.0% 0.0%

36 5 3.5 0.0% 0.0%

54 5 2.8 0.0% 0.0%

204 18 5 0.3 0.0% 0.0%

36 5 5.4 0.0% 0.0%

54 5 4.9 0.0% 0.0%

12 136 18 5 9.1 0.0% 0.0%
36 5 2.5 0.0% 0.0%

54 5 2.8 0.0% 0.0%

272 18 5 6.7 0.0% 0.0%

36 5 3.4 0.0% 0.0%

54 5 5.6 0.0% 0.0%

408 18 5 43.5 0.0% 0.0%

36 5 6.7 0.0% 0.0%

54 5 7.9 0.0% 0.0%

18 204 18 5 3.1 0.0% 0.0%
36 5 5.5 0.0% 0.0%

54 5 8.6 0.0% 0.0%

408 18 2 362.9 11.5% 21.5%

36 5 6.0 0.0% 0.0%

54 5 9.3 0.0% 0.0%

612 18 1 480.6 6.7% 13.1%

36 5 7.3 0.0% 0.0%

54 5 9.8 0.0% 0.0%

total: 128 avg.: 37.0 avg.: 0.7% max.: 21.5%

Table B.9: Computational results on generated problem instances: investment cost mini-
mized (w; = 1, wg = 0), compressed air generated within the system.
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.2 0.0% 0.0%
36 5 1.0 0.0% 0.0%

54 5 4.7 0.0% 0.0%

136 18 5 0.5 0.0% 0.0%

36 5 2.3 0.0% 0.0%

54 5 18.8 0.0% 0.0%

204 18 5 0.5 0.0% 0.0%

36 5 5.0 0.0% 0.0%

54 3 245.5 3.6% 11.2%

12 136 18 5 4.1 0.0% 0.0%
36 5 40.3 0.0% 0.0%

54 3 253.6 1.9% 5.4%

272 18 4 136.0 3.7% 18.4%

36 3 242.8 1.4% 6.1%

54 3 306.2 2.2% 5.6%

408 18 2 435.5 10.8% 22.5%

36 1 481.1 3.1% 4.4%

54 1 481.8 6.1% 8.0%

18 204 18 4 147.2 1.4% 7.0%
36 5 34.7 0.0% 0.0%

54 3 393.5 0.4% 1.1%

408 18 2 361.6 15.8% 39.5%

36 0 600.0 2.6% 3.0%

54 0 600.0 4.3% 6.0%

612 18 0 600.0 28.0% 31.2%

36 0 600.0 4.4% 6.4%

54 0 600.0 5.6% 7.1%

total: 84 avg.: 244.3 avg.: 3.5% max.: 39.5%

Table B.10: Computational results on generated problem instances: total cost minimized
(wy = 1, wg = 1), compressed air generated within the system.
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nStation nTask nComponent Opt  Avg. time (s) Avg. gap Max. gap
6 68 18 5 0.4 0.0% 0.0%
36 4 297.0 2.9% 14.6%

54 1 537.8 20.3% 44.0%

136 18 5 0.4 0.0% 0.0%

36 0 600.0 12.5% 23.9%

54 0 600.0 18.4% 36.6%

204 18 5 15.4 0.0% 0.0%

36 0 600.0 23.9% 31.0%

54 0 600.0 25.3% 32.9%

12 136 18 2 449.4 4.6% 11.2%
36 0 600.0 30.8% 35.1%

54 0 600.0 36.7% 40.8%

272 18 0 600.0 11.6% 16.8%

36 0 600.0 35.5% 41.5%

54 0 600.0 39.7% 47.3%

408 18 0 600.0 23.0% 29.6%

36 0 600.0 37.2% 38.8%

54 0 600.0 35.4% 38.7%

18 204 18 0 600.0 20.7% 25.6%
36 0 600.0 34.8% 42.0%

54 0 600.0 40.6% 46.1%

408 18 2 360.7 15.2% 31.1%

36 0 600.0 34.0% 44.2%

54 0 600.0 40.7% 46.6%

612 18 1 480.7 14.2% 25.2%

36 0 600.0 35.6% 41.9%

54 0 600.0 35.2% 41.4%

total: 25 avg.: 501.5 avg.: 23.3% max.: 47.3%

Table B.11: Computational results on generated problem instances: energy cost minimized
(wy =0, wg = 1), compressed air generated within the system.
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