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Abstract

Industrial electric drives account for a dominant share of electricity consumption in manu-
facturing, making their optimal configuration a critical factor for both sustainability and
cost reduction. Traditional design approaches based on prototyping and empirical testing
are often costly and insufficient for systematically exploring alternative configurations.
This study introduces an integrated computational framework that combines digital twin
(DT) modeling and virtual commissioning (VC) to enable energy-aware configuration of
industrial electric drive systems at early design stages. The methodology employs param-
eterized component models derived from manufacturer catalog data, implemented in a
commercial simulation environment and integrated into an industrial-grade VC platform.
Validation is performed on two conveyor-based testbeds, enabling systematic comparison
of simulation outputs with physical measurements. The results demonstrate predictive ac-
curacy sufficient to quantify trade-offs in energy consumption, losses, and efficiency across
different vendor solutions. Case studies involving belt and strap conveyors highlighted
how the framework supports vendor-neutral decision making, revealing nonintuitive opti-
mization trade-offs between minimizing energy consumption and maximizing efficiency.
The proposed framework advances sustainable automation by embedding energy analysis
directly into commissioning workflows, offering reproducible, scalable, and cross-domain
applicability. Its modular design supports transfer to sectors such as renewable energy,
transportation, and biomedical mechatronics, where energy efficiency is equally decisive.

Keywords: digital twin; virtual commissioning; electric drive systems; energy efficiency;
conveyor systems; sustainable automation; Industry 4.0

1. Introduction

Industrial electric drive systems account for approximately 45% of global electricity
consumption and up to 70% within industrial facilities [1]. Their optimal configuration is,
therefore, essential for achieving sustainability targets and reducing operating costs. With
rising energy prices and stringent environmental regulations, such as the European Green
Deal’s target of a 55% reduction in greenhouse gas emissions by 2030 [2], the systematic
design of energy-optimized drive systems has become a strategic priority. This challenge
spans diverse sectors, from conveyor systems, pumps, and compressors in manufacturing
to specialized applications in robotics, renewable energy systems [3-5], and biomedical
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engineering, for example, portable devices, robotic surgery, and advanced prosthetics [6-9],
where energy constraints directly affect performance.

The economic potential of improved industrial drive efficiency is substantial, rein-
forcing the urgency of adopting simulation-driven approaches. This trend is reinforced by
policy and regulatory initiatives, including IEC 60034-30-1 [10] efficiency standards and
the extended product approach under the Ecodesign Directive [11]. At the global level,
energy-aware drive design directly supports the United Nations Sustainable Development
Goals, particularly SDG 7 (affordable and clean energy) and SDG 9 (industry, innovation,
and infrastructure) [12].

International policy frameworks have set ambitious energy-reduction targets. These
drivers create both challenges and opportunities for manufacturing industries to adopt
simulation-based optimization. Traditional design approaches for drive systems have relied
heavily on physical prototyping and empirical testing. While effective, these methods are
costly, time-consuming, and limited in their ability to systematically evaluate multiple
design alternatives. Computational modeling addresses these shortcomings by providing
reproducible and scalable analyses. Within this paradigm, two complementary concepts
enable systematic exploration: digital twins (DTs), which provide parameterized, reusable
models replicating physical and dynamic characteristics of real systems, and virtual com-
missioning (VC), which validates control software against high-fidelity system models
by integrating real control logic, vendor-specific data, and closed-loop testing [13-16].
Crucially, the synergy between DT (providing high-fidelity component physics) and VC
(enabling real-time HIL tests with industrial control) allows for the first-time systematic
evaluation of energy consumption and efficiency under dynamic, real-world operating
conditions, which is the core focus of this study.

Despite these advancements, existing approaches inadequately integrate DT and VC
for energy-aware design of drive systems [17]. Current DT-based approaches typically
emphasize generic system modeling without direct industrial applicability, while VC
studies focus primarily on functional verification without incorporating detailed energy
analysis [18,19]. This methodological gap limits the availability of computational methods
for vendor-neutral, energy-aware component selection and system configuration. Bridging
this gap is essential for advancing sustainable automation practices.

This study addresses three research questions: (1) How can DT models be effectively in-
tegrated with VC platforms to enable energy analysis? (2) What level of predictive accuracy
can be achieved using only manufacturer catalog data? (3) How can the framework support
vendor-neutral component selection decisions? To answer these questions, an integrated
computational framework is introduced. The proposed approach combines parameterized
digital twin models with virtual commissioning capabilities to enable quantitative energy
analysis of industrial electric drive systems at early design stages.

This study also examines the identified gaps by presenting the first comprehensive
framework that integrates detailed DT models of drive components with industrial VC plat-
forms for energy-aware configuration. Unlike prior work focusing on either system-level
DT concepts or functional VC validation [17,20,21], this research provides the following:
(1) physics-based component models with validated energy predictions, (2) systematic
catalog-based parameterization procedures, (3) seamless integration with industrial control
hardware, and (4) vendor-neutral evaluation methodology demonstrated on multivendor
testbeds. By embedding an energy analysis into established engineering workflows, the
proposed approach advances both the scientific understanding of DT-VC integration and
its practical applicability for sustainable automation.

The main contributions of this paper are given as follows: (1) a structured methodol-
ogy for simulation-driven energy optimization of industrial drives, (2) a validated library
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of parameterized component models enabling vendor-neutral evaluation, (3) seamless inte-
gration with industrial VC platforms ensuring practical applicability, and (4) experimental
validation on conveyor-based testbeds, demonstrating predictive accuracy and industrial
relevance. These contributions advance the state-of-the-art by providing systematic tools
for energy-aware drive configuration within established engineering workflows.

The remainder of this article is structured as follows. Section 2 reviews related work
on digital twins, virtual commissioning, and energy-aware drive configuration. Section 3
presents the proposed computational framework and DT library. Section 4 provides a
detailed mathematical description of the physics-based digital twin models, including the
parameterized equations for the inverter, induction motor, and mechanical subsystems.
Section 5 describes the integration with an industrial VC platform. Section 6 reports
validation results obtained on conveyor-based testbeds. Section 7 applies the framework to
case studies in component selection. Section 8 discusses implications and limitations, and
Section 9 concludes the paper with directions for future research.

2. Related Work

Contemporary mechatronic system engineering is evolving toward simulation-based
digital design, with digital twins and virtual commissioning emerging as key paradigms
for accelerating development [20]. This section reviews recent contributions in VC, DT,
and energy-aware drive modeling, highlighting current capabilities and limitations that
motivate the present research.

2.1. Virtual Commissioning and Limitations

Virtual commissioning is widely recognized as a method for shortening development
cycles and improving quality by enabling early-stage testing in risk-free environments.
Recent contributions confirm its role in PLC testing, offline commissioning, and operator
training, reducing software-hardware integration risks and supporting operator readi-
ness [21-25]. Commercial tools such as Siemens SIMIT, ABB RobotStudio, or EKS RF::Suite,
employed for control logic validation and broader system integration [17,26].

However, VC implementations often rely on simplified plant or drive models that omit
dynamic and energy-related behavior, limiting realistic evaluation [17,21,27]. Lifecycle-
oriented methodologies emphasize parallel development, continuous support, and stake-
holder collaboration [23-25,28,29], yet the absence of accurate drive-level models restricts
energy-aware design. Case studies in rolling mills, robotic cells, and bottling plants demon-
strate VC’s potential, although quantitative energy assessments remain scarce [17,22,26,30].
Domain-specific DT software for infrastructure [31] and entity data models for simu-
lation [32] have been proposed, yet energy-aware VC workflows across devices remain
underdeveloped. Current practice emphasizes functional and safety validation over energy-
related performance metrics, limiting sustainability-driven engineering.

2.2. Digital Twin Challenges

Digital twin technologies extend VC by enabling dynamic synchronization between
virtual and physical systems. Research highlights their potential for automated re-
commissioning using multibody dynamic models and adaptive control strategies [21].
Applications in electric vehicles and locomotive systems demonstrate their ability to val-
idate energy management strategies and assess design requirements [33,34]. DTs have
also been employed to model electrical energy conversion systems, where case studies
confirmed their capability to capture dynamic efficiency and operational performance
under varying load conditions [35].
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Industrial projects further illustrate both achievements and limitations. The EUREKA
Clusters initiative delivered methodologies for energy-efficient manufacturing applicable
during VC [36], while the AREUS project achieved up to 30% energy savings in KUKA
robots through 600 VDC grid integration [37-39]. The ongoing SPEAR project developed
predictive tools for energy optimization during VC [40,41]. These initiatives demonstrate
the industrial relevance of simulation-driven energy optimization, yet they mostly target
system-level performance rather than detailed drive-level fidelity.

A recent review emphasized the role of DTs in industrial energy management, identi-
fying classification schemes, challenges, and future directions, particularly regarding the
integration of monitoring and optimization functions [42]. Nevertheless, their use in drive
systems remains largely conceptual, with limited integration into industrial workflows.
Practical aspects such as calibration and tuning of motor—inverter subsystems for energy
optimization are rarely addressed, which weakens the connection between DT-based simu-
lations and industrial drive engineering.

Beyond industrial automation, DT frameworks have also been explored in healthcare.
Shu et al. [6] demonstrated real-time synchronization between patient anatomy and tool
motion in skull base surgery, while Vallée [7] and Mone [8] discussed their broader role in
biomedical systems. Additionally, Corral-Acero et al. [43] introduced a cardiac digital twin
enabling precision cardiology, showing how simulation—data integration can transform
patient-specific decision making. Although outside of the energy domain, these cases
illustrate the methodological transferability of DT concepts.

Most current implementations provide system-level synchronization but insufficient
coverage of drive-level energy performance—a decisive factor in industrial automation.
The reviews confirm that, while DTs are increasingly adopted in domains such as smart
grids and renewable energy [44], their deployment in industrial drive engineering remains
exploratory. This mismatch between the high potential of DT frameworks and their limited
application underscores the need for approaches that couple adaptive, model-based DTs
with real-time data. Recent advances suggest that such integration can enhance resilience,
improve fault tolerance, and increase operational flexibility in power systems [45].

2.3. Drive Modeling and Energy Efficiency

High-fidelity models of electric drives capture nonlinearities, component-level losses,
and control dynamics, offering valuable insights into performance under diverse operating
conditions [46—48]. Modular simulation environments and catalog-based parameteriza-
tion procedures enable systematic validation of inverters, motors, and mechanical sub-
systems [49]. Despite these advances, such models are typically developed in isolation,
without systematic integration into VC or DT workflows.

Studies on energy efficiency have quantified consumption profiles, regenerative brak-
ing, and hybrid storage strategies [46,50,51]. Recent analyses also highlight the dominant
role of industrial drives in global energy demand [24,25,28]. Yet these insights are seldom
embedded into VC/DT environments, which limits their impact on virtual validation and
energy-aware system configuration.

Bridging these two domains—i.e., the precision of high-fidelity drive models and the
systemic perspective of energy-efficiency studies—offers significant potential. Their integra-
tion into VC/DT frameworks could enable multilevel optimization, where component-level
dynamics inform system-level energy management. This convergence would strengthen the
role of digital twins in industrial drive engineering by linking detailed physical modeling
with actionable strategies for energy-aware decision support.



Energies 2025, 18, 5375

5o0f 32

2.4. Applications in Automation

VC and DT have been widely applied to automation tasks such as PLC code debugging,
virtual equipment selection, and early-stage system configuration. These applications re-
duce commissioning risks and enable hardware-in-the-loop testing [33,52]. Advanced case
studies demonstrate improvements in reliability, quality assurance, and system flexibility
through integrated simulation and control validation [17,21,26].

A methodology based on virtual commissioning demonstrated improvements in
scheduling reactive to machine breakdowns within flow shop manufacturing systems,
enhancing makespan performance via DT-supported planning [53]. Separately, a design
method employing DT for PLC control systems enabled high-fidelity validation of con-
troller logic and significantly shortened commissioning time in a multistorey elevator
prototype [54].

DT frameworks applied to hybrid vehicles with energy storage and modular sys-
tem simulations have yielded measurable improvements in energy efficiency and battery
life [33,34]. However, existing implementations still focus mainly on functional valida-
tion and operational flexibility, offering limited support for systematic, energy-oriented
evaluation of electric drive systems. Given the growing industrial demand for lifecycle-
based energy assessments, VC and DT frameworks must evolve to explicitly integrate
energy-aware modeling and evaluation.

2.5. Research Gaps

The limitations identified across VC, DT, drive modeling, and automation applications
converge into several critical research gaps. Analysis of existing literature, summarized in
Table 1, reveals four primary gaps that this research addresses:

e Integration gap. VC implementations lack embedded energy modeling capabilities,
while energy-efficient drive models remain isolated from commissioning platforms.

e  Fidelity gap. Current DT frameworks provide system-level modeling without the
component-level drive detail necessary for accurate energy prediction.

e Validation gap. Limited experimental validation of energy predictions in industrial
settings, with most studies relying on simulation-only verification.

e Application gap. Absence of vendor-neutral evaluation frameworks that enable sys-
tematic comparison of drive alternatives.

Table 1. Summary of related work on VC, DT, and energy-aware drive modeling.

Research State of the Art and Identified .
Domain Key Contributions Limitations Representative References
Early-stage PLC testing, offline Use of simplified models, lack of detailed
Virtual commissioning, operator training, and risk  drive dynamics and energy aspects, and

commissioning (VC)

reduction in
software-hardware integration

focus on functionality and safety
over efficiency

[17,21-23,26,27,29]

Digital twins (DT)

Dynamic synchronization of physical and
virtual systems and applications in electric
vehicles, locomotives, smart grids, and
biomedical systems

Conceptual maturity but limited
industrial deployment, weak links to drive
configuration and energy analysis, and
primarily system-level optimization, not
component-level

[20,33-35,37,42,44,45]

Drive modeling and
energy efficiency

High-fidelity models that capture losses,
nonlinearities, and control dynamics and
efficiency maps and hybrid energy
storage strategies

Rarely integrated into VC/DT workflows,
a gap between simulation results and
commissioning practice, and a lack of

translation into virtual
commissioning environments

[24,25,46-51]

Automation
applications

Case studies in rolling mills and robotic
cells, control verification, and applications
in vehicles with hybrid energy storage

Energy assessment remains secondary, a
limited systematic evaluation of lifecycle
performance, and a focus on functional
correctness, not energy efficiency

[17,21,26,31-34,52]
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These gaps establish the need for the unified framework presented in this paper,
which integrates high-fidelity drive models with industrial VC platforms while maintaining
practical applicability through catalog-based parameterization.

3. Proposed Methodology

This section introduces a structured, simulation-driven methodology for the energy-
aware configuration of industrial electric drive systems. The framework integrates digital
twin modeling, virtual commissioning, and systematic validation, establishing a repro-
ducible workflow that links early-stage system design with industrial applicability. The
overall process is organized into five sequential stages (Figure 1), which include:

Development of parameterized component models,
Integration into a standardized simulation environment,
Evaluation of energy-related performance indicators,
Validation against measurements from physical testbeds,

SRR .

A decision-support layer.

Manufacturer
catalog data

1. Digital twin model development
(component-based, parameterized)

—>Simulations under realistic loads

2. Simulation execution
(standardized scenarios)

— Energy quality indicators computed

3. Energy performance evaluation
(energy consumption, losses, efficiency)

——Error metrics calculated

4. Model validation
(test benches, error metrics)

—>Ranking of alternatives

5. Comparative analysis & decision support
(applications, ranking, knowledge base)

Validated Energy Hardware
models indicators configurations

Figure 1. Information and decision flow within the proposed simulation-based methodology for
energy-aware configuration of industrial electric drive systems.

The methodology addresses Industry 4.0 priorities and sustainability requirements
by incorporating energy efficiency assessment directly into digital engineering workflows.
The novelty lies in combining parameterized DT component models, validated against
physical testbeds, with a vendor-neutral VC environment. This hybrid integration ensures
not only functional verification but also quantitative energy analysis at the design stage,
providing a transparent, reproducible, and vendor-independent evaluation that ensures
scalability across different applications.
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3.1. Model Development

The framework employs a modular digital twin modeling approach representing the
key components of industrial electric drive systems. This approach facilitates the creation of
a reusable library of models for typical drive components, enabling engineers to benchmark
alternative hardware solutions transparently across manufacturers.

The developed DT models cover the inverter, induction motor, shaft, gearbox, rolling
bearings, load, and encoder. Parameterization is derived exclusively from manufacturer cat-
alog data, ensuring broad applicability without requiring proprietary information. Where
necessary, catalog data are refined through empirical measurements to improve fidelity.

A detailed mathematical description of each subsystem, including the governing equa-
tions, parameterization procedures, and implementation details, is presented in Section 4.
This comprehensive modeling foundation ensures both predictive accuracy and industrial
applicability of the proposed framework.

3.2. Simulation Environment

DT models are implemented in the EKS RF::ViPer VC environment. Standardized
operating scenarios—including acceleration and deceleration profiles, conveyor tasks, and
scalar control strategies with linear or quadratic voltage amplification—reflect typical intral-
ogistics operations. Embedding DT models in the VC platform extends the methodology
beyond pure simulation, enabling hardware-in-the-loop testing and control validation
using industrial PLCs.

3.3. Evaluation

Simulation outputs are evaluated with energy-related indicators to assess the perfor-
mance of alternative hardware and control strategies. These metrics provide a quantitative
basis for comparing different configurations under realistic operating conditions. The
analyzed indicators include total energy consumption, energy losses, and overall efficiency,
which are used to evaluate both absolute energy demand and relative performance.

3.4. Model Validation

Model accuracy is established through systematic comparison with measurements
obtained from two physical conveyor-based testbeds. Both long-duration and transient
operating profiles are executed under identical boundary conditions in simulation and
experiment to ensure a direct comparison of energy consumption time series. Validation is
quantified using a set of standard accuracy indicators—mean error, mean absolute error,
root mean square error, and mean absolute scaled error—along with energy-specific error
metrics, such as absolute and relative energy deviations. This dual validation, covering
both signal accuracy and cumulative energy consumption, reinforces predictive reliability
and enhances the industrial relevance of the models.

3.5. Decision-Support Layer

The framework incorporates a decision-support layer that synthesizes validated sim-
ulation results into actionable engineering insights. Key performance indicators include
total energy consumption, component-specific losses, and overall system efficiency. These
indicators provide a quantitative basis for ranking hardware alternatives and assessing the
impact of control strategies. By structuring validated results into a reusable knowledge
base, the framework supports vendor-neutral decision making and facilitates the inclusion
of sustainability metrics in industrial design workflows.

In summary, the proposed computational framework provides a complete pathway
from component modeling to decision support, ensuring both scientific rigor and industrial
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Eactual = Emax

applicability. The modular architecture enables extension to emerging domains while
maintaining core energy optimization capabilities.

4. Modeling of Electric Drive Systems

This section provides the mathematical and functional descriptions of the digital twin
models developed for the proposed methodology. The subsystem models cover the inverter,
induction motor, gearbox, and rolling bearings.

4.1. Inverter Model

The created inverter model is designed to encapsulate the primary functions essential
for control and energy analysis within industrial environments. These functions include
sophisticated speed profile management, positioning, scalar control strategies, and the
calculation of energy-related parameters.

4.1.1. Speed Profile Generator

The model incorporates three industrial ramp types (rectangular, trapezoidal, and
smoothed with corresponding angular acceleration waveforms). The dynamic ramp time
tramp is calculated via the speed change factor 71440, defined as:

Nsetpoint — Nactual
N pgetor = |—bo Adun | 1
factor Mrated (1)
where 71,10, is the speed change factor [1], 725t point 18 the setpoint speed value [rpml], 14c1y1
is the actual speed value [rpm], and #,,,4 is the nominal speed of the motor connected to
the inverter [rpm)].
The total time required for speed change t,4 is calculated via the following:

¢ _ tramp_init + nfuctortmmp_up dla ‘nsetpoint‘ > |nactual‘ tVﬂmP,fi”ﬂl )
ramp = — —F
2 nfuctortmmp_down dla ‘nsetpoint‘ < |nactuﬂl‘ 2

where ty4p is the time required to change the motor speed to the setpoint value [s], t,4/p_init
is the initial rounding time of the speed profile [s], tyamp_up is the defined motor acceleration
time [s], tyump_down is the defined motor deceleration time [s], and t,p_final is the final
rounding time of the speed profile [s].

The maximum angular acceleration €4y, required to achieve the nominal speed within
the defined ramp time, is calculated using:

e At dla ’nsetpoint’ > |Mactual| N Eramp_up #0

tmmp_up
e _ Zi m,;;m;;in At dla ’”setpoint’ < |nactuul| A tmmp_down 7é 0 (3)
max = -
60 Nyated dla ’nsetpoint’ > |nactual| /\ trampfup =0

—Myated dla ’nsetpoint’ < |nactual| /\ tmmp_down =0

where €4« is the angular acceleration required to reach nominal speed within the ramp time
[rad/s?], and At is the cycle time of the implemented speed profile generation algorithm [s].

The actual angular acceleration €,.,,,;, dependent on the current segment of the speed
profile, is determined by:

tmmpfactual

dla tmmp_actual < tramp_init

tra;np7i11it

1 dla tmmp_init < tmmpfactual < tmmp - trampffinal ’ 4
1 _ tmmp_actual_trﬂmp+tramp_final

trampffinal dla tmmp_actuﬂl > tmmp - tmmp_finul
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where €., is the actual angular acceleration [rad/ s?], and tramp_actuar 18 the currently
realized fragment of the speed profile [s].
Finally, the actual speed 1, is calculated using the following result:

27 60
Nyctual = (nuctual60 + SactualAt> E (5)

4.1.2. Positioning Algorithm

The positioning model calculates the required angular distance a¢,_go or linear dis-
placement st,_¢o necessary for deceleration, based on the speed profile’s acceleration char-
acteristics, i.e.,

2
(tmmpdown nfactor) trampf,vml 2 60
Xto_go = Emax 5 16 27 (6)

where aty_go is the angular distance required to reach the setpoint value [rad], and

Sto_go = Xto_gol, 7)

where s, g0 is the linear displacement required to reach the setpoint value [m] and r is the
rotating arm radius [m].

4.1.3. Scalar Control Algorithms

The models implement linear control. The motor supply frequency f,.s,q is calculated
for both strategies using [55]:

Nyctual
fuctuul = fs/ (8)
Nyated

where f,,q1 is the actual output current frequency from the inverter [Hz] and f; is the
power supply network frequency [Hz].

For linear scalar control, the output voltage U, is determined by the following
relationship:

{ uactual = %(us - uboost) + uboost (9)

0 < Uppost < 0.25U5

where U4, is the actual output voltage from the inverter [V], Us is the RMS voltage of
the power supply network [V], and Uy, is the voltage boost value at zero speed [V].

4.1.4. Inverter Efficiency and Power Consumption

The inverter’s efficiency n;,, is determined by the ratio of output power to input

power [56]:
i = L1008 1000, (10)
P inv_in
where n;,,, is the inverter efficiency [%], P, ot is the output power of the inverter to the
motor [W], and P, ;, is the power drawn by the inverter from the network [W].

The total electrical power consumption from the grid P, ,,» is calculated as the sum
of standby power Pygpy_ino and power loss, based on the motor’s power consumption
Peon_motor [55]:

Pcon_inv — Lstdby_inv + (1 - qinv)Pfﬂﬂ_momrf (11)

where Py, iy is the actual power drawn from the supply network by the inverter [W],
Pstdby,inv is the stand-by power drawn by the inverter [W], and P.o;;_motor is the actual power
drawn by the motor connected to the inverter [W].
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4.2. Induction Motor Model

The motor model provides crucial electrical and mechanical parameters, focusing on
efficiency and power factor, both of which are parameterized using catalog data.

4.2.1. Motor Efficiency and Power Factor

Motor efficiency n,,os, is calculated by the ratio of mechanical output power to
electrical input power [57], i.e.,

Wmotor = @100%1 (12)
ele_in
where 1,4, is the electric motor efficiency [%], Pyech_ oyt is the mechanical power value at
the motor output [W], and P,, ;, is the electrical power value at the motor input [W].
Using manufacturer catalog data points (for full, 3/4, and 1/2 load), the actual motor
efficiency Nyo0r moder is approximated by a logarithmic fit:

rLmotor_mmiel = 1000/0(” n_motor_model In Pload_motor + bl’]__motor_model) (13)

where Nyo10r_moder 18 the actual motor efficiency [%], an_motor_model 18 the coefficient a for

the logarithmic fit of efficiency [1], Pjouq is the actual motor load (ratio of output

motor
power to nominal value) [1], and br_uotor_model 1S the coefficient b for the logarithmic
fit of efficiency [1].

The motor’s power factor cosg, ;1o moger 1 Similarly defined and approximated by a

logarithmic fit based on catalog data:

Coscpmotor_model = (a cosq_motor_model In Pload?motor =+ bcos<p7motor7model) (14)

where cos@,,,10, moder 18 the actual motor power factor [1], acosg_motor_moder is the coefficient
a for the logarithmic fit of power factor [1], and beosg_motor_moder is the coefficient b for the
logarithmic fit of power factor [1].

4.2.2. Motor Power Consumption

The electrical power consumed by the motor Peon_motor is the core output for energy
analysis. It is calculated by linking the required mechanical power (load, acceleration, and
friction power) to the motor efficiency [55]:

Progd + Pace + Pfriction (15)

P con_motor —

Nmotor_model
where Peon_motor is the actual electrical power drawn by the induction motor [W], Pyy,4
is the actual load power of the motor at rest [W], Py is the actual power required for
motor speed change (acceleration/deceleration) [W], Pfyiction is the actual power required
to overcome friction forces (e.g., in gearbox, bearings) [W], and n,,0s,, . is the actual

model
motor efficiency [%].

4.3. Mechanical Subsystems

The mechanical part of the drive system was divided into three key subsystems:
gearbox, rolling bearings, and load. Each was modeled separately to capture energy losses
and reflected inertia.
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4.3.1. Gearbox

The gearbox model calculates the output speed 744,40, and output power based on
the gear ratio i and efficiency N g, p0,- The output speed is as follows [58]:

Nactual
i

Meearbox =

, (16)

where Ngeqp0x 18 the gearbox output speed [rpml], 1,44 is the actual motor shaft speed
(gearbox input) [rpm], and i is the gearbox ratio [1]. Gearbox efficiency Ngearpox_moder 18
approximated using a logarithmic fit to the manufacturer’s data points:

_ (agearhox_model In Nyctual + bgearbox_model) 100% dla Nactual > 10 17
rlgearbox_model - ’ ( )

rlgearbox_startup dla Mactual <10

where Ngearbox,mogel is the gearbox efficiency determined in the created model [%], Agearbox ol
is the coefficient a for the logarithmic fit of efficiency [1], bgeqrpox,,,,, 1S the coefficient b for
the logarithmic fit of efficiency [1], and Ngearboxstartup is the gearbox startup efficiency [%].

4.3.2. Rolling Bearings

Two catalog-based models are implemented to estimate friction torque M, which
defines the friction loss power Pficjon in Equation (15). These models require only
catalog data.

1. Standard conditions model. Friction torque M is calculated by the equivalent dynamic
load P and the friction coefficient u [59], i.e.,

M = Py—d, (18)
2
where M is the bearing friction torque [Nm], P is the equivalent dynamic bearing load
[N], p is the bearing friction coefficient [1], and d is the bearing bore diameter [m].
2. Non-standard conditions model. A more detailed model separates the friction torque
into load-independent My and load-dependent M; components [59,60]:

M = My + My, (19)

where the load-independent component My depends on viscosity v and bearing
size dy:
2
My = fod% (vngearbox) ’ 1077 dla UNgearbox > 2000[ (20)
fod3160 x 1077 dla 0ngearpox < 2000
where fj is the manufacturer-supplied coefficient (type, size, and lubricant) [1], d,, is
the bearing pitch diameter [m], v is the kinematic viscosity of the lubricant [m2/s],

and 7geqrpox 1s the actual shaft speed (gearbox output) [rpm]. The load-dependent
component M; is calculated using the equivalent static load P:

d
My =f1P07m, (21)

where f; is the manufacturer-supplied coefficient (type, size, static load) [1] and P, is
the equivalent static bearing load [N].
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4.3.3. Load and Reflected Inertia

Accurate calculation of the reflected inertia Ij,,7_, 1 is essential for dynamic and
acceleration power calculations Py..

1. Load mounted on the gearbox output (e.g., rotating buffer). Reflected inertia is
calculated using [61]:

I
lioad s = 224 (22)

where Ij,,4_, 0 is the reflected inertia [kg-m?], I, is the inertia of the tool /load on the
gearbox output [kg-m?], 115 is the gearbox efficiency [%], and i is the gearbox ratio [1].

2. Conveyor systems. Reflected inertia is calculated using two drive shafts I, and I »
and the mass of the belt/straps m, [62]:

2
Ieyi 14 ley o Fey™me
nGi2 nGi2

Lioad—sm = (23)
where I, is the inertia of the drive shaft connected to the gearbox output [kg-mz],

ICylz
is the radius of the conveyor drive shafts [m], and m. is the mass of the belt/straps

is the inertia of the drive shaft not connected to the gearbox output [kg-m?], Teyl
conveyor [kg].

5. Experimental Setup and Validation Environment

The proposed methodology was validated using a hybrid infrastructure that com-
bined physical conveyor-based testbeds and a virtual commissioning environment based
on the RF::Suite platform (Figure 2). This section describes the hardware and software
architecture employed in the study, demonstrating its role in ensuring reproducibility and
industrial relevance.

Virtual Commissioning
REF::ViPer

Verified Models, Control Logic

Data Acquisition
OPC-based connectivity [«—— Measurements
to PLC & RF::ViPer

Physical Testbeds
Siemens, SEW, NORD

Figure 2. Developed framework based on a modular structure consisting of four levels.

5.1. Physical Testbeds

Two conveyor installations were used to obtain reference measurements and to assess
the predictive accuracy of the digital twin models. Both testbeds were jointly developed by
PROPOINT S.A. and the Silesian University of Technology and equipped with industrial-
grade components.

5.1.1. Belt Conveyor System

The primary test stand (Figure 3) is a belt conveyor composed of three independent
conveyor lines, each representing a complete drive system with distinct characteristics. The
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configuration enables parallel testing under identical load conditions, facilitating direct
performance comparison. Each motor is coupled with a gearbox and transmits torque to
a belt roller with a diameter of 45 mm and a mass of 3.1 kg. The rollers are mounted on
SKEF ball bearings, and each system is equipped with a SICK encoder to provide accurate
position and speed feedback. This installation served as the main experimental platform
for model validation.

ENGINE AND GEARS

Figure 3. Test stand with a belt conveyor.

5.1.2. Strap Conveyor System

The second test stand (Figure 4) is a strap conveyor, providing alternative mechanical
characteristics while maintaining electrical compatibility with the validated drive models.
The main structural difference is the use of two V-belts instead of a flat belt, combined with
125 mm pulleys mounted on each shaft. This modification increased the effective shaft
mass to 5.8 kg, altering the load characteristics while maintaining compatibility with the
drive systems. This alternative mechanical configuration provided mechanical variability,
allowing evaluation of the generalization capabilities of the DT models.

Figure 4. Test stand with a strap conveyor.
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5.2. Data Acquisition and Control Infrastructure

Both conveyor systems were operated via Siemens S7 series programmable logic
controllers (PLCs). The data acquisition system captures electrical parameters at a 2 kHz
sampling rate and mechanical variables at 100 Hz, ensuring adequate resolution for both
steady-state and transient analysis. Time synchronization between measurement channels
maintains phase coherence with accuracy better than 1 ms. A standardized OPC-based
interface was employed to collect electrical signals (voltage, current, and power) and
mechanical responses (speed and position). Synchronized logging ensured comparability
between datasets from virtual and physical setups, enabling systematic model validation.

5.3. Virtual Commissioning Environment

A VC environment was established using RF::ViPer, part of the RF::Suite platform, to
bridge the gap between model-based simulation and real-world control execution. The
VC architecture implements deterministic real-time execution with guaranteed cycle times,
essential for accurate energy prediction under dynamic operating conditions. The setup
included the RF::FSBox hardware device, which emulated Profinet communication in real
time, making it indistinguishable to the PLC whether the connected devices were simulated
or physical. A Siemens S7-319F-3 PN/DP PLC (Siemens AG, Nuremberg, Germany) was
integrated into the VC workstation, enabling execution of IEC 61131-3 [63] compliant
control logic in a realistic setting (Figure 5). This configuration enabled seamless interaction
between the digital twin models and industrial-grade control hardware.

]

L=

PLC programming
l environment

PLC Driver
Siemens® S7 319F-3 PN/DP

. &,

. ® Virtual Commlssmnmg
Simulator PROFINET enviroment

EKS® RF::FSBox EKS® RF::ViPer

l@l.

Figure 5. Topology of the VC station used in the research.

The VC setup validated both functional accuracy and timing behavior of the control
logic. Running the control on a physical PLC exposed the logic to real cycle times and
network latencies, providing a realistic assessment of the energy performance of both the
drive systems and the associated control strategies.

5.4. Integrated Framework Summary

The combination of two conveyor testbeds and RF::ViPer-based virtual commission-
ing created a comprehensive validation environment. This tri-level architecture ensures
consistency across modeling, simulation, and experimental validation while maintaining
industrial relevance. The platform demonstrates scalability from component-level testing
to system-wide evaluation.

The framework established a closed loop between model-based studies and physical
experimentation. Simulation results were directly comparable with measurements from
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the conveyor stations, while the VC layer enabled pre-validation of control programs
before deployment. This integration reduced commissioning risks, minimized hardware
reconfiguration efforts, and ensured transferability of the methodology to larger-scale
industrial systems.

6. Experimental Validation and Results

The validation procedure was conducted on modular, component-based digital twin
models of industrial electric drive systems. Validation experiments followed a structured
protocol designed to assess model accuracy across diverse operating conditions represen-
tative of industrial applications. Each drive was decomposed into its key subsystems—
inverter, induction motor, shaft, gearbox, rolling bearings, load, and encoder—represented
by parameterized models derived from manufacturer catalog data. This DT-based repre-
sentation ensured reusability.

The modular architecture provided systematic reusability across applications and
consistent transfer between platforms, ensuring reproducibility, scalability, and industrial
portability. Structured validation experiments were performed using two conveyor-based
testbeds. The validation focused on energy consumption predictions under scalar control
strategies. Systematic comparison of simulation outputs with experimental measurements
assessed the accuracy of the proposed models in reproducing real-world drive behavior.

6.1. Validation Methodology

The validation methodology employs a comprehensive set of statistical indicators to
assess both instantaneous accuracy and cumulative energy prediction performance. The
following four quality indicators were used to validate electric drive system models in
terms of electrical energy consumption:

e mean error MEp,yw_con to capture overall bias in energy predictions:

ME pow_con —

|-

n
Z(Pcon_actual_reul_i - Pcon_actual_sim_i) (24)
i=1

where 7 is the number of measurement samples taken [1], Py, gctual sim i is the current
value of the electrical energy consumed from the grid by the inverter model [W], and
Poon actual rear i is the current value of the electrical energy taken from the grid by the
actual inverter [W];

e  mean absolute error MAE pow_con tO provide a straightforward measure of average deviation:

12
MAEPOW_COH = EZ'Pcon_actual_real_i - Pcon_actual_sim_i|r (25)
i=1

e mean absolute scaled error MASE ., as a scale-independent statistic suitable for
comparing across models and operating conditions:

MAE
MASE,,; = pow_con

(26)

1 n ¢
n—1 Zl‘:z |Pcon_actual_real_i - Pcon_actual_reul_ifl |

e root mean square error RMSEpow_con, which penalizes larger deviations and thus
reflects sensitivity to transient peaks in the energy profiles:

1& 2
RMSEPDW_COH = ; Z(pconfactuuljeulj - Pcon?uctual?sim?i) . (27)
i=1
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To strengthen the methodological foundation of the validation, the selected statisti-
cal indicators are grounded in best practices from simulation-model validation literature.
Hora and Campos [64] provide a comprehensive review of performance criteria for sim-
ulation models and emphasize that error-based and scale-independent measures should
be combined to capture complementary aspects of model fidelity. The simultaneous use
of ME pow_con, MAEpow_con, MASE 41, and RMSEpow_con ensures that both systematic bias
and random fluctuations are assessed. This choice aligns with established model evaluation
guidelines [65], where multiple complementary criteria are recommended to achieve a
balanced assessment of model performance.

Additionally, electrical energy consumption was measured for both the physical drive
system and its simulated counterpart. The following indicators were employed to evaluate
the obtained values:

e  absolute error:
AEenfcon = |ECOY1 - Econ_real|r (28)

where E, is the amount of measured electrical energy consumed in the propulsion
system model [Wh], and E,,, ;¢ is the amount of measured electrical energy expended
in the actual propulsion system [Wh],

e relative error:

AEEVIfCOVl

‘ Econ?real |

RE ey con = 100%. (29)

Measurements were conducted over a period of 3600 s, with a sampling interval of 0.5 s,
resulting in 7200 samples (i.e., n = 7200). For all the tests presented in Sections 6.2.1-6.2.3,
an identical cycle of setpoint speed changes was applied. The setpoint speed was updated
every 30 s, taking values of 0, 200, 400, 600, 800, or 1200 rpm.

6.2. Results
6.2.1. Influence of Speed Profile Generator Settings on Electrical Energy Consumption

The effect of the speed profile generator settings on system-level electrical energy
consumption was evaluated. Two distinct acceleration profiles were tested to assess model
sensitivity to dynamic operating conditions. Both a rectangular ramp and a trapezoidal
ramp were applied, with acceleration and deceleration times of 10 s and 30 s, respectively.
A linear scalar control algorithm with a boost voltage of 0 V was employed.

The first configuration evaluated incorporated a Siemens SINAMICS inverter.
Representative waveforms are shown in Figure 6 (rectangular ramp) and Figure 7
(trapezoidal ramp).

The quality indicator values are presented in Table 2, while the measured electrical
energy consumption is summarized in Table 3. The results demonstrate a strong correlation
between simulated and measured values, with relative errors consistently below acceptable
thresholds for industrial applications.

For the SEW system, corresponding indicators are reported in Table 4 and energy val-
ues in Table 5. The analysis revealed that rectangular ramps produced higher instantaneous
errors due to rapid power transitions, while trapezoidal profiles yielded smoother energy
trajectories with improved prediction accuracy.

For the NORD system, results are summarized in Tables 6 and 7, confirming that the
modeling approach maintains accuracy across different manufacturer implementations
despite variations in internal control algorithms.
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Figure 6. Electrical energy consumption profile over time for validating the drivetrain system model
with a Siemens SINAMICS inverter, using a rectangular ramp.
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Figure 7. Electrical energy consumption profile over time for validating the drivetrain system model
with a Siemens SINAMICS inverter, using a trapezoidal ramp with acceleration and deceleration
times of 10 s (left-hand side) and 30 s (right-hand side).

Table 2. Quality indicator values for validating the drive system model with a Siemens SINAMICS
frequency inverter under different speed profile generator settings.

Ramp Type
) ) Trapezoidal
Quality Indicator Rectangular Acceleration and Braking Times [s]
10 30

MEpow_con [W] 4.40 1.95 9.22
MAEpow_con [W] 5.45 3.94 9.22
MASEpow_con [1] 2.14 1.80 5.97
RMSEpow_con [W] 10.73 5.24 9.73
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Table 3. Electrical energy consumption of a drive system with a Siemens SINAMICS inverter under
different speed profile generator configurations.

Ramp Type
Electrical Energy Trapezoidal
Consumption Rectangular Acceleration and Braking Times [s]
10 10

Econ_reat [Wh] 65.01 65.35 75.01

con_sim IWh] 62.59 63.72 67.48
AEen con [Wh] 242 1.63 7.53

REen_con [%] 3.72% 2.49% 10.04%

Table 4. Quality indicator values for validating a drive system with an SEW inverter under different
speed profile generator settings.

Ramp Type
) ) Trapezoidal
Quality Indicator Rectangular Acceleration and Braking Times [s]
10 30
MEpow_con [W] 6.73 3.52 —1.58
MAEpow_con [W] 11.19 9.72 10.86
MASEpow_con [1] 6.52 6.65 7.96
RMSEpow_con [W] 16.38 13.53 14.02

Table 5. Electrical energy consumption of a drive system with an SEW inverter under different speed
profile generator settings.

Ramp Type
Electrical Energy Trapezoidal
Consumption Rectangular Acceleration and Braking Times [s]
10 10
Econ_reas [Wh] 55.30 53.10 54.47
con_sim IWh] 49.14 51.55 57.09
AEey_con [Wh] 6.16 1.55 2.62
REen_con [%] 11.14% 2.92% 4.81%

Table 6. Quality indicator values for validating a drive system with a NORD inverter under different
speed profile generator configurations.

Ramp Type
) ) Trapezoidal
Quality Indicator Rectangular Acceleration and Braking Times [s]
10 30

MEpow_con [W] 212 5.59 5.97

MAEpow_con [W] 8.37 8.22 7.03

MASEpow_con [1] 2.86 2.82 3.32

RMSEpow_con [W] 14.30 9.09 7.69

6.2.2. Influence of Positioner Settings on Electrical Energy Consumption

An investigation of the positioner settings (set speeds and acceleration/deceleration
times) was conducted using linear control with a boost voltage of 0 V and the Siemens
SINAMICS system from Test Stand No. 2.

A linear displacement of 0.85 m was executed, with two acceleration/deceleration
times (1 s and 5 s). The corresponding waveforms are shown in Figure 8 (465 rpm) and
Figure 9 (930 rpm).
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Table 7. Electrical energy consumption of a drive system with a NORD inverter under different speed
profile generator settings.

Ramp Type
Electrical Energy Trapezoidal
Consumption Rectangular Acceleration and Braking Times [s]
10 10

Econ_reat [Wh] 80.67 84.95 90.49

con_sim [Wh] 78.47 80.06 84.86

AEen con [Wh] 2.20 4.89 5.63

en_con [(70] 2.73% 5.76% 6.22%
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Figure 8. Time course of electrical energy consumption during the validation of the positioning
process for a drive system model with a Siemens SINAMICS inverter, using a setpoint speed of
465 rpm and acceleration/deceleration times of 1 s (left-hand side) and 5 s (right-hand side).
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Figure 9. Time course of electrical energy consumption during the validation of the positioning
process for a drive system model incorporating a Siemens SINAMICS inverter, using a setpoint speed
of 930 rpm and acceleration/deceleration times of 1 s (left-hand side) and 5 s (right-hand side).
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The corresponding quality indicators are reported in Table 8, with energy values
in Table 9. The results confirm a close agreement between simulation and experiment,
although errors increased slightly with longer ramp times.

Table 8. Quality indicators for a Siemens SINAMICS drive system under varying positioner settings.

Set Speed Equal to 465 rpm Set the Speed to 930 rpm
. . Acceleration and Braking Acceleration and Braking
Quality Indicator Times [s] Times [s]
1 5 1 5

MEpow_con [W] 1.44 3.13 7.05 9.13
MAEpow_con [W] 2.94 3.95 7.58 9.68
MASEpow_con [1] 0.97 1.30 1.23 3.20
RMSEpow_con [W] 432 5.15 9.73 11.79

Table 9. Energy consumption of a Siemens SINAMICS drive system for various positioner settings.

Set Speed Equal to 465 rpm Set the Speed to 930 rpm
Electrical Energy Acceleration and Braking Acceleration and Braking
Consumption Times [s] Times [s]
1 5 1 5

Econ_reat [MWh] 259 275 205 240
Econ_sim [MWHh] 253 259 186 203
AE.; con [MWh] 6 16 19 37

RE_con [%] 2.32% 5.82% 9.27% 15.42%

6.2.3. Influence of Scalar Control Algorithm Settings on Electrical Energy Consumption

Analysis of scalar control algorithm settings examined both linear and quadratic algo-
rithms, each with boost voltages of 0 V and 40 V. This investigation addresses the practical
need to optimize control parameters for specific load characteristics. A rectangular ramp
was used throughout. Quadratic scalar control was available only in the Siemens SINAM-
ICS inverter (Test Stand No. 1); therefore, this configuration was exclusively evaluated. The
corresponding quality indicators are presented in Table 10, and the measured consumption
values in Table 11.

Table 10. Quality indicator values for the validation of a drive system with a Siemens SINAMICS
inverter for various scalar control algorithm configurations.

Type of Scalar Control Algorithm

Li drati
Quality Indicator tneat Quadratic
Boost Voltage [V] Boost Voltage [V]
0 40 0 40
MEpow_con [W] 4.40 —7.83 —0.56 —2.80
MAEpow_con [W] 5.45 10.02 4.52 7.44
MASEpow_con [1] 2.14 4.52 191 3.23
RMSEpow_con [W] 10.73 15.67 9.65 10.08

6.3. Analysis

The validation results confirm that the proposed modular DT modeling approach
provides accurate predictions of energy consumption in industrial drive systems. The
achieved accuracy levels confirm the framework’s suitability for engineering decision
support in component selection and system optimization. The key insights include:

e trapezoidal acceleration profiles improve both energy efficiency and prediction accu-
racy compared with rectangular profiles,
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model accuracy degrades gracefully with increasing acceleration times, maintaining
industrial applicability,

quadratic control strategies show potential advantages for specific load profiles, war-
ranting further investigation.

Table 11. Electrical energy consumption of a drive system with a Siemens SINAMICS inverter for
different configurations of the scalar control algorithm.

Type of Scalar Control Algorithm

Electrical Energy Linear Quadratic
Consumption Boost Voltage [V] Boost Voltage [V]
0 40 0 40
Econ_rea [MWh] 65.01 85.70 48.07 57.15
Econ_sim [MWHh] 62.59 93.06 49.48 59.57
AEn_con [MWh] 2.42 7.36 1.41 2.42
REen_con [%] 3.72% 8.59% 2.93% 4.23%

All the validation results were achieved using only publicly available catalog data,
demonstrating the practical applicability of the methodology without requiring proprietary
manufacturer information. The close agreement with experimental results demonstrates
the feasibility of this universal, transferable methodology for energy-aware modeling and
validation of industrial drive systems.

6.4. Cross-Vendor Comparative Analysis

The validation experiments enabled systematic comparison of predictive accuracy
across drive systems from three manufacturers: Siemens SINAMICS (Siemens AG, Munich,
Germany), SEW MOVITRAC (SEW-EURODRIVE GmbH & Co KG, Bruchsal, Germany),
and NORD NORDAC (Getriebebau NORD GmbH & Co. KG, Bargteheide, Germany).
Table 12 summarizes the aggregated error metrics across all operating scenarios, providing
quantitative evidence of the framework’s vendor-neutral applicability.

Table 12. Aggregated validation metrics for energy consumption prediction across drive systems
from three manufacturers under various operating scenarios.

. . . System System System
Scenario Metric Unit Siemens SEW NORD
Rectangular ramp \ 5.45 11.19 8.37
Trapezoidal ramp (10 s) MAE pow_con W 3.94 9.72 8.22
Trapezoidal ramp (30 s) 4 9.22 10.86 7.03
Rectangular ramp \ 10.73 16.38 14.30
Trapezoidal ramp (10 S) RMSEpow_con W 5.24 13.53 9.09
Trapezoidal ramp (30 s) W 9.73 14.02 7.69
Rectangular ramp Yo 3.72 11.14 2.73
Trapezoidal ramp (10 s) Y% 2.49 2.92 5.76
Trapezoidal ramp (30 s) Yo 10.04 4.81 6.22
Average RE,;;_con (all scenarios) % 5.42 6.29 4.90
Positioning Tasks RE
465 rpm, 1 s ramp en-con % 2.32 - -
930 rpm, 5 s ramp Y% 15.42 - -
Scalar Control Comparison
Quadratic, 0 V boost % 2.93 — -
Linear, 40 V boost % 8.59 - -

Predictive accuracy across vendors: Relative error (RE.;_con) remained below 6.3%
for all the vendors across speed profile scenarios, with NORD exhibiting the highest



Energies 2025, 18, 5375

22 of 32

overall accuracy (4.90% average RE.;_con), followed by Siemens (5.42%) and SEW (6.29%).
These values fall significantly within acceptable engineering tolerances for early-stage
design decisions, where prediction errors below 10% are typically considered sufficient for
component selection and energy budgeting. Trapezoidal acceleration profiles with a ramp
time of 10 s consistently yielded the highest prediction accuracy across all the vendors
(REey_con < 5% for Siemens and SEW, 5.76% for NORD). This improved accuracy stems
from the smoother velocity transitions inherent in trapezoidal profiles, which more closely
match the logarithmic efficiency approximations embedded in the component models.

Vendor-specific characteristics: An analysis of the error distributions revealed distinct
vendor-specific patterns:

- Siemens SINAMICS. Demonstrated the highest accuracy for trapezoidal profiles
with short ramp times (RE.;_con = 2.49%) but exhibited larger errors for extended
deceleration periods (RE.;_con = 10.04% with a ramp of 30 s). This behavior suggests
that the catalog-based efficiency model slightly underestimates thermal losses during
prolonged low-speed operation.

- SEW MOVITRAC. Showed relatively uniform prediction accuracy across ramp types
(REen_con range: 2.92-11.14%), with the largest deviation occurring during rectangu-
lar ramp profiles. The higher baseline error (compared with other vendors) likely
reflects differences in internal control algorithms not fully captured by standard scalar
control models.

- NORD NORDAC. Exhibited consistently good accuracy for standard speed profiles
(REen_con < 6.3%) but displayed increased sensitivity to ramp duration. The variability
may stem from more aggressive energy optimization features in NORD's firmware,
which introduce nonlinearities not accounted for in the simplified scalar control model.

Positioning task performance: Positioning tests (conducted exclusively on Siemens
hardware) revealed accuracy degradation with increasing speed setpoints and longer
deceleration times. At 465 rpm, prediction errors remained modest (RE;;_con = 2.32-5.82%)
but escalated significantly at 930 rpm (RE.;_con = 9.27-15.42%). This degradation correlates
with the increased dynamic contribution of acceleration power P, where small errors in
reflected inertia estimation compound during rapid speed changes.

Scalar control strategy impact: Comparison of linear and quadratic control algorithms
(Table 10) demonstrated that quadratic control with zero voltage boost achieved the best
prediction accuracy (REe;_con = 2.93%), closely matching the logarithmic efficiency pa-
rameterization. Introduction of a voltage boost of 40 V increased prediction error for
both strategies (8.59% for linear and 4.23% for quadratic), indicating that low-speed boost
behavior—though empirically included in the model—exhibits vendor-specific transient
effects not fully captured by steady-state catalog data.

Implications for component selection: The vendor-neutral validation confirms
that the catalog-based parameterization approach maintains predictive reliability across
manufacturer-specific implementations, despite inherent differences in internal control
strategies, switching frequencies, and thermal management. The achieved accuracy levels
(average RE.;_con < 7%) support the framework’s applicability for the following.

Early-stage vendor comparison: Quantitative ranking of alternative drive solutions
with confidence intervals suitable for procurement decisions. Energy budgeting: system-
level consumption estimates with margins appropriate for capacity planning and utility
contract negotiations.

Control strategy optimization: Comparative evaluation of acceleration profiles and
scalar control parameters to minimize energy consumption within cycle time constraints.

The framework’s limitations become apparent primarily during high-speed posi-
tioning tasks (>900 rpm) with rapid decelerations, where dynamic effects dominate and
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catalog-based steady-state assumptions degrade. For applications requiring sub-5% predic-
tion accuracy under such conditions, the incorporation of vendor-specific dynamic models
or empirical correction factors will be necessary.

Nevertheless, the results demonstrate that physics-based component modeling with
catalog parameterization provides a robust foundation for vendor-neutral energy assess-
ment, advancing the state-of-the-art in simulation-driven industrial automation design.

7. Case Studies: Simulation-Based Component Selection

Simulation experiments supporting component selection for two representative con-
veyor applications were conducted. These case studies demonstrate the framework’s
capability to provide quantitative decision support for real-world engineering problems.
The study employed identical drive systems available at the test benches, using a lin-
ear scalar control algorithm without a voltage boost in all the tests. Acceleration and
deceleration ramps of 1 s ensured comparability.

The following quality indicators were computed:

e  energy consumption, Ecoy:

Econ - i (Pcan_i) Atsjm ’ (30)
& 3600

where Eoy, is the electrical energy consumption [Wh], # is the number of measurement
samples taken [1], P, ; is the current value of electrical energy consumed by the
system [W], and At,;y, is the time constant of the simulator [s].

o energy losses, Ejpsses:

L At;
Ejosses = Z r riction_i Slm/ (31)
i:l< f ) 3600

where Ej;s55 is the electrical energy losses [Wh], and Pfyiction_; is the current value of
the electrical energy needed to overcome all the frictional forces, i.e., bearings and
gearbox [W];

e energy efficiency, EE:

Econ — E
EE = =< __losses 199y, (32)
ECOTZ

where EE is the energy efficiency, understood as the percentage of energy losses in
total electrical energy consumption [%].

Here, while measurements on physical test stands were feasible, additional validation
metrics AEe;_con (5) and RE.;, con (6) were also used.

7.1. Application 1—Belt Conveyor

The first case study considered a belt conveyor supplying components to a robot. This
application represents typical pick-and-place operations in automated assembly lines. The
cycle lasted 60 s, during which the robot removed four components (Figure 10). Both the
physical test bench and validated simulation models were employed.

The results in Table 13 compare electrical energy consumption across systems. Simula-
tion predictions closely matched experimental measurements, validating the framework’s
applicability for comparative analysis.

An analysis of the energy efficiency indicators (Table 14) revealed that the SEW drive
system achieved optimal performance through combined minimization of energy con-
sumption and maximization of efficiency. This dual optimization suggests inherent design
advantages for the specific load profile. This result demonstrates the framework’s capability
for identifying energy-optimal component configurations.
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Figure 10. Assumed process to deliver four components to the robot.

Table 13. Electrical energy consumption of the belt conveyor using electric drive systems available at
Test Stand No. 1.

Electrical Energy System System System
Consumption Siemens SEW NORD
Econ_real [Wh] 1.19 0.85 0.99

Econ [Wh] 1.23 0.90 0.93
AEen_con [Wh] 0.04 0.05 0.06
REen_con [%] 3.36% 6.12% 5.66%

Table 14. Quality indicator values obtained for the belt conveyor simulator using components from
Test Stand No. 1.

Quality System System System
Indicators Siemens SEW NORD
Econ [Wh] 1.23 0.90 0.93
Ejosses [Wh] 0.74 0.46 0.54

EE [%] 40.0% 48.6% 42.6%

7.2. Application 2—Strap Conveyor

The second case study investigated a strap conveyor delivering components to a
robot. The modified mechanical configuration introduces different inertial and frictional
characteristics, testing model adaptability. The cycle was again 60 s with four transfers
(Figure 10). Both simulation and physical test benches were used, applying the same
scalar control and 1 s ramps. The results presented in Table 15 show that simulations
based on estimates maintained the accuracy despite the altered mechanical configuration,
demonstrating model robustness.

Table 15. Electrical energy consumption of the strap conveyor using electric drive systems available
at Test Stand No. 2.

Electrical Energy System System System
Consumption Siemens SEW NORD
Econ_real [Wh] 1.47 1.06 1.38

Econ [Wh] 1.52 0.9 1.32
AEen_con [Wh] 0.05 0.07 0.06
REen_con [%] 3.40% 6.60% 4.35%

An analysis of the energy efficiency indicators (Table 16) revealed distinct optimization
trade-offs compared with the belt conveyor. While SEW minimized total energy consump-
tion, NORD achieved superior efficiency, illustrating that optimal component selection
depends on prioritized performance metrics. These findings indicate that optimal solutions
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depend on whether the objective is the minimization of energy demand or the maximization
of efficiency.

Table 16. Quality indicator values for the strap conveyor simulation using components from Test
Stand No. 2.

Quality System System System
Indicators Siemens SEW NORD
Econ [Wh] 1.52 0.99 1.32
Ejpsses [Wh] 0.92 0.57 0.66

EE [%] 39.8% 42.7% 50.0%

7.3. Comparative Analysis

The two case studies demonstrate that simulation-based methods enable vendor-
neutral evaluation of drive systems. The framework reveals nonintuitive trade-offs between
performance metrics that would be difficult to identify through conventional selection
methods, i.e.,

e  For the belt conveyor, convergent optimization where a single solution (SEW) domi-
nates both objectives,

e  For the strap conveyor, divergent optimization requires explicit prioritization between
energy minimization and efficiency maximization.

These results highlight the importance of application-specific evaluation rather than
relying on generic performance ratings. The framework provides quantitative evidence
for component selection decisions, supporting both technical and economic justification.
The proposed methodology, thus, provides a robust foundation for energy-aware decision
support in industrial drive system selection.

8. Discussion

The experimental validation and case studies confirm the practical utility of the
integrated DT-VC framework for energy-aware configuration of electric drives. Beyond
numerical agreement, the results have broader methodological and industrial implications.

8.1. Methodological Contributions

This study introduces four key methodological advances that extend the state-of-the-
art in energy-aware automation engineering;:

1. Comprehensive component-level DT modeling: Unlike system-level abstractions
common in prior work [66], the proposed framework provides detailed physics-based
models of drive subsystems—inverters (Section 4.1), motors (Section 4.2), gearboxes
(Section 4.3.1), bearings (Section 4.3.2). These models incorporate:

e  Nonlinear efficiency characteristics derived from manufacturer catalogs, approximated
through logarithmic fits that maintain computational efficiency while capturing load-
dependent behavior,

e  Dynamic acceleration profiles with jerk limitation, enabling realistic motion trajectory
planning that is essential for accurate transient energy prediction.

e Load-dependent mechanical losses accounting for both speed-dependent and load-
dependent friction torque components in rolling bearings, addressing a gap noted in
prior VC implementations [17,27],

This granularity enables accurate energy prediction under transient operating conditions—
particularly during acceleration, deceleration, and positioning tasks—which are essential for
industrial decision making but are rarely achieved in existing VC implementations.
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2. Seamless DT-VC integration: The framework bridges the gap between academic
modeling and engineering practice by embedding high-fidelity DT models within industrial
VC platforms (Section 5.3). This integration maintains the following:

e  Deterministic real-time execution with guaranteed cycle times compatible with indus-
trial PLC scan rates (typically 10-50 ms),

e  Hardware-in-the-loop capability through RF::FSBox emulation of Profinet communica-
tion, enabling physical PLC execution indistinguishable from connection to real drives,

o  Compatibility with IEC 61131-3 compliant control logic, ensuring that validated pro-
grams transfer directly to production systems without modification.

This practical integration addresses a limitation repeatedly emphasized in recent
reviews [17,66], where VC tools often rely on simplified plant models that omit energy-
related dynamics.

3. Catalog-based parameterization methodology: Reliance on publicly available man-
ufacturer data—efficiency maps at 50%, 75%, and 100% load, rated power factors, nominal
speeds, and mechanical ratings—ensures wide applicability without requiring proprietary
information [67,68]. The logarithmic fitting procedures provide systematic parameter
extraction from sparse catalog data, enabling model construction for arbitrary vendor com-
ponents. Validation results (Section 6) demonstrate that this approach maintains prediction
accuracy below 10% RE,;;_con across three manufacturers (Table 12), confirming its indus-
trial viability. This methodology enhances reproducibility across platforms and supports
technology transfer to industries with limited access to detailed component specifications.

4. Vendor-neutral evaluation capability: The modular model library enables system-
atic benchmarking of drive systems from multiple manufacturers under identical operating
conditions (Section 7). Case studies on belt and strap conveyors revealed nonintuitive
optimization trade-offs: SEW minimized energy consumption in the belt conveyor appli-
cation (0.90 Wh vs. 1.23 Wh for Siemens), while NORD achieved superior efficiency in
the strap conveyor (50.0% vs. 39.8% for Siemens). These findings—quantified through
simulation and validated against experimental measurements with relative errors below
7%—demonstrate that optimal component selection depends on application-specific perfor-
mance priorities rather than generic efficiency ratings. This capability addresses the long-
recognized challenge of objective component comparison [42] and supports data-driven
procurement decisions based on quantified energy metrics rather than marketing claims.

These contributions collectively advance simulation-driven drive engineering by
providing validated tools that combine scientific rigor with industrial applicability, enabling
energy-aware decision making at early design stages where configuration changes are
most cost-effective.

8.2. Industrial Relevance and Transferability

The modular structure of the framework ensures adaptability across diverse industrial
domains. While validated on conveyor-based testbeds, the workflow can be extended to
pumping stations, HVAC systems, and machine tools [69,70]. Beyond industrial automation,
comparable methods are increasingly employed in renewable energy and transportation
applications, such as wind turbine optimization or electric vehicle drive selection [71-73].
Comparable integration challenges arise in domains characterized by stringent energy
constraints. In mobile robotics [74], battery capacity directly limits operational time, while
in biomedical mechatronics, prosthetic and rehabilitation exoskeletons must reconcile
functional performance with strict power limitations [75-77]. Similar approaches can
support battery-powered prostheses or rehabilitation devices, where energy efficiency
directly impacts usability [78]. In medical robotics, advanced energy management strategies



Energies 2025, 18, 5375

27 of 32

can be virtually tested under standardized cycles, enabling refinement of design before
physical deployment [79].

8.3. Limitations and Validity Considerations

Several limitations should be acknowledged. Validation was performed under rel-
atively simple duty cycles, while industrial environments often involve variable loads,
reversals, and thermal effects not fully captured here [80,81]. The current focus on scalar
control excludes advanced strategies such as field-oriented or predictive control [82,83].
Furthermore, catalog data vary in detail and completeness between vendors, which may
reduce fidelity in specific cases. Long-term factors such as temperature-dependent degra-
dation or mechanical wear were not modeled, which may affect predictive accuracy over
extended lifecycles [81].

8.4. Comparison with Existing Approaches

Unlike conventional VC implementations that emphasize functional testing [84,85],
this framework embeds energy analysis as a primary design criterion. Compared with
data-driven DT approaches requiring extensive operational datasets [86], the catalog-based
strategy offers broader transferability and avoids the cold-start problem. In this respect,
the present study complements existing tools by enabling reproducible, vendor-neutral
energy benchmarking at early design stages.

8.5. Future Research Directions

Future work should extend the framework to advanced control strategies, such as field-
oriented or predictive control [87], and incorporate thermal and degradation models for
higher-fidelity predictions [88]. Automated design-space exploration, for example, through
machine learning or evolutionary algorithms [89-92], could transform the framework from
a comparison tool into a full optimization platform, similar to data-driven design methods
for electric machines [93]. Integration with lifecycle-oriented DT ecosystems, such as those
driven by prognostics and health management for industrial assets, would further enhance
the framework’s industrial impact [94]. Finally, establishing standardized validation metrics
for energy-oriented DT/VC studies would enhance cross-study comparability and support
industrial adoption [95].

9. Conclusions

This paper has offered a simulation-based methodology combining digital twin mod-
eling and virtual commissioning for energy-aware configuration of industrial electric drive
systems. The presented approach enables systematic evaluation of energy consumption,
losses, and efficiency at early design stages, addressing a long-standing methodological
gap in automation practice.

The proposed approach was validated on conveyor-based testbeds equipped with
drives from multiple vendors, confirming predictive accuracy under diverse operating
conditions. Case studies on belt and strap conveyors demonstrated that different vendors
can exhibit significantly different trade-offs between energy consumption and efficiency,
underscoring the importance of systematic, vendor-neutral evaluation.

While developed for intralogistics applications, the modular architecture ensures
scalability and transferability across industrial and cross-domain contexts, including renew-
able energy systems, transportation drives, and biomedical mechatronics. By embedding
energy-awareness into VC workflows, the methodology supports reliable commissioning
while strengthening sustainable decision making in component selection.

Future research will primarily focus on two key areas: extending the framework’s
capabilities and enhancing its industrial applicability. The former involves the develop-
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ment of higher-fidelity digital twins for drive systems, based on extended measurement
campaigns, as well as the integration of advanced control strategies and multilevel opti-
mization algorithms for automated component selection. The latter will incorporate these
models into lifecycle-oriented digital shadow frameworks to enable predictive maintenance
and long-term energy monitoring. Additionally, broader validation campaigns and col-
laboration with standardization bodies will be essential for establishing energy-focused
benchmarks and accelerating their adoption across industries.
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