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Abstract: Traditional rigid electronics face critical challenges of non-conformability to multiple shapes. Flexible and
stretchable electronics offer unique solutions to such critical challenges by allowing conformability to various shapes.
Electronic skin (E-skin) sensors have emerged from the field of flexible electronics to mimic human skin’s functional
properties. By mimicking such properties, e-skin sensors have potential applications in several fields ranging from healthcare
to robotics. This paper provides a comprehensive review of advancements in e-skin sensor technologies, highlighting sensing
mechanisms used to convert external stimuli to electric signals, various sensor structures for effectively elevating sensing
capabilities, and the materials utilized to achieve flexible and stretchable e-skins. We also discuss the potential application
areas of e-skin sensor technologies and the challenges affecting e-skin sensor technologies. Achieving multi-functional e-skin
sensors capable of simultaneously detecting various stimuli while maintaining mechanical properties like the human skin

presents unique opportunities for future innovations in diverse fields.

Keywords: Flexible electronics, E-skin sensors, Substrates, Electrodes, Sensing mechanisms.

1. Introduction

The field of flexible electronics is an emerging
research area where electronic circuits are mounted on
flexible substrates to enable their application on
curvilinear surfaces. Current electronic devices are
mainly realized by mounting electronic components
on rigid substrates [1]. Flexible and stretchable
electronic devices provide an alternative to their rigid
counterparts as they conform to curvilinear surfaces
and detect signals more accurately and precisely.
Work towards these uniquely structured electronic
devices began approximately three decades ago and
has seen significant progress over recent years [2].

Electronic skin (E-skin) sensors evolved from
flexible electronics mainly due to the need for flexible,
sensitive, and stable sensors that could be applied in
various areas. These sensors are designed to satisfy
several requirements for conformable pressure sensing
on curvilinear surfaces. Their functional requirements

https://www.sensorsportal.com/p 3355.htm

demand that they achieve high-performance sensing
even under different deformation modes, including
bending, twisting, and stretching. Due to their
flexibility and stretchability, e-skins have potential
applications in wearable electronics, human health
monitoring, robotics, and medical devices [2].

Despite the promise these sensors show in diverse
fields, they are still plagued by challenges in fulfilling
design requirements of high performance and
reliability while being subjected to various modes of
deformation [2]. The drive towards adapting e-skins in
healthcare monitoring and robotics poses further
challenges for these sensors to achieve multimodal
sensing capabilities, thus sensing more than a single
source of stimuli [3]. However, there have been
growing efforts to reduce the limitations of e-skin
sensors, as will be discussed later in this paper.
Addressing these challenges requires interdisciplinary
collaboration across several fields.
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2. Sensing Mechanismsfor E-skins

The mode of signal transduction is an essential
consideration for developing e-skin sensors. By
studying human skin composition, sensing
mechanisms for e-skins have advanced. Some sensing
mechanisms widely employed for developing e-skins
with good sensing capabilities generally include
piezoresistive,  capacitive,  piezoelectric, and
triboelectric sensing [4]. Other sensing mechanisms
also utilized for signal transduction include iontronic
[5], magnetoresistive [6], optical [7], thermal [8], and
hybrid [9] mechanisms. These mechanisms have
demonstrated promise in achieving sensors with good
sensing capabilities, as will be further discussed.

2.1. Piezoresistive Sensing

Piezoresistive sensing relies on a change in a
material’s resistance to achieve signal transduction.
When mechanical stress is exerted on the material, the
material deforms, and a change in its resistance is
observed. The deformation is mapped to the
corresponding applied force or pressure. Thus, a
proportional relationship is established between the
change in resistance and applied deformation [10].
This sensing mechanism is illustrated in Fig. 1. The
variation in resistance could be attributed to the natural
resistivity of material under variable pressure [11].
The resistance of the material is fundamentally
governed by the following equation.

R=2 (1)

where R is the material resistance, p is its resistivity,
A is the cross-sectional area and [ is the length of the
material [11].

Fig. 1. a. Tllustration of piezoresistive sensing. b. Magnified
image of sample piezoresistive e-skin, Reproduced
with permission. [16] Copyright 2015 John Wiley
& Sons, Inc.

Piezoresistive sensing is comparatively a
preferable sensing mechanism since changes produced
by stimuli such as pressure, temperature, and strain
can easily be mapped to a corresponding resistance
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change and detected by peripheral circuitry [12].
E-skin sensors with this sensing mechanism have
advantages, including low cost of fabrication, low
power consumption, good stability, and a simple
signal-sensing mechanism [13].

Piezoresistive e-skin sensors made from carbon,
metal, and conductive polymer materials have
demonstrated excellent mechanical and electrical
properties [10]. These sensors have been utilized for
applications, including human health monitoring and
soft robotics, to advance sensing technology. Liu et al.
developed a piezoresistive textile-based pressure
sensor using Carbon nanotubes (CNTs) and graphene-
polymer nanocomposites, achieving a sensitivity
reaching 14.4 kPa! with a low detection limit
of 2 Pa[14].

Various methods have also been explored to
enhance the sensing properties of piezoresistive e-skin
sensors using new materials and structures. More
recently, Zhang et al. developed a piezoresistive e-skin
sensor using a PDMS substrate and Waterborne
Polyurethane (WPU) and silver nanowire composite,
achieving a remarkable sensitivity of 1.04 x 106 kPa'!
in the pressure range from 0 to 27kPa [15]. The
performance characteristics of various piezoresistive
e-skin sensors are summarized in Table 1.
Performance characteristics examined for these
sensors generally include determining the sensor's
sensitivity, the spatial resolution of the sensor, how
fast it responds to a stimulus, how easily it recovers
after it deforms, as well as the life cycle of the sensor
based on cyclic tests. The kinds of materials used to
fabricate the sensor were also considered. These
performance characteristics of e-skin sensors combine
to give an idea of how close they are to the sensing
capabilities of human skin.

2.2. Capacitive Sensing

This sensing mechanism relies on the capacitance
change in a material under mechanical deformation.
Capacitive e-skin sensors rely on the principle of
capacitance, thus the ability of a system to store
electric charge. They comprise a dielectric layer
sandwiched between two flexible electrodes and
enclosed by a substrate [20]. When pressure is applied
to the sensor, it changes the material’s area and
reduces the distance between the electrodes, causing a
variation in the capacitance of the sensor [11]. This
relationship is shown in the following equation and
illustrated in Fig. 2.

c =2 )

where the capacitance has a direct relationship with
area and an inverse relationship with distance. 4 is the
area of the electrode material, whereas d is the gap
distance between the electrodes, and & is the
permittivity of the dielectric material.
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Table 1. Summary of results of piezoresistive sensing for e-skin applications.

Reference Materials Sensitivity Spatlgl R%ponse Recpvery Stability
Resolution Time Time
Polyester/Nylon/ 1 24ms @2.9/30ms @ 2.9
[14] Ni/CNT¢/VHB' 14.4 kPa'! @ < 3.5 kPa n/a KPa KPa 1000 cycles
PDMS¥WPU"  [1.04 x 10°kPa' @ 0-27 kPa, d > 1000
(3] AgNWs* 9.5x 10*kPa'@ 27 -33 kPa a 160 ms 160 ms cycles
! em > 1000
[17] PDMS/MWCNTs# 15.1kPa' @<0.5kPa |1.5cm sensile,| ~0.04s ~0.04 s
cycles
10 x 10 array
PDMS/GNPs"/ 6.56 MPa! @ < 66 kPa,
(18] PEO/MWCNTSs 0.335 kPa @ 100 kPa na 171 ms 110ms | 1000 cycles
[19] PDMS/PPyi/Au 1907.2 kPa! @ 0-100 Pa 5 x 5 array 50 us 6 ms >clysclg(s)0

a. Polydimethyl Siloxane b. Water-borne Polyurethane c. Silver Nanowires d. Not available e. Carbon Nanotubes f. Very
High Bonding g. Multi-walled Carbon Nanotubes h. Graphene Nanoplatelets i. Polyethylene Oxide j. Polypyrrole

Fig. 2. a) Illustration of capacitive pressure sensing;
b) Sample capacitive e-skin with an optical microscope view
of a conductive textile electrode. Reproduced with
permission. [24] Copyright 2014 John Wiley & Sons, Inc.

Capacitive e-skin sensors often present some
advantages, including high-performance pressure
sensing, low hysteresis, reduced response times, good
stability, and a wide detection range [20]. Leveraging

these characteristics, there have been significant
efforts to develop capacitive pressure sensors
mirroring these features. Kang et al. developed a
capacitive e-skin sensor using porous PDMS and
Indium Tin Oxide (ITO)/Polyethylene Terephthalate
(PET) films which achieved a sensitivity of 0.63 kPa!
and a low detection limit of 2.42 Pa [21]. Li et al.
developed a flexible capacitive pressure sensor using
bionic hybrid microstructures, achieving sensitivity
reaching 3.17 kPa™!' over a wide detection range [22].
Efforts have also been made to integrate these sensors
into proximity detection for robotics and
human-machine interfaces. Wu et al. further discuss
the piezocapacitive transduction mechanism for
proximity sensing and its applications in human-robot
collaboration, and human-machine interfaces [23]. A
summary of the performance characteristics of various
capacitive e-skins sensors is shown in Table 2.

Table 2. Summary of results of capacitive sensing for e-skin applications.

Reference Materials Sensitivity Spatial Resolution Response | Recovery | g pijity
Time Time
. 0.63 kPa’!, 0.9 x 0.9 cm sensile,
21] PDBgE/TIbTO " 0,009 kPa' 15 x 15 array 40 ms <ls 1“1;;20
@ > 90 kPa (42 x 42 mm) y
. 3.17kPa' @
[22] PDMS/Ionic gel 0-90 kPa n/a n/a n/a n/a
PDMS/FVMQe/ | 0.91 kPa-1 @
[24] Cu/Sn 0.5 kPa n/a <40 ms n/a n/a
PDMS/AgNPs¢/ | 0.21 kPa! @ 0.16 mm? pixel, 10 000
23] SBs¢ <2 kPa 6x6array(2x 1.5cm?) | ~A0ms | ~10ms oo
.| 0.159 kPa' 9200
[26] PDMS/Ag/Ni @ 0-1 kPa n/a n/a n/a cycles

a) Indium Tin Oxide; b) Polyethylene Terephthalate; ¢) Silver Nanoparticles; d) Poly(styrene-butadiene-styrene);
e) Flourosilicone.

2.3. Piezoelectric Sensing

Piezoelectric sensing generally utilizes the
piezoelectric effect principle, where certain materials
can generate electric charges when subjected to
mechanical stress. When pressure or strain is exerted

on the material, it creates a deformation that causes the
positions of opposite charges within the material to
shift, thus producing an electric charge. The electric
charge is proportional to the applied mechanical
deformation. Table 3 highlights the performance
characteristics of various e-skin sensors with
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piezoelectric sensing. The operating principle for
piezoelectric sensing is illustrated in Fig. 3.
Piezoelectric  sensors  generally  comprise
piezoelectric material as the active layer, conductive
layers that transmit charges, and a substrate to
encapsulate the structure and provide flexibility.
Sensors developed using this mechanism have shown
some advantages, including self-powering
capabilities, high sensitivity, and detection of dynamic
pressure in real-time, making them ideal for
applications in robotics and prosthetics [27, 28].

By leveraging these advantages, Guan et al.
developed a piezoelectric elastomer sensor that
achieved an electrical signal output of 253 mV with
applied pressure and a response time of 15 ms,
demonstrating its ability to detect signals quickly [27].
Sultana et al. also developed a flexible piezoelectric e-
skin using an electrospun poly(l-lactic acid) PLLA
nanofiber membrane, achieving a sensitivity reaching
22 VN, stable over 37500 cycles [29].

Table 3. Summary of results of piezoelectric sensing for e-skin applications.

Reference Materials Sensitivity Power Density Open Circuit Spa“"’.“ Stability
Voltage Resolution
5.6503 kPa’! 10 mm x 10 000
a b
1271 PVDFY/PAN @ 40.59 kPa wa 253 mV 10 mm x 1 mm cycles
[29] PLLA®/Cu/Ni 22 VN'! 0.07mWem? | 1 V@ 15Hz n/a 3250?6080
PDMS/Ecoflex 0 3.5cm %

[31] /PVDF 033mVpe n/a 15 cm n/a
5.6503 kPa"!

[32] Si029/PVDF @ 150-510 39.24 mW m? n/a n/a n/a

kPa

a) Poly(vinylidene fluoride); b) Polyacrylonitrile; ¢) Poly(I-lactic acid); d) Silicon dioxide

Fig. 3. a. Illustration of piezoelectric pressure sensing.
b. Sample piezoelectric e-skin sensor: Reproduced under
the terms of the CC BY license. [30] Copyright 2023,
The Authors, published by MDPI.

2.4. Triboelectric Sensing

Triboelectric sensing relies on the principle of
triboelectric effect where a material becomes
electrically charged due to contact and separation from
another material. The generated charge is detected as
an electrical signal and thus used to detect mechanical
stimuli. The operating principle of this sensing
mechanism is illustrated in Fig. 4. Electronic skin
sensors developed using triboelectric sensing
generally comprise a triboelectric layer combined with
electrodes and flexible substrates to provide
mechanical support. It also offers advantages,
including its ability to generate electrical signals
without an external power supply, making it suitable
for energy-harvesting applications [33].

Triboelectric sensors also exhibit high sensitivity,
can detect dynamic pressure, and offer excellent
flexibility, making them suitable for robotics and
healthcare monitoring [28]. Pu et al. developed a
triboelectric e-skin sensor using a hydrogel sealed
between two elastomer films of PDMS or Very High
Bonding (VHB), achieving remarkable stretchability
of up to 1160 % with a peak power density of
35 mW.m? [34]. Arief et al. also developed a
Triboelectric e-skin  using fluoroelastomer,
Laser-Induced Graphene (LIG), and Titanium Dioxide
(TiOy) to achieve a power density of 715 mW.m™ and
maintained a high electrical output while subjected to
200 % elongation [37]. Table 4 provides a summary of
the performance characteristics of various triboelectric
e-skin sensors, including the various materials used,
the sensitivity of each sensor, the power density,
open-circuit voltage, spatial resolution, and stability,
which are all crucial parameters.

2.5. Other Sensing M echanisms

Several other transduction mechanisms, including
optical, magnetoresistive, iontronic, and thermal, have
been used for e-skin sensors. The optical sensing
mechanism uses light to detect various stimuli,
including pressure, temperature, and strain. These
sensors offer high-precision sensing, low signal
interference, and are suited for use in extreme weather
conditions [38].
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Based on the promising properties of optical
sensing, Zhang et al. developed a highly sensitive
optical e-skin sensor using glass micro/nanofibers in
thin layers of PDMS, which achieved a sensitivity
reaching 1870 kPa™! and a low detection limit of 7 mPa
[7]. Magnetoresistive sensing measures change in a
material’s resistance in response to a magnetic field.
These sensors can detect objects' position, orientation,
and magnetic field properties, thus enhancing tactile
perception [6]. This is especially useful in developing
magnetoresistive sensors that enable touchless
interaction and real-time pressure and temperature
detection, as highlighted in Bermudez and Makarov
[39]. Melzer et al. developed a magnetoresistive
sensor exhibiting high sensitivity and flexibility
reaching strains exceeding 270 % and stable over
1000 cycles [40].

Iontronic sensing generally involves using ions as
sensing elements to detect external stimuli. lontronic
sensors detect external stimuli such as pressure,
temperature, or humidity by redistributing ions in

response to applied stimuli [41]. They are useful in
human-machine interaction and human health
monitoring. Guo et al. developed an e-skin sensor
based on iontronic sensing using photocurable
hydrogel to achieve a sensitivity of 171 kPa'! within
the pressure range from 0 to 60 kPa [5].

LRI

Fig. 4. a. Tllustration of triboelectric pressure sensing based
on vertical contact separation mode: Reproduced
with permission. [11] Copyright 2021 John Wiley & Sons
Inc., b. Sample triboelectric e-skin: Reproduced under
the terms of the CC BY-NC license. [34] Copyright 2017,
The Authors, published by American Association
for the Advancement of Science (AAAS).

Table 4. Summary of results of triboelectric sensing for e-skin applications.

Reference Materials Sensitivity Power Density Open Circuit Spat"".‘l Stability
Voltage Resolution
35 mW m? @ 70 lcmx1cm
-1
[34] P]?{MEJXI:F/ O'Oi%gi;a@ MQ, 328 mW m2 | 145V, 182V sensile, 2c0c0122
yarog @ 7 MQ 3 x 3 array Y
2
35] PDMS/P(VDF- | 0.55VKPa'@ | 40 o 4y ! IX Slf lcn; | 10000
TrFE)*/AgNWs 19.8 kPa SR RO cycles
cm” sensile
176 VN @ 6000
[36] PDMS/Ionogel 01-1N n/a 138V@8Hz | 2x1.5cm cycles
PDMS/FKM?/ 2 10 mm x 3000
1371 LIG%/TiOz¢ wa 715 mWm 148V 10 mm cycles

a) Poly(vinylidene fluoride-trifluoroethylene); b) Fluoroelastomer; c¢) Laser-Induced Graphene; d) Titanium Dioxide.

3. Design and Material Composition
of E-skin Sensors

E-skin sensors are primarily composed of flexible
multilayer structures which are crucial for the sensor’s
overall performance. These structures include flexible
substrates, sensing layers, as well as external or
integrated circuitry. This basic composition aids in
detecting and converting external stimuli into
electrical signals. The structural design of e-skin
sensors also involves other approaches to enhance
their functional properties, including sensitivity,
stretchability, and many more. These approaches
range from integrating novel structures like wavy and
helical designs to enhancing sensing properties
through surface-structured architectures.

3.1. Flexible Structures

Human skin can withstand deformation of up to
30 %, hence stretchability becomes a crucial
requirement for e-skin sensors [42]. E-skins

fundamentally achieve stretchability through two
widely accepted approaches, thus designing flexible
structures from conventional materials or using
innately stretchable materials to achieve stretchability
[1,2,42]. Flexible structures are designed based on the
rule that the bending strain of materials decreases with
material thickness. Hence, various material types in
the formats of ribbons and wires can achieve
stretchability [42].

Innately stretchable materials also provide an
alternative route to stretchable electronics. These
materials have the innate property of stretchability and
can recover their original state after applied
deformation. They comprise elastomers and liquid
metals with stretchability based on long polymer
chains or weak intermolecular forces [42]. The
development of e-skin sensors heavily relies on
carefully selecting materials that satisfy core
requirements and can conform to curvilinear surfaces
while retaining their functionality under deformation.
The growing interest in the field of flexible electronic
devices has led to the emergence of a diverse range of
materials to meet these core requirements.
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3.1.1. Stretchable Substrates

Stretchable substrates serve as the platform for
which functional components of e-skin sensors are
integrated. E-skin sensors satisfy the requirements of
conforming to curvilinear surfaces largely based on
the ability of substrates to bend, stretch, and adhere to
such surfaces, for instance, human skin.

3.1.1.1. Polymers

Polymers such as Polyimide, Polyaniline,
Polyurethane, Polyethylene Terephthalate (PET),
Acrylic, Hydrogenated Nitrile Rubber (HNBR), and
Parylene have all been widely used as e-skin substrates
due to their flexibility and stretchability. Polymers
could generally also be used as encapsulation for
electronic components of e-skin sensors. Polyurethane
offers a large tear strength and resistance to abrasion
compared to silicon rubbers and is thus ideal for
substates which will be subject to impact and
scratches [42].

Acrylics can be used as passive substrates, while
acrylic elastomers are softer than PDMS and offer
high stretchability [42]. As shown in [43], the authors
demonstrate using an acrylic elastomer as the substrate
for fabricating compliant and stretchable electrodes
with stretchability reaching 300 %.

3.1.1.2. Silicon-based Elastomers

These materials exhibit good mechanical
adaptability and can  withstand continuous
deformation while recovering their elastic properties,
making them great choices for e-skin applications
[44]. They tend to possess high electrical conductivity,
low glass transition temperature, large thermal
coefficient of expansion, and high flexibility [42].
Polydimethylsiloxane =~ (PDMS),  Flourosilicone,
Ecoflex, and Dragon skin are among the commonly
used elastomers for e-skins. PDMS is readily
accessible and can be made using available laboratory
techniques; hence, it tends to be a widely used
elastomer for e-skin sensors [42]. Jiang et al.
demonstrated using a PDMS substrate with a thin gold
layer, achieving a stretchability of up to 300 % while
remaining highly conductive [45]. Chen et al. also
developed a strain sensor that comprised a PDMS film,
graphene/silver nanoparticle network, and
thermoplastic polyurethane. It achieved a high
stretchability of up to 1000 % [46]. Ecoflex is also
commonly used as a substrate material for e-skins.
Based on its Youngs modulus exceeding 125 kPa, it
exhibits mechanical compliance like that of the human
skin [47]. It is also biocompatible, highly stretchable,
and easily adheres to the skin [48].

3.1.2. Sensing Layers

These are crucial components in designing e-skin
sensors as they are the primary functional components
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that interact with external stimuli and enable their
conversion into electrical signals. They form the active
materials of the e-skin sensor. They depend on the
sensing mechanism for transducing stimuli into
electrical signals that can be measured and processed.
Sensing layers for e-skins generally comprise
conductive materials such as conductive polymers in
an elastomer matrix (for instance, CNTs in PDMYS),
piezoelectric ~ materials,  dielectric ~ materials,
triboelectric materials, and ionic conductors. Each of
these materials plays a significant role in the sensing
capabilities of e-skin sensors. Some sensing layers,
like conductive polymers and ionic conductors, serve
the dual purpose of also being used as electrodes to
ensure reliable signal transmission while under
deformation.

3.1.2.1. Conductive Polymers

These are kinds of polymers that possess a unique
property of exhibiting metallic conductivity. They are
usually elastic and can recover their original state after
applied deformation [49]. This, coupled with their
conductive properties, makes them suitable for various
applications. In the case of e-skins, these polymers are
usually made by combining stretchable polymers with
conductive fillers like nanoparticles, nanotubes, or
nanowires [50]. Nanoparticles tend to ensure greater
mobility when used in a polymer matrix compared to
nanotubes and nanowires [51]. Conductive polymers
can generally be categorized into 1-dimensional (1D),
2-dimensional (2D), and 3-dimensional (3D)
conductive polymers based on their composition.
Examples of 1D, 2D, and 3D conductive polymers are
polyacetylene, polythiophene, and polypyrrole,
respectively [52].

Dinh et al. reported on an electrically conductive
multiwalled carbon nanotube and  polymer
nanocomposite  using  various  polymerization
techniques. They achieved conductive films with
stretchability ranging from 400 % to 1600 %
depending on the fabrication process used [53]. Wang
et al. reported an elastic conductor made of
polyurethane and silver nanowires which had a high
conductivity of 9190 S cm-1 and stretchability
reaching 310 % [54]. Kim et al. also demonstrated a
stretchable conductor made of polyurethane
containing spherical nanoparticles. The authors
utilized two methods of fabrication, thus a Layer by
Layer (LBL) deposition and Vapor-Assisted
Flocculation. The LBL method yielded a polyurethane
nanoparticle composite reaching a conductivity of
11000 S cm™! and a maximum strain of up to 115 %
after lamination. In comparison, the VAP method
yielded a conductivity of 1800 S cm™ and a maximum
strain reaching 486 % after lamination [51].

3.1.2.2. lonic Conductors

Ionic conductors are useful in electronic skin
sensors as they facilitate sensing by converting stimuli
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to electrical signals through ionic conduction. They
offer important properties of biocompatibility and
flexibility, making them suitable for e-skin sensor
applications to detect various stimuli, including
temperature and pressure. High ion conductivity and
mechanical flexibility are highly sought-after
properties of e-skins, thus elevating the significance of
ionic conductors for e-skins. Ionic conductors serve
the dual purpose of being used as stretchable
electrodes, sensing layers, or performing a hybrid role
of being both a sensing layer and an electrode in more
advanced e-skin sensor designs. Stretchable ionic
conductors, including hydrogels, ionogels, and
liquid-free ion-conductive elastomers, have been
utilized for e-skin applications [55].

Hydrogels, a type of ionic conductor used in
developing electronic skin sensors capable of
detecting various stimulus, have shown significant
promise. Hao et al. demonstrated a conductive
hydrogel sensor with conductivity reaching 5.6 mS
cm’' and remarkable stretchability of up to 4000 %
[56]. Guo et al. developed an electronic sensor using a
photocurable ionic hydrogel with high sensitivity
reaching 171 kPa™! for pressures from 0 to 60 kPa [5].
Ionic gels have also recently yielded high conductivity
when used for e-skins. Niu et al. developed a
micropyramid electronic skin array utilizing
polyimide, copper, and gold electrode arrays with an
ionic gel yielding sensitivities reaching 655.3 kPa™! at
pressure ranges below 0.5 kPa [57]. The authors
further developed a full-skin bionic electronic skin by
combining PDMS with an ionic gel resulting in a
sensor with a high sensitivity reaching 8053.1 kPa™! for
pressure ranges below 1 kPa [58].

3.1.3. Stretchable Electr odes

Electrodes are a crucial component of e-skin
sensors as they facilitate the detection of physical
signals. They are used for detecting and transmitting a
variety of inputs, including pressure, temperature, and
strain, mainly by detecting changes in electrical
properties. In the case of electronic skins, electrodes
used in these sensors tend to have properties of
flexibility and stretchability, thus enabling them to
maintain electrical conductivity while being subject to
mechanical deformation [59]. They achieve these
features based on their structural design using
stretchable conductive materials. Various materials
have been explored for developing e-skin electrodes.

3.1.3.1. Metallic Electrodes

Metallic electrodes are usually made from
conductive metals such as gold, copper, aluminum,
chromium, platinum, and many others. For electronic
skin sensors, electrical conductivity, biocompatibility,
and cost are essential considerations for the choice of
material for developing electrodes. Biocompatibility is

especially important with regard to healthcare-related
applications. Metals usually offer excellent electrical
conductivity; hence metallic electrodes can be used to
detect and measure electrical signals due to some form
of applied stimuli. Thin films from metallic materials
can be designed into special formats such as fractal,
helical, and pre-strained bulking to achieve
stretchability beyond 100 % [42]. Jiang et al. reported
a thin, stretchable conducting electrode made of a
50 nm thin gold layer and a 1.2 um PDMS film, which
achieved stretchability reaching 300 % [60].

3.1.3.2. Liquid Metal-based Electrodes

Liquid Metals, based on their unique fluid-like
properties and electrical conductivity, have also been
explored for applications in e-skin sensors. These
materials are innately deformable and can be
integrated into stretchable materials such as
elastomers to create conductive pathways that
maintain electrical conductivity under deformation.
Liquid-metal-based devices can withstand large
amounts of strain up to 800 % and offer significant
potential in e-skin sensors as they can sense pressure
linearly over a broader range [42].

3.1.3.3. Carbon-based Electrodes

Carbon-based electrodes present unique properties
of high electrical conductivity making them attractive
materials in developing electrodes for e-skin sensors.
They offer high conformability and enhance the
functionality and performance of e-skin sensors.
Examples of these include carbon particles, carbon
nanotubes, carbon fibers, and graphene. Carbon
nanotube fibres tend to offer significant advantages
over carbon nanotube composites, especially by
avoiding aggregation problems, which are typically
common in randomly dispersed carbon nanotubes.
They also provide high mechanical strength and low
voltage operation and are cost-effective [61].

Graphene has also been explored in developing
piezoresistive sensors. It is a lightweight material with
excellent mechanical properties, simple fabrication
methods, and electrical properties with electrical
conductivity reaching 200000 cm? V-' s [13]. Its
versatility allows it to be used alongside elastomers
such as PDMS to exhibit reversible deformation.

3.2. Surface Architecturesfor E-skins

E-skins were previously designed to be planar
[62], thus in a flat, two-dimensional form, making
them suitable for various applications. However, the
introduction of surface-structured architectures, which
include intricate designs such as micro-structured and
nano-structured surfaces, enables e-skins to further
mimic human skin functionalities and achieve unique
performances. Examples of surface-structured
architectures are illustrated in Fig. 5. Research has
indicated that different microstructured geometries
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respond uniquely to multidirectional mechanical
forces [63]. Various microstructures have been
investigated, including microdomes [64],
micropyramids [57], micropillars [65], microcracks
[45], and microchannels [66]. These structural shapes
heighten the sensitivity of e-skin sensors by increasing
the mode of contact under mechanical deformation.

Microdome

Micropyramid Micropillar

Fig. 5. Examples of surface-structured architecture
for e-skins: Reproduced under the terms of the CC BY
license. [63] Copyright 2018, The Authors, published
by Nature.

Micropillar-shaped e-skins have been found to
exhibit high sensitivity to shear stresses, while
microdomes are optimal for normal, bending, and
tensile stresses [63]. Microstructuring of dielectrics
for capacitive e-skins has also been found to be a
common strategy to significantly improve the sensor’s
performance, with micropyramids tending to exhibit
the best sensitivity and performance for this use case
[67]. Lee et al. highlights that the sensitivity of flexible
pressure sensors improved by incorporating elastic
pyramid-shaped microstructures [68]. Park et al.
developed an ultrasensitive e-skin with an interlocked
microdome structure, yielding a low detection limit of
about 0.2 Pa and a rapid response and relaxation times
of approximately 0.04 s [17].

To further understand the effect of the different
microstructures on e-skin sensitivity, Park et al.
analyzed the effect of pressure on single-sided and
interlocked microstructured e-skins in comparison to
planar shape [63]. For single-sided microdome,
micropyramid, and micropillar structures, microdome
shape yielded the highest linear sensitivity while all
the  other microstructured geometries  had
comparatively higher sensitivity than the planar-
structured  e-skin, confirming that different
microstructured  geometries  influenced  e-skin
sensitivity [63]. These results are shown in Fig. 6.

Like microstructuring, nanostructures can also be
integrated into e-skin architecture to improve overall
performance. Nanostructures such as nanowires,
nanoparticles, nanotubes, and nanofibers have been
found to improve the functional properties of e-skins,
and several studies have highlighted their significance.
For instance, incorporating silicon dioxide
nanoparticles in PVDF membranes has been found to
achieve excellent pressure and temperature detection
in e-skins, thus allowing multimodal sensing
capabilities [32]. Ha et al. also demonstrated a
bioinspired e-skin design of hierarchical micro and
nano-structured Zinc Oxide (ZnO) nanowire arrays for
sensitive detection of static and dynamic stimuli [9].
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Fig. 6. Effect of single-sided geometry on e-skin pressure

sensitivity: Reproduced under the terms of the CC BY

license. [63] Copyright 2018, The Authors, published
by Nature.

4. Applicationsfor E-skin Sensors

By combining properties of the human skin,
including flexibility, stretchability, and sensitivity,
e-skin sensors have seen applications in healthcare
monitoring, artificial intelligence devices, robotics,
prosthetics, textiles, wearable devices, and human-
machine interfaces. In the field of healthcare, the early
detection of medical conditions is key to facilitating
treatment. E-skin sensors have supported these efforts
by monitoring vital life signals such as heart rate and
body temperature, thus aiding in remote healthcare.
Sun et al. explored the various efforts employed using
polymer composites with functional properties to
develop e-skins for health monitoring and artificial
intelligence applications [69].

With the integration of machine learning, e-skin
devices have advanced the field of robotics by
enabling sense of touch, material perception, pressure,
and temperature detection, thus improving the robot’s
interactions with objects, as shown in Fig. 7.

Intelligent material

cognition PUL

Fig. 7. Sample application of e-skin in Robotics
for  intelligent  material  cognition:  Reproduced
with permission. [58] Copyright 2022 John Wiley
& Sons Inc.

Niu et al. developed an Artificial Intelligence (AI)-
based e-skin with an advanced intelligent material
recognition system to enable real-time cognition of
materials through contact [58]. Dahiya [70] also
emphasized the role e-skins play in manipulation or
control-based tasks such as grasping objects and
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estimating relevant contact parameters, including
force and temperature. The breadth of applications of
e-skins is continuously growing as more significant
advancements are made.

5. Challenges

Despite the vast potential e-skins have in various
fields, they are still plagued with several challenges,
which researchers are actively working on mitigating.
A key challenge affecting flexible electronic devices
is the ability to remain highly sensitive while subjected
to various modes of mechanical deformation,
including bending and stretching [71]. The functional
requirements of e-skins demand that they can conform
to curvilinear  surfaces  while achieving
high-performance sensing. E-skin sensors tend to lose
sensitivity with increasing mechanical deformation,
such as strain. One of the ways this could be addressed
would be to develop e-skins that are highly conductive
or capable of maintaining sensitivity while subjected
to mechanical deformation. Following this, Lee et al.
developed a bending-insensitive pressure sensor
capable of detecting only normal pressure independent
of mechanical stress to evaluate external stimuli on
curvilinear surfaces. The authors achieved a sensor
with a fast response while under complex bending
conditions [68].

Additionally, e-skin sensors face the difficulty of
reliable and long-lasting power sources, especially
when used for continuous signal monitoring. This has
necessitated  the  development of  sensitive
self-powered electronic skins to replicate high-
performance sensing and continuous monitoring
without external power supply [72]. Due to the
complexities involved in the design and
manufacturing processes of e-skins, the design of
e-skin sensor arrays also requires addressing issues
with flexibility and crosstalk, thus interference
between adjacent sensor elements within the array.
Overcoming the challenges associated with the
development of e-skin sensors will help advance
various fields of healthcare, robotics, wearable
technology, and human-machine interface.

4. Conclusion

In this paper, we discuss e-skin sensor technology
and the various efforts toward achieving unique
flexible structures that can mimic the functionalities of
human skin. We discuss the various sensing
technologies employed in their development, their
advantages, working principles, and research
contributions utilizing sensing technologies to yield
high-performance e-skins that mimic human skin
functionalities. Carbon, Metal, and Conductive-
polymer piezoresistive e-skin sensors have been found
to realize excellent mechanical and electrical
properties, while the use of capacitive e-skin sensors
makes them suitable for proximity sensing

applications. The self-powered nature of piezoelectric
and triboelectric e-skins also solves a relevant
challenge facing e-skin sensor advancement.

We further discuss sensor structure design and
various stretchable materials used in developing e-skin
sensor technologies. We emphasize the relevance of
structure design in improving contact area for flexible
pressure sensors, thus elevating the sensing
capabilities. Research advancements have also
realized e-skin sensors which show good sensitivity
while being subjected to large amounts of strain of
more than 300 %, highlighting their capability of
conforming to curvilinear surfaces. We further discuss
the potential application of e-skin sensors in
healthcare, robotics, prosthetics, and human-machine
interfaces. The breadth of application of e-skin sensors
is continuously growing as technologies keep
advancing and new materials and manufacturing
methods are being developed. We finally address
some significant challenges hindering e-skin sensor
development. However, the limitations these sensors
face are being addressed as the technology grows
further. Electronic skin sensors, as discussed in this
paper, hold significant promises for the future. With
continued research efforts to mitigate their key
challenges, they will usher in innovations in the fields
of healthcare, robotics, and wearable technology.
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Abstract: Electromechanical axes generate high-precision motion profiles and positioning sequences in a wide range of
industrial applications. The utilization of the drive internal signals for monitoring purposes, e.g. for estimating the axis load

during a production process, is gaining more and more attention. One major drawback is the superimposition of the
load-proportional motor torque by further operation-related disturbance effects. The paper presents a novel approach for the
identification and correction of periodic disturbance fluctuations in the motor torque signal. Therefore, a novel method for
automatic offline determination of the relevant spectral components using the least squares method is applied. The identified
magnitude and phase values are stored in speed-related lookup tables. During normal operation, the sum of the individual
sinoids is subtracted from the measured motor torque. The paper provides the overall description of the methodology and its
functional verification on a single-axis drive test rig equipped with an industrial control.

Keywords: Electromechanical axis, Torque fluctuations, Monitoring, Offline identification, Online correction.

1. Introduction

Electromechanical axesare applied inawiderange
of production systems to generate the required motion
profiles and positioning sequences. Regardless of the
specific application, the internal processed drive
signals can aso be used for higher-level load or
process monitoring. For this purpose, different types
of disturbance observers have been invented over the
last two decades[1]. What almost all approaches have
in common is that the estimation of external loads is
based on an evaluation of the measured motor torque
signal. Considering the torque equilibrium according
to Eq. (1), it is noticeable that the motor torque signal

12

(tm) is superimposed by further disturbance
components. In addition to external load toques (t;.),
this includes friction (z), gravitationa (z,) and

acceleration torques (t,) as well as periodic
disturbance torques (t,4) [2].

T =Ta+Tp+Tg+Tig + Tpe D

Basically, the causes of periodic torque

fluctuations on electromechanical axes can be divided
into three categories (see Fig. 1):

e Motor-related fluctuations;

e Encoder-related fluctuations;

o Fluctuations due to mechanical disturbances.

https://www.sensorsportal.com/p_3356.htm
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Fig. 1. Drivetest rig and schematic representation of causes of periodic torque fluctuations [3].

Motor-related torque fluctuations occur asresult of
the electromechanical energy conversion in the
servomotor. The torque fluctuations are periodic over
one motor revolution, whereby their frequencies are
multiples of the number of pole pairs and stator slots.
For detailed research of the underlying effects and the
resulting frequency components in the motor current
signal, see[4]. The associated spectral componentsare
primarily determined in the disassembled state of the
motor, stored in form of correction tables and
subtracted from the measured motor torque depending
on the motor position in conventional operation (cf.
[5, 6]). If the correction takes place directly in the
drive control unit, this may lead to increased
calculation time and further functional restrictions of
the drive modules [7].

On the other hand, incremental motor encoders are
subject to systematic and stochastic errors [8]. These
|ead to deviations of the measured position and speed
values from the specified setpoint values and to an
adjustment of the respective control variables. While
stochastic errors (e.g. signal and quantization noise)
are not deterministic and can only be reduced by
additional hardware (e.g. shielding, oversampling,
low-noise amplifiers) or suitable signal filtering
methods, systematic encoder errors are generaly
reproducible [8]. Approaches for correcting
systematic errors of incremental measurement systems
and resolvers based on polynomials, correction tables
and specia controller structures are described in
various publications (e.g. [8-12]). What amost all
methods have in common is that the individual
encoder track signals (i.e. separated into sine and
cosine signals) must be available in high temporal
resolution. Due to the modular design of modern
control and drive systems, accessto these signalsat the
required clock rate is usually not possible without
further restrictions. However, depending on the drive
control manufacturer, monitoring and correction
functions for the raw encoder signals are occasionally

implemented directly in the highly sampled encoder
modules [13]. In addition, the underlying methods
usualy require experiments with decoupled
mechanics or additional flywheel masses.

The third cause of periodic motor torque
fluctuations is the mechanical system. A distinction
can be made between operational and damage-related
phenomena. Typica examples of mechanicaly
induced torque fluctuations during normal operation
are imbalances due to assembly errors or the
running-in shock in belt drives due to polygon effect
[14]. Torque fluctuations as a consequence of
damaged mechanical components are not considered
in this paper. Thisissue is addressed under the subject
of condition monitoring (cf. [15-17]) including
numerous  publications in  the aea of
electromechanical axes (e.g. [18, 19]).

What all currently available identification and
correction approaches have in common isthat they are
tailored to exactly one of these categories (cf. [6, 10]).
The paper proposes a novel methodology for an
automatic identification of periodic disturbance
torques independent of their specific cause. In contrast
to existing approaches, this leads to a generaly
applicable correction methodology that is not limited
to specific scenarios. First of al, the approach is
described in more detail in the following section.
Section 3 provides a functional verification on a
single-axis test rig. The article concludes with a
summary and an outlook.

2. Methodology

The developed methodology is based on the
premise that the superposition of all periodic
disturbance components can be described asafunction
of the angular position ¢,,, (Eg. (2)).

Tias = 2p=14k - Sin(fpos,k (2T + <Pk) %)

13
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While the spatial frequencies f,,x are
independent of the current motion state, the individual
amplitudes 4, and phases ¢, vary depending on the
motor speed. This is due to the parameterization and
structure of the drive control aswell asthe mechanical
transfer behaviour. In addition, aliasing frequencies
fi.q @ise due to the limited sampling time of the drive
controller f; and must be reconstructed from the
original frequencies f; by using Eqg. (3).

7 . . %*‘fi
ﬁ,azll'f;,—ﬁl,Wlthl: f_s (3)

As depicted in Fig. 2, the overal approach is
divided in an offline identification routine and an
online signal correction. During the identification
phase, k speed operation points are approached three
times and in both directions with a fixed step width

Offline - Identification

while recording the current motor position and torque
values. For the presented test rig, a maximum position
range between -3600° and 3600° with a rotational
speed increment of 10 min' up to 500 min* has proven
to be suitable. An additional buffer zone of 1080° each
was used to accelerate to the required speed level or
decelerate to standstill. In case of linear axes, full
utilization of the available travel range is
recommended. After averaging the three runs, the
signal amplitudes in the spatial frequency range are
evaluated to select the most significant oscillation
parts. Their number can be freely parameterized,
whereby a compromise between the accuracy of the
correction and the required computation resources
should be aimed for. To reduce the calculation effort,
it is recommended to consider only spectra
components with an amplitude greater than one per
thousand of the maximum motor torque.
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Fig. 2. Approach for the identification and correction of periodic disturbance torques.

Subsequently, the associated amplitudes (4;[k])
and phases (¢;[k]) of the k sinusiodal oscillations are
estimated for each spatial frequency f,,s according
to Eq. (2) using aleast squares algorithm. Eventually,
the calculated values are stored in speed and direction
dependent lookup tables. During operation, the entries
of the lookup tables are selected in each sample step
based on the first derivative of the setpoint position
o,F * and astandstill index y,.. Using the setpoint value
of the motor position prevents major deviations due to
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measurement noise. The standstill index y,, isbased on
the evaluation of the motor speed and is calculated to
zero in standstill phases and equal to one during axis
motion. Linear interpolation takes place between the
individual operating points. The corrected motor
torque T, o results from the sum of the calculated
sinoids 7,55(¢,,) in each sampling step. The
correction is deactivated if the speed setpoint exceeds
the maximum value of the lookup table.
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3. Experimental Results
3.1. Offline Identification

The described methodology is validated on the
uniaxia rotational drive test rig depicted in Fig. 1. A
detailed description of the test axis is provided in [2].
First of al, the offline identification of the sinoids
takes place. Therefore, the defined speed operating
points between 10 and 500 min* are approached three
times at intervals of 10 min while the position and
torque values are recorded. Subsequently, the three
measurements are averaged and transferred to the
spatial frequency domain. Fig. 3 shows the results for
both directions of movement for all speed operating
points. For the sake of clarity, the spatial frequency
axis was limited to 144 periods per mechanical

03"
0.25 1

0.2
015+
0.1 pr= |
0,05+

0
0 18

motor torque in Nm

36

54

7 .

< 90 108 126

spatial frequency in
periods per 360°

motor torque in Nm

revolution. Although the spectra basically show
qualitative similarities, smaller differences occur
depending on the direction of rotation. In particular,
there are increased torque amplitudes in the upper
speed band for negative direction of motion.

Furthermore, the amplitude curve of the oscillation
with a spatia frequency of 18 periods per 360° shows
significant differences depending on the direction of
movement. This is due to deviations in the angular
position of the motors on the drive and load side after
closing the electrical coupling. Even small differences
lead to an offset of the motor poles and thus to a
direction-dependent torque amplitude. The singular
torque peaks that occur occasionally (eg. at
n,, = 250 min't and 128 periods per 360°) are caused
by small position deviations of the encoder, which are
reflected in lower spatial frequency ranges.

03"
025+
02+
0.15+
011" ‘_
0.05 +

0
0 18

36 54 72 o9

108 126 144 °
spatial frequency in 144
periods per 360°

Fig. 3. Spatial frequency spectra of the averaged motor torques for al stored speed operating points with positive (left)
and negative (right) direction of rotation

Table 1 shows the identified oscillation
components sorted by spatial frequency and their
assignment to the allocated drive component as
described in Fig 1. Despite the oscillations with
fi = 1 period per 360°, f; = 9 periods per 360° and
fi = 36 periods per 360°, the identified spatial

frequencies are independent of the direction. Although
these oscillation components also occur in the
opposite direction of rotation, their amplitude does not
reach the specified threshold value for al speed
operating points considered.

Table 1. Identified spatial frequencies and the allocated drive part (a— servomotor, b — encoder, ¢ — mechanics).

Direction Positive

fi in periods per 360° 1 9 18 19 24 26 27 38 48
alocation c a a a c c a ac ac
Direction Negative

f; in periods per 360° 18 19 24 26 27 36 38 45 48

3.2. Online Correction

In the following, the performance of the proposed
approach will be illustrated using motion sequences
with constant motor speed. Fig. 4 illustrates the result
for two exemplary speed operating points with
n,, = 10 min? (left) and n,, = 250 min'? (right). The
diagrams in the upper section show the measured
motor torques t,, (gray), the sum of al periodic

correction torques 7,4 > (dashed blue) and the torque
difference 7, ., (Orange) over the motor angle ¢,
for an angle range from -180° to 180°. The
corresponding spatial frequency spectra are shown
below. In case of n,,, = 10 min’%, an additional zoomed
spectrum limited to 48 periods per 360° illustrates the
lower frequency range. Constant torque offset due to
friction was eliminated beforehand.
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Fig. 4. Results of the correction of position-related disturbance torques for speed operating points
n,, =10 min! and n,,, = 250 min* with positive direction of rotation.

The spectrum in the lower left part of the figure
shows that the spatial frequencies of the disturbance
torques resulting from the errors of the encoder do not
lead to a violation of Shannon's sampling theorem
[20]. For the second speed operating point
(n,,, = 250 min?), the fundamental frequency of the
encoder and its first harmonic exceed haf the
sampling frequency of the signal acquisition, which
leads to areflection in alower spatial frequency range
(fpos = 128 periods per 360°). Nevertheless, the
proposed approach is capable of correctly reproducing
the associated oscillations. Note that the value of the
aliasing frequency is not constant due to noise in the
measured speed signal. This effect was deliberately
suppressed for the correction approach due to the
inverse frequency characteristic.

Regardiess of the specified motor speed, the
application of the correction torque leads to a
significant reduction in torque ripple. This is
confirmed when looking at the integral of absolute
error (A;4g) and maximum deviations (e,,,,) for the
measured and corrected motor torques across all
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identified speed operating points (Fig. 5). Compared
to anideal correction (t,, (¢.,) = 0 Nm), the values of
A, 45 arereduced by an average of 50 % regardless of
the direction. The maximum deviations are reduced by
an average of approximately 38 %. Furthermore, it is
noticeable that the effectiveness of the correction
method decreases with increasing speed.

This is confirmed by the measured spatia
frequency spectra (Fig. 3). The modeled spectral parts
contribute most to torque ripple in the lower and
medium speed range. For higher speeds, oscillations
with a comparatively low spatial frequency are more
prominent, but do not exceed the specified threshold
value of one per thousand of the maximum torque.
Hence, depending on the motor speed, oscillations
with a comparatively low torque amplitude are
corrected without having a significant influence on the
quality of the correction. This could be countered by a
speed-related selection of the oscillations or reduced
threshold value for selecting the frequency
components. However, thismay also lead to increased
calculation effort.

1 A Ty
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5 0.6 pE—
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Fig. 5. Integral of absolute error (left) a maximum amplitude deviations (right) of measured and corrected motor torque
compared to an ideal correction for all examined speed operating points and both directions of rotation.
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So far, only speed operating points have been
analyzed, which are stored in the lookup tables.
Therefore, no statements on the linear interpolation of
the proposed approach are possible. For this reason,
further speed operating points were examined which
are located between the lower and upper limits of the
lookup tables. The calculation of the nominal values
listed in Table 2 is based on the Renard R6 series for

preferred numbers, descending from the maximum
speed 500 mint [21].

The position range for the movement sequencesis
limited from ¢, = -3600° to ¢,, = 3600°. An
additional averaging of three measurements for each
speed level and direction reduces position fluctuations
onload side. These arise asaresult of small deviations
when closing the electrical clutch.

Table 2. Speed operating points for validating the online correction of periodic torque fluctuations.

No. 1 2 3 4 5

6 7 8 9 10 11 12

Ny inmint 500 | 341 | 232 | 158 108

74 50 34 23 16 11 8

For the sake of clarity, Fig. 6 shows the absolute
integral of error and the maximum deviations
compared to an idea correction. For better
visuadization, the x-axis is scaled in logarithmic
division. Basically, it is noticeable that the quality of
the correction is dightly worse compared to the
measurements displayed in Fig. 5. The integra of
absolute error compared to an ideal correction is
reduced by an average of approximately 40 % and the
maximum deviations by an average of approximately
35 %. On the one hand, one reason is the linear
interpolation of amplitude and phase values, which
only represents an approximation of the actual values
between the stored speed operating points.

In particular, the amplitudes of the encoder-related
spectral components are set too low for the speed
specifications n,,, = 8 min'! and n,,, = 11 min’t. This
could be countered by a finer resolution of the speed
operating points in this range. In the case of
n, = 23 min, the correction even leads to a slight
increase in the resulting deviations, caused by an
out-of-phase connection of the basic encoder
oscillation. This is caused by the large frequency
difference of approximately 100 Hz between the two
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400 H f— 4 4 H
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200 1
0
10 100 500

motor speed in min™

neighboring entries in the lookup table, which results
from the calculation of the frequencies in the drive
cycle. As a result, relevant amplitude and phase
information may be lost during the subsequent linear
interpolation.

On the other hand, deviations arise due to the
structural design of the test rig. For example, the
eectric clutch is always open in the de-energized state
and must be actively closed after startup. Although the
servomotors on drive and load side are referenced
beforehand, there are non-reproducible deviations
between the measured position values of the two
motors after the electrical clutch is closed and the
controller enable is withdrawn on the load side.

As a result, differences in amplitude and phase
values already arise during the offline identification
phase, particularly for the encoder-related torque
fluctuations. However, this effect only occurs on the
test rig or electromechanical axes with shiftable
clutches, respectively. Nonetheless, the results in
Fig. 6 show that the proposed approach is also capable
to significantly reduce torque ripple for not stored
speed levels.
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Fig. 6. Integral of absolute error (left) and maximum deviations (right) of measured and corrected motor torque compared
to anideal correction for the speed operating points listed in Table 2 and both directions of rotation.
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8. Conclusions

The paper postulates a novel approach for
correcting periodic fluctuations in the motor torque
signal of electromechanical axes. The proposed
solution incorporates an offline identification of the
necessary oscillation frequencies including magnitude
and phase combined with a subsequent online
correction using speed-related lookup tables. In
contrast to established methods, the approach is not
restricted to specific disturbance sources. The
experimental results carried out on a single-axle drive
test rig demonstrate the performance of the proposed
method. Even in case of operating points between the
stored values of the lookup tables, a significant
reduction in torque ripple is achieved. Future work
should investigate experimental tests on different axis
configurations and the performance with continuous
speed changes (e.g. in case of circular movements).
Furthermore, a limitation of the size of the lookup
tables depending on defined motor speed ranges can
reduce the required storage and processing resources
of the control for clock-synchronous calculation.
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Abstract: We have been developing a method to estimate a moving vehicle's position using MEMS sensor data, including
acceleration, gyroscope, and geomagnetic sensors. This algorithm has been evaluated on several fixed courses, achieving good
results with a position error of less than 1 meter. However, questions remain regarding whether the algorithm can distinguish
between lanes and if it is applicable across different drivers and vehicles than those used to obtain reference data. This paper
presents evaluation results of the algorithm conducted on a two-lane road, demonstrating its ability to differentiate between
lanes. Furthermore, it confirms that the algorithm can accurately estimate the vehicle’s position even when tested with different

vehicles and drivers.

Keywords: Localization, Acceleration, Gyroscope, Geomagnetic, MEMS sensor.

1. Introduction

The author has developed a vehicle localization
algorithm that reduces reliance on GNSS. Specifically,
sensor data from a reference vehicle (Vehicle A) is
recorded in advance using MEMS sensors to capture
features such as road surface conditions and vehicle
heading. Subsequently, sensor data gathered from
another vehicle (Vehicle B), which also uses MEMS
sensors but lacks GNSS, is cross-correlated with the
reference sensor data. By identifying the timestamp in
the reference data that produces the highest correlation
value, the precise position information from the
RTK-GNSS recorded at that timestamp is used to
estimate the position of Vehicle B. The outline of the
algorithm is shown in Fig. 1. In preliminary
experiments conducted in suburban Tottori, Japan, the
algorithm achieved a positioning error of 0.37 m in

https://www.sensorsportal.com/p 3357.htm

smooth traffic conditions and about 1.6 m in
fluctuating traffic conditions [1-4]. To the authors'
knowledge, previous studies have focused on fixed
road sections with a single lane in each direction
[1-16]. To generalize the algorithm for roads with
multiple lanes, evaluation tests were conducted in
Ibaraki and Tokyo, verifying whether the algorithm
can distinguish between adjacent lanes using MEMS
sensor data. This paper is the extended version of the
conference paper [1].

2. Results of Experiments

2.1. Results of Multiple Lane Distinction
on the Shuto Expressway

In Fig. 2, images of the Tokyo Metropolitan
Expressway Route 7 (Shuto Expressway) test course
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are shown. The course consists of two lanes: a driving
lane and a passing lane. Fig. 3 illustrates the overall
evaluation test circular course, which includes the

Reference vehicle
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Tokyo Metropolitan Expressway Route 7 and is
approximately 13 km long.
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Fig. 1. Outline of the proposed algorithm.

(a) Running in the left lane

i N x

(b) Running in the rig lane

Fig. 2. Metropolitan Expressway Route 7. The test course was 3.9km long.

Fig. 3. Road Course for Evaluation Data Acquisition. The total length of the circular course is approximately 13 km.
The selected evaluation road section, marked by red arrows, has a length of 3,972 m and is located on Metropolitan
Highway Route 7.
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Fig. 4 also displays the devices used in the
evaluation experiments. Fig. 4(a) shows the MEMS
sensor InvenSense MPU-9250[17], which contains a
9-axis sensor, including an accelerometer, gyroscope,
and geomagnetic sensor. Fig. 4(b) presents the
RTK-GNSS module u-blox FOP [18], which achieves
centimeter-level precision under favorable conditions
and is used to obtain ground truth data for vehicle
positioning.

Fig. 5 shows the Toyota Noah 2-liter, 5-door
minivan used for data acquisition during the
experiments. In this paper, a specific section of the
circular course is selected for detailed examination to
address the following purposes. The selected section
marked by red arrows, shown in Fig. 3 is 3,972 meters
long and corresponds to the Metropolitan
Highway Route 7.

(2) MEMS senor  (b) RTK-GNSS _

Fig. 4. InvenSense’s mpu9502 uBlox F9P.

Fig. 5. Vehicle used TOYOTA NOAH 2 litter
5-door minivan.

The objectives of the evaluation experiments are

as follows:

1. Can the proposed vehicle localization
algorithm identify the specific lane (driving or
passing) on which the vehicle is traveling on a
multilane road?

2. How accurate is the estimated vehicle position?

To answer these questions, we conducted the

following data acquisition runs, summarized in
Table 1. The vehicle was driven on the circular test
course (Fig. 3) four times. From these runs, we
extracted four time-series datasets, each starting and
ending at the times specified in Table 1. In Japan, the
left lane is referred to as the "driving lane," while the

right lane is known as the "passing lane," where
vehicles generally travel at higher speeds. This is
evident from the travel time data provided in Table 1.

Table 1. Data Acquisition Runs.

TRIP Travel time(s)
Left 173

TRIP1 10:26:26 10:29:19

TRIP2 Left 10:58:06 11:01:25 195
TRIP3  Right 11:21:30 11:23:52 142
TRIP4  Right 11:46:20 11:48:46 146

2.2. Sensor Data Processing

Pitch rate data obtained during TRIP1 and TRIP2,
for example, are shown in Fig. 6. Among the nine
types of sensor data, the pitch rate contributes the most
significantly [4]. During TRIP1 and TRIP2, the
vehicle traveled on the same left lane, and the pitch
rate time series are expected to resemble each other.
However, since the velocity in TRIP2 is slightly higher
than that in TRIP1, the length of the time series differs.
Here, the "time of day" in seconds is defined by the
following equation:

Time of day = 3600 X hour +
+60 X minute + sec

()

-5

-10

Pitch rate  (deg/s)

-15
37,586 37,616 37,646 37,676 37,706 37,736

Time of day 3600 X hour+60 X minute+sec  (s)

Fig. 6(a). Pitch rate data for TRIPI.

Pitch rate  (deg/s)
(=]

-10

-15
39,486 39,516 39,546 39,576 39,606 39,636 39,666

Time of day 3600 X hour+60 X min—+sec  (s)

Fig. 6(b). Pitch rate data for TRIP2.

Fig. 7 shows the velocity profiles of TRIP1 and
TRIP2. As seen in Fig. 7, the velocity profile is not
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constant but varies depending on the driver’s
characteristics and traffic conditions. The sensor data,
in this sense, are velocity-modulated by the velocity
profile. The cross-correlation function, calculated
from the sensor data under constant velocity
conditions, would exhibit a constant time lag between
the two sets of vehicle data. In this paper, the first
dataset is referred to as the "reference data," while the
second dataset is called the "’evaluation data”.
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Fig. 7(a). Velocity data for TRIPI.
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Fig. 7(b). Velocity data for TRIP2.

For this analysis, the pitch rate data from TRIP1
serve as the reference data, and those from TRIP2
serve as the evaluation data.

Examples of cross-correlation calculations for the
two sets of MEMS sensor data (TRIP1 and TRIP2, left
lane) are shown in Fig. 8. Here, we calculated a
weighted sum of the nine cross-correlation functions
derived from the 9-axis sensor data (pitch, roll, and
yaw rates, as well as acceleration and geomagnetic
data for the x, y, and z axes). The optimal weights were
determined using the algorithm described in [3]. In
Fig. 8, the vertical axis represents the time lag, and the
horizontal axis represents the travel time of the
evaluation vehicle. The initial time lag was set to
0 seconds.

A bright line is visible in Fig. 8, indicating a strong
correlation. However, the bright line descends as
travel time progresses due to the non-negligible
velocity difference between TRIP1 and TRIP2, as
shown in Fig. 7. Consequently, the time lag begins at
0 seconds and ends at approximately -30 seconds. This
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significant change in time lag complicates the design
of a noise filter to accurately estimate the optimal time
lag from the cross-correlation results.
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Fig. 8. Cross-correlation of TRIP1-2.

Fig. 9 illustrates the cross-correlation results for
TRIP3 and TRIP4 (right lane). In this case, the time
lag does not change as significantly as it does for
TRIP1 and TRIP2. However, it still presents
challenges for designing an effective noise filter.
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Fig. 9. Cross-correlation of TRIP3-4.

2.3. Velocity Compensation
and Cross-Correlation Analysis

Fig. 10 shows the pitch rate sensor data after
compensating for them according to the velocity
profiles, as if the vehicle were traveling at a constant
velocity of 60 km/h. The compensation was applied
using the following formula:

(D) = [[_,52dr, @)

where @(t) represents a hypothetical time axis under
the assumption that the vehicle moves at a constant
velocity v_s and t denotes the real-time axis.
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Fig. 10(a). Pitch rate data for TRIP1 after velocity
compensation.
15
10
=
& s
<2
o 0
E
:ﬂg 5
£

-10
-15
39,486 39,516 39,546 39,576 39,606 39,636 39,666

Time of day(virtual) 3600 X hour+60 X minute+sec (s)

Fig. 10(b). Pitch rate data for TRIP2 after velocity
compensation.

After velocity compensation, the travel times of
the evaluation vehicle are adjusted to match those of
the reference vehicle. Using this velocity-
compensated sensor data, the cross-correlation was
recalculated, and the results are shown in Fig. 12. In
same-lane cases, such as Figs. 11(a) and 11(b), clear
horizontal bright lines appear in the correlation
functions. However, in the different-lane case shown
in Fig. 11(c), where TRIP1 and TRIP3 data were
correlated, the correlation values are very poor.
Similarly, other different-lane cases, including
TRIP1-4, TRIP2-3, and TRIP2-4, also exhibit poor
cross-correlation results.

2.4. Vehicle L ocalization from Cross-
Correlation Functions

After obtaining the cross-correlation functions, the
algorithm estimates the optimum time lag profile.
Once this profile is identified, the algorithm estimates
the location of the evaluation vehicle according to the
procedure described in Fig. 1. From the results in
Fig. 11(a), (b) and (c), the correlation functions for
same-lane and different-lane cases show distinct
characteristics, enabling lane distinction.

Fig. 12 shows the maximum correlation plots for
TRIP3-4 (same-lane case). These plots form an almost
horizontal line, though some noisy data points
are present.

0 30 60 90 120 150 180 210 240
Travel time (s)

Fig. 11(a). Cross-correlation of TRIP1-2 (driving lane).

. Time lag (s)

1] 0 &0 90 120 150 180 210 240
Travel time (s)

Fig. 11(b). Cross-correlation of TRIP3-4 (passing lane).

Q
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0 30 60 90 120 150 180 210 240
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Fig. 11(c). Cross-correlation of TRIP1-3 (different lane).

Fig. 13 displays the result of applying a simple
Kalman filter to Fig. 12, yielding a much clearer
horizontal line.

Fig. 14 shows the maximum correlation plots for
TRIP2-3 (different-lane case). In this case, the plots
are highly noisy, and no effective noise filter can
produce a horizontal line like that of Fig. 13.

Fig. 15 presents the histograms of maximum
correlation plots for TRIP1-3 (different-lane case) and
TRIP3-4 (same-lane case). It is evident that the
histogram is much broader for different-lane cases
compared to same-lane cases. This difference in
histogram shapes allows for distinguishing whether
the vehicle is running in the same lane as the reference
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data. From the time lag estimation, the vehicle's
location is derived using the RTK-GNSS location data
of the reference vehicle at the corresponding time, as
described in Fig. 1.
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Fig. 12. Maximum correlation plot of TRIP3-4
cross-correlation function.
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Fig. 13. After applying noise filter to Maximum correlation
plot of TRIP3-4 cross-correlation function.
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Fig. 14. Maximum correlation plot of TRIP2-3
cross-correlation function. The plot is too noisy to allow
the application of a noise filter.

In Fig. 16(a), the position estimation error over
time is shown for the evaluation vehicle running in the
left lane (driving lane), while Fig. 16(b) illustrates the
directional error for the same scenario. Similarly,
Fig. 17(a) presents the position estimation error over
time for the vehicle running in the right lane (passing
lane), with Fig. 17(b) displaying the corresponding
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directional error. Based on the results from Figs. 16(a)
and 17(a), the RMSE errors were 1.40 m for the
driving lane and 1.41 m for the passing lane, indicating
comparable levels of accuracy in both lanes, despite
occasional error spikes. However, when the vehicle is
running in a different lane, position estimation
becomes challenging due to poor cross-correlation.
This limitation, nonetheless, highlights a positive
aspect of the algorithm—it effectively identifies the
running lane. The directional position error remains
confined to the vehicle's heading, provided that lane
distinction is properly recognized.
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Fig. 15. Histogram of the maxima of the cross cross-
correlation function.
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Fig. 16(a). Position estimation error over time when
the evaluation vehicle ran in the left lane (driving lane).
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Fig. 16(b). Directional error over time for the same case.
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Fig. 17(a). Position estimation error over time when the
evaluation vehicle ran in the left lane (passing lane).
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Fig. 17(b). Directional error over time for the same case.

3. Impact of Different Driver and Vehicle
on the Proposed Algorithm

Although the lane distinction algorithm performed
well on the Metropolitan Expressway, a challenge was
encountered on National Route 349 in suburban
Ibaraki. The course is shown in Fig. 18. The evaluation
section, indicated by the red arrow, is a fairly smooth,
two-lane bypass road with a central median running
through a rural area.

In this course, we tested the effects of different
drivers and different vehicles on the proposed vehicle
localization algorithm. Driving data was collected, as
shown in Table 2. Eight trips were conducted: the first
four trips were driven by a 29-year-old female driver
using a SUZUKI SWIFT, while the latter four trips
were driven by a 68-year-old male driver using a
TOYOTA Yaris Cross.

In Table 3, the two vehicles are compared. The
TOYOTA Yaris Cross is larger, heavier, and has a
longer wheelbase than the SUZUKI SWIFT. These
and the suspension characteristics of the vehicles may
influence sensor data to varying degrees.

In Table 4, we summarized the evaluation results
by using reference data from each of the eight trips and
evaluation data from the same eight trips. The results
are presented in a matrix form as shown in Table 4.

Fig. 18. Road Course for Evaluation Data Acquisition.
The total length of the circular course is approximately
5.33 km. The selected evaluation road section, marked
by red arrows, has a length of 1.57 km and is located
on National route 349 in suburban aria in Hitachi-Ohta city,
Ibaraki prefecture.

Fig. 19. Evaluation section view A very flat, two-lane
bypass road with a central median running through
the rural area.

Table 2. Data Acquisition Runs.

TRIP | Date and time Driver Vehilce | Lane | Travel time (s)
0 Left 80
1 29-year-old |Suzuki Left 84
2 July 6,2024 female SWIFT Right 95
3 Right 82
4 Left 90
5 _year- Left 95
July 7,2024 67-year-old TO\_(OTA :
6 male Yaris Cross Right 100
7 Right 91
Table 3. Vehicle Comparison.
Vehicle Length| Width | Hight |Wheelbase| Weight | Engin

Model (mm) | (mm) [ (mm) (mm) (kg) | Type

SUZUKI
SWIET 3,860 | 1,695 | 1,500 2,450 910 | Petrol
TYO.KOTA 4,180 | 1,765 | 1,590 2,560 (11,160 | Hybrid
Yarsi Cross
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Table 4. Results of the location errors(m).

SUZUKI SWIFT TOYOTA YARIS CROSS

TRIPO |TRIP1 |TRIP2 |TRIP3 |TRIP4 |TRIPS (TRIP6 |TRIP7

lanel |lane2 (lane2 [lanel (lanel |[lane2 |lane2

TRIPO lanel 212 | 3.00 | 2.09 | 1.52 |10.89 | 2.78

—
w
2 [TRPLane1 8.00 (951 |10.09 [11.93 |12.82
=
N [TRP2lane2 | 2.17 1.40 (308 | 317 | 155 | 151
n
TRIP3lane2 | 3.27 | 7.08 821 |3.00 |1.80 | 161
P |TRP4lane1 [ 1.55 | 1.80 [ 3.41 523 | 254
Ref| @ |TRP5lanel | 1.58 | 1.95 [ 337 |237 4.20
o
$
& |TRP6lane2 | 2.07 | 359 |11.82 | 7.36 | 2.40
o
5
& [TRIP7lane2 | 2.06 | 4.90 | 2.30 | 5.28 | 2.45

To summaries the results shown in Table 4, we

can say:

i. The accuracy is generally good when using the
same vehicle and driver for both reference and
evaluation data;

ii. Even if the vehicle or driver differs between
reference and evaluation data, as long as the
same lane is driven, no significant increase in
error is observed;

iii. Even when the driving lanes differ between
reference and evaluation data, positioning is
possible due to the correlation. However, errors
larger than the lane width may occur;

iv. There are cases where the road surface features
are not captured, leading to an increase in
errors. (indicated by green areas).

4. Conclusions

This study demonstrated that the MEMS-based
vehicle localization algorithm can achieve a position
accuracy of approximately 1 meter on the
Metropolitan Expressway and effectively distinguish
between multiple lanes. However, distinguishing
adjacent lanes remains challenging when their sensor
data are similar. This issue will be addressed in future
research. Improving the results obtained in this
experiment may require refining the algorithm to
better select the most appropriate reference data.
Details of the revised algorithm will be presented in
future work. A significant advancement observed is
that the algorithm proved to be applicable to different
vehicles and drivers, even in limited cases.
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Abstract: As part of the ROBDEKON [1] project, the Karlsruhe Institute of Technology’s Institute for Technology and
Management in Construction (KIT-TMB) is developing a robotic system designed to position two speciaized tools for the
decontamination and clearance measurement of concrete walls in nuclear power plants. To achieve this, a Manitou 100-VJR
lifting platform has been retrofitted with essentia electronic components including controllers, sensors, actuators,
communication modules, and safety systems transforming it into a robotic system known as “ DekontBot” [2].
In addition to the robotic platform, an automatic milling tool and an automated contamination array have been developed as
tools for decontamination and clearance measurement. The system supports operation in both teleoperation and
(semi-)autonomous modes. Two graphical user interfaces have been developed, one for the DekontBot and another for the
contamination array. These GUIs enable intuitive control and real-time visualization of system operations using RViz2 on the
ROS2 platform, allowing users to operate the systems in a user-friendly and accessible manner.

This paper presents a detailed account of the development and implementation of the DekontBot, the milling tool, and the
contamination array.

Keywords: Robotic, Automation, Decontamination, PLC, Robot operating system (ROS), Nuclear power plant (NPP),
Clearance measurement.

State of the art
decommissioning of NPPs

1. Introduction

On April 15, 2023, Germany shut down its last
three nuclear power plants Emsland, Neckarwestheim
2, and Isar 2. Currently, there are 25 nuclear power
plants and research reactors in Germany at various
stages of decommissioning and dismantling [3].
Globally, approximately 297 nuclear power plants are
expected to begin the decommissioning process by
2030 [4]. To date, most decommissioning and
dismantling activities have been performed manually,
making it a high-risk activity not only due to the high

levels of radiation but also because of the physical and
mental stress imposed on employees (Fig. 1).
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Fig. 1. State of the art in the decommissioning of nuclear
power plants.
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At the Institute for Technology and Management in
Construction (TMB) at the Karlsruhe Ingtitute of
Technology (KIT), the “Deconstruction and
Decommissioning of Conventional and Nuclear
Buildings’ department conducts research into topicsin
the conventional sector such as recycling-friendly
dismantling, mechanical demolition methods and the
automated separation of hazardous and non-hazardous
waste. This field of research is supplemented by the
dismantling of nuclear facilities. The focus here is on
pilot projects designed to make the dismantling of
nuclear power plants safer, more efficient and more
economical for everyone involved in the dismantling
process. The focus is on developing practical new
dismantling technologies (pilot projects) for open
problems, including large-scal e testing.

However, organizations such as the OECD have
noted that current technological capabilities in the
dismantling process are not being fully leveraged.
Increasing the use of robots and automation
technologies offers the potential to reduce both costs
and radiation exposure for personnel involved in the
decommissioning process. Given the growing number
of facilities undergoing dismantling, there is
significant potential for digita and automated
solutionsin this domain [5].

The ROBDEKON project—commissioned by the
Federal Ministry of Education and Research
(BMBF)—aims to develop autonomous and
semi-autonomous robotic  solutions to  enhance

decontamination efforts in hazardous
environments [6].
As pat of ROBDEKON, KIT-TMB is

collaborating with Karlsruhe University of Applied
Sciences and Gétting KG to develop a comprehensive
automation chain for the decommissioning of nuclear
power plants[7].

This automation chain comprises severa
components. One of them is the GammaBot, used for
environmental exploration through geometric and
radiological measurements. The collected data
supports the implementation of Building Information
Modeling (BIM) for digitization and detailed
planning [8].

Additionally, autonomous decontamination and
clearance measurement are carried out using portable
robotic tools integrated into an autonomous carrier
platform called DekontBot. The system also includes
an autonomous forklift truck, developed by Gétting
KG, to handle the transportation of radioactive
waste [9].

A visua representation of thisintegrated systemis
shown in Fig. 2.

2. Development of DekontBot

The objective of this research is to develop
universal, robot-based solutions for a fully automated
decontamination process within nuclear facilities,
which can be flexibly adapted to diverse and changing
environmental conditions.

Fig. 2. Closed automated chain for decommissioning
of NPPs.

The following sections provide a detailed
description of the third and fourth steps in the
automation chain: automated decontamination and
automated clearance measurement, both implemented
using the tool-carrier robotic system DekontBot.

2.1. Description of the Robot's Main Task

Once contamination or hotspot locations are
identified using the GammaBot, these areas must
undergo targeted decontamination. To address this
requirement, KIT-TMB has developed an automated,
robot-portable milling tool specifically designed for
decontaminating concrete walls.

After the decontamination process, the affected
surfaces are autonomously measured to ensure they
meet the required decontamination standards. For this
task, a second tool, known as the “Contamination
Array” [10] has been developed.

The primary role of the DekontBot is to accurately
position these two tools, operating in either

teleoperated or (semi-)autonomous Mode, depending
on the specific operational needs.

Fig. 3. Actua State of Development of DekobtBot.

2.2. Description of Original Platform

To achieve the described objectives, the “Manitou
100-VJR" platform was further developed and
automated to serve as the base vehicle for the
robotic system.
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The platform measures approximately 1.2 meters
in length, 1 meter in width, and 2 meters in height,
allowing it to pass through standard doorways and
operate in awide range of indoor environments, from
large hallsto relatively small rooms.

Equipped with a manipulator featuring three
degrees of freedom, the system can reach working
heights of up to 8 meters, utilizing a telescopic joint
and a robotic arm. Furthermore, it is capable of
precisely positioning tools with a maximum weight of
270 kg.

A visual representation of the platform’s
dimensions and its degrees of freedom is provided
inFig. 4.

Fig. 4. Dimensions and degrees of freedom
of the DekontBot.

ElherCAT-CAN Gateway

DC-Controller -

2.3. Description of the Integrated Electronics

The foundation of the automated decontamination
system is the mobile platform described in Section 2.2.
To transform this platform into a fully functional
automated system, it was equipped with the necessary
components, asillustrated in Fig. 5.

A Rexroth CtrIX3 EtherCAT control unit (PLC)
was integrated to serve as the central control system.
This PLC connects to the three motor controllers, two
for the traction motors and one for the pump motor, via
a CAN-EtherCAT gateway. It aso interfaces with
various sensors to determine the position of the
manipulator.

To monitor the manipulator’s articulation, two
inclination sensorswereinstalled to measurethearm’s
orientation, and two wire-draw encoders were used to
track the position of the tel escopicjoint and orientation
of the tower.

The motor controllers provide real-time feedback
to the PLC, including motor current, motor and battery
voltage, and motor temperature.

For localization, the platform is equipped with two
SICK microScan3 lidar sensors, which continuously
calculate the vehicle's position. This positioning data
is transmitted to the PL C using UDP communication.

Real-time operations such as motor control,
sensor/actuator integration, and automation algorithms
are executed on the PLC. Meanwhile, higher-level
tasks including visualization, HMI, integration of
cameras, and communication with other robotic
systems and the control station are handled by a
separate PC equipped with an Intel Corei7 CPU.

PLC

HMI & Engineenng

Safely CPU

CAN [
© |-
— e
>~

-

uoP : N
s %%\

Localization PG :
Lidar SensorSalely sensor

Fig. 5. Integrated electronics on DekontBot [11-14].

2.4. Safety System

System Safety is managed by a SICK-CPUO safety
PLC. The platform is equipped with safety laser
scanners that detect people and obstacles in the
surrounding area. Based on the detected object's
position, the system generates protective or warning
signals to prevent collisions or reduce speed.

The safety zones are divided into three col or-coded
regions, as shown in Fig. 6:
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* Red Zone: Indicates ahigh risk of collision. If an
object enters this areain front of the DekontBot,
forward motion isimmediately stopped;

¢ Yellow Zone: Indicates a caution zone. When an
object iswithin this area, the platform reducesiits
maximum driving speed to 50 %;

e Violet Zone: Serves purely as a visual warning
for operators. No movement restriction
isapplied.

The safety system is direction-sensitive: if an

object isin front of the machine, only forward motion
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is restricted; reverse motion remains possible, and
viceversa.

To prevent tipping, additional safety features
including tilt measurement system is mounted, which
consist of two analog tilt sensors that monitor the
inclination of the platform. The first sensor
continuously measures the platform’s tilt, while the
second acts as a redundant monitoring unit. If the
measured tilt exceeds +10°, or if the readings between
the two sensors differ beyond a defined tolerance,
forward movement is blocked if the condition occurs
while moving forward, and reverse movement is
blocked if it occurs during backward motion.

The movement of the manipulator joints is
restricted to atilt angle of £2° to prevent the platform
from overturning, particularly when handling tools
weighing up to 270 kg a a height of 8 meters.
Additionally, five digital switches are installed to
verify that the manipulator is in its home position,
which is a precondition for alowing platform
movement. Other switches monitor whether any
manipulator joint is at its end position, preventing
unnecessary hydraulic pressure buildup.

The positions of the wheels are measured using
analog potentiometers, which serve as both end
switches and inputs for visualizing the wheel
orientation in a Unified Robot Description Format
(URDF) model. All safety-critical signals are routed
through a dedicated gateway to the main control unit.
In hazardous situations, such as potential collisions or
risks of overturning, the system can halt all movement
immediately, wait until conditions return to a safe
state, or autonomously recalculate and execute an
dternative path to reach its target.

| SR
0 N
I R\\" \ \ 1.
HRIRMEN
Fig. 6. Safety Zones of DekontBot: Front Safety Scanner.

3. GUI, HMI, Visualisation and Data
Transfer

To enableintuitive user interaction, auser-friendly
interface has been developed, allowing operation of
the system without requiring in-depth technical
knowledge. Theinterface supports language switching
between German and English. (Fig. 7).

DekontBot =) B

gl
ROBDEKON

Stopp

DekontBot - %

ROBDEKON

Fig. 7. Top: No Safety Warning Signal, Down:
Collision Signal.

The decontamination process is based on a
contamination map generated in advance by the
GammaBot. This map includes a two-dimensional
layout for localizing the DekontBot, as well as a
three-dimensional  point cloud enriched with
radiological information. Using this data, the
DekontBot can identify contaminated areas, calculate
the optimal trajectory from the starting point to the
contamination sites, and position the required toolsfor
decontamination  or  clearance  measurement
accordingly. All relevant information is transmitted
automatically from the GammaBot to the DekontBot
via a TCP server/client architecture using the
ROBDEKON VPN.
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The 2D map will be converted, processed, and the
locdlization information will be transmitted from the
PC tothe PLC (Fig. 8).

l Raw data
—— s

Visualisation

4

Fig. 8. Information Processing: From Transport
to Localization and Visualization [11].

Through the graphical user interface (Fig. 7), users
can select or delete existing contamination maps, start
or stop system operation, and switch between
teleoperation and automatic mode. The interface also
displays key safety and system parameters, including
collision risks, manipulator joint positions, battery
voltage, motor currents, and localization status.
Changes in system status are visualized through color
transitions, from green to yellow or red along with
corresponding warning messages.

To enhance spatiad awareness, the selected
contamination map is visualized in RViz2 using ROS
2. This includes both the 2D map and the 3D point
cloud of the building, overlaid with a dynamic URDF
model of the DekontBot (Fig. 9), providing real-time
visualization of the robot's position and configuration.

For additional situational awareness, the platform
is equipped with two USB 3.0 cameras. one for
monitoring the vehicle's surroundings and another for
observing the manipulator during operation.

Y.
.
.
]
-

L

Fig. 9. Visualisation of point cloud and URDF model.
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4. Developed Tools

As previously mentioned, the primary task of the
DekontBot is to position two end-effectors: a milling
tool for decontamination and acontamination array for
clearance measurements, at the designated target
positions. The following section provides a detailed
description of the goals and development of
these tools.

4.1. Milling T ool

The structure of the milling tool is shown in
the Fig. 10.

Fig. 10. The structure of the milling tool.

The mechanical components of the milling tool
were developed by Contec, GmbH [15], while the
electrical cabinet (Fig. 11), battery, motors, sensors,
and corresponding software development were
handled by KIT-TMB.

commandos
MotorAmps

CAN

MotorTemp
*  MotorVolts
*  MotorRPM

Fig. 11. Integrated electronics on milling tool [16-18].

The milling tool is equipped with 2 degrees of
freedom, facilitated by two motors. The first motor,
with a power of 2.2 kW, drives the milling head and
executes the cutting process. The second motor, with
apower of 0.4 kW, isresponsiblefor thelateral motion
of the milling head.
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Four digital switches are mounted at the front of
the machine. Once the milling tool makes contact with
the surface, al four switches are activated, and the
machine begins operation. This mechanism is
primarily for safety and to reduce power consumption,
preventing the tool from operating when it is not in
contact with the surface.

Additionally, two sensors are mounted on the sides
of the milling tool. When the milling head reaches the
end of its trgectory, these sensors are activated,
prompting the lateral motion of the milling head to
shift in the opposite direction.

To control the lateral velocity of the milling head
and ensure optimal milling performance, a current
sensor isinstalled to measure the current of the milling
motor. When the motor's current is low (i.e., during
free-run operation), the lateral velocity is high,
indicating that there is little to no resistance and the
head isnot cutting material. If the current remainslow,
the tool will stop cutting.

Conversely, when the milling motor's current
increases, the lateral velocity decreases. This increase
in current indicates that the milling head is
encountering material to cut, leading to higher torque
and a reduction in latera speed to optimize the
cutting process.

The milling tool is equipped with a Siemens CPU,
which communicates with the motor controllers via
CAN protocol using a Profinet/ CAN gateway. The
entire milling tool is powered by a 48 V,
120 ampere-hour battery.

Communication between the milling tool and the
DekontBot is established through UDP and TCP
protocols. This integration allows the milling tool to
be monitored and controlled viathe GUI. Sensor data,
such as motor speed, motor currents, and battery
voltage, istransmitted via UDP, while commands such
as Release or Stop are sent using TCP.

Additionally, the milling tool is equipped with a
suction unit for efficient dust and debris collection
during the milling process.

Fig. 12 shows the milling result of the tool on a
concrete wall.

Fig. 12. Milling result.

4.2. Contamination Array

To achieve the step of autonomous clearance
measurement, a robot-portable, battery-operated tool

known as the ‘ contamination array’ was developed at
KIT-TMB.

Fig. 13. The structure of the contamination array.

As shown in Fig. 13, the contamination array
consists of four contamination detectors mounted in
paraldl. It is crucia to prevent the detectors from
making contact with surfaces, as this could damage
them or cause them to become self-contaminated,
|eading to inaccurate measurements.

To address this, the first step in the measurement
process involves scanning the surfaces using a laser
scanner mounted on a linear drive to detect any
obstacles. Fig. 14 illustrates the scanning area and the
scan profile.

Using this information, each contamination
detector will be positioned accurately using separate
linear drives. This ensures that the detectors not only
measure surface activity from a pre-defined distance
but also avoid collisions with detected obstacles. Once
the detectors are properly positioned, the radiological
measurements will begin, lasting approximately 10
seconds.

In the next step, the entire system will move
sideways to cover the areas between the four
contamination detectors, as shown in Fig. 13, and to
position the detectorsin areas between any obstacles.

Additionally, externa laser distance sensors are
mounted on the tool to measure the positions of the
machine within its own coordinate system. The final
output of the contamination array will be a digital
documentation file containing all necessary
information, such as radiological measurements,
positions, time, and date.

Similar to the DekontBot, a GUI has also been
devel oped for the contamination array, asillustrated in
Fig. 15.

Using this GUI, the user can start or stop the
measurements, monitor the radiological measurement
values, track the positions, and view the scan profile
of the surfaces.

Additionally, users can initiate zero-effect
measurements to assess background radiation for
calibrating the detectors. Similar to the milling tool,
the system aso includes an interface to transfer
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information between the contamination array and the
DekontBot.

5. Results and Further Developments

The mechanical and electrical expansion of the
DekontBot and its two tool has been successfully

[} 200 00 @0 - w0

completed, and the platform is now fully operational
for teleoperation. All degrees of freedom of the
origina platform are controllable through the
integrated electronic components. The required
system operation values are measurable via selected
sensors, and the platform's safety hardware is
fully integrated.

@ 200 00 “wo o0

Fig. 14. Scanning area and the scan profile.
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Fig. 15. GUI of contamination array.
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With the developed GUI and visualization tools,
the systems can be operated without prior knowledge
of robotics or programming, making it highly
user-friendly for itsintended users.

The next phase involves integrating path planning
and control agorithms to automate the systems
further. Additionally, to ensure more precise tool
positioning, particularly for the decontamination and
clearance measurement of inclined walls, floors, and
ceilings, further degrees of freedom will be added to
the end effector, as shown in Fig. 16.

To achieve this, an additiona joint will be
designed and built at KIT-TMB, enabling both
end-effectors to rotate +90° around their axis. Two
parallel-mounted analog laser distance sensors will be
used to measure the inclination of the surfaces. The
0.24 kW motor will be controlled via a motor
controller, which will be connected to the central PLC
using the CANOpen protocol.

Fig. 16. Swivel module for expanding the degrees
of freedom of the end effector.

The safety system also requires enhancements to
meet the TUV (Technica Inspection Association)
testing and verification standards. Additiona
optimizations are necessary, such as improving the
quality of point clouds, refining details in the URDF
model, and ensuring robust communication between
the DekontBot and the control center. These
improvements will ensure that the DekontBot and its
tools are fully prepared for initial testing within a
nuclear facility.

6. Conclusions

It has been demonstrated that automation and
robot-based solutions hold significant potential in the
decontamination processes of nuclear facilities. These
solutions not only aleviate the physical burden on
personnel, who typically carry heavy tools and wear
uncomfortable protective suits, but also significantly
reduce the radiation exposure to their bodies and
minimize the generation of secondary waste.

As a result, the DekontBot and its two
end-effectors were developed specificaly for
decontamination and clearance measurement of
concrete walls in nuclear power plants. In
collaboration with partners like Karlsruhe University
of Applied Sciences and Gétting, who are developing
the GammaBot and the automated forklift, the
automated decontamination chain will soon be
completed and made available to users.

With the integration of this automated chain, the
effort and associated risks of these tasks can be
substantially reduced. There is considerable interest
from operators of nuclear power plants in adopting
autonomous solutions or robotic systems for
decontamination operations.

Furthermore, the DekontBot can also serve as a
tool carrier for a variety of tools weighing up to
270 kg. After discussions with relevant personnel, it
was determined that one potential application for the
DekontBot would be in conventional decontamination
work (non-nuclear), such as  chemica
decontamination removal.
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Abstract: Recent advances in Unmanned Aerial Vehicles (UAVs) have driven a rapid expansion in their application domains,
ranging from logistics and surveillance to disaster relief and entertainment. In particular, Nano UAVs (weight: under 100 g)
offer significant advantages in cost, safety, and regulatory compliance. However, their limited payload capacity and the
high-power consumption of conventional control systems severely constrain flight time. Traditional companion computers
designed for computationally intensive tasks, such as image processing, often require 2-5 times more power and nearly double
the weight of the onboard flight controller, further exacerbating these limitations. In this study, we present a novel companion
computer based on Sony’s Spresense platform that is lightweight, low-power, and highly versatile. Weighing only 7 grams
and featuring a POSIXcompliant RTOS alongside a multilIcore architecture, the proposed solution is optimally tailored for
Nano UAV applications. Extensive Hardware[Jin[Ithe[1Loop (HITL) evaluations demonstrate that our Spresensel]based
system consumes only 1/18 the power of the Raspberry Pi 4 Model B while delivering comparable functionality. Moreover,
real Nano UAYV tests using the Nano Mind 110 (weight: 36 g) confirm that integrating our companion computer results in only
a modest increase in overall power consumption, thus preserving flight time. Compared to current state[JoflJthel[Jart
approaches, our design effectively addresses challenges in availability, extensibility, and ease of development, offering a
costlleffective and practical alternative for Nano UAV systems. Future work will extend these findings through further
real[Jworld validations, including advanced navigation, obstacle avoidance, and ROSJbased applications, to confirm the
robustness and scalability of our approach.

Keywords: Nano UAVs, Low-power, Companion computer, Versatile UAV applications, POSIX-compliant RTOS.

(1) Flight Time

Large UAVs can extend their flight time by
incorporating high-capacity batteries and engine
power [2]. However, such solutions are not feasible for
Nano UAVs due to their strict size and weight
restrictions, since every gram allocated to onboard
electronics or sensors directly competes with the
available capacity for battery storage.

1. Introduction

In recent years, Unmanned Aerial Vehicles
(UAVs) have rapidly expanded in their application
scenarios. UAVs are increasingly being considered a
novel means of transportation for both people and
goods, and are now widely employed in logistics,
disaster relief, and entertainment. In particular, Nano
UAVs — those weighing under 100 grams — excel in
terms of cost, ease of maintenance, regulatory
compliance, and safety, making them suitable for both
indoor and outdoor applications [1]. However, when
deploying Nano UAVs in professional settings,
several challenges remain.

(2) Power Consumption

UAVs inherently require high power consumption
for their propulsion systems — especially for the
motors — which results in short continuous flight time.
Research efforts have focused on lightweight designs,
improved  aerodynamic  performance, = motor
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enhancements, and refined control algorithms to
address this issue [3]. Moreover, as the range of UAV
applications expands, the computational power
required is also increasing. For example, consider
image processing: while early UAVs (e.g., around
2010 with the AR.Drone) typically used
VGA-resolution cameras (approximately
300000 pixels), it is now common in 2025 to mount
cameras with FHD or even higher resolutions. When
applying a linear filter, the computational load for
processing an 8K  image  (approximately
30000000 pixels) is roughly 100 times that for a VGA
image. Although this example involves relatively
simple processing, more complex tasks can demand
even greater computational resources. Consequently,
the computational performance required by UAVs is
growing exponentially.

(3) System Configuration

Fig. 1 illustrates a simplified system configuration
for typical UAVs, which generally consists of two
main components:

e Flight Controller: It handles basic tasks by
computing the UAV’s attitude from sensors (e.g.,
IMU, GNSS, pressure sensor, etc.) and
controlling the motors that drive the propellers.
Its applications typically run on RTOS
(Real-time Operating System) based firmware
such as PX4 from the openlsource Dronecode
ecosystem [4];

e Companion Computer: It manages advanced
tasks (image processing, SLAM, path planning,
etc.) using data from cameras and depth sensors.
Most of the existing solutions are based on GPOS
(General-purpose Operating System) like Linux.

Typically, flight controllers are built around

Cortex IM microcontrollers, whereas companion
computers use platforms such as Raspberry Pi 4 or
NVIDIA Jetson. Compared to the flight controller, the
companion computer generally consumes 2—5 times
more power and generates significant heat. In addition,
it is roughly twice as heavy, and the need for a heat
sink further increases its overall weight. These factors
combine to reduce flight time.

Motors Camera

i |

Flight Controller ‘

Companion Computer

- IMU

* GNSS ———— | [Basic Tasks] [Advanced Tasks]
+ Pressure Sensor - Self Localization - Image Proccesing
[ - Position Control - S5LAM
- Attitude control - Path Planning

Fig. 1. System Configuration of Typical UAVs.

(4) Diversification of Functional Requirements
Initially, companion computers were primarily

used for processing camera images. With the

expansion of UAV applications, their roles have
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diversified to include autonomous flight control, Al
processing, and swarm control. Since the choice of
companion computers must align with the required
functions, there is no one-size-fits-all solution.
Moreover, more advanced functionalities typically
come with increased power consumption and weight,
further reducing flight time. For additional examples,
please refer to the survey by Foisal et al. [5].

From the above discussion, reducing power
consumption and enhancing the versatility of
companion computers emerge as critical challenges.
In this study, we present a new companion computer
suitable for Nano UAVs built on PX4. We have
implemented the necessary = communication
architecture and utilized multi-core task processing to
achieve both energy efficiency and high performance.
The effectiveness is evaluated by comparing our
proposed approach with Raspberry Pi 4. This paper is
an extension of work originally presented in DAUS’
(International Conference on Drones and Unmanned
Systems) 2025 [6]. In this paper, we present new
evaluation results including experiments on real Nano
UAYV and more literature reviews to further validate
our approach.

This section has provided an overview of our study
and its contributions. Section 2 reviews related studies
and products, Section 3 details the proposed
Spresense-based companion computer and its
implementation, Section 4 presents our HITL
evaluation experiments, Section 5 presents our
real-world evaluation experiments, and Section 6
positions our work within the context of existing
studies before concluding in Section 7.

2. Related Work

This section describes state-of-the-art studies and
products related to companion computers for
Nano UAVs.

2.1. FPGA-based Approaches

Cheng et al. [7] developed a UAV control system
using an FPGA as a companion computer for
Bitcraze’s Crazyflie 2.1 [8]. The system utilizes
AMD’s XC6SLX9 FPGA [9], which features
5720 slice LUTs, 11440 flip-flops, and 32 blocks of
18 Kbit Block RAM. The primary advantage of using
an FPGA is its extremely low power consumption —
over 100 times lower than that of a comparable
embedded GPU. However, due to inherent limitations
in implementing complex arithmetic circuits on
FPGAs, these devices are less versatile for executing
complex computations.

2.2. SoC-based Approaches

GAP8 [10] is a commercial product from
GreenWaves Technologies that complies with the
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Crazyflie-Aldeck [11] standard and is designed to
offload mission control tasks from Crazyflie. GAP8
integrates a RiScy core as its host CPU, is equipped
with 1.5 MB of on-chip SRAM, and features a
parallel-programmable cluster of eight additional
RiScy cores. The RiScy is a 4-stage pipeline core
based on RV32 and compliant with the custom
XpulpV2 RISC-V ISA, which includes extensions for
DSP and machine learning applications (supporting
16/8-bit SIMD operations and hardware loops). In
GAPS, only the Fabric Controller Core can access
peripheral devices, while the remaining cores serve
solely as accelerators for computation. This limitation
restricts scalability and versatility for complex IoT
applications. Moreover, although these systems
support an RTOS, they do not support Linux [12],
making it difficult to leverage existing Linux-based
software assets.

In contrast, Shaheen [13] supports both RTOS and
Linux, enabling the use of extensive software stacks
such as ROS. It integrates a fully programmable
parallel 8-core RV32 cluster accelerator. The RV32
cores in Shaheen are derived from RiScyNN cores and
support mixed precision, achieving up to 8.5 times
faster performance than Kraken. Additionally, it
incorporates an RV64 core featuring advanced
virtualization and security functions, along with up to
512 MB of main memory. However, Shaheen is only
a prototype and has not been released commercially.
Furthermore, while the SoC’s power consumption is
discussed, the overall board power consumption and
scalability remain unclear, leaving its effectiveness as
a companion computer for Nano UAVs uncertain.

3. Proposed Method
3.1. Overview

Companion computers always face trade-offs
among versatility, power efficiency, and weight. The
main objective of our approach is to develop a
companion computer that enhances the performance
of Nano UAVs by effectively balancing these three
factors. Our proposed companion computer is based
on Sony’s Spresense, a commercial off-the-shelf
(COTS) microcontroller board developed by Sony
[14] (see Fig. 2 for an overview of the board’s design
and key components). Its compact and lightweight
design makes it particularly well-suited for Nano UAV
applications compared to larger solutions (e.g.,
Raspberry Pi 4: 85 X 56 mm, 46 g).

Spresense is equipped with a variety of useful
peripherals, including an integrated Global Navigation
Satellite System (GNSS) module for accurate
navigation and localization. This high degree of
extensibility enables users to develop a wide range of
feature-rich UAV applications. Moreover, many
official and third-party add-on boards are available to
provide additional functionalities, such as high-
resolution cameras, extra sensors, Wi-Fi, and LTE
connectivity.
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Framework Lt Middleware
ASMP DNN Power
Framework Runtime Management

[ NuttX (POSIX-compliant RTOS) |
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Fig. 2. Overview of Sony Spresense Board.

The application processor on Spresense features
six Arm Cortex IM4 cores, offering robust parallel
processing capabilities for demanding tasks such as
image processing and Deep Neural Network (DNN)
inference. A dedicated Arm Cortex[1M4 DSP handles
GNSS processing, further enhancing overall
performance. The board’s SDK is based on NuttX, a
POSIX[lcompliant RTOS that provides both high
real[ltime performance and efficient development
productivity.

The unique combination of performance, power
efficiency, and extensibility provided by Spresense
has proven its value in space robotics applications,
including lunar exploration robots [15]. In this study,
we implement functionalities that enable Spresense to
serve as a companion computer within the Dronecode
open[Isource UAV development ecosystem [4]. This
approach not only facilitates efficient and rapid
prototyping of Nano UAVs but also benefits from a
supportive community that continuously contributes
new features and improvements.

3.2. Comparison with Candidate Boards

We have also investigated other popular COTS
boards with size small enough to be equipped on a
Nano UAV. Table 1 shows a comparison of the
Raspberry Pi Zero WH [16], Arduino Nano 3.0 [17]
and Spresense on power consumption, performance
and capabilities. For Raspberry Pi Zero WH, the
power usage is measured with Wi-Fi and Bluetooth
turned off. As the table indicates, Spresense provides
computational performance comparable to the
Raspberry Pi Zero WH while consuming only 1/16 of
its power and less than 1/3 of the power of the Arduino
Nano 3.0. Thus, we determined that Spresense was the
most suitable COTS board to serve as a companion
computer for Nano UAVs.

3.3. Communication Architecture
Implementation

PX4 is the firmware for flight controllers in
Dronecode ecosystem. Fig. 3 depicts the
communication architecture between the flight
controller and our companion computer. By default,

39



Sensors & Transducers, Vol. 268, Issue 1, April 2025, pp. 37-44

PX4 and Spresense share no common protocol. Thus,
we ported the MAVLink protocol [18] to Spresense
due to its lightweight and reliable messaging
capabilitiecs. MAVLink enables seamless data
exchange between PX4 and Spresense through a serial
interface. This also allows users or developers to
bridge existing ROS2 applications on Spresense using
micro-ROS via MAVLink [19].

PX4 applications cannot directly use MAVLink
for communication. Instead, they are required to use
the publisher-subscriber middleware uORB provided
by PX4. To fully leverage the functionalities of
Spresense, we have also extended the PX4 firmware
to enable the translation between custom MAVLink
messages and uORB messages. This enables
developers to offload flight controller functions — such
as GNSS data acquisition — to Spresense.

Existing high-level APIs such as MAVSDK [20]
offer powerful UAV control features but are not
optimized for microcontrollers like Spresense [21].
We addressed this by developing custom UAV control

APIs based on the MAVLink protocol. Through
analysis of MAVLink message flows in existing
systems, we tailored them to Spresense, creating
lightweight APIs optimized for resource-limited

environments while maintaining compatibility
with PX4.
Flight Controller Companion Computer
PX4 Compatible Spresense
Apps PX4_App App ROS2_App
uORB micro-ROS
Communi

MAVLink

Protocol

Communication
Interface

Serial

Fig. 3. Communication Architecture between
the Flight Controller and the Companion Computer.

Table 1. Comparison of COTS boards with tiny form factor.

Raspberry Pi Zero WH [16] Arduino Nano 3.0[17] Spresense [13]
Power (No load) [mW)] 500 100 30
DMIPS 1250 20 1200
Size 65.0 mm x 30.0 mm 43.2 mm X 18.5 mm 50.0 mm x 20.6 mm

Weight 7 grams 9 grams 7 grams

Wi-Fi/Bluetooth, GNSS receiver,
Capabilities Display output, - Hi Resolution Audio 1/0,

Camera interface Camera interface

3.4. Multi-core Task Processing

Spresense operates at 156 MHz per core, which is
significantly lower than the 1.8 GHz found in
Raspberry Pi 4. This lower clock speed contributes to
its ultralJlow power consumption. To overcome this
limitation, we exploit Spresense’s multiple cores to
concurrently manage several tasks, such as GNSS
positioning and image processing, within the confines
of its limited computational resources. The Spresense
SDK supports both Symmetric Multil |Processing
(SMP) and Asymmetric Multi[|Processing (AMP); in
our implementation, we employed SMP to efficiently
distribute tasks across available cores. For example,
one core is dedicated to flight controller
communication while others handle GNSS processing
or image processing. As all cores share the same
operating system, inter[/core communication is
straightforward. Fig. 4 demonstrates the task
distribution strategy, including how unused cores are
put into sleep mode to conserve power without
sacrificing performance.

4. HITL Evaluation

We evaluated the performance, power efficiency,
and versatility of our proposed companion computer
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using a Hardware-in-the-Loop (HITL) setup. All tests
employed Pixhawk 6x [22] as a flight controller.

Parallel Processing
=> Acceleralion

Sleeped unused cores
=> Power Saving

RTOS (Nutlx)
r [ | r r= (i | rA
L J L L J LJ L LJ
} i i f } i
1 1 1 Sl | T Lasy
MAVLink !
Message GNSS Al Unsused

A e R

Fig. 4. Task Distribution for Multi-Core Utilization.

4.1. Communication L atency

We measured the Round-Trip Time (RTT) to
assess the communication latency among Spresense,
the Raspberry Pi 4 Model B, and a PC. The PC utilized
a USB serial converter (DSD Tech SH-U09CY),
whereas the other platforms used direct serial
communication.

Fig. 5 illustrates the sequence diagram used for
measuring RTT. In this test, RTT is defined as the time
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elapsed from sending data from the companion
computer to the flight controller and receiving the
returned data from the flight controller. All UARTS
were configured at 921600 baud, 8N1, with no flow
control. The flight controller transmitted acknowledge
(ACK) messages at 50 Hz, while each companion
computer sent synchronous (SYN) messages at
frequencies of 1 Hz, 10 Hz, and 100 Hz and processed
ACKs at 1000 Hz.

Fig. 6(A) shows the RTT distributions for the PC,
the Raspberry Pi 4 Model B, and Spresense. At 10 Hz,
the PC exhibited an average RTT of 35.05 ms
(standard deviation (SD) = 3.97 ms), the Raspberry Pi
4 Model B 30.86 ms (SD = 1.72 ms), and Spresense
20.85 ms (SD = 0.21 ms). These results indicate that
Spresense achieves a 32 % reduction in average RTT
and a markedly lower variability compared to the
Raspberry Pi 4 Model B, while consuming only

Flight Controller

1/18 of its power. Based on these findings, we
conclude that Spresense offers a more stable and
power-efficient performance for time-critical UAV
operations. Fig. 6(B) shows the RTT distributions on
Spresense when varying the baud rate. Four baud rates
were tested: 57600, 460800, 921600, and 2000000,
while keeping all other conditions constant. The
results indicate that for SYN frequencies of 1 Hz and
10 Hz, no RTT losses occur regardless of the baud rate.
However, at SYN frequencies of 100 Hz and 1000 Hz,
RTT losses begin to emerge. At a baud rate of 57600,
communication fails when the SYN frequency is set to
100 Hz or 1000 Hz. Moreover, ACK reception losses
are observed at these higher SYN frequencies
regardless of the baud rate. Therefore, it is
recommended that the baud rate be set between
460800 and 2000000 for reliable communication.

Companion Computer

....(PX4 Compatible) o

RTT

uORB -> mavlink
Measurement

UORB <- mavlink

RTT
Measurement

uORB
messages

Lﬂ

: CSYN i Tsyn
: mavlink
: messages

CACK Tack

RTT =Tack - TsYN

Fig. 5. Sequence Diagram of RTT (Round Trip Time).
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Fig. 6. RTT Results (A: Device Comparison, B: Baud Rate Variation).

4.2. Versatility and Power Consumption

We evaluated the versatility and power
consumption of the developed companion computer

by creating three applications — an Operation App, a
GNSS App, and an Al App — on both Spresense and
the Raspberry Pi 4 Model B.
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Operation App: sends basic flight commands
(takeoff, altitude hold, landing).

GNSS App: acquires real-time location data and
sends it to the flight controller via MAVLink.

Al App: performs real-time image recognition by
processing camera inputs with a pre-trained machine
learning model.

Table 2 shows the measured power consumption in
our HITL environment. Spresense consistently
consumed about 1/18 the power of the Raspberry Pi 4
Model B while retaining comparable functionality.

Table 2. Power Consumption Comparison.

. Raspberry Pi 4
Application Modd B [mW] SpresensemW]
Standby 3088 40
Operation 3178 50
App
GNSS App 3219 88
Al App 3549 510

5. Real UAV Evaluation and Analysis

We validated the effectiveness of our proposed
method using a real Nano UAV, the Nano Mind 110
[23]. Nano Mind 110 is a Nano UAV featuring a
110 mm diagonal body weight of 36g, and a
maximum take-off weight of 80 g. It is equipped with
the PX4-compatible flight controller, MindRacer [24].

5.1. Experimental Environment

Fig. 7 illustrates the experimental setup for
reallworld testing. Instead of a 3.7 V lithium polymer
battery, we used a DC stabilized power supply set to
4.2 V to emulate a fully charged battery. A weighing
scale was employed to estimate thrust by monitoring
changes in its readings. Additionally, to minimize the
effects of ground effect [25], all experiments were
conducted in an environment free of obstacles beneath
the UAV.

We evaluated the relationship between power
consumption and thrust for the Nano Mind 110. Fig. 8
shows the measurement results. In our experiment
using a DC power supply, we were only able to
measure thrust up to 25 g.

5.2. Power Consumption Evaluation

However, given that the torque and power
consumption of a DC motor are linearly related, we
extrapolated the linear approximation curve to

estimate the relationship up to the maximum thrust of
80 g. The derived linear fit is given by:

Power[mW] = 386 - Thrust[g] + 1811 (1)
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To verify the validity of this approximation, note
that the Nano Mind 110 has a maximum payload of
80 g. Assuming it is equipped with four motors, and
referencing the specifications of motors of the same
size [26], the maximum power consumption is
calculated as:

35360[mW] = 4-3.4[V]-2600[mA]  (2)

From the approximation curve, the estimated
power consumption at a thrust of 80 g is

32691[mW] = 386-80[g] + 1811  (3)

Since these two values are close, the estimation of
the relationship between thrust and power
consumption is considered valid. Moreover, since the
drive system consumes almost no power at 0 g thrust,
the baseline power consumption of 1811 mW can be
attributed to the flight controller.

5.3. Power Consumption Analysis

Based on Equation (1), we estimated the power
consumption of the Nano Mind 110 in a hovering state.
With a body weight of 36g, the hover power
consumption is calculated as:

15707[mW] = 386-36 + 1811 4)

Next, consider equipping the Nano Mind 110 with
Spresense as a companion computer while running an
Al application. In this configuration, Spresense
consumes 510mW and adds 7g to the weight,
resulting in a total weight of 43 g. The hover power
consumption is then estimated as:

18919[mW] = 386-43[g] + 1811+ 510  (5)

Thus, integrating Spresense increases power
consumption by approximately 20 %. In contrast,
when equipping the Nano Mind 110 with the
Raspberry Pi 4 Model B running a samapplication, the
Raspberry Pi 4 Model B consumes 3549 mW and
weighs about 65 g, yielding a total weight of 104 g.
The estimated hover power consumption becomes:

45504[mW] = 386-104[g] + 1811 + 3549  (6)

This represents an increase of approximately
190 % relative to the base Nano Mind 110. Moreover,
the total weight of 104 g exceeds the maximum take-
off weight of 80 g, rendering the Raspberry Pi4 Model
B unsuitable for this application.

Given that the flight time of the Nano Mind 110 is
approximately 7 minutes, the hover flight time is
estimated to be around 5.8 minutes with Spresense and
only about 2.4 minutes with Raspberry Pi 4 Model B.
These results indicate that integrating Spresense
results in a much smaller increase in power
consumption — and consequently a less severe impact
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on flight time — compared to using Raspberry Pi 4
Model B.

Fig. 7. Experimental Setup for Real [ lworld Testing.
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Fig. 8. Relationship between Thrust and Power
Consumption.

6. Comparison with State-of-the-art

Table 3 shows a comparison between our proposed
method and three state-of-the-art related studies
or products.

J. Cheng et al. [7]: Propose an FPGA-based
companion computer notable for its low power
consumption. However, due to inherent circuit
constraints in FPGAs, performing complex
computations is challenging, and the system remains
in the research stage, making practical deployment
difficult.

Al-deck [9]: COTS microcontroller board
developed by Bitcraze. Al-deck adapts GAPS
processer by GreenWaves Technologies. GAPS itself
supports the POSIX-compatible RTOS NuttX;
however, Al-deck is limited to PULP OS and
FreeRTOS, complicating the reuse of Linux-based
development assets. Furthermore, in GAPS, only one
core — the Fabric Controller Core — can access
peripheral devices, while the other cores function
solely as accelerators for computation. This design
significantly limits its extensibility and versatility for
complex IoT applications.

Shaheen [11]: Supports Linux in addition to an
RTOS. Nonetheless, Shaheen is only a prototype and
has not been released as a commercial product.
Furthermore, while the S oC’s power consumption is
mentioned, the overall board power consumption and
extensibility remain unclear, making its effectiveness
as a companion computer for Nano UAVs uncertain.

Table 3. Comparison with State-of-the-art Companion Computers.

J.Cheng et al. [7] Al-deck [9] Shaheen [11] Spresense (Ours) [13]
Availability Prototype Product Prototype Product
Category FPGA SoC SoC SoC
Application - RISCY CVAG 6x Cortex-M4
Pr ocessor
Cortex-M4
Accelerator XC6SLX9 8x RISCY 8x FLEX-V 2D Graphic Accelerator
Max Freq.
IMHZ] - 250 500 — 600 156
Memor ) 1.5 MB SRAM 1 MB SRAM 1.5 MB SRAM
y + 8-64 MB HyperBUS + 32-512 MB HyperBUS + 8 MB Flash
oS - RTOS RTOS + GPOS RTOS
Power <
[MW] =50 60 200 40

Our Companion Computer: Overcomes all the
issues found in these studies. Since Spresense is
marketed by Sony, it is readily available. It supports
NuttX thus allowing reuse of Linux-based
development assets. Moreover, official and third-party
add-on boards (e.g., for cameras, Wi-Fi, and LTE, etc.)
are available to extend its functionality. In terms of
power consumption, it achieves levels comparable to
J. Cheng et al.’s FPGA-based companion computer,
which boasts the lowest power consumption among
the compared systems. Additionally, Spresense offers

a significant cost advantage, priced at $65.00
compared to Al-deck’s $240.00, making it an ideal
choice for budget-sensitive applications without
sacrificing performance or extensibility.

7. Conclusion

In this study, we developed a lightweight,
low-power, and versatile companion computer for
Nano UAVs based on the Spresense platform, offering
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balanced performance, straightforward development
with  NuttX, and robust extensibility. HITL
evaluations show that, compared to Raspberry Pi 4
Model B, Spresense achieves approximately 30 %
reduction in round-trip time (with the standard
deviation reduced to 1/10) while consuming only 1/18
of the power.

Moreover, the real [ JlUAV evaluations confirmed
that integrating Spresense into the Nano Mind 110
results in only a modest increase in power
consumption and hover power requirements -
ensuring a relatively minor impact on flight time. In
contrast, employing Raspberry Pi 4 Model B would
dramatically increase power consumption and weight,
rendering it impractical for Nano UAV applications.

Notably, our proposed method demonstrates a
unique integration of availability, extensibility, and
ease of development — features that previous studies
could not simultaneously achieve. Future work will
focus on real-world validation — indoor navigation,
outdoor obstacle avoidance, and ROS 2-based
applications using micro-ROS — to confirm its
robustness and scalability.
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Abstract: Public transport organizations are increasingly concerned about reducing air pollution, leading many to transition
their fleets into electric vehicles (EVs). In this context, limited battery range and charging times remain significant hurdles.
Precise modeling of electric bus energy consumption is crucial. Still, existing methods often face difficulties due to the
complexities of real-world conditions, such as diverse driving patterns and external factors. To tackle this, the study proposes
a hybrid model combining physical principles and machine learning using real-world data from 30 buses across 130 routes
over one year. Key variables like passenger load, weather, and route characteristics are incorporated. Several machine learning
models, including MLP, KAN, and XGBoost, are compared using Mean Absolute Percentage Error (MAPE). The hybrid
model outperforms others, achieving a low MAPE of 5.59 % on test data and 5.79 % on validation data with a low Standard
Deviation. Additionally, models incorporating operational factors, such as bus lines and time of day, enhance prediction
accuracy. The study concludes that integrating physical laws with machine learning offers a more accurate and stable approach
to energy consumption modeling, providing a promising framework for fleet management and energy efficiency in public
transport systems.

Keywor ds: Public transport, Electric bus, Telemetry, Energy consumption, Big data, Artificial intelligence.

1. Introduction contributes to improved overall life quality in urban

areas [4], these innovative solutions come with their

As consciousness arises about the role of road
transport in air pollution, the global trend points
towards the use of more energy-efficient vehicles and
the reduction of greenhouse gas emissions. According
to Krawiec et al. [2], this affects not only personal
vehicles but also public transport vehicles.

The share of electric-powered buses operated by
public transport organizations is expected to reach
100 % by 2050. Despite the significant advantages
associated with electric vehicles, such as zero tailpipe
emissions [3] and reduced noise pollution, which

https://www.sensorsportal.com/p 3360.htm

challenges [3]. Some of the most critical issues are
their limited battery range and longer charging times
[5]. This highlights the crucial need for accurately
modeling discharge patterns in electric vehicles [1].
While many researchers have proposed approaches
based on simulated data [5], these methods often fall
short in real-world applications, where “energy
consumption prediction is challenging due to
complicated driving cycles and a wide range of
influential factors” [6]. Modeling electric energy
consumption remains a complex challenge [7].
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Numerous approaches have been proposed in the
scientific literature, each with distinct advantages and
limitations. Rule-based models use fundamental
physical principles to simulate vehicle-environment
interactions, incorporating factors such as rolling
resistance, aerodynamic drag, road gradient, and
acceleration forces. These models offer a mechanistic
understanding of energy consumption. In contrast,
data-driven models uncover hidden relationships
between variables using historical data, offering a
more empirical approach [6].

This article proposes a different approach by
combining physical and machine learning approaches
to predict the required energy consumption of electric
buses per trip. As such, the paper's main objective is
to provide a method to incorporate telemetry and
planning data into prediction models that can make
energy predictions at fleet scale, considering the
specifics of multiple bus lines and vehicles.

The remainder of the paper is structured as follows.
First, the following section presents the literature
review. The proposed models and the data used in this
study are then presented. The performance of the
proposed models is then evaluated, followed by an
analysis of variable influences. Finally, limitations and
future works are discussed in the discussion and
conclusion sections.

2. Literature Review

The literature identifies a broad range of
parameters influencing energy consumption in electric
vehicles. Physical factors such as speed, acceleration,
weather conditions, ambient temperature, vehicle
mass, and road slope are frequently cited as key
determinants [7]. Data-driven models, however,
expand upon these by incorporating additional
variables, including stop frequency, traffic conditions,
trip timing, and in-vehicle climate control usage,
offering a more nuanced understanding of real-world
energy consumption [7]. These models can be
categorized into three main types [8].

The first category includes statistical models, such
as linear regression and ordinary least squares. While
effective for small datasets, they assume linear
relationships that may not fully capture complex
dependencies. The second category consists of
machine learning models, including support vector
regression, XGBoost, and Random Forest. These
models handle intricate, non-linear relationships and
automatically identify relevant features from large
datasets. However, they require extensive feature
engineering and struggle with highly unstructured
data. The third category comprises neural network
models, such as deep neural networks, Long Short-
Term Memory (LSTM) networks, and Transformers.
These excel at modeling time-series data and capturing
long-term dependencies, but they demand significant
computational resources and large datasets for
effective training.
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Several studies advocate for hybrid models
combining physical and data-driven approaches to
leverage the strengths of both paradigms [8]. By
integrating physical laws with machine learning
insights, such models enhance accuracy and
generalization. Despite the growing interest in electric
vehicle energy modeling, relatively few studies focus
specifically on electric buses [2]. Most recent work,
particularly those utilizing real-world datasets, centers
on passenger cars [9]. While valuable, these
approaches often fail to account for the unique
challenges of public transport modeling, such as
cyclical usage patterns and significant variations in
vehicle mass due to passenger loading [10].

Beckers et al. [11] proposed a physical modeling
approach to quantify the impact of friction forces due
to cornering on energy consumption. They found that
cornering losses account for approximately 3 % of
propulsion system energy consumption. While this
study offers valuable insights into specific aspects of
energy loss, such as friction during turns, it does not
address broader operational variables like passenger
load and weather conditions, which can also
significantly affect energy consumption.

In contrast, Fiori et al. [12] adopt a more
comprehensive decomposition of power consumption,
separating it into two components: motion-related and
auxiliary  consumption. = The  motion-related
component, modeled using physical principles and
calibrated with data from 435 trips, is validated with
an impressive RMSPE of 2.56 %. In addition, the
authors also consider auxiliary consumption, such as
HVAC systems, by modeling it as a polynomial
function of outdoor temperature. While this approach
is more holistic, accounting for factors like HVAC
energy consumption, it is limited by the need for
separate calibration per vehicle and possibly per line,
which makes it impractical for large-scale, real-time
operational use.

Furthermore, Beckers et al. [13] take a similar
physics-based  approach to  model  energy
consumption, focusing on factors like motor
efficiency and rolling resistance based on road surface
conditions. This study also emphasizes calibration
through real-world testing campaigns. However, it
struggles with incorporating regenerative braking
effects, a critical aspect of modern electric vehicles
that could influence energy recovery and overall
efficiency. This limitation further highlights a
common challenge across physics-based models.
While they provide valuable insights into specific
components of energy use, they often fail to capture
the full complexity of vehicle operation, particularly
in terms of energy recovery mechanisms like
regenerative braking.

Blades et al. [14] addressed the challenge of
generating realistic drive cycles, which is often limited
by the cost and complexity of real-world data
collection. By developing a generic Battery Electric
Bus (BEB) model and applying machine learning
techniques such as linear regression, LASSO, ridge
regression, Random Forest, and Extra Trees, they
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identified the average road gradient and speed as the
most influential factors affecting energy consumption.
The study reported MAPE errors ranging from 2.1 %
to 10.67 % and recommended including additional
factors such as passenger load and weather conditions
— factors that are explicitly considered in our own
approach. This aligns with the growing recognition
that contextual factors beyond the road and vehicle
characteristics play a crucial role in predicting energy
consumption.

Similarly, Basso et al. [15] also utilized machine
learning techniques to predict energy consumption,
focusing on multiple buses and a range of time
aggregation levels (5, 10, 15, and 30 minutes). Their
use of 30 wvariables, including a physics-based
consumption estimate, and their application of models
like linear regression, Random Forest, SVR, and
neural networks resulted in a best-performing model
(linear kernel SVR) with a MAPE of 22 %, a
significant improvement over the physics-based
model's MAPE of 43\%. The study underscored the
importance of long-term telemetry data and multi-
route contextual variables, which are central to our
research. While their approach was more data-
intensive, it highlights the necessity of incorporating
diverse contextual factors to improve prediction
accuracy.

Meanwhile, Pamula and Pamula [16] took a deeper
dive into deep learning approaches, specifically
comparing LSTM, Deep Learning with Autoencoder
(DLNA), and Multilayer Perceptron (MLP) models on
two bus routes. They found that DLNA outperformed
the other models with a MAPE of 6.2 %, followed
closely by MLP (6.7 %) and LSTM (7.2 %). Despite
deep learning's promise in sequential energy
prediction, their study was constrained by a limited
sample size and a narrow range of routes.

Xu et al. [17] partly tackled this issue by analyzing
a larger dataset of a year’s worth of data from ten buses
operating on a single route. They compared Elastic
Net, GPR, and LightGBM models, with the
best-performing models achieving MAPEs of 9.17 %,
7.54 %, and 7.71 %, respectively. Elastic Net was
noted for its generalizability, and the study
emphasized the significant impact of external
temperature, driver behavior, vehicle characteristics,
and road attributes on energy consumption. These
findings are consistent with the notion that operational
factors beyond the vehicle itself — such as weather
conditions and driver behavior — are essential to
understanding and predicting energy use. However,
the study also pointed out the frequent omission of
passenger load variation.

Finally, Sennefelder et al. [18] analyzed driver
behavior across 30 diesel buses and extrapolated the
findings to electric buses. After filtering the data, they
were left with 149 trips from 24 vehicles, highlighting
the inherent challenges of real-world data collection.
Using the Neighborhood Component Feature
Selection (NCFS) algorithm, they classified energy
consumption into three levels and found that Random
Forest achieved the highest accuracy at 83 %. This

study reinforced the complexities of real-world data
acquisition and the importance of robust filtering
techniques when dealing with large and noisy datasets.

By comparing these studies, we can see the
evolution of data-driven approaches in predicting
energy consumption for electric buses. Early studies,
such as Pamula and Pamula [16], focused more on
identifying key influencing factors. As the field
progressed, studies like Basso et al. [15] and Blades et
al. [14] incorporated more complex models and larger
datasets, addressing some of the limitations of earlier
approaches.

Table 1 summarizes the key variables used in
different studies related to bus energy consumption
prediction. It highlights the specific factors considered
by the key studies we have identified. By examining
these variables, we can better understand the scope and
limitations of previous research and refine our
approach to predicting bus energy consumption.
Table 2 summarizes the key characteristics of the
highlighted studies on energy consumption prediction
for electric buses. This table highlights the context
variables such as the number of vehicles, model types,
temperature ranges, data types, and study durations.
By comparing these attributes, we gain insight into the
diverse approaches and setups used in previous work
and identify potential gaps or areas for further
exploration in our research.

The limited focus on electric buses is often
attributed to challenges in data availability, as
proprietary datasets or small sample sizes (such as
[12, 13, 15]) hinder generalizable conclusions [19].
Many studies analyze a restricted number of bus routes
[12, 15, 16] or small fleets [11-15], limiting the
applicability of findings. This limitation in route
diversity is a challenge we also aim to address in our
work, as broader route diversity can significantly
affect model generalization and robustness.

To the best of our knowledge, existing models in
the literature do not directly incorporate variables such
as vehicle number, route number, and direction. We
believe that including these wvariables could
significantly enhance machine learning models by
helping to identify cyclical patterns or consumption
behaviors that vary by bus, ultimately improving
predictions. Furthermore, these pieces of information
are easily accessible from scheduling software,
allowing for seamless integration by transport
companies.

3. Proposed M odel

To overcome the limitations mentioned, we seek to
leverage an extensive real-world dataset from 30 buses
operating on over 130 routes over an entire year,
enabling us to identify seasonal influences on energy
consumption predictions. Our approach incorporates a
diverse range of influential variables — including,
speed, acceleration, passenger load, temperature,
vehicle identification, and route attributes — offering a
robust and practical framework for energy
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consumption prediction in electric bus fleets.
Additionally, our industrial partnership provides
access to buses equipped with advanced telemetry
systems, ensuring reliable data acquisition. This

collaboration allows us to address key gaps in the
literature and refine our understanding of electric bus
energy consumption.

Table 1. Summary of Variables Used in Previous Studies.

Physical Model

Hybrid M achine L ear ning

Article [13]

[12]

[15] [14] | [16] | [17] | [18]

[11]
Speed X X

X X

Acceleration X

X X

Passenger Load

Temperature

X[ X ]| X]|X

Slope X

X | X | X[X]X

Weather Conditions

Distance

Travel Time

Number of Stops

Elevation

Time of the Day

Trip Number

X | X | X[X]|X]|X
X

Day of Week

Cornering Angle X

Table 2. Summary of Study General Context. Phy.: Physical model; ML: Machine Learning model; Aux.: Auxiliary model;
Sim.: Simulated.

Article [13] [11] [12] [15] [14] [16] [17] [18]
Number of vehicles 1 1 1 6 1 10 30
Number of lines 1 1 2 1
Model Type Phy. Phy. Phy. and Aux. | Hybrid | ML. ML. ML. ML.
Max Temperature ( °C) 17 17 20 24
Min Temperature ( °C) -15 11 1 -5
Data Type Real Real Real Real Sim. Real Real Sim.
Study Duration 1 trip | 62 hours 2 months 1 day 9months | 1year | 11 days
City Howald Santiago Jaworzno | Beijing | Seville
Country Luxembourg Chile Poland China Spain

We first introduce the physical model found in the
literature. Then we detail how some forces will be
grouped to create consumption variables for the hybrid
model. Finally, we detail which machine learning
approaches will be used to create the hybrid models
that will be compared in the next sections.

The literature categorizes as "Rule-based" [19] the
model used to assess energy consumption defined by
equations (1) to (6):

k
Potar = ﬁ(Frr'l'Fd‘l'P:g*'Fa)a €))
F, = Cymgcosay, ()

Pa
Fq = StCaAsvE, (3)
F, = mgsina, “)
Fy = méa,, (5)
T

Ebattery = ft Ptotal’ (6)
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where Piytq; i the power provided by the battery at
time t. .., Fy, Fy and F, are respectively forces due to
rolling resistance, drag, road gradient, and
acceleration. v,, a, and a, are the velocity,
acceleration, and road slope at time t. The constants
used are C, and C,4, rolling resistance and drag
coefficients, p, air density, A the bus front surface, m
vehicle mass, g gravitational acceleration, rotational
inertia, 17,,, and 17, motor and transmission efficiencies,
whose values are derived from [15]. The regeneration
factor k is varying from 0 to values close to 1 based on
the technology used. Integrating those elements for a
trip leads to Epgetery, the total energy consumption

during the considered trip.

This model has several possible variations,
depending on the available data. The details of these
physical model variants are summarized in Table 3,
while the architecture of each model is illustrated in
Fig. 1. Model A is used when the data of speed, load,
slope, Heating, Ventilation, and Air Conditioning
(HVAC) power are available and also when the driver
utilizes regenerative braking. Model B applies when
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HVAC data is unavailable. Model C is used when
energy generation is deactivated due to unsafe driving
conditions, such as slippery road surfaces during

freezing or snowy weather. Model D is employed
when only the speed profile is available.

Table 3. Summary of the different models and their associated parameters.

M odel Available Data L oad Slope
Speed, Acceleration, . .
A Slope, Load, HVAC Variable Variable
B Speed, Acceleration, Variable Variable
Slope, Load
C Speed, Acceleration, Variable Variable
Slope, Load
D Speed, Acceleration Empty Weight 0

Planning data Telemetry data

D +70 :Model (PD) (1D}
+TD+PD: Model C -
- — = (——]
D+D+TD¢PD:ModeIB i @
@ O mmromms| =
Slope Speed
Passenger loading Acceleration HVAC power
L 4 v v ) 4 !

Calculation of
cansumption inked to

aerodynamics

gravity

Calculation of
consumption linked to

consumption linked ta

Calculation of Cakculation of
consumption linked to

HVAC

Cakculation of
regeneration linked to
serodynamics

Calculation of
regeneration linked to
inertia

Calculation of
regeneration linked to

Inertia gravity

v v v
Aerodynamic Gravity Inertial
consumption consumption consumption
We propose addressing the limitation of

v
Inertial
HVAC consumption

regeneration

d .
Gravity
regeneration

v
Aerodynamic
regeneration

Fig. 1. Architecture of physical models (A, B, C, D).

From a physical point of view, the rolling

conventional physical models with a physical model
coupled with a machine learning model. The physical
model provides the consumption linked to
aerodynamics, gravity, and inertia as well as their
regeneration contributions. Instead of adding the
energy of every force, we split them into three power
groups described by equations 7 to 9. To calculate the
energy consumption of a contribution (gravity,
aerodynamic or inertia) during the trip, equation 10 is
used. If the battery power is positive, then k = 1 and
consumption contributions are calculated, if the
battery power is negative, k = 0.3 and regenerative
contributions are calculated.

kv

Pyravity = P (C;mg cos a, + 7)
+mg sinay),
kv, p
Paerodynamic = ﬂm;t (7a CdAfvtz)» ()
kv
Pipertia = ——(méay), )
MmNt
T
Econtribution = ft Peontribution (10)

resistance and aerodynamic drag cannot regenerate
energy. In our case, “aerodynamic regeneration” or
“gravity regeneration” is their consumption during the
regeneration phase. After multiple tests, constructing
these variables allows the following machine learning
to better predict the energy consumption than if each
force and its related consumption or regeneration is
considered independently.

Based on the literature review, we identified that
the Multi-Layer Perceptron (MLP) is a common
machine learning approach, so we chose to compare
its performance. Since its release in April 2024, the
article by Liu et al. [21] has sparked the interest of
many machine learning researchers due to its potential
to replace architectures using dense layers from MLPs.
Also, ensemble methods like XGBoost appeared
promising for their ability to represent complex
relationships between data [8].

In the first model, M1, the energy contributions are
used directly as inputs to a Multilayer Perceptron
(MLP). In the second model M2, the vehicle
identification number, bus line number, direction, day
of the week, time of the day, and trip distance are
added to provide for each prediction and adjust the
forecast accordingly. The M3 model uses the variables
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used by M2 with two new variables, average energy
and average speed. The M4 Model uses a
Kolmogorov-Arnold Network (KAN) while the M5
model uses an XGBoost model with the same
variables as M3. The details of those hybrid models

are given in Table 4. The overall process is illustrated
in Fig. 2. We will investigate the influence of the data
available on the accuracy of prediction using these
model variants. Less data available is expected to lead
to worse performance of the associated predictions.

Table 4. Summary of the different models and their associated parameters.

M odel Model Architecture Context
A,B,C,D Physical None
Ml Physical followed by MLP None
. Vehicle identification number, Bus line number, Direction, Day of the
M2 Physical followed by MLP week, Time of the day, Trip distance
. Vehicle identification number, Bus line number, Direction, Day of the
M3 Physical followed by MLP week, Time of the day, Trip distance, Mean Temperature, Mean Speed
. Vehicle identification number, Bus line number, Direction, Day of the
M4 Physical followed by KAN week, Time of the day, Trip distance, Mean Temperature, Mean Speed
M5 Physical followed by Vehicle identification number, Bus line number, Direction, Day of the
XGBoost week, Time of the day, Trip distance, Mean Temperature, Mean Speed
Planning
database
i —
> M2 model :
. : - Vehicle identification number
M1 & M2 models ; L] - Bus line number
- Passenger count - Direction
- Slope - Day of the week
- Time of the day
Telemetry ) - Trip distance
database M1 & M2 models : Regenerative
- Speed contributions
- Acceleration .
@ -HVAC power Adjusted forecast Energy consumption per

Physical model

Consumption
contributions

Multilayer Perceptron trip

Fig. 2. Architecture of the proposed models (M1 and M2).

4. Data Description

As previously mentioned, the data used for this
study comes from the operational databases of a
transport company. These data are not derived from
simulations or controlled test campaigns but from the
real-world use of these vehicles. This case study
encompasses nearly 100000 trips across 30 electric
buses, covering over 25000 work cycles on nearly
130 different bus routes over one year. Each work
cycle consists of multiple trips on various lines.

The telemetry system implemented is designed to
monitor vital signs such as speed, heating power, and
the number of active battery packs. It is primarily used
to send alerts and error messages for maintenance
purposes. Additionally, variables such as acceleration,
slope, or passenger count are not directly measured in
vehicles but must be reconstructed by merging data
from different sources. A detailed list of the variables
considered is provided in Table 5.

We have chosen to conduct an initial exploratory
study to highlight the specific characteristics of this
application case. The driving speed varies from 0 to
90 km/h, which is quite common in a large city, with
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the higher end occurring when the bus drives on
interurban portions. The mean acceleration of
0.19 m/s? corresponds to a very gentle acceleration,
which maximizes passenger comfort. The higher value
of 0.77 m/s? is more noticeable for passengers but
remains safe for carrying standing passengers. The
slope mean is approximately 0, highlighting the
cyclical behaviors of most trips. When a bus faces a
positive slope during its trip, it also faces a downward
slope later. The maximum and mean values of 1.5 and
-1.47 rad, respectively, are unrealistic, representing
slopes close to 90 degrees. After further investigation
of the values, we found that the altitude gathered from
GPS positioning is inaccurate for public uses, as it
does not have high spatial resolution. This is the kind
of noise our models must correct to provide the best
possible forecasts.

This distance varies from 1 km to 39 km, with a
mean value of 9.7 km. This highlights the significant
variability of the routes we are trying to forecast
energy consumption. It shows that when real
operational data is used, it is often far from the
simulations and idealized cases used in previous
literature studies, justifying further studies on
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real-world datasets. The temperature varies from
-14 °C to 44 °C, with a mean of 15 °C, highlighting
the various environmental conditions these buses must
face. It also covers a broader range of temperatures
than most literature studies. It is worth noting that
these values are subject to inconsistencies as they are
measured directly by bus sensors. These
measurements might be higher in winter than the
actual exterior temperature because the vehicle
temperature heats the sensor due to heat propagation.
In the summer, if exposed directly to sunlight, the rays
might heat the sensor, again disrupting its

measurements. We have chosen to use bus
temperature  sensors rather than those of
meteorological stations because they could better
represent micro-climates. The average duration of a
trip is 32 minutes, which is relatively short for public
transport. However, the maximum value of
240 minutes (4 hours) indicates the presence of
exceptional situations, such as breakdowns. During
these trips, it is likely that the vehicle's energy
consumption is not truly representative of
nominal usage.

Table 5. Description of Variables, Sources, Types, and Sampling Methods.

Variable Sour ce Type Sampling
Speed Telemetry system Float Triggered
Acceleration Calculated from speed Float Per second
Slope S;éﬁiﬁ:f;ﬁ&ii :Lt)ll';l;des Float Mean between planned stops
Distance Calculated from speed Float Per second
Temperature Telemetry system Float Triggered
Duration Planning database Float Trip
Passenger count Planning database Integer Between planned stops

Energy consumption Telemetry system

Float Triggered

Vehicle identification number | Planning database

Categorical | Trip

Bus line number Planning database

Categorical | Trip

Direction Planning database Categorical | Trip
Day of the week Planning database Categorical | Trip
Time of the day Planning database Categorical | Trip

The average number of passengers is 21, which is
reasonable for an urban bus. The maximum value of
190 passengers describes exceptionally crowded trips,
such as in high-density areas or during city events
attracting large crowds.

The average energy consumption is 13.7 kWh,
which seems reasonable for an urban bus. However,
the maximum value of 73 kWh indicates long or
particularly energy-consuming trips during strong
accelerations, significant fluctuations in the number of
passengers, or prolonged use of air conditioning and
heating systems. The negative value indicates that the
buses do not consume energy on specific trips but
rather generate it. While this observation may initially
seem impossible, it is caused by a particular route
covering only a short trip with a steep slope. When the
bus goes downhill with passengers, it generates
energy. When it goes uphill, it consumes a significant
amount of energy to overcome gravity. This particular
route is not cyclical. To observe the downhill and
uphill slopes, two different directions of the route need
to be considered. Therefore, in our scheduling
database, we will have two different trips.

We have chosen not to work on full working days
but rather on individual trips so that we can later
optimize the scheduling of working days based on
forecasts of individual trips. The results of this
preliminary study are presented in Table 6.

Table 6. Descriptive Statistics of Variables.

Variable Min | Max | Mean
Speed (km/h) 0 90 18
Acceleration (m/s?) 0 0.77 | 0.19
Slope (rad) -1.47 | 1.5 0
Distance (km) 1 39 9.7
Temperature ( °C) -14 44 15
Duration (minutes) 0 240 32
Passenger count 0 190 21
Energy consumption (kWh) | -0.8 73 13.7

5. Preprocessing and Model Evaluation

To use these models, the data from the telemetry
system must first be preprocessed (see Fig. 3) Only
trips with a quality index higher than the threshold
required by our partner are considered. The quality
index, expressed as a percentage, measures the
proportion of scheduled stops not served by the bus.
The lower the index, the fewer planned stops were
adhered to.

We then use each trip's start and end times,
provided by the planning data, to extract the
corresponding speed profile, battery power, and
HVAC cooling power from the telemetry database.

The vehicle's empty weight and the number of
passengers determine the variable load. As mentioned
earlier, the slope is not directly measured; it is
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calculated based on the altitude obtained from GPS
coordinates and the distance between bus stops. To do
this, we used GPS data tiles available from the
Consortium for Spatial Information (CGIAR-CSI)
[20]. These data tiles have a spatial resolution of
approximately 30 meters. Since the stop position data
comes from consumer-grade GPS services, they have
a resolution on the order of ten meters. The altitude
returned is accurate to the meter. Given that we work
with horizontal precision on the order of a meter and
distances between stops on the order of a hundred
meters, the relative error on the slope is considered

Filtering of trips Extraction of
by quality timestamps for

index each trip

Collection of
planning data

acceptable in relation to the precision of the telemetry
system's measurements.

Regarding the vehicle's mass, we calculate it as the
sum of the empty weight and the number of passengers
on board, with an average body mass of 80 kg per
passenger. The number of passengers is calculated
from the boarding and disembarking at each stop. The
data available indicates the number of passengers on
the bus on arrival and departure from each planned
stop. If passengers board or alight outside these
planned stops, an algorithm assigns them to the
nearest stop.

—

Extraction of
telemetry data

|
—_—

Calculation of
acceleration
from speed
data

Resampling and Filtering trips
with complete

informations

R
Ty

synchronization
to the second

Extraction of
load data

T

Calculation of
slope data

N

Fig. 3. Data processing from the telemetry system.

The data is then resampled to a per-second basis
using forward filling. The timestamps for each
measurement are not natively synchronized because
each vehicle sends its telemetry data based on
triggered sampling to save bandwidth. Even with these
considerations, the data stored is on the order of
terabytes per year for a fleet of a thousand vehicles.

During the preprocessing phase, less than 5 % of
the measured trips do not meet the required quality
index and are therefore removed from the analysis.
This means the trips do not follow the planned path
closely. For the remaining trips, 52 % allow for the
complete calculation of the model (Model A) because
of missing variable values. To further process data and
make it useable by the hybrid models, categorical data
such as vehicle identification number, line number,
direction, bus number, day of the week, and time of
the day have been processed using One Hot Encoding,
whereas numerical values such as HVAC
consumption, aerodynamic, gravity, inertia-linked
consumptions, and regeneration have been
standardized.

The performance of the models is evaluated by
calculating the Mean Absolute Percentage Error
(MAPE) between the actual and predicted energy
consumption for each trip.
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MAPE = 100 x2ynr_ DAl

n i
where n is the number of observations, y; the true
value, and J; the forecasted value. We have chosen
this evaluation metric because it does not depend on
the observation scale, is easy to understand as a
percentage, and because the absolute calculation
prevents positive and negative values from canceling
each other.

6. Results

This section will expose the results of our study
after describing how we set up the training and
evaluation framework.

6.1. Experimental Setup

This case study data is used with the models
described in Table 1. To set the value of k for the
physical model, we compared the total energy
consumed with and without regeneration, ultimately
concluding that k = 0.3 for our case study. We used
the Optuna framework to tune the hyperparameters of
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the MLP, KAN, and XGBoost models. Their
hyperparameters are essential for optimizing their
performance in predicting energy consumption. The
error is minimized over the training set, and the best
model is the one that minimizes the error over the test
set. Predictions of energy consumption are finally
done on the validation set to validate the
generalization of the model. Our complete dataset is
split between three sub-datasets: training set 70 %, test
set 20 %, and validation set 10 %.

For the MLP model, the first and second hidden
layers have 46 and 32 neurons, respectively, with a
learning rate of 0.001. The optimizer used is Adam,
and the model trains for 2500 epochs with L1Loss as
the loss function.

For the KAN model, the table lists the values for
the number of neurons in the first and second hidden
layers (hidden sizel and hidden size2), set at 29 and
20, respectively. Other hyperparameters include a grid
search parameter (grid) of 3, a k-fold cross-validation
value (k) of 2, a learning rate of 0.010, the use of the
Adam optimizer, 250 epochs for training, and the use
of L1Loss as the loss function.

The XGBoost model parameters include a learning
rate of 0.068, 210 estimators (trees), and a maximum
depth of 12 for the decision trees. The model also uses
a subsample rate of 0.635 and a colsample bytree value
0f 0.679 to control the features considered in each tree.
The gamma parameter is set to 0.001 to control the
regularization of the model, and the minimum child
weight is set to 8 to prevent overfitting.

These model architectures are shown in Table 11
from the Appendix. The output layer of each neural
network model contains a single neuron. Multiple loss
functions were compared to train the model, including
L1 Loss, MSE, and MAPE. These results are presented
in Table 7.

Table 7. Performance of Multiple Loss Functions
during Training.

Loss Function | MAPE (%) | Standard Deviation
MAPE 9.6 76.4
MSE 5.6 28.7
L1 Loss 4.8 21.5

Depending on the loss function used during the
training phase, the MAPE of the training phase varies
greatly. One could think that the best way to minimize
the MAPE is to use it during the training phase.
However, this error introduces noise, leading to
convergence issues. The Mean Squared Error (MSE)
penalizes the prediction errors far from the mean more
significantly, proving less effective than L1 Loss
during our training phase. It scores a MAPE of 4.8 %,
followed by MSE and MAPE. Their standard
deviations reinforce our observation with the same
ranking. For the rest of our neural network models, L1
Loss will be used.

Adam is the optimizer used to train the neural
network models because it allows fast convergence
due to its adaptive learning rate and low memory
requirements [22]. The maximum number of epochs
has been set to 2500 for the MLP and 250 for KAN
because they allow the models to converge based on
our dataset. For physical models, it is not necessary to
separate the presentation of the results since there is no
training phase, but we have chosen to evaluate the
performance on the same data as the machine
learning models.

6.2. Models Perfor mances
The results from the different models are presented

in Table 8 for the training dataset, Table 9 for the test
dataset, and Table 10 for the validation dataset.

Table 8. Model Performance Comparison
on Training Dataset.

Variable | MAPE (%) | Standard Deviation
A 21.15 42.25
B 17.47 32.00
C 28.02 90.68
D 31.89 83.84
Ml 12.72 48.14
M2 5.99 21.63
M3 4.78 18.13
M4 7.05 33.37
M5 3.00 17.67

The results of the models tested on the training,
test, and validation datasets show a clear difference in
terms of performance and stability, with M5 (Physical
followed by XGBoost) dominating. This model
achieves the best results across all datasets, with a very
low MAPE of 3.00 % on the training set, 5.59 % on
the test set, and 5.79 % on the validation set,
accompanied by low standard deviations, indicating
an excellent ability to generalize and provide stable
predictions. This remarkable performance can be
attributed to the approach combining physical data and
using XGBoost. This gradient-boosting decision tree
model is particularly effective for this type of task. M3
(Physical followed by MLP with additional features,
including temperature and mean speed) closely
follows, with a MAPE of 4.78 % on training, 6.05 %
on test, and 6.30 % on validation, but its standard
deviation is higher for both training and validation
datasets, indicating some instability in its predictions.
The M4 model, built with a KAN instead of MLP,
scores a MAPE of 7.05 % on training, 7.58 % on the
test, and 7.79 % on validation. It is, therefore, not more
performant than a conventional MLP and requires
substantially more training time than the MLP. M2
(Physical followed by MLP with basic features)
presents similar results to M3, with a MAPE of
5.99 % on training and 7.78 % on test, but its standard
deviation remains reasonably controlled, suggesting
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good stability. However, it indicates that using the
Mean speed and Mean Temperature as predictors
helps improve the prediction. In contrast, A and B
models show poor performance, with high MAPEs
(21.15 % and 17.47 % on training, respectively) and
significant standard deviations, reflecting their
inability to capture complex relationships between
different variables and provide reliable predictions. It
is worth noting that Model B (Without HVAC
consumption) provides better results than Model A
(Withh  HVAC  consumption).  This  seems
counterintuitive since one would think a more
complete model would yield better results. This can be
explained by the overall tendency of physical models
to over-predict the power consumption to put the
vehicle in motion. When HVAC consumption is
added, the prediction quality increases, thus worsening
the error. Model C is the second least performing
model, with exceptionally high MAPEs (up to
28.02 % on training and 27.11 % on test), and very
high standard deviations. Finally, the
worst-performing model is D, with a MAPE of up to
33.34 % on the validation dataset and a standard
deviation of 137.57. This indicates that for public
transport vehicles and, more widely, vehicles with
high variations in mass, it is essential to consider the
energy that can be gained from regenerative braking
and its loading. In conclusion, M5 clearly stands out
as the model to prioritize for predicting the energy
consumption of electric buses, thanks to its
combination of physical data and the XGBoost
algorithm. In contrast, models based solely on
physical features or simpler architectures such as A, B,
and C should be considered less suitable for this task
and be used only when few variables are available.

6.3. Variables Contributions

To assess the influence of the various variables
used in our study on the prediction output, we used
SHAP (SHapley Additive exPlanations) [23]. SHAP is
a widely used method that provides interpretable
machine learning models by attributing the output of a
model to each feature based on cooperative game
theory. It calculates Shapley values, which represent
the contribution of each feature to the prediction,
allowing us to understand the impact of each variable
on the model’s output. This technique is valuable for
identifying which factors most influence our
predictions and for providing better transparency in
the model's decision-making process. This method
will be used to explain the performance of the best
performing model, M5. As it uses a XGBoost model,
TreeExplainer proposed by Lundberg et al. [24] is
used to perform the SHAP analysis. The results,
presented in a summary plot based on the validation
dataset (Fig. 4) highlight the feature importance for the
model prediction. Features are ranked by their impact
on the prediction, from top to bottom. The color
gradient, from blue to red, indicates the range of
feature values from Low to High in the dataset. Each
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point represents a single observation, and the
horizontal positioning of these points reflects their
contribution to the model output.

Table 9. Model Performance Comparison on Test Dataset.

Variable | MAPE (%) | Standard Deviation
A 20.64 22.87
B 16.91 17.38
C 27.11 40.46
D 32.99 88.38
Ml 12.28 16.88
M2 7.78 17.38
M3 6.05 11.84
M4 7.58 19.49
M5 5.59 8.38

Table 10. Model Performance Comparison
on Validation Dataset.

Variable | MAPE (%) | Standard Deviation

A 20.98 24.52
B 13.13 16.73
C 26.65 31.77
D 33.34 137.57

M1 12.36 19.62

M2 8.06 20.27

M3 6.30 15.69

M4 7.79 16.82

M5 5.79 9.01

The cumulative distance is the most important
feature. It represents a clear trend of consuming more
energy as the distance increases. This relationship is
intuitive as longer distances usually mean more time
spent driving and consequently using energy. Inertia
represents the energy used to put the vehicle in motion,
the more the bus must stop, the more energy it uses to
restart. Aerodynamic and Gravitational energy show
similar patterns as increased values improve the
overall consumption. Counterintuitively, the model
associates higher inertia and gravitational regeneration
values with increased consumption. This contradicts
physical principles, as these types of energy should
reduce total consumption. The explanation for this
might lie in their strong correlation with consumption
variables. When a vehicle regenerates energy during
braking, it still requires additional energy to get back
in motion. Additionally, the vehicle typically
experiences uphill and downhill transitions, as bus
routes are cyclic, with few exceptions. The large
variations in regeneration values are partly due to the
method used to differentiate between motor-driven
and regenerative power, as engine power data is not
available. Since the power is negative during
regeneration, an offset related to constant vehicle
consumption (e.g., lighting, battery management)
distorts the interpretation. Even during stops, we could
not clearly identify the "base consumption" of the
vehicle. This means that consumption or regeneration
could be attributed to the wrong variable during
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transition phases, which creates strong noises the
model must deal with. The XGBoost might then
misunderstand  the  contribution of inertia,
gravitational, and aerodynamic regeneration to the
overall consumption.

An increased Heating energy is also strongly
linked with higher consumption, with extreme SHAP
values that rival those of distance. The average speed
seems to be inversely proportional to total energy
consumption. This might appear counterintuitive as
well, but it is in line with the expert observations from
the company: lower speeds result in longer travel
times, leading to higher heating energy use.

High

Cumulative Distance - '—-—.-’-*— ——
Inertia Energy - ""-’—-
Aerodynamic Energy —‘”—‘—
Gravitational Energy oo— -”—-‘-—-‘- —
Heating Energy -'-—-- — %
2
Average Speed -’— g
Average Temperature *— E
Aerodynamic Regeneration -’—-—-—
Inertia Regeneration ’—
Gravitational Regeneration - -+
Evening Operation *
-1.0 -05 00 05 1.0 s

SHAP value {impact on model output)

Fig. 4. Main SHAP values on the validation dataset.

Lower average speed is also linked to increased
stops and higher inertia consumption. The average
temperature shows no clear trend in energy
consumption, with blue and red points merging near
zero. This might be caused by specific heating
thresholds between full diesel, full electric, or both
heating modes simultaneously when the weather is
particularly cold. A previous study explained that cold
weather reduces the battery capacity of vehicles. Our
model does not consider the available energy from the
battery but rather the expected consumption. In further
work, we would like to use charging data to
understand the impact of temperature and state of
health on the real available energy. This also
highlights that averaging temperature over a trip
masks important nuances and is not a well-suited
feature for the model. For instance, a bus starting its
day from a heated or cooled depot requires time to
adjust to ambient temperatures, introducing bias in the
mean temperature. On the other hand, temperature
measurements from meteorological stations do not
reflect what the vehicle faces in its microclimate, such
as when a bus is exposed to the sun on a summer day.
Investigating the impact of both temperature
measurements on the model would be a valuable
future direction. Lastly, the time of day has a relatively
low impact on energy consumption. Still, energy
consumption decreases during evening operations
when traffic is lighter and fewer passengers are
on board.

Although their SHAP contributions are negligible
compared to the previously analyzed features,
examining the remaining SHAP values can provide
valuable insights into specific operational patterns.
Fig. 5 highlights that certain bus lines are associated
with improved energy efficiency, while others exhibit
the opposite trend. Similarly, some vehicles, such as
Vehicle 4, consistently show higher energy
consumption than others. This could be related to a
vehicle in less good working condition or with low-
pressure tires and could suggest maintenance.

While Evening Operation in Fig. 4 was linked to
reduced energy consumption, Afternoon Peak
Operations and, more notably, Midday Operation
display increased consumption patterns. This is
primarily influenced by passenger load and traffic
density. Such insights could help transit planners
adopt a more strategic approach when assigning
vehicles to specific routes, adjusting for expected
service conditions to optimize energy efficiency.

High
Bus Line A
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Vehicle 2

Midday Operation

Vehicle 3

Feature value

HVAC Energy
Vehicle 4

Vehicle 5

....._l...'...*._.l_-'-l-l-'-

Afternoon peak Operation

Low

-10 -05 0.0 0.5 1.0 1.5
SHAP value (impact on model output)

Fig. 5. Following SHAP values.

7. Discussion

In the long run, our models are designed with the
ambition to support operational teams in optimizing
the dimensioning of electric vehicle batteries for future
bus fleets. By accurately predicting the energy needs
of these vehicles, we can better plan battery sizes that
will meet operational demands throughout the life
cycle of the fleet, ensuring that they can handle various
driving conditions and route profiles. This will
improve fleet management efficiency and reduce
unnecessary battery oversizing, contributing to both
economic savings and sustainability.

In the short term, our consumption prediction
model presents an exciting opportunity to refine the
daily operational planning of electric buses. We have
observed that the remaining charge at the end of the
workday often remains above 50 %, suggesting that
bus operations are managed conservatively to avoid
service interruptions. This conservative approach,
while ensuring reliability, leads to an under-utilization
of the battery's capacity. Our forecasting tools allow
for a more precise estimate of the energy required for
each trip, enabling the operational teams to make more
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informed decisions on battery use. As a result, we can
safely utilize a higher proportion of the battery's
available energy without compromising service
reliability, contributing to the overall cost-efficiency
of electric bus operations.

Furthermore, while buses are often labeled as
"100 % electric", they are still equipped with
diesel-powered heating systems to supplement electric
heating during extreme weather conditions. These
thresholds for switching to diesel heating are often set
arbitrarily, and using our model to assess their impact
on energy consumption could provide important
insights. By analyzing the effect of these heating
systems on total energy consumption during different
routes, we could determine whether it would be
feasible to rely solely on electric heating for specific
trips, thereby reducing the environmental impact of
bus operations. This would directly contribute to the
broader goal of decarbonizing public transport.

Additionally, our model could be integrated with
real-time adjustments. For example, energy
consumption forecasts would be used to plan daily
routes, and adjustments could be made dynamically
based on real-time telemetry data. If energy
consumption up to a given point exceeds the forecast,
diesel heating could be used to conserve energy.
Conversely, if energy consumption is lower than
anticipated, electric heating could be prioritized to
reduce emissions. This flexible approach could also
lead to a new strategy of opportunistic charging, where
buses would remain parked and charge for a few
minutes between successive trips, ensuring they have
enough energy to complete their service without
interruptions.

These real-time adjustments could have additional
benefits beyond day-to-day operations. Simulations
using this model could be invaluable for better
dimensioning charging infrastructure at different
stages of fleet deployment. For instance, as the fleet
transitions from diesel to electric buses, it will be
crucial to ensure that charging stations are
appropriately scaled to meet the increased demand.
This includes forecasting the energy needs of buses as
the fleet grows and ensuring that charging
infrastructure can keep pace with the new fleet
composition. The ability to predict energy
consumption at various phases of the project (from the
introduction of electric buses to the full electrification
of'the fleet) will allow city planners and fleet operators
to make data-driven decisions regarding where and
when to deploy new charging stations.

Moreover, our model could help optimize the
operational patterns of the fleet by minimizing the
number of charging stations required while
maintaining an equivalent level of service. By
ensuring that buses are appropriately charged before
they go on their assigned routes, we can reduce
charging downtime, improve the fleet's overall
efficiency, and thus, reduce costs.

Like other researchers in this field, our model's
significant advantage lies in its adaptability to
different datasets. We are currently gathering
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telemetry data from buses operating in different
Canadian cities, each with distinct topologies,
climates, and travel behaviors. By applying our model
to this diverse range of data, we can evaluate its
robustness and accuracy across different operational
contexts.

Moreover, our model has potential beyond the
public transportation sector. The same principles that
drive the consumption patterns of electric buses can be
applied to other industries where consumption cycles
are well-defined. For example, sectors like aviation,
where aircraft undergo similar energy usage patterns,
and mining, where heavy vehicles operate in harsh
conditions, could benefit from integrating our
forecasting model. Testing the model in other
industries would allow us to validate its
generalizability and refine its capabilities, expanding
its scope and impact.

Another promising avenue for future work would
be the integration of our model within an optimization
framework for vehicle assignment and charging
scheduling. While traditional optimization models
often rely on probabilistic demand forecasts, they tend
to oversimplify the complexities of real-world
operations. An approach combining forecasts with
real-time adjustment could provide a more dynamic
and accurate solution. For instance, rather than relying
on static predictions, real-time adjustments based on
energy consumption data could be made to adapt
charging schedules and vehicle assignments on the fly.
This would improve the charging infrastructure's
efficiency and the fleet’s operational planning,
ensuring that vehicles are always charged when
needed without over-committing charging resources.

Another important consideration, often overlooked
in existing literature, is the energy consumption
associated ~ with  off-route  movements and
non-passenger operations. These activities consume
significant energy, including repositioning buses
between depots, pre-heating the vehicle for passenger
comfort, or repositioning buses between different
routes. Experts estimate that these activities could add
up to 10\% to the energy consumption forecasts for
each trip. Our future work will focus on including
these "off-trip" consumption factors in the model,
ensuring that we provide a more realistic estimate of
energy consumption that reflects the full operational
cycle of the buses.

The impact of operational practices on battery
lifespan is a key consideration in the electrification of
buses. For instance, while effective in maximizing
autonomy, opportunity charging may accelerate
battery degradation due to more frequent and rapid
charge cycles. Similarly, using electric heating,
although more environmentally friendly than diesel
heating, can cause faster battery discharge, thus
reducing its lifespan. Optimizing these practices based
on battery charge levels and thermal impact would be
crucial to minimize premature wear while maximizing
energy efficiency and battery longevity.

Finally, we recognize the growing complexity of
machine learning models in the field, particularly with



Sensors & Transducers, Vol. 268, Issue 1, April 2025, pp. 45-58

the rise of large-scale artificial intelligence models and
big data. While simpler models often require fewer
computational resources, the recent advances in large
language models (LLMs) and foundation models have
introduced new challenges. These models, which offer
great promise in terms of generalizability and
flexibility, are often very large and computationally
expensive. If these models are used for optimizing
operations and supporting sustainability goals, their
high training and inference costs could offset the
energy savings from fleet electrification. It is crucial,
therefore, to consider the energy cost of these models
in the broader context of sustainability. We must
balance the benefits of advanced Al models and the
environmental costs associated with their deployment.
Future work could focus on evaluating the energy
consumption of these models and integrating that
assessment into decisions about their use in optimizing
electric vehicle fleets.

8. Conclusion

Our case study first highlighted the complexity of
operational data from public transport companies
compared to simulated data. We demonstrated the
limitations of physical models in a real operational
context. To address these challenges, we combined
these physical models with various machine-learning
approaches, allowing us to fine-tune predictions based
on the operational context. The hybrid model
combining physical principles with XGBoost
delivered the best performance, with an error of
5.59 % on the test set and 5.79 % on the validation set,
with respective standard deviations of 8.38 and 9.01.

These results demonstrate the model’s ability to
adapt to noisy data while providing effective energy
consumption predictions across different routes.
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Appendix

Table 11. Hyperparameters of the neural network models and XGBoost.

Architecture Par ameter Value
hidden_sizel 29
hidden_size2 20
grid 3
k 2
KAN learning_rate 0.010
optimizer Adam
epoch 250
Loss L1Loss
learning_rate 0.0299
n_estimators 975
max_depth 48
XGBoost subsample 0.642
colsample_bytree 0.614
gamma 1.476¢-5
min_child weight 56
hidden_sizel 46
hidden_size2 32
learning_rate 0.001
MLP optimizer Adam
epoch 2500
Loss L1Loss
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Abstract: With emerging advancements on Quantum computing and active research on effectiveness of classica
cryptographic algorithms, it is imperative that the coming era of Quantum computation is going to have heavy effect on all
technol ogies which requires some form of communication primarily due to the security of encrypted data. National Institute
of Standards and Technology (NIST) has recently standardized Crystal-Dilithium for Digital Signature on the 3 round of
NIST Post-Quantum Cryptography (PQC) open competition. There are other algorithms taken to the 4™ round for further
evaluation. Recently on August 24", 2024, NIST announced Federal Information Processing Standards (FIPS) for all federal
services which includes several PQC cryptosystems, including Crystal-Dilithium, SPHINCH+ for Digital Signature and
Crystal-Kyber for Key Encapsulation Mechanism. In the same vein, much speculation and experiments have been done of
PQC adoption in existing systems which rely heavily on classical cryptographic algorithms. Hence, in this paper we would
like to present the possible adoption framework (both hybrid and fresh) of PQC cryptosystem in existing as well as new
distributed and communication technology that may emerge.

Keywords: Post-quantum cryptography, PQC, Distributed systems, Industry 4.0.

1. Introduction

After the invention of Shor’s algorithm [4], which
directly affects the Prime factorization in which the
classical cryptographic algorithms such as RSA, DSA
and ECDSA rely on, researchers started to explore
alternative cryptographic algorithms which are not
directly affected by the quantum computers or can
safely surpass the threats. In a similar vein, we
previously explored some of the key problems,
challenges, and possible solutions in our previous
study [2]. NIST announced the first PQC competition
in 2016, and that lead to the development and
validation of different post quantum algorithms which

https://www.sensorsportal .com/p_3361.htm

can be primary choice and secondary alternatives
based on the need. These post-quantum algorithms
consist of the possible replacement of Digital
Signatures and Key-Encapsulation mechanisms,
which areused acrossall digital communication. Inthe
previous study [2], we explored how classical digital
signatures can be broken with quantum attacks. Hence,
the adoption of PQC is unquestionable and inevitable.
In fact, the whole Web 2.0 technologies get affected
once the quantum computers with a decent qubit are
realized. The most common types of quantum attacks
include intercept-and-resend, teleportation,
man-in-the-middle, participant, and implementation
attacks, each with distinct mechanisms and
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implications for security. While some applications
such as OpenSSH and Google Chrome have started to
implement PQC, the adoption rate is very low at
around 0.029 % even in the National Supercomputing
clusters[12].

To avoid any potential losses, which may be
approaching us, NIST has finalized sets of algorithms
which can outstand the known attacks, and so far, have
been proven to be quantum resistant.

1.1. FIPS Standards

The US government announced three new Federal
Information Processing Standards (FIPS) [5] on
August 14, 2024. These standards were well-studied
and decided to mitigate the future quantum computing
risks. These new standards focus on making key
establishment and digital signatures quantum resistant.

The first one, FIPS 203, introduces an algorithm
cadled Module-Lattice Based Key Encapsulation
Mechanism ML-KEM (based on Crystal-Kyber) for
key encapsulation. Then another standard FIPS 204,
which brings in Module-Lattice-Based Digita
Signature Algorithm (ML-DSA) for digital signatures
- that one comes from Crystal-Dilithium. [ 10] Both use
Module-L attice astheir foundation. Thelast one, FIPS
205, takes a different approach with a hash-based
digital signature schemethat buildson SPHINCS+ [9].
These standardized algorithms brace themselves
heavily on the mathematical and computationally
difficult problems, often categorized as hard problems
in theoretical computer science.

1.2. Finalized PQC Algorithms

In our previous study, we comprehensively
reviewed some of the finalized PQC algorithms from
NIST round 3 and some under the consideration for
round 4 [1]. These agorithms are primarily of two
types, one is Key-Encapsulation Mechanism, and the
other is Digital Signatures.

To produce quantum-safe asymmetric key pairs,
PQC attacks the problems from different fronts. These
include lattice-based cryptography, which addresses
well-known lattice problems like the shortest vector
problem; code-based cryptography, which takes
advantage of the complexity of decoding generic
linear codes; and multivariate cryptography, which
expands on multivariate polynomials over a finite
field [1].

Key Encapsulation Mechanism (KEM) is a secure
way to wrap up and send secret keys between two
parties. It islike putting akey in a special unbreakable
box that only the intended parties can open. Whenever
we are doing secure messaging, any other form of
communication or online banking, KEMs help create
those secure connections by safely exchanging the
secret keys needed for encryption. Digital Signatures
arelike digita footprints of our handwritten signature,
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but cryptographically secure. When one party digitally
sign something, the concerned party is creating a
unique mathematical stamp that proves two things:
1) That he/sheis really the one who sent the message,
and 2) That the message hasn't been tampered with
since the party signed it which is aso known as
integrity property of Digital Signature. With this
approach, nothing inside the communication can be
tempered or forged. Both KEM and Digital Signature
are the building blocks of modern cybersecurity.

FIPS 203, introduces the PQC algorithm called
Module Lattice based Key Encapsulation Mechanism
( ML-KEM). The underlying theory behind thisisthe
Module Lattice and hardness property of Module
Lattice [5], and the Digital Signature called Dilithium
which aso relies on the hardness of Module Lattice.
L attice based cryptographic algorithms gained traction
after being consistently proven to be effective under
various attacks, both quantum and non-quantum ones.
In fact, 7 out of 15 submitted candidate algorithmsin
NIST round 3 competition were Lattice based
algorithms[1]. Giving an alternativeto Lattice, NIST,
in FIPS 205 also standardized a hash-based Digital
Signature called SPHINCS+. Using different security
parameters, these algorithms have passed different
security level test designed by NIST, such as security
level 1-5 which pre-defines number of security aspects
in each security level, level 5 being the highest [11].

1.3. Role of FIPSin Developing Secure
Communication

Modern internet communication relies on
protocols such as HTTP and HTTPS within the
SSL/TLS stack, which currently utilize classical
cryptographic algorithms — RSA, Diffie-Hellman
(DH), Elliptic-curve DiffieeHellman (ECDH),
ECDSA, and the Digital Signature Algorithm (DSA)
—that lack quantum resistance[1, 3]. Astherealization
of sufficiently powerful quantum computers draws
closer, these conventional mechanisms face critical
vulnerabilities, including “store-now-decrypt-later”
attacks that exploit data once quantum decryption
becomes feasible.

To address this looming risk, Federal Information
Processing Standards (FIPS) — developed by the
National Ingtitute of Standards and Technology
(NIST) — serve as a guideline for guiding secure
communication. FIPS provides standardized best
practices for integrating post-quantum cryptographic
(PQC) agorithms into both legacy and new
infrastructures. It aso provides the security
parameters needed for the adoption of these
algorithms. Alongside NIST’s efforts, organizations
such as the Post-Quantum Cryptography Alliance
(PQCA) [7], Open Quantum Safe (0QS) [6],
PQCrypto [8], and the Linux Foundation are creating
standardized frameworks and tools to facilitate PQC
adoption industry wide.
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2. Proposed M ethods for Adoption
of FIPS

We propose two major methods of adoption of
PQC algorithms suits standardized in FIPS, one
focusing on the existing technologies that are already
in operation and need the quantum safety nest, and the
other, which is a fresh-future systems, which can be
designed to be quantum-safe from the beginning. We
will aso list down the possible solutions that
organizations such as PQCA, Open Quantum Safe and
Linux Foundations are working on. We discuss both
fresh and hybrid adoption methods which industries
can adopt based on their needs.

2.1. Key Considerations

There are some Kkey considerations that
organizations need to make before they move towards
the adoption of PQC algorithms in their existing
infrastructure.

e Existing cryptanalysis of existing algorithms

in place;

» Feasbility of quantum attacksin question;

» Existence of store-now-decrypt-later attacks;

» Cost of adoption (both performance, time,

and money);

» Availahility of Software suites/packagesto use.

Before organizations transition to post-quantum
cryptographic (PQC) algorithms, a careful evaluation
of multiple technica and strategic dimensions is
important. These include the current robustness of
classical cryptographic algorithms being used against
cryptanalysis, the practical feasibility of quantum
attacks, and the risk posed by threats such as
store-now-decrypt-later threats. In addition to these
security concerns, implementation costs — spanning
performance trade-offs, time for migration, and
financial investment — must be considered.
Furthermore, the availability and maturity of
supporting software suites play a pivotal role in
enabling seamless integration. These considerations
are summarized in Fig. 1, which shows the
interdependencies that organizations must navigate in
their decision-making process.

2.2. Adoption Layers

There are two critical aspects that need to be
discussed. The first is how to change the most basic
communication layers, such as SSL, port
communication, and the traditional validation
algorithms associated with them. These foundational
protocols must adapt to remain secure in a
post-quantum era, where traditional cryptographic
methods are at risk of being compromised by quantum
computing advancements. The second aspect is the
higher communication layer, encompassing signatures
and the encryption of the data used and shared, which
isan integral part of the communication. This layer is

equally critical, as it ensures the integrity and
confidentiality of data exchanged over networks.

Cryptanalysis of Existing
Algorithms

Feasibility of Quantum Attacks

Store-Now-Decrypt-Later
Key Considerations A tackrsw /_,| Perlormance
A Fer

Availability of Software Suiles ]\D

Fig. 1. Key Considerations for Adoption of PQC.

Money

2.2.1. Basic Communication Layer Integration

For foundational protocols like SSL and port
communication, adopting hybrid cryptography
ensures secure data transmission in real-time while
providing interoperability and compatibility measures
become important once we introduce the hybrid
adoption of the PQC which goes hand in hand with the
classical security that is aready in place. Specifically,
we need to ensure the following:

Backward Compatibility: we need to ensure that
the hybrid framework  supports backward
compatibility to allow legacy systems and devices to
continue operating. This minimizes user friction and
ensures adoption by both new and existing systems.

Cross-Platform Testing: Conducting
compatibility tests across devices, networks, and
platforms to confirm consistent encryption/decryption
operations with the hybrid model is important. It is
critical to test hybrid systems in varied environments,
including 10T devices, cloud, and mobile platforms.

Dynamic Configuration: adaptive mechanisms
that switch between classical and PQC methods based
on network conditions or client capabilities can be
helpful especially when the environment on which the
system operates varies across different platforms and
hardware's. For example, devices with older
processors could default to classical cryptography,
while newer hardware supports PQC.

Basic communication protocols can implement
hybrid key encapsulation mechanisms (KEMs) where
a classica encryption key secures ongoing
communication, while a post-quantum key ensures
long-term data security. For example, a secure TLS
handshake can simultaneously use both RSA/ECC and
PQC agorithms like Kyber for key exchange. A
layered architecture can dynamically adapt encryption
schemes depending on the capabilities of the client or
server.
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2.2.2. Higher Communication L ayer
Integration

For higher layers, such as digital signatures and
encryption, hybrid adoption offers a path to ensure
authentication, integrity, and confidentiality.

Signatures. By implementing module-lattice-
based digital signatures(e.g., CRY STALS-Dilithium),
systems can validate messages with quantum-safe
authentication while maintaining classical fallback
options for compatibility.

Encryption: Data transmitted at the higher
communication layer can utilize hybrid encryption
schemes, ensuring sensitive information is protected
both during transit and for long-term storage.

2.3. Adoption Methods

In this section we discuss different adoption
methods which can be used whilst considering various
aspects of ingtitutional needs and the urgency of PQC
adoption to meet the FIPS standards.

2.3.1. Hybrid Adoption Method

Implementing hybrid cryptography enables
systems to operate in both classical and quantum-safe
modes, offering a buffer as organizations and users
adapt. Thismethod allows gradual transition without a
single cutover date, which can be beneficial for critical
systems requiring high availability.

Dua Cryptographic Layer Design:

o Set up a dual-mode architecture where classical
and PQC algorithms can operate in tandem. For
instance, we use hybrid key encapsulation where
a secure classical encryption key is used for
current security, while the PQC key ensures
future proofing;

¢ Flexible Protocol Layering: Define a layering
structure for cryptographic protocols that alows
for adaptable encryption schemes depending on
device or network capabilities.

This can involve:

e Primary Layer (Classical Algorithm): Continues
to secure current operations;

e Secondary Layer (PQC Algorithm): Adds a
gquantum-safe layer to protect data for long-term
security.

The hybrid adoption method aligns seamlessly
with the two critical communication layers discussed
earlier, basic communication layers such as SSL, port
communication and higher communication layers
such as signatures and encryption. By integrating a
dual cryptographic approach, systems can maintain
current operational security while preparing for
guantum-safe cryptography.

2.3.2. Fresh Adoption

Fresh adoption of the FIPS standards involves a
complete overhaul of cryptographic systems,
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transitioning fully from classica agorithms to
guantum-safe solutions or building from ground-up.
This approach is more suitable for new systems or
environments where backward compatibility with
legacy systemsisnot a constraint. By integrating post-
guantum algorithms directly into both the basic and
higher communication layers, organizations can
ensure arobust foundation for future security.

2.3.2.1. Basic Communication L ayer
Integration

For the basic communication layer, such as SSL,
port communication, and foundational protocol
operations, fresh adoption replaces classical
cryptographic elements with FIPS-certified PQC
algorithms.

Direct Integration of Quantum-Safe KEMs:

In this approach, key encapsulation mechanisms
like Kyber are implemented as the sole method for
secure key exchange in protocols like TLS. This
eliminates the reliance on RSA or ECC and ensures
resistance to quantum attacks.

Redesign of Protocals:

Protocols such as SSL and TLS are redesigned to
rely exclusively on post-quantum cryptographic
standards. This streamlines operations by removing
hybrid complexities and focusing solely on quantum-
resistant algorithms.

Simplification of Validation Processes:

Traditional validation algorithms are replaced with
those optimized for post-quantum operations to
ensure security.

2.3.2.2. Higher Communication Layer
Integration

At the higher communication layer, focusing on
authentication, signatures, and data encryption, fresh
adoption ensures that all cryptographic mechanisms
are inherently quantum-safe.

Signatures: M odul e-latti ce-based digita
signature schemes (e.g., CRY STALS-Dilithium) are
adopted as the primary method for message
authentication. These algorithms replace classical
signatures entirely, offering a quantum-resistant
solution that aligns with FIPS PQC standards.

Encryption: Data encryption protocols are
redesigned to use post-quantum encryption
algorithms, ensuring the confidentiality and integrity
of sendgitive communications, even when stored
long-term.

Authentication Systems: Fresh adoption involves
implementing quantum-safe authentication systems
across the network, such as identity verification
processes or certificate authorities that solely use
PQC agorithms.
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3. Available Frameworks
3.1. Open Quantum Safe (QSS)

Open Quantum Safe (OQS) [6] is an open-source
initiative under Linux Foundation, dedicated to
developing and integrating quantum-resistant
cryptographic  algorithms  into  widely  used
frameworks. The project aims to facilitate research,
experimentation, and adoption of post-quantum
cryptography (PQC) in both academic and industry
settings. It primarily revolves around two key
components:

libogs: A C library that provides implementations
of various quantum-safe key encapsulation
mechanisms (KEMs) and digital signature algorithms.

Integrations with Popular Cryptographic
Librariess The OQS team maintains branches of
well-known libraries like OpenSSL and BoringSSL
augmented with PQC algorithms availablein libogs.

From a scientific standpoint, OQS serves as a
practical testbed for the performance, security, and
interoperability of PQC schemes identified by the
NIST PQC standardization process. It provides
standardized APIs and reference implementations that
enable systematic benchmarking of key generation,
encryption/decryption throughput, signature
creation/verification times, and ciphertext/signature
sizes across various security levels. By integrating
with TLS libraries like OpenSSL, OQS aso enables
interoperability testing under real-world network
conditions, alowing researchers and developers to
evaluate handshake integrity, latency overhead, and
protocol compliance.

Moreover, OQS plays a pivotal role in guiding
early industry adoption, particularly for cloud
providers and secure communication platforms, by
providing drop-in compatibility with widely used
security protocols like TLS. Its modular,
well-documented architecture and language bindings
(e.g., Python) enable rapid prototyping and lower the
barrier for developers to explore PQC integration.
Additionally, as an open-source testbed, OQS helps
surface  integration  challenges,  performance
bottlenecks, and protocol-level edge cases, which are
critical for refining upstream cryptographic stacks and
contributing to the robustness of PQC algorithms prior
to their standardization.

3.2. Manual Integration

Manual integration involves directly modifying
cryptographic libraries — such as OpenSSL,
BoringSSL, or libcrypto — to embed institution-
specific  post-quantum  cryptographic  (PQC)
algorithms or to enforce custom protocol behaviors.
This approach enables fine-grained control over
algorithm selection, parameter tuning, and handshake
customization, aligning closely with internal security
policies, performance constraints, or compliance

needs. It is especially valuable in niche industries like
defense, critical infrastructure, or national security
systems, where off-the-shelf solutions may not meet
operational or regulatory standards. However, such
integrations are resource-intensive — requiring deep
knowledge of cryptographic primitives, constant
tracking of upstream library updates, and high
maintenance overhead.

In contrast, modular integration — as powered by
projects like Open Quantum Safe (OQS) — provides
extensibility without altering core cryptographic
libraries by offering prebuilt wrappers and extension
APIs. These wrappers (e.g., OQS-OpenSSL, OQS-
SSH) alow organizations to experiment with NIST
finalist algorithms (such as Kyber and Dilithium) with
minimal changes to their existing infrastructure.
Similarly, hybrid TLS modes, where classical and
PQC agorithms are combined in the handshake, offer
a practical bridge between legacy and future-proof
security.

While manual integration offers unmatched
flexibility, for many organizations — especially those
lacking in-house cryptographic expertise — a wrapper-
based or plug-and-play model (like that of libogs or
Microsoft's PQCrypto-VPN prototype) may be more
sustainable and future-ready.

4. Case Studies from Naoris

4.1. PQC-Enabled OpenVPN

At Naoris, we leveraged the Naoris core-based
Dilithium agorithm, a post-quantum cryptographic
signature scheme, into OpenVPN systems to enhance
security against quantum computing threats. We aso
compared the Naoris implementation of Dilithium
with traditional cryptographic methods and other
Dilithium implementations, focusing on performance
metrics as latency, throughput, and computational
overhead. The Naoris core is specifically optimized
for VPN use cases, aiming to provide robust security
while  minimizing performance impact. The
integration also involved a comparative analysis using
diverse hardware configurations and simulated
network conditions, and the OpenVPN configuration
was modified to incorporate the Naoris core-based
Dilithium implementation for key exchange and
digital signatures, replacing the default RSA or
ECC-based methods. We aso assessed the
implementation's resistance to side-channel and
cryptanalytic attacks, and the security of the Naoris
implementation is analyzed against classical and
quantum attacks, specifically assessing its resistance
to timing, power analysis, and cache-based attacks.
Although thisinvolved manual integration of the PQC
algorithms on al communication layers, this was
proven to be the most effective approach in terms of
computational complexity, efficiency, and
performance while not trading off the security aspects.
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4.2. PQC Enabled Blockchain Network

At Naoris, we' ve embedded FIPS security into the
foundation of our blockchain — "Naoris Protocol”. As
part of the next generation of blockchain innovation, it
stepped into the future with post-quantum (PQ)
capabilities at the core of the protocol. The Naoris
Protocol is designed to proactively address the
growing concerns surrounding quantum computing
threats. By successfully integrating post-quantum
cryptographic algorithms at its core, it ensure that all
transactions, data, and smart contracts are not only
secure but are also future-proofed against the potential
risks posed by quantum advancements. This enhanced
security framework enables the chain to validate every
transaction as Post-Quantum enabled, embedding it
directly into robust security layer. The protocol is
setting a new standard for blockchain security in the
guantum era.

5. Discussion

The growing capabilities of quantum computing
pose significant risks to classical cryptographic
systems [1-3, 5, 12-14], driving the urgent need for
Post-Quantum Cryptography (PQC). In this context,
FIPS standards play an important rolein standardizing
the algorithms and certifying them pushing the
industries to adopt PQC in their new and legacy
systems [2, 12-14]. By offering standardized
approaches to  agorithm selection and
implementation, FIPS[5] gives abaseline for security,
interoperability, and regulatory compliance across
different industry sectors.

PQC agorithms particularly those based on lattice,
code, and hash-based are designed to withstand
guantum attacks that threaten classical methods like
RSA and ECC [1, 13, 14]. The NIST PQC
standardization process has findlized leading
candidates  CRYSTALS-Kyber, CRYSTALS
Dilithium, ML-KEM that organizations can adopt
with reasonable confidence in their security and
performance [5]. Integrating these agorithms into
real-world protocols and applications remains a
complex task [13, 14], yet itiscritical for safeguarding
data in both the near- and long-term future.

When considering adoption methods, two primary
choices emerge. The hybrid method combines
classical and PQC algorithms, enabling organizations
to maintain backward compatibility for legacy systems
[12, 14] while gradualy introducing quantum-safe
mechanisms. The advantage of this approach is the
reduced disruption to existing infrastructure, but it
carries additional overhead in maintaining dual
systems and protocols. In contrast, a fresh adoption
eliminates classical algorithms entirely in favor of
post-quantum schemes. This method streamlines
cryptographic architectures and ensures maximal
guantum resistance, but it requires significant
infrastructure overhaul, and any incompatibility with
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legacy systems can be costly in terms of time and
resources.

Despite the clear advantages of PQC, future
challenges persist [14]. First, agorithm maturity and
real-world resilience remain topics of active research;
while many PQC algorithms have undergoneintensive
cryptanalysis, no solution is completely immune to
future cryptanalytic discoveries. Second, performance
overhead especially with larger key sizes and
signatures can be problematic in constrained
environments such as 10T devices. Third, global
interoperability demands careful  coordination
between standards bodies and industry consortia to
ensure consistent implementations.

Looking ahead, future directions will likely
involve continued optimization of PQC agorithms,
including hardware acceleration and specialized
libraries to mitigate performance bottlenecks. As the
NIST standards progress, more refined guidance on
parameter setsand security levelswill emerge, helping
to unify deployments. Additionally, an evolving
ecosystem of open-source libraries, such as Open
Quantum Safe, will drive widespread testing and
collaboration, further accelerating PQC readiness.
This slow pace of adoption is concerning, especially
considering the "store now, decrypt later" threat,
where encrypted data can be collected now and
decrypted by quantum computers in the future [12].
Many organizations are aready late in planning their
transition to PQC, and this migration is more complex
than previous transitions [13]. Hybrid approaches,
combining classical and PQC algorithms, are being
explored to ensure security during the transition
process[13, 14].

To increase adoption across industries, aconcerted
effort is needed, encompassing broad education,
policy incentives, and technical assistance.
Organizations must be made aware of the “harvest
now, decrypt later” threat model and motivated to
modernize their cryptographic infrastructures before
guantum  computing  becomes  mainstream.
Government agencies and compliance frameworks
can expedite this process by mandating or strongly
recommending FIPS integration, while academic-
industry partnerships can increase the research and
tooling necessary for seamless transitions. Ultimately,
early action and thorough planning will be critical in
safeguarding the ever-prevailing digital
communications against emerging quantum threats
and standards like FIPS will tremendously help
streamline the adoption process.
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