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Abstract

Although it is generally accepted that material characteristics influence the sensing and
locomotion of autonomous mobile robots (AMRs), this knowledge is mostly anecdotal and
remains fragmented. This study aims to shed light on the relationship between building
finishing materials and AMR performance. To address the lack of literature on the subject,
this exploratory mixed-methods review combines an AMR market survey, collection of fail-
ure cases, and review of robot navigation mechanisms. As a result, with additional expert
assessment, this study derived a relational diagram containing five primary relationships
for sensing (i.e., color on obstacle detection, texture and transparency on obstacle detection
and mapping accuracy) and five for locomotion (i.e., slipperiness and unevenness on speed
and path consistency, wheel-mark resistance on surface preservation). Potential research
themes (e.g., sensitivity by robot specifications, BIM-based information utilization, and
robot-specific signage systems) were also derived by thematic analysis. By establishing a
foundational research framework that clarifies how architectural material choices dictate
robotic reliability, this review contributes to designing experimental scenarios for future
empirical validations in robot-inclusive spaces.

Keywords: autonomous mobile robot; robot inclusivity; indoor built environment; finishing
material; mixed-method design

1. Introduction
1.1. Background

With rapid advances in artificial intelligence and robotics, the application of robots
in the built environment has expanded at an unprecedented pace [1]. However, tradi-
tional industrial robots primarily operated in highly controlled environments, such as
manufacturing assembly lines, autonomous mobile robots (AMRs), designed to perform
specific tasks using mobile platforms and manipulators with fewer than three degrees of
freedom, are increasingly being adopted by new users and occupants of human-centered
built environments [2–4]. Driven by global demographic changes, such as population
aging and resulting labor shortages, along with rising demand for convenience-oriented
services, the deployment of service robots has increased significantly, with hundreds of
thousands of units entering daily life. Among these, AMRs have exhibited the most notable
growth [5]. Using cost-effective mobile platforms equipped with multi-sensor systems,
AMRs are now widely deployed in complex indoor environments (e.g., hospitals, airports,
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shopping malls, and office buildings) where they must constantly coexist and interact with
human occupants [6].

Since industrial robots were first introduced into assembly lines, robot-related ac-
cidents have continued to occur. As a result, early stationary robot workspaces were
inherently considered hazardous areas, designed primarily to optimize robot operation
while restricting human access [7,8]. However, with the recent emergence of AI-embedded
service robots, cases of robots directly interacting with humans in these shared everyday
spaces have been increasing. From the robot’s perspective, these human environments are
irregular and constantly changing, posing a significant challenge to designing robots to
ensure safety [9].

1.2. Literature Review

To complement the challenges of “designing the robot,” the concept of “design for
robots” has been proposed. This approach focuses on making the environment more
robot-friendly rather than modifying the robot itself [10]. Several studies, often using
autonomous cleaning robots (e.g., Roomba) as examples, inductively derive environmental
design elements required to improve robot performance [2,10]. Based on observations
of robot operation, they propose Robot-Inclusive Space (RIS) design principles such as
selecting appropriate wall and floor colors, textures, and pattern sizes to enhance sensory
recognition, and reducing environmental noise that may interfere with sensing. In a similar
context, Farkas et al. [9] suggest that spatial requirements for a robot-compatible environ-
ment resemble those of barrier-free design for accessibility and propose criteria for such
environments. Meanwhile, Tan et al. [11] emphasize that the level of robot-inclusiveness in
the built environment should be considered alongside the robot’s autonomy and categorize
the essential components of inclusiveness into five domains: observability, accessibility,
manipulability, activity, and safety. The usefulness of low-autonomy robots in highly
robot-inclusive environments has been quantitatively demonstrated to some extent [12].
Therefore, the necessity and general direction of RIS design are well acknowledged in
existing research. However, more studies are needed to provide detailed guidance on
spatial design tailored for specific robot users.

The absence of such guidelines translates directly into new operational challenges in
the field. Recent reports of service robot collisions, navigation failures, and unexpected
malfunctions in public facilities clearly illustrate these issues [13,14]. These incidents do
not arise merely from internal mechanical or software defects; rather, they stem from
fundamental mismatches between robotic sensing and locomotion mechanisms and the
human-centered design of current indoor environments. For example, floor materials with
low slip resistance or highly polished surfaces with excessive reflectance can severely distort
sensor measurements and disrupt mapping. Similarly, specific surface textures, unevenness,
or repetitive patterns of finishing materials can negatively affect the physical stability of a
robot’s locomotion platform [11,15]. Despite these distinct operational challenges, current
building evaluation frameworks remain predominantly human-centered, and empirical
evidence regarding how specific material properties—such as color, texture, reflectance,
and friction—affect a robot’s sensing and locomotion capabilities is fragmented [16–18].
This lack of empirical evidence and detailed guidelines stems partly from the diversity
of sensing and driving systems responsible for robot perception and mobility. Although
technical progress addressing the limitations of individual sensing modalities has been
widely studied [17,19,20], the adaptive capabilities of robots that integrate multiple sensors
have not been sufficiently explored. Locomotion performance also varies depending on
the platform type, such as wheeled, legged (e.g., bipedal humanoid robots [21], or other
specialized systems (e.g., underwater Remotely Operated Vehicles [22]), and even among
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robots with similar platforms, factors like motor torque and wheel control mechanisms can
result in substantial performance differences [23].

Another crucial area requiring further research to determine the appropriate level
of RIS design is the development of metrics and criteria to evaluate material properties
in relation to robot performance. Current International Organization for Standardization
(ISO) standards provide test procedures for assessing AMR capabilities, such as obstacle
detection, mapping accuracy, rated speed, and maximum incline [24–26]. However, these
tests focus solely on validating the robot’s own performance. There remains a significant
gap in knowledge about which characteristics of indoor finishing materials influence robot
performance and how to measure and evaluate them using objective indicators.

1.3. Review Objective and Contribution

To the authors’ knowledge, there is a lack of scientific review studies that attempt
to shed light on such a critical relationship. To address this void and develop a solid
analytical framework, this study adopts an exploratory sequential mixed-methods ap-
proach. By synthesizing a traditional literature review with practical evidence, this study
derives measurable performance and material indicators and quantitatively evaluates their
appropriateness in relation to one another through expert assessment.

The primary research contribution of this study is the derivation of a novel exploratory
framework that quantitatively links architectural finishing material properties to robotic per-
formance. Ultimately, by establishing a foundational research framework that clarifies how
architectural material choices dictate robotic reliability, this exploratory mixed-methods
review contributes to the design of virtual or real-world experimental scenarios to assess
the strength of these correlations for future empirical validation in robot-inclusive spaces.

2. Research Methods
To systematically review and bridge the critical knowledge gap regarding how indoor

finishing materials affect AMR performance, this study employs an exploratory sequential
mixed-methods design, as shown in Figure 1. Due to the limited consolidated academic
literature on RIS, relying solely on a traditional literature review method is insufficient
to capture the complexities of real-world operations. Therefore, this review approach is
specially designed to convert qualitative, scattered operational insights into measurable
quantitative indicators by establishing a clear hierarchy of roles for diverse data sources.

Figure 1. Research flow using a mixed-method design.

In the first phase, a technical market survey is performed to identify the types of
AMRs currently used in real-world built environments. By systematically summarizing the
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sensor configurations and mobile-platform features of 19 commercial AMR models, this
step clarifies the hardware baseline.

Next, to explore how these technical features translate into practical limitations, nar-
rative inquiries are performed using news reports and in-depth expert interviews. These
sources serve as preliminary data for specifying and contextualizing real-world navigation
failures that are often overlooked in controlled settings. Subsequently, academic literature
is reviewed to confirm whether these empirically identified problems are being addressed
as scientific challenges and to establish a theoretical foundation for them.

Subsequently, the identified issues are synthesized to derive measurable assessment
indicators. A critical step in this process is defining the operational scope. Although
the term “navigation” is frequently used in a broad sense to encompass overall robot
movement, this study explicitly distinguishes performance into two functional domains—
sensing and locomotion. This distinction allows for a precise analysis of how different
material properties, such as reflectance and friction, specifically impact either a robot’s
perception capabilities or its physical mobility mechanisms. Based on this hierarchical
synthesis of practical and theoretical evidence, variables linking these domains to material
attributes are structured.

Finally, to quantitatively analyze these hypothesized relationships, a survey is ad-
ministered to an independent panel of 11 experienced professionals in both robotics and
architecture. This distinct participant group was deliberately selected through purposive
sampling to cross-validate the findings from earlier interviews and the literature, enabling
an objective, in-depth analysis of the operational relationships. To conclude the review
process, a thematic analysis of the experts’ open-ended responses is conducted to identify
expanded research agendas for future empirical studies.

3. Review of Autonomous Mobile Robot Operations in Built Environment
3.1. Classification of AMRs in Practice

With the rapid growth of the robotics industry, the ISO has continually developed
and revised standards for robotic systems. For instance, ISO 8373 [24] classifies robots
according to their mobile platform mechanisms, such as wheeled, legged, tracked, and
aerial platforms. In addition, the AMR is a concept defined by the International Federation
of Robotics as a robot that autonomously navigates and performs tasks in service environ-
ments rather than in manufacturing settings [5]. Although this definition does not restrict
AMRs to wheeled locomotion, most commercial AMRs currently use wheeled platforms
for technical and economic efficiency [27]. As a consequence, ISO 18646-1 and 2 [25,26],
which provide performance evaluation standards for service robot mobility, also prescribe
test procedures based on wheeled locomotion. Despite this progress in standardizing AMR
performance evaluation, there is still no clearly established framework or guideline for
sensor configurations, even though sensing plays a direct and critical role in autonomous
navigation performance.

3.1.1. Sensor Applications

This study investigates the sensor configurations of commercial AMRs by selecting
service categories that are rapidly expanding within public-use facilities. According to
the World Robotics 2024 Report [5], service robot types with the highest sales growth
include transportation robots (35%), hospitality robots (31%), agricultural robots (21%),
and cleaning robots (4%). In addition, medical robots show a notable 36 percent increase,
primarily due to rising demand for disinfection robots following the COVID-19 pandemic.
Based on these trends, this study focuses on four AMR service types commonly deployed
in public-use facilities: Hospitality, Transportation, Cleaning, and Disinfection.
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Data collection is conducted by identifying AMRs available in the Korean market via
online search engines and by examining manufacturers’ detailed product specifications. To
ensure representativeness in the analysis, at least three models are included for each service
type. Table 1 summarizes the manufacturers, model names, and sensor configurations of
19 AMR models, categorized by service type. Specifically, hospitality robots include three
models, such as DAL-e (manufacturer: Hyundai Motor Group (HMG)); transportation
robots comprise seven models, including Servi (manufacturer: Bear Robotics); cleaning
robots consist of five models, including Neo 2 (manufacturer: Avidbots); and disinfection
robots include four models, such as Adibot A1 (manufacturer: TGR). While this regional
sampling approach presents a potential limitation, it does not restrict the generalizability of
the findings. As detailed in Table 1, the selected AMR models are produced by manufactur-
ers originating from six different countries: the Republic of Korea (i.e., South Korea), China,
the United States (i.e., USA), Canada, Japan, and Denmark. This multinational composition
ensures that the analyzed hardware characteristics and sensor configurations reflect diverse
global manufacturing trends rather than localized conditions.

Table 1. Sensor types included in commercial AMR models.

Service Type Nationality Manufacturer Model Sensors
S1 S2 S3 S4 S5 S6 S7

Hospitality
South Korea HMG DAL-e [28] # # # #
South Korea LG Electronics CLOi GuideBot [29] # # # # #

China Pudu Technology BellaBot [30] # # #

Transportation CA, USA Bear Robotics Servi [31] # #
CA, USA Bear Robotics Servi Plus [32] # #

South Korea HMG DAL-e Delivery [33] # #
China Keenon Robotics DinerBot T5 Pro [34] #

South Korea LG Electronics CLOi ServeBot [35] # # # #
South Korea Robotis GAEMI-0 [36] # # # #
South Korea Twinny Inc. NarGo Delivery [37] # # #

Cleaning

ON, Canada Avidbots Neo 2 [38] # # #
China Gaussian Robotics EcoBot Scubber 50 [39] # # # #
China Gaussian Robotics EcoBot Vacuum 40 [39] # # #
China Pudu Technology Pudu CC1 [40] # # # # #
Japan SoftBank Robotics Whiz [41] # # # #

Disinfection

China Keenon Robotics PEANUT M2 [42] # # #
MA, USA Ohmnlabs Inc. OhmniClean UV-C [43] #
CA, USA TGR AdiBot A1 [44] # # # #
Denmark UVD Robots UV-C ADR [45] # # #

Note: S1-Laser, S2-LiDAR, S3-Ultrasonic, S4-Camera (2D), S5-Camera (Depth), S6-PIR, S7-Bumper, #-The model
included corresponding sensor.

A review of commercial AMRs revealed that they use a variety of sensing technologies,
primarily designed for surrounding perception and distance measurement. Regarding
vision-based perception, AMRs employ 2D cameras (S4) and depth cameras (S5). For
ranging and object detection, laser sensors (S1) and Light Detection and Ranging (LiDAR)
sensors (S2) are widely adopted, along with ultrasonic sensors (S3). Additionally, the
sensor configurations include Passive Infrared (PIR) sensors (S6) for thermal detection and
bumper sensors (S7) for physical impact recognition. Because product specifications differ
slightly across models—particularly regarding sensor labels and technical details—this
study standardized the analysis using the seven sensor categories listed above and recorded
their presence or absence.

Figure 2 presents a percentage-based comparison of sensor adoption rates across
AMRs for the four service types. To clearly visualize these configurations, sensors equipped
in all surveyed models across all types are shown in maroon, while the most frequently
adopted sensors within each service type, excluding the universally equipped ones, are
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shown in red. Regardless of service type, all AMRs were equipped with depth cameras.
LiDAR was identified as the second-most frequently adopted sensor; however, it cannot be
considered essential because its inclusion varied across models. AMRs used for Hospitality,
Transportation, and Cleaning generally favored a multi-sensor configuration that included
LiDAR, whereas Disinfection AMRs demonstrated comparatively lower levels of sensor
fusion. In particular, the LiDAR adoption rate in Disinfection AMRs was approximately
0.5, indicating that the sensor is frequently omitted in this category.

 

Figure 2. Proportion of sensors equipped by AMR service type.

This indicates that the primary mission of Disinfection AMRs is not human interaction,
which involves a high degree of uncertainty, but rather the repetitive execution of steriliza-
tion tasks along predefined routes. In contrast, Hospitality AMRs require frequent human
interaction, which explains why 2D cameras are universally adopted in this category. A
similarly high adoption rate of 2D cameras is observed in Cleaning AMRs (0.8), whose
core functions include contaminant detection and status identification. This suggests that
services involving greater human or environmental interaction rely more heavily on sensor
fusion, particularly on 2D cameras for object recognition. Additionally, the adoption of
bumper sensors in Cleaning AMRs (0.8) reflects the need for accurate navigation in tight
indoor spaces. Disinfection AMRs, however, more often use ultrasonic and PIR sensors.
This pattern is due to their operating environment, in which interactions with moving
objects are limited and environmental awareness is more critical than human recognition.

In summary, differences in AMR sensor configurations mainly stem from two factors.
First, the nature of interaction required by each task determines the primary sensing target.
Hospitality and Transportation AMRs need to recognize humans, whereas Cleaning AMRs
focus on contamination detection, resulting in different sensor fusion strategies. Second,
variations in operational modes cause different environmental conditions that the robot
must adapt to. Disinfection AMRs usually operate in spaces and times with minimal
human presence, requiring sensor setups that do not rely on human-oriented lighting and
can function effectively even in low-light conditions.

3.1.2. Hardware Configurations

As observed in Section 3.1.1, the primary environmental perception sensor used in
AMRs is the depth camera, with LiDAR serving as the most common complementary
option. To identify the typical sensing coverage of AMRs, this study examined the aver-
age dimensions of commercial models and analyzed the placement of these two sensors.
Figure 3 illustrates the average size of AMRs in each service type, as presented in Table 1,
along with a schematic representation of depth camera and LiDAR placement.
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Figure 3. Dimension layout and key sensor placement by AMR service type.

These two sensors serve as key reference points that divide the robot body into upper,
middle, and lower sections. In most AMRs, LiDAR is located in the lower body, while
cameras are mounted in the upper body. However, Disinfection AMRs exhibit a distinct
deviation from this pattern. Of the four models examined, only two were equipped with
LiDAR. One of them (PEANUT M2) positioned the sensor in the lower section, similar to
other service robots, while the other (AdiBot A1) installed it in the upper section. This
suggests that a dominant design consensus regarding sensor placement has not yet been
established for Disinfection AMRs.

Hospitality and Transportation AMRs generally measure less than 600 mm in both
width and depth, with an average height of approximately 1200 mm. This dimensional
configuration aligns with the human scale, allowing the robot to interact visually from
slightly below eye level. Cleaning AMRs, by contrast, maintain a similar width but exhibit
greater depth due to the cleaning apparatus mounted at the midsection. Their overall height
is also noticeably lower, a design choice that enhances locomotion stability and reflects
their operational characteristics, where interaction with the surrounding environment is
more critical than interaction with humans. Disinfection AMRs, on the other hand, reach
heights of up to 1800 mm to support wide-area sterilization tasks, resulting in dimensions
comparable to the height of an average adult.

As mentioned earlier, all AMRs in the dataset employ wheeled mobility platforms.
A distinctive characteristic shared across these models is a tall profile relative to their
footprint, meaning their height is considerably greater than their base. To mitigate stability
issues arising from this configuration, AMRs commonly adopt design strategies such
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as lowering the center of gravity, reducing ground clearance, and embedding wheels
partially within the chassis. While these features improve balance and stability during
locomotion, they simultaneously limit the robot’s ability to traverse obstacles or level
differences. As a consequence, architectural elements such as ramps, thresholds, and floor
discontinuities can hinder the mobility of these AMRs. Interestingly, applying this low-
center-of-gravity strategy to androids or bipedal robots [21] presents a distinct advantage.
While it limits obstacle traversal for wheeled AMRs, legged robots can easily overcome
such discontinuities using stepping kinematics. Thus, adopting this design in androids
could maximize locomotion stability without compromising mobility.

3.2. Navigation Failure Case Statements

A comprehensive review of news articles and academic literature identified recur-
ring issues in navigation performance within human-centered environments. Table 2
summarizes these issues using keywords derived from media reports; insights from three
experts with professional backgrounds in robot design, manufacturing, and related network
infrastructure; and empirical evidence from academic studies.

Table 2. Summary of reported navigation issues of AMRs.

Reference Type Keywords Quotes

[14] News
article

Navigation accident,
sensing failure

“. . .The machine veered to the left to avoid the child, at which
point the machine stopped and the child fell on the ground.. . .

The machine’s sensors registered no vibration alert, and the
machine motors did not fault as they would when encountering

an obstacle. . . “

[13] News
article

Navigation accident,
multi-sensors

“A security robot in Washington DC suffered a watery demise
after falling into a fountain. . . It is not the first accident involving

patrolling robots, which are equipped with various
instruments—including face-recognition systems, high-definition

video, infrared and ultrasonic sensors. . .”

[46] News
article

Navigation accident,
motion errors

“. . .The robot suddenly started spinning in place and then rushed
toward the stairs, falling down. . .”

Interviewee A Interview
record

Navigation errors,
glass, dark floor,

“. . .robots have difficulty recognizing glass doors. They also tend
to perceive dark floor surfaces as cliffs, which often causes

navigation errors. . .”

Interviewee B Interview
record

Cable, wheel size,
carpet, traction loss

“. . .Robots often fail to climb even a one-centimeter-high obstacle
such as an electrical cable. Therefore, larger wheels are typically
adopted for outdoor operations. . .On carpeted surfaces, they tend

to get stuck, or the wheels spin without traction. . .”

Interviewee C Interview
record

Weight, floor
deformation

“. . .Cleaning robots generally weigh about 50 to 70 kgs, scraping
and rubbing the floor as they move. Soft flooring materials can

easily be dented or deformed. . .”

[11] Research
article

Color, textures,
pattern, specular
reflection, echo,

barrier-free,
non-slippery

“. . .Maximize robot perception through the appropriate selection
of color, textures, font/pattern sizes, and materials for wall and

floor surfaces. . .When these mirror-like specular reflections occur,
the robot loses the object. . .”

“. . .the robot is only provided with two sets of sonar arrays to
interact with its world by emitting pulses of sound and then

listening to the resulting echoes. . .”
“. . .Ensure barrier-free access without steps, thresholds, ramps, or

kerbs. . .Floor surface material should be non-slippery,
non-reflective, level, and even. . .”

[47] Research
article

Camera, adverse
weather

“. . .cameras can be blind under adverse weather conditions when
they are needed the most. . .”
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Table 2. Cont.

Reference Type Keywords Quotes

[48] Research
article

LiDAR, black,
reflectivity

“. . .LiDAR sensor is less susceptible to weather and enables 3D
mapping of surroundings with high resolution, no matter if it is

day or night. . .”
“. . .LiDAR has a fundamental problem that originated from its
principle using ‘reflection of light’, LiDAR is sightless for black

objects having low reflectivity. . .”

[16] Research
article

Dark-tone, NIR lasers,
absorption

“. . .it is still challenging for LiDAR sensors to detect dark-tone
objects. . .This is because commercial LiDAR technology utilizes
NIR lasers of around 905nm, which is completely absorbed by the

standard carbon black material. . .”

[49] Research
article

Glass detection
failure, ultrasonic

sensor

“. . .there are some problems caused by glass detection failure,
collisions with glass, and bad maps, localization accuracy. . .”

“Laser rangefinder sensor is used to build maps, and ultrasonic
sensors are used to avoid obstacles. . .”

[17] Research
article

No reflection back,
polished surface,

specular reflection

“. . .Most of the laser signals from a laser range finder pass
through glass panels without being reflected back to the

sensor. . .. . .When a laser rangefinder sends its laser to an object
with a polished surface, most of its laser pulses are specularly

reflected and do not return to the sensor. . .”

[19] Research
article

Ultrasonic wave,
small objects sensing

“. . .The ultrasonic wave is reflected from almost any surface,
even transparent, but it can be difficult to determine the distance

to fluffy or small objects. . .”

[20] Research
article

ToF sensors, blind
area at close distances

“. . .Despite the widespread use of ToF sensors in robot perception
systems due to their high reliability and compact size, addressing
high power sources and the blind area issue at a close distance

is difficult. . .”

[18] Research
article

Low bottom
clearance, thresholds

“. . .current service robots have a low bottom clearance and rely
on wheels, which limits their mobility on uneven indoor surfaces

such as small thresholds, cables, or ramps. . .”

[50] Research
article

Overturn in step,
unevenness

“. . .The larger the step value is, the more likely the wheeled
mobile robot will overturn, . . .a greater unevenness value would

lead to a more unstable motion . . .”

[15] Research
article

Holonomic drives,
losing traction,

wheel slip

“. . .Regarding ramps, holonomic drives show a major
disadvantage regarding losing traction or slipping of the wheels

and stability, thus resulting in maneuvering problems, or
uncontrollable rotation and rolling back. . .”

News articles have repeatedly reported incidents where service robots made unex-
pected turns, collided with objects or people, or became uncontrollable. The leading cause
of these accidents was identified as sensor perception errors. In many cases, robots failed
to detect obstacles such as children or staircases, or deviated from their intended paths due
to incomplete sensor feedback. Even robots equipped with multiple sensors, including
ultrasonic, infrared, and camera-based systems, exhibited repeated perception failures in
specific environments, particularly when reflections or transparent surfaces were present.

Interviewees also highlighted several perceptual and locomotion problems observed
during robot operation. For example, glass doors are often not detected by sensors, and dark
floors are frequently misinterpreted as cliffs. Electrical cables and thresholds measuring
only about 1 cm in height can obstruct movement, while carpets reduce wheel traction,
causing robots to slip or stall. Additionally, Cleaning AMRs have been reported to damage
soft floor materials due to their substantial weight, ranging from 50 to 70 kg.

Academic studies support these practical observations. Optical and LiDAR sensors
often fail to detect black or glossy surfaces due to low reflectance or specular reflections.
Glass and polished surfaces allow light to pass through rather than bounce back, causing
mapping errors or collisions. Ultrasonic sensors have difficulty detecting small or soft
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objects, and Time-of-Flight (ToF) sensors, which send out laser pulses and measure the
return time to determine distance, have blind spots at close range. Camera-based systems
can lose visual perception entirely in poor lighting or harsh environmental conditions.

Published studies also report locomotion issues associated with low ground clearance.
AMRs with such configurations often lose traction and become unstable when passing
over uneven surfaces, ramps, or thresholds, and documented cases include overturning
or rolling back on inclined surfaces. These observations confirm that AMR performance
is susceptible to the optical, geometric, and mechanical features of the built environment.
Material properties such as reflectance, transparency, surface texture, color, and flatness
directly affect sensor reliability and locomotion stability.

3.3. Review of Navigation Mechanisms

AMRs perceive and operate within indoor environments by estimating their own loca-
tion while simultaneously constructing a map of their surroundings, a process known as Si-
multaneous Localization and Mapping (SLAM). LiDAR-based SLAM offers high-precision
mapping capabilities but is costly and sensitive to specific environmental conditions. Visual-
SLAM, on the other hand, provides low-cost access to rich environmental information,
although its performance is highly affected by lighting conditions [51]. As a result, recent
approaches increasingly combine multiple sensing modalities, such as LiDAR, vision, and
ultrasonic sensors, within sensor-fusion-based SLAM frameworks, aiming to compensate
for the weaknesses of individual sensors and improve overall system robustness.

Sensors can be broadly classified as passive or active, depending on whether they emit
energy. Passive sensors, such as vision cameras and PIR sensors, detect external energy
without generating their own signals. Active sensors, including LiDAR and ultrasonic
sensors, emit electromagnetic or acoustic waves and measure the reflected signals to infer
distances and detect objects.

Electromagnetic waves, such as laser pulses used in SLAM, may be reflected or
transmitted when passing through materials with different refractive indices [17,52]. On
highly polished surfaces such as glass or metal, absorption of incident waves is minimal,
and reflection or transmission is the dominant mode of interaction. Reflected waves can
be classified as either specular or diffuse reflections. Specular reflection occurs when the
angle of reflection equals the angle of incidence, as shown in Figure 4a. Highly polished
surfaces exhibit predominantly specular reflection, which presents challenges not only for
machine perception systems but also for human vision, as objects become difficult to detect
under such conditions. Conversely, most real-world objects have imperfect surfaces that
scatter incident light in multiple directions, resulting in diffuse reflection, as illustrated
in Figure 4b. Diffuse reflection enables objects to be visually perceived, and variations in
the wavelengths reflected or absorbed by a surface within the visible spectrum ultimately
determine the material’s perceived color.

Therefore, whether a sensor is passive or active, its detection wavelength range is a
critical aspect of its performance. Vision sensing, a representative passive method, operates
in the visible spectrum, from approximately 400 to 750 nm. However, for other sensors, it
is necessary to understand the wavelength bands they are designed to detect.

PIR sensors operate based on the pyroelectric effect, in which incident infrared radia-
tion generates electrical charges within the sensing material. PIR sensors detect infrared
light in the 800–1400 nm range and detect human presence within their field of view. The
thermal infrared signal goes through three stages before being converted into an analog
signal. First, human body radiation is focused onto the pyroelectric element using a Fres-
nel lens. The infrared signal is then transformed into a weak electrical signal, which is
amplified and filtered to produce a final analog output [53].
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Figure 4. Transmission and reflection of electromagnetic waves at (a) a polished surface and, (b) an
imperfect surface.

LiDAR sensors primarily use laser wavelengths in the NIR region, typically 905 nm
or 1550 nm, although 905 nm systems are more common due to cost advantages. LiDAR
emits multiple laser pulses and detects the reflected waves using a receiver. By applying
ToF calculations to the reflected pulses and combining the distance estimates from each
beam, LiDAR obtains detailed information about the surrounding environment [54]. Laser
sensors, also known as commercial ToF sensors, use NIR wavelengths, typically 850 nm
or 940 nm. These systems are composed of a laser emitter and a photodetector [55]. The
laser emitter releases short pulses toward an object, and the reflected light is detected by
the photodetector, enabling the distance to be calculated.

Ultrasonic sensors also measure distance using a ToF principle, but emit acoustic
waves rather than electromagnetic signals. They operate in two measurement modes. The
first is reflective sensing, in which the emitted sound wave returns to the same sensor after
encountering an obstacle. The second is one-way ranging, in which the transmitter and
receiver are positioned separately to measure the distance between them. Operating at
frequencies above 20 kHz, ultrasonic sensors demonstrate strong detection performance on
glass surfaces where electromagnetic sensors often fail [56].

Figure 5a presents an overview of the wavelength detection ranges for passive and
active sensors as identified in the reviewed literature. Figure 5b compares the transmittance
of a specific type of optical glass (i.e., N-SF11 manufactured by Schott) at two thicknesses,
5 mm and 20 mm, across the wavelength ranges most commonly used in vision and
LiDAR sensor systems of AMRs. The values presented were computed using an optical
transmission calculator based on the complex refractive index database [57].

The results show that although thinner glass generally exhibits higher transmittance
across both ranges, this thickness-dependent variation is significantly more pronounced at
longer LiDAR wavelengths (approximately 1.5 µm). Specifically, thicker glass effectively
suppresses transmission at these wavelengths, while reducing the thickness leads to a dras-
tic increase in transmittance. This implies that detection reliability for longer-wavelength
LiDAR is highly sensitive to material dimensions; it may perform adequately on thick glass
but faces a heightened risk of blindness on thin glass, unlike shorter-wavelength (below
1 µm) systems, which exhibit more stable characteristics.
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Figure 5. (a) Detection wavelength ranges of electromagnetic wave-based sensors; (b) Wavelength-
dependent transmittance spectrum of glass [57].

From a locomotion perspective, AMRs universally utilize wheeled mobility platforms.
These platforms can be categorized by their steering mechanisms into holonomic systems,
direct steering systems where the wheels move in parallel, and differential steering systems
that allow independent wheel control [15]. These steering configurations produce different
turning radii and maneuvering strategies. Holonomic platforms can rotate in place and
perform reversing movements in narrow corridors, but their motor torque distribution
makes them more vulnerable on uneven surfaces, ramps, and thresholds. In contrast, direct
steering platforms require more space to reverse. Their maneuvering capabilities are similar
to those of wheelchairs, which is why accessibility standards for barrier-free environments
are often referenced when discussing spatial requirements for robot inclusiveness [10,58].

4. Relationship Between Building Finishing Materials and AMR
Performance
4.1. AMR Performance Indicators and Assessment Metrics

Based on the conceptual distinction between sensing and locomotion established in
the previous section, this study defines specific performance indicators and metrics to
assess each domain quantitatively. Accordingly, the Robot’s Sensing Performance Indicator
(RPI(S)) and the Robot’s Locomotion Performance Indicator (RPI(L)) were established
with reference to ISO standards [25,26]. RPI(S) comprises obstacle-detection capability
and mapping accuracy, while RPI(L) comprises speed and path consistency. Additionally,
reflecting the narrative inquiry results summarized in Table 2, a surface-preservation
indicator was incorporated to account for potential damage to floor finishing materials. The
assessment metrics for these indicators were derived from relevant ISO test procedures and
structured to enable evaluation of each indicator using one or two quantitative measures. A
complete overview of these indicators and their associated assessment metrics is provided
in Table 3.
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Table 3. Description of robot performance indicators and metrics.

Category Indicator Metric Description

Sensing (S) Obstacle
detection

Detection distance
accuracy

Indicates how accurately the robot measures distances to
various obstacles. Calculated as the percentage difference
between the actual and the robot’s measured distance for

multiple obstacles.

Travel time delay
coefficient

Indicates how much the robot’s travel time to a target
point is delayed by obstacles. Calculated as the ratio of the
travel time with obstacles (e.g., pedestrians) to the travel

time without them.

Mapping
accuracy

Corner localization
error

Represents how much the four corner coordinates of a
SLAM-generated map deviate from the actual coordinates

when compared with the real environment.

Locomotion (L) Speed Rated speed
reduction coefficient

Indicates the decrease in the rated speed. Calculated as the
ratio of the actual speed achieved under experimental

conditions to the rated speed.

Path
consistency

Trajectory
deviation

Indicates how much the robot’s travel trajectory varies
when it repeats the same path. Shown by statistical

measures from repeated trials.

Surface
preservation

Post-travel damage
coefficient

Quantifies the accumulation of indentation damage
relative to the frequency of robot passes. Calculated as the

ratio of residual indentation to the number of passes.

4.2. Finishing Material Property Indicators and Assessment Metrics

The absorption, reflection, and transmission properties of architectural finishing ma-
terials regarding electromagnetic and acoustic waves depend on wavelength. As a result,
traditional evaluation methods for built environments are designed around human percep-
tual ranges, such as the visible spectrum (approximately 400 to 700 nm) and the audible
frequency range (approximately 20 Hz to 20 kHz). However, the sensing wavelengths
used by AMRs differ from those perceived by humans, meaning that assessment criteria
focused solely on human perception cannot fully explain how finishing materials affect
AMR sensing and locomotion performance.

In this study, Finishing Material Property Indicators (FMPI) were derived from the
keywords presented in Table 2 to identify material properties that influence AMR sensing
and locomotion performance. Since a robot-inclusive assessment framework for finishing
materials has not yet been established, many relevant material characteristics are dispersed
across human-centered architectural criteria, and standardized test methods are either
incomplete or unavailable. Therefore, this study identified applicable human-centered
metrics and systematized them in Table 4, referencing relevant standards and literature to
establish a valid basis for each indicator.

As indicated in the literature summarized in Table 2 [17,49], the transparency and
specular reflection of glass are frequently discussed together in the context of laser-
signal detection. Since their related metrics—transmittance and reflectance—share a
common spectrophotometric framework, these attributes were grouped under a single
indicator category.

In contrast, locomotion indicators such as “Slipperiness” and “Unevenness” were
derived from accessibility standards, such as the Americans with Disabilities Act (ADA)
Standards [58]. In the absence of established robot-specific architectural standards, the
adoption of these human-centered accessibility criteria serves primarily as a temporary
proxy. Inevitably, these wheelchair-based metrics do not fully capture the distinct mechani-
cal characteristics of AMR locomotion systems. This discrepancy underscores the need to
interpret these human-centered metrics with caution. It highlights the critical need for a
robot-centered assessment framework that accounts for hardware configurations, including
driving mechanisms, wheel materials, and sensor placement.
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Table 4. Description of finishing material property indicators and metrics.

Category Indicator Metric Description and Reference

Sensing Color Lightness
Indicates the perceived brightness of a color as a

numerical value. It corresponds to the L*
component of the CIE L*a*b* color system [59].

Texture Surface roughness
Quantifies the degree of height variation on a
material’s surface. A higher value indicates a

rougher surface [60].

Pattern Pattern entropy

Quantifies the randomness of tile arrangements
within a unit area based on Shannon entropy. A

value of 0 indicates that all tiles are identical, while
higher values denote more complex patterns [61].

Lightness deviation of tiles
Represents the variation in L* among tiles forming

the pattern. Larger values indicate stronger
contrast between constituent tiles [59].

Sound absorption Noise reduction coefficient
Indicates how effectively a material absorbs and

decreases indoor noise. Expressed between 0
and 1 [62].

Transparency/Specular
reflection Transmittance/Reflectance

Represents how a surface material interacts with
incident visible light by distributing it into

transmitted and reflected components. These
values are measured under the same
spectrophotometric framework [63].

Locomotion Slipperiness Coefficient of friction
Indicates the level of friction between a wheel and
the floor surface. The standard test designates the
wheelchair tire as the reference contact object [64].

Pile height

Refers to the average length of the carpet fibers
(pile) that form the cushion layer. Higher values

can hinder wheelchair movement. The ADA limits
pile height to 13 mm [15,58].

Unevenness Threshold height

Represents the height of floor level differences or
door thresholds. Higher thresholds obstruct

wheelchair travel; hence, the ADA restricts them to
6 mm [18,58].

Groove size
Denotes the maximum diameter or width of

grooves or gaps in the floor surface. Larger grooves
increase the risk of wheel entrapment [15,58].

Wheel-mark resistance Residual indentation

Represents the difference between the original
thickness of the floor material and its recovered
thickness after a constant load has been applied

and removed [65].
The symbol “*” is part of the standard CIE L*a*b* notation and does not denote a mathematical operation.

4.3. Experts’ Assessment on the Material-Robot Performance Relationship

The relationships between AMR performance and finishing material properties, along
with the related indicators summarized in Tables 3 and 4, reflect potential correlations iden-
tified through qualitative analysis. To assess the practical significance of these relationships,
an expert survey was conducted. To ensure a rigorous and technically grounded evaluation,
this study employed purposive sampling to select a highly experienced panel of profession-
als rather than the general public. Furthermore, to prevent group bias, the assessment was
conducted via independent individual surveys, with equal weight applied to all respon-
dents’ scores. The survey presented the identified relationships and asked respondents to
rate each relationship’s appropriateness on a five-point Likert scale (1: not appropriate at
all, 2: somewhat inappropriate, 3: neutral, 4: appropriate, 5: highly appropriate).

The survey included five experts in architecture and six in robotics. The architecture
specialists had an average of 15.2 years of experience in design, facility management, and
spatial consulting. The robotics specialists had an average of 19.5 years of experience in re-
search and development of control and locomotion algorithms for construction and service
robots. To verify the consistency of the collected survey data before conducting a detailed
analysis, Kendall’s coefficient of concordance (W) was calculated for the appropriateness
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scores. The analysis revealed a statistically significant, moderate level of agreement among
all 11 experts (W = 0.395, * p < 0.001). This confirms that despite their distinct professional
backgrounds, the panel reached a reliable consensus on the overall indicators.

4.3.1. Influence of Materials on Robot Sensing Performance

Figure 6 shows the assessment results for the appropriateness of the relationships
between FMPI and RPI(S), specifically regarding obstacle detection capability and mapping
accuracy. The indicator “Transparency/Specular reflection” received an average score
above 4.7 from both expert groups, confirming it as the most influential factor affecting
sensing performance. In contrast, while robotics experts gave average scores above 4.0 to
“Color” and “Pattern,” architectural experts rated these indicators lower, at 3.8 and 3.6,
respectively. Written responses from architectural experts supported this finding. They
noted that color and pattern are elements directly related to spatial esthetics and should be
modified only with caution, even when improving inclusiveness for robots. Their feedback
reflects a design-driven conservatism rather than a view of technical irrelevance. The FMPI
“Sound absorption”, although identified in the literature as a factor influencing ultrasonic
sensing, received average scores below 3.0 across all expert groups.

Figure 6. Appropriateness of the FMPI in relation to RPI(S). Regarding (a) “Obstacle detection” and
(b) “Mapping accuracy”.

Figure 7 shows the evaluated suitability of the derived metrics, with Figure 7a rep-
resenting RPI(S) and Figure 7b representing FMPI. Most RPI(S) metrics scored above 4.0,
indicating strong consensus on their relevance. However, the “Travel time delay coefficient”
revealed a noticeable difference: architectural experts rated it an average of 3.8. In contrast,
robotics experts gave it a neutral score of 3.0, indicating that obstacle detection success is
more important than temporal delay.

FMPI metrics showed a consistent pattern: items associated with higher appropri-
ateness scores in Figure 6 were also evaluated more positively. For example, the “Noise
reduction coefficient” scored relatively low at 2.9, while “Pattern entropy” and “Lightness
deviation of tiles” received scores of 3.7 and 3.9, respectively—above neutral, yet just
below the 4.0 threshold. These findings suggest that, although FMPI metrics are generally
considered relevant, their practical use depends on technical feasibility and contextual
design considerations.
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Figure 7. Suitability of the derived metrics related to (a) RPI(S) and (b) FMPI.

4.3.2. Influence of Materials on Robot Locomotion Performance

Figure 8 shows the evaluated relevance of the relationships between RPI(L) and FMPI.
The items “Slipperiness,” “Unevenness,” and “Wheel-mark resistance” each received mean
scores above 4.0, indicating strong agreement among respondents that floor friction and
surface roughness are directly linked to locomotion stability. A closer inspection reveals
a notable difference between the two expert groups in their understanding of the “Path
consistency–Slipperiness” relationship. Architectural experts gave an average score of 3.4,
showing a more cautious judgment, while robotics experts rated the same relationship at 4.7.
Instead of relying solely on these descriptive differences, a detailed statistical verification
of why such perceptual gaps occur is presented in Section 4.3.3.

Figure 8. Appropriateness of the FMPI related to RPI(L).

As shown in Figure 9, all metrics related to RPI(L), such as “Speed,” “Path consistency,”
and “Surface preservation,” received mean scores of 4.0 or higher. This indicates that these
metrics are seen as suitable and valid for evaluating locomotion performance. In contrast,
the assessment of FMPI showed notable variation across different metrics. For example,
the relationships “Slipperiness–(Carpet) Pile height” and “Wheel-mark resistance–Residual
indentation” were rated above 4.0 on average by architectural experts. In contrast, robotics
experts gave lower scores of 3.2 and 3.7, respectively. Conversely, “Threshold height” and
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“Groove size” received average scores of 4.5 from robotics experts, showing their greater
perceived importance from that perspective.

Figure 9. Suitability of the derived metrics related to (a) RPI(L) and (b) FMPI.

4.3.3. Statistical Verification of Perceptual Differences Between Expert Groups

Overall, experts from both fields responded that the RPI, FMPI, and metrics derived
through systematic qualitative methods from various data sources were generally appropri-
ate (i.e., Median ≥ 4.0). Although Figures 6–9 reveal some perceptual differences between
the two expert groups, a Mann–Whitney U test was conducted to more stably verify the
statistical significance of these differences. The results indicated that at the 95% confidence
level, most items did not show statistically significant differences in perception between
the two disciplines. However, significant differences were observed in one item regarding
the RPI-FMPI relationship and two items regarding the Indicator–Metric relationships.
Figure 10 illustrates the differences in response distributions for these three items using a
diverging stacked bar chart.

Figure 10. Diverging stacked bar chart of survey items exhibiting significant differences (p < 0.05).

Regarding the RPI-FMPI relationship, a significant difference was found in “Path
consistency–Slipperiness” (p = 0.033). Robotics experts (Median = 5) assigned signifi-
cantly higher appropriateness scores than architectural experts (Median = 4). As shown in
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Figure 10, a large proportion of robotics experts rated it 5 (highly appropriate), indicating
strong consensus that floor slipperiness directly affects a robot’s wheel slip and trajectory
control. This high sensitivity can be attributed to the fact that issues related to locomotion
stability tend to be much more prominent during real-world physical deployments than in
virtual simulations. In contrast, architectural responses were more dispersed, including
scores of 2 (somewhat inappropriate), showing a relatively cautious judgment compared to
the robotics perspective.

For the Indicator–Metric relationships, significant differences were found in “Surface
preservation–Post-travel damage coefficient” (p = 0.042) and “Slipperiness–Pile height”
(p = 0.045). Architectural experts (Median = 5) placed greater importance on the “Post-travel
damage coefficient” compared to robotics experts (Median = 4), reflecting the architectural
sector’s high sensitivity to physical damage and the long-term maintenance of building
flooring. Similarly, for “Pile height,” architectural experts (Median = 4) rated it significantly
higher than robotics experts (Median = 3.5). Figure 10 shows that some robotics experts
even gave this metric a score of 2. This discrepancy highlights the fundamental difference
in the evaluation frameworks of the two disciplines. Architectural experts, familiar with
barrier-free design standards, tend to interpret these metrics through the lens of wheelchair
mobility needs (e.g., ADA limits on pile height). Conversely, robotics experts base their
judgments on direct operational experience, recognizing that human-centered criteria such
as pile height alone may not fully capture the complex traction loss and entrapment issues
experienced by AMR wheels.

4.4. Finishing Material-AMR Performance Relational Diagrams

The assessment results showed that many metrics received mean scores of 4.0 or
higher, indicating that the relationships initially proposed in the survey demonstrated
conceptual validity at the expert level. Based on these evaluations, to contribute to future
empirical studies that can directly inform RIS design guidelines, it is necessary to establish
clear priorities among these relationship pairs.

Therefore, a Wilcoxon signed-rank test was conducted to verify the statistical signifi-
cance of the differences in appropriateness scores. Given the extensive number of survey
items, the tests were performed separately for categories divided into sensing and locomo-
tion. Table 5 summarizes the results for the RPI–FMPI relationships. Rather than presenting
all possible pairwise comparisons, the relationships are ranked by their mean scores, dis-
playing the p-values derived from sequential adjacent comparisons (i.e., comparing each
item only with its immediately preceding higher-ranked item).

Table 5. Sequential adjacent comparison results between the RPI-FMPI relationship.

Category Rank RPI FMPI Mean Median * p-Value
Sensing 1 Obstacle detection Transparency/Specular reflection 4.73 5 -

2 Obstacle detection Texture 4.18 4 0.06
3 Obstacle detection Color 4.00 4 0.32
4 Mapping accuracy Texture 4.00 4 1.00
5 Mapping accuracy Color 3.91 4 0.79
6 Obstacle detection Pattern 3.82 4 0.78
7 Mapping accuracy Pattern 3.82 4 1.00
8 Obstacle detection Sound absorption 2.82 3 0.02 *

Locomotion 1 Speed Unevenness 4.73 5 -
2 Speed Slipperiness 4.55 5 0.41
3 Path consistency Unevenness 4.18 4 0.38
4 Surface preservation Wheel-mark resistance 4.18 4 0.89
5 Path consistency Slipperiness 4.09 4 0.85

Note: * p-values correspond to pairwise comparison with the adjacent higher-ranked item.
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Although multiple pairs might show statistical significance under comprehensive
cross-testing, the sequential adjacent comparison revealed that only “Sound absorption”
exhibited a significant difference. Specifically, the relationship between “Obstacle detection”
and “Sound absorption” showed a sharply lower mean score of 2.82, which was statisti-
cally significant compared to the preceding item (p = 0.02). Consequently, this item was
excluded from the relational framework. As discussed earlier, this exclusion is structurally
supported by the engineering rationale that AMRs utilize high-frequency ultrasonic waves
that exhibit minimal correlation with human-audible sound absorption metrics, reflecting
the diminishing role of ultrasonic-only sensing in current AMR operations.

Furthermore, Table 6 presents the Wilcoxon signed-rank test results for the Indicator–
Metric relationships, conducted separately for RPI and FMPI across both domains. The
sequential adjacent comparisons indicated that statistically significant differences generally
emerged around the mean score of 4.0 and below 3.5. For example, in RPI(S), significant
drops were observed at “Corner localization error” (Mean = 4.09, p = 0.01) and “Travel time
delay coefficient” (Mean = 3.36, p = 0.04). Similarly, in FMPI(L), a significant difference was
found at “Residual indentation” (Mean = 3.91, p = 0.02).

Table 6. Sequential adjacent comparison results between the Indicator–Metric relationship.

Category Rank Indicator Metric Mean Median * p-Value
RPI(S) 1 Obstacle detection Detection distance accuracy 4.64 5 -

2 Mapping accuracy Corner localization error 4.09 4 0.01 *
3 Obstacle detection Travel time delay coefficient 3.36 4 0.04 *

FMPI(S) 1 Transparency/
Specular reflection

Transmittance/
Reflectance 4.55 5 -

2 Texture Surface roughness 4.18 4 0.21
3 Color Lightness 4.09 4 0.56
4 Pattern Lightness deviation of tiles 3.91 4 0.32
5 Pattern Pattern entropy 3.73 4 0.48
6 Sound absorption Noise reduction coefficient 2.91 3 0.02 *

RPI(L) 1 Speed Rated speed reduction coefficient 4.36 4 -
2 Path consistency Trajectory deviation 4.36 4 1.00
3 Surface preservation Post-travel damage coefficient 4.18 4 0.32

FMPI(L) 1 Slipperiness Coefficient of friction 4.64 5 -
2 Unevenness Threshold height 4.64 5 1.00
3 Unevenness Groove size 4.64 5 1.00
4 Wheel-mark

resistance Residual indentation 3.91 4 0.02 *
5 Slipperiness Pile height 3.73 4 0.53

Note: * p-values correspond to pairwise comparison with the adjacent higher-ranked item.

Based on the statistical boundaries observed near 4.0 and 3.5, these two values were
adopted as threshold criteria for Tier classification: Tier 1 (primary) for scores of 4.0 or
above, and Tier 2 (secondary) for scores between 3.5 and 4.0. Items falling below 3.5
were excluded. Figure 11a,b show the updated relational diagrams that summarize this
Tier classification.

However, because these two thresholds (4.0 and 3.5) do not have absolute statistical sig-
nificance across all pairwise comparisons, it is entirely possible to apply different sensitivi-
ties when using Figure 11, depending on specific contextual needs. For instance, if the lower
bound for Tier 1 in the RPI–FMPI relationships is conservatively adjusted from 4.0 to 4.2, six
relationships—including “Obstacle detection–Texture” (Mean = 4.18), “Path consistency–
Unevenness” (Mean = 4.18), and “Path consistency–Slipperiness” (Mean = 4.09)—would be
reclassified from Tier 1 to Tier 2. Conversely, if the Tier 1 threshold for Indicator–Metric
relationships is relaxed to 3.8, metrics such as “Lightness deviation of tiles” (Mean = 3.91)
and “Residual indentation” (Mean = 3.91) would be elevated to Tier 1.
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Figure 11. Relational diagram based on quantitative assessment. (a) Sensing performance-related
and (b) locomotion performance-related.

While these diagrams are not intended as definitive design guidelines for immediate
application, they serve as an empirically grounded foundation. By classifying critical
relationships between FMPI and RPI into tiers, this hypothesized framework systematically
guides which variables require physical validation first. Specifically, the framework priori-
tizes the relationship between “Slipperiness” and “Path consistency” as a Tier 1 variable
requiring immediate physical validation. To quantitatively validate this framework beyond
expert opinion, future studies must construct controlled experimental environments. By
incorporating the operational insights derived from the thematic analysis in Section 5,
researchers can design concrete experimental scenarios. To empirically test the impact
of slipperiness, an experiment could be designed to precisely measure the robot’s trajec-
tory deviation under controlled conditions, such as dry, wet, or contaminated floors. By
transitioning from expert-based evaluation to physical validation, these diagrams sys-
tematically guide future experimental setups toward establishing concrete guidelines for
robot-inclusive spaces.

5. Potential Research Themes
In addition to the appropriateness assessment, this study conducted a follow-up in-

quiry with the same expert group to identify research areas not represented in the relational
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diagram. Experts were asked to suggest future research directions they deemed necessary
for improving AMR sensing and locomotion performance in indoor built environments,
and their responses were collected in an open-ended format. These responses were then
compiled and analyzed using an inductive coding approach. Statements expressing sim-
ilar ideas were grouped and consolidated, and recurring concepts were organized into
higher-level categories. These categories were refined into themes and subthemes based on
conceptual similarity and scope. The final structure from this thematic grouping process is
presented in Table 7.

Table 7. Themes identified in the subsequent response data to the questionnaires.

Theme Subtheme Example Quotes

Knowledge
system

development

Palette-based
guidelines

“. . .A palette-style guideline addressing factors—such as color separability, noise,
and spectral reflectivity—would be effective. . .”

“. . .Providing architectural pattern guidelines tailored for autonomous service
robots would enhance usability. . .”

Sensor-wise
segmented

analysis

“. . .It is crucial to understand the complementary functions of different
sensors clearly. . .”

“. . .The criteria for evaluating material compatibility vary significantly depending
on the types of sensors used by robots. . .”

“. . .Sensor fusion is an efficient solution to overcome multiple perception
constraints. . .AI-powered multimodal sensor fusion technologies will soon

be adopted. . .”

Sensitivity
analysis by robot

specifications

“. . .Information on the mounting height of LiDAR is needed. . .”
“. . .Standards for surface compatibility considering wheel material

are required. . .”
“. . .Analyzing the correlation between surface unevenness and robot mobility

would greatly support robot development. . .”

Research from an
operational
perspective

BIM-based
information
utilization

“. . .Rather than improving the robot’s perception capability, providing Building
Information Model (BIM) may be a better alternative. . .”

“Using BIM models with higher levels of detail—such as handrails and
protrusions—would be beneficial. . .”

Resistance to
contamination

and wear

“. . .From a slip prevention perspective, it is important to consider whether
moisture evaporates quickly when the surface is wet. . .It is recommended to

evaluate surface friction coefficients separately for wet and
contaminated conditions. . .”

“. . .It is necessary to select finishing materials that resist discoloration. . .Tiles tend
to develop level differences over time. . .”

Research on
robot-friendly

materials

Robot-specific
signage systems

“. . .It is necessary to examine the robustness of robot text and signage recognition
depending on background materials. . .”

“. . .Algorithms that utilize color or texture changes for spatial recognition should
be explored. . .Using planters or small installations as spatial landmarks for robot

localization may also be effective. . .”
“. . .It is possible to assign specific materials along robot pathways. . .Current

SLAM techniques already apply landmark-based corrections during map
generation. . .”

Robot-specific
color/pattern
development

“. . .For transparent materials, inserting robot-recognizable elements partially into
the material could help boundary perception. . .”

“. . .Improvement such as mixing reflective material into black surfaces
is needed. . .”

“. . .Guidelines for applying films or visual markers to lower parts of glass and
mirrors should be developed. . .”

The first theme focuses on developing a foundational knowledge system. Experts
commonly emphasized that the current understanding of how finishing material properties
influence AMR sensing performance remains fragmentary. They suggested research direc-
tions such as establishing palette-type design guidelines that incorporate visual elements,
including color, reflectance, and transparency; clarifying compatibility criteria based on
sensor configurations; and studying performance sensitivity in relation to AMR specifi-
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cations. These suggestions point to the need to gather and consolidate knowledge in this
domain systematically.

The second theme focuses on operation-oriented research. Experts observed that
AMR performance is affected not only by the inherent properties of finishing materials but
also by environmental conditions arising from use and maintenance. They pointed out
several overlooked issues, such as the potential use of BIM-based spatial information to
support robot perception, variations in friction caused by contamination or moisture, and
the development of level differences due to long-term material degradation. These factors
indicate that AMR-related challenges vary across operational environments and should be
included in future research plans.

The third theme involves the development of robot-friendly materials. Rather than
merely enhancing existing material properties, this approach emphasizes designing materi-
als and visual processing methods specifically for robotic use. Suggested research topics
include identifying color and pattern schemes that improve robotic perception, developing
visual cues to support sensor-based object recognition, and applying surface treatments to
make boundaries between transparent or reflective materials more detectable. These ideas
highlight an emerging opportunity to develop materials directly to support AMR-friendly
built environments.

6. Conclusions
This explanatory mixed-methods review was driven by the critical understanding that

existing building environment assessment frameworks, which are predominantly human-
centered, fail to adequately account for the specific sensing and locomotion requirements
of AMRs. Although earlier research and practical reports have occasionally noted that indi-
vidual finishing material attributes—such as color, reflectance, texture, and friction—might
influence robot navigation, this knowledge is mostly anecdotal and thus has remained
highly fragmented. Crucially, there has been a significant lack of an analytical framework
that can quantitatively link these varied material properties to robotic operational reliability.
To fill this gap, this review systematically synthesized fragmented academic literature and
practical knowledge to develop a structured, measurable framework that directly links
architectural finishing materials to AMR performance.

To achieve this, the review employed an integrative mixed-methods design, explicitly
distinguishing AMR performance into two areas: sensing and locomotion. By examining
the sensor configurations and mechanical features of 19 commercially available AMRs along
with a narrative synthesis of real-world navigation failures, the study effectively turned
qualitative operational insights into clear assessment indicators. Building upon existing
human-centered evaluation methods, this review derived RPI (i.e., obstacle detection,
mapping accuracy, speed, path consistency, and surface preservation) and FMPI (i.e., color,
texture, pattern, sound absorption, transparency, slipperiness, unevenness, and wheel-mark
resistance), outlining specific measurement criteria for each domain, and established the
potential relationships between the two types of indicators.

Then, an independent expert assessment involving 11 experienced professionals from
the fields of architecture and robotics was conducted to identify primary relationships
between RPI and FMPI that scored higher than 4.0 on a five-point Likert scale. As a result,
five relationships for sensing (i.e., color on obstacle detection, texture on obstacle detection
and mapping accuracy, and transparency on obstacle detection and mapping accuracy)
and five for locomotion (i.e., slipperiness on speed and path consistency, unevenness on
speed and path consistency, wheel-mark resistance on surface preservation) were identified
as primary.
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Additional thematic analysis of the experts’ open-ended responses identified essential,
yet previously overlooked, research areas. This qualitative inquiry yielded three expanded
research themes: the development of a foundational knowledge system (palette-based
guidelines, sensor-wise segmented analysis, and sensitivity analysis by robot specifications),
operation-oriented research (BIM-based informational utilization, resistance to contam-
ination and wear), and the creation of robot-friendly finishing materials (robot-specific
signage systems, robot-specific color/pattern development). To advance these themes into
practical applications, future studies must establish controlled experimental environments
to quantitatively validate the hypothesized relational framework derived in this review.
Ultimately, the empirical evidence from these controlled experiments should inform the
development of new architectural norms and standards tailored to RIS.

However, this study has several limitations that should be acknowledged. First,
the technical market survey was based on a sample of 19 commercial AMRs. While it
included multinational manufacturers to reflect global trends, the sample size remains
limited. Second, in the absence of robot-specific architectural standards, human-centered
accessibility criteria (e.g., ADA standards) were used as temporary proxies to derive
indicators of finishing material properties. These human-centered metrics may not fully
capture the distinct mechanical characteristics of AMR locomotion systems.

The main contribution of this review is its organized synthesis of disjointed, multi-
disciplinary knowledge into a coherent, empirically grounded relational diagram. As a
foundational review for RIS, it turns scattered qualitative insights into measurable concepts,
explaining how architectural material choices influence robotic reliability in the built envi-
ronment. Rather than serving as a definitive design guideline for immediate application,
this exploratory framework systematically guides the design of future empirical scenarios.
By doing so, this review provides a vital theoretical and practical foundation for designing
indoor environments in which humans and robots can coexist safely and efficiently.
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Abbreviations

AMR Autonomous Mobile Robot
RIS Robot-Inclusive Space
ISO International Organization for Standardization
LiDAR Light Detection and Ranging
PIR Passive Infrared
ToF Time-of-Flight
SLAM Simultaneous Localization and Mapping
RPI(S) Robot’s Sensing Performance Indicator
RPI(L) Robot’s Locomotion Performance Indicator
FMPI Finishing Material Property Indicators
ADA Americans with Disabilities Act
BIM Building Information Model
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