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Abstract

Contemporary building documentation increasingly relies on laser scanning technologies that provide rapid and precise spatial
data acquisition. Portable LiDAR systems such as the Leica BLK360, as well as mobile devices like the iPad, offer modern tools for
efficient documentation of interior spaces, including office rooms. With dedicated applications (e.g., Leica Cyclone Field 360, Leica
Cyclone 3DR, MagicPlan, BIMx, AutoCAD Mobile), users can record measurements, create sketches, and generate 3D models and
photographic documentation within a single digital environment. The purpose of this study is to assess the dimensional accuracy
in the documentation of an office space using portable LiDAR systems. The experiments showed that, for most analysed
dimensions, the results agreed within several centimetres, which is sufficient for architectural inventory work. However, the issue
of rounded corners was identified, which may significantly influence measurement results depending on the
distance-measurement method applied. Reliable accuracy analysis required proper mutual alignment (common georeferencing)
of the scans acquired with the selected instruments. To achieve this, point cloud classification was performed to identify surfaces
suitable for cloud-to-cloud alignment. A predefined Al-based classification model dedicated to indoor environments was used. The
findings confirm that portable LiDAR systems significantly reduce the time required to complete inventory tasks and enable more
comprehensive visualisation of interior spaces. This technology serves as an effective tool supporting the design, modernisation,
and management of office environments in a digital workflow, although its accuracy-related limitations must be considered.
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1 Introduction

Inventory of a premises, as defined in Polish construction law, is a
technical documentation that describes its actual condition. It must
be prepared by a person holding the appropriate professional quali-
fications (Art. 12(2) of the Construction Law (1994)) and typically
includes floor plans, sections, elevations, a technical description,
and photographic records. Such documentation is essential for
producing accurate technical drawings required for renovations,
modernisation projects, architectural design, property sales, or the
legalisation of unauthorised construction. The inventory enables

precise determination of room dimensions, the location of instal-
lations (electrical, plumbing, heating), and other fixed elements,
which is crucial for planning work and assessing the technical con-
dition of the property. In Poland, inventories of residential premises
are prepared in compliance with the PN-ISO 9836:2022-07 (2022)
standard, which replaced the earlier 1997 and 2015 versions. Under
current regulations, this standard is mandatory when calculating
the floor area of single-family houses and residential units.

A distinct area of inventory work concerns office spaces, allow-
ing assessment of individual workstation compliance with occu-
pational health and safety requirements and ergonomic standards.

This work is available in Open Access model and licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

Publisher: De Gruyter

109


https://www.sciendo.com/
https://doi.org/10.2478/rgg-2025-0022
http://creativecommons.org/licenses/by-nc-nd/4.0
https://orcid.org/0009-0003-1629-6635
https://orcid.org/0000-0002-4434-7829
https://orcid.org/0000-0003-4875-4250
https://orcid.org/0000-0002-2649-8586
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.sciendo.com/

10 |

According to the Regulation of the Minister of Labour and Social
Policy on occupational health and safety, each employee working
simultaneously in an office space must be provided with at least
13 m3 of free room volume and at least 2 m? of free floor area not
occupied by equipment or furnishings. If an employee works in the
room for more than four hours per day, the height of the space may
not be less than 3 m.

Modern, easy-to-use measurement instruments — such as
the Z+F Imager 5006h terrestrial laser scanner, the BLK360, and
portable LiDAR solutions (e.g., the iPad or iPhone 13 Pro LiDAR) —
enable efficient surveying of both empty spaces and rooms filled
with furniture and documentation. Portable LiDAR systems are
widely used in building documentation (BIM, architectural sur-
veys, renovation projects) (Méda et al., 2023), technical installation
inventories, documentation of outdoor infrastructure (sidewalks,
roads, cycle paths, poles, utility boxes, hydrants, signs, barriers)
(Saptari et al., 2024), green-space and environmental surveys (Gol-
lob etal., 2021; Krauskovd et al., 2025; Tatsumi et al., 2022), heritage
architecture documentation (Ulvi and Hamal, 2025), industrial in-
ventories, surveys of hard-to-reach structures (utility ducts, caves)
(Ordéiiez et al., 2024), and in the assessment of damage following
emergency events (Guerriero et al., 2024; Kottner et al., 2023). Like
other scanning technologies, portable LiDAR solutions are defined
by their accuracy and resolution, mobility and operating speed, as
well as the overall completeness and quality of the acquired data,
all of which must be considered in relation to the cost of the chosen
method (Atencio et al., 2024).

Portable LiDAR systems offer a flexible solution for rapid, mo-
bile measurements, interior surveys, and applications where ac-
cessibility is critical. Traditional TLS instruments, in turn, provide
the highest data quality, better accuracy, and denser point clouds,
which are essential for precise modelling and detailed technical
documentation. Across multiple projects, the most effective results
can be achieved by combining both technologies, as confirmed by
the findings of this article.

This study compares the basic parameters of the instruments,
evaluates their accuracy, and assesses their functionality in the
context of inventory applications. For tasks related to floor-plan
redevelopment, changes in equipment layout, and the placement of
new electrical or network access points, the following point-cloud
characteristics were identified and compared as particularly rel-
evant: accuracy, range, and the ease of supplementing identified
data gaps. Within the available manufacturer-provided software
(bundled with the devices or accessible online), the ease of auto-
matic point cloud classification and the use of its results to assess
room utilisation were also evaluated.

The analyses presented in this article draw on widely used meth-
ods for assessing point clouds in terms of their level of detail and
completeness. Completeness refers to how fully and accurately a
point cloud reflects the actual geometry of an object or scene — that
is, whether all parts of the surface have been captured and whether
gaps or shadow zones are absent. The literature offers numerous
approaches to point-cloud assessment (Fretes et al., 2019; Java-
heri etal., 2017; Rizali et al., 2022; Zhuang et al., 2024), including
point-based analysis, line-based analysis, geometry fitting, cross-
section analysis, and global point-cloud assessment. In global anal-
yses, quality assessment does not focus on individual measurement
points alone but also considers the spatial neighbourhood within
a defined radius. Such evaluation may be performed visually — by
examining the correctness of recorded intensity or colour, the fi-
delity of shape representation, and the overall completeness of the
point cloud — or analytically, by assessing point-cloud density, grid
regularity, or variations in normal vectors. In this study, both point-
based and visual assessments were used to evaluate the quality
of pairwise registration, georeferencing, and classification of the
acquired point clouds. The consistency of the integrated datasets
from the terrestrial laser scanner and the portable LiDAR system
was also examined. Furthermore, quantitative analyses were con-

Reports on Geodesy and Geoinformatics, 2025, Vol. 120, pp. 109—119

Figure 1. View of the office space that is the subject of further analysis

ducted to evaluate the accuracy of captured dimensions and edge
extraction in the context of documenting an office interior.

2 Materials and methods
2.1 Research object

A2/4.6 m? office room located on the third floor of the Main Building
of the Warsaw University of Technology served as the study area.
The room contained one large window, two desks with chairs, two
spacious cabinets, and assorted smaller office items (Figure 1).

2.2 Description of the scanners

For the analysis, three scanning devices were used, differing in
measurement technology, accuracy, and purchase cost:

- The phase-based Z+F Imager 5006h

- The pulsed Leica BLK360 (used in two modes: standalone
BLK360 scanning and a gap-filling mode supported by an iPad
Pro 11 M4 equipped with LiDAR)

- The iPhone 13 Pro LiDAR

The basic technical specifications of the instruments are presented
in Table 1.

2.3 Description of the measurements

The phase-based Z+F Imager 5006h scanner was used to survey the
test room from two instrument positions. The following parameters
were applied: resolution = superhigh, quality = normal, laser mode
=normal. As this device offers the highest measurement accuracy
among all instruments considered (according to the manufacturer’s
specifications), the resulting point cloud is treated as the reference
dataset and is denoted as “Z+F” (Table 1).

The Leica BLK360 pulsed scanner was used from two positions
corresponding to those of the Z+F Imager 5006h. The measurement
parameters were resolution = Dense+ (4 mm at 10 m), photo mode
= HDR, with GNSS positioning disabled. The resulting point cloud
is denoted as “BLK” (Table 1).

The BLK360 is operated via a tablet running the Leica Cyclone
Field 360 application. Some higher-end tablets — such as the iPad
Pro 11 M4 used in this study — are equipped with LiDAR-based en-
vironmental scanning. In such cases, data collected by the BLK360
can be supplemented with a much sparser point cloud captured
directly by the tablet. Tablet-based scanning serves to fill gaps
in the BLK360 cloud in areas inaccessible to the scanner. These
tablet-scanned fragments are assigned to the appropriate scanner
positions as tags and automatically merged with the point cloud



Table 1. Characteristics of the measuring instruments used
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. Point-
.M casuring Data-set name Scanning resolution Field of view measurement Range Cost
instrument
rate
Z+F Imager 360° (horizontal) / 1020 000 .
Z+F 0. 10 t high cost
5006h * 3 mm per 10 m 310° (vertical) pts/sek. upto79m 18h cos
360° (horizontal) / 680 000 .
BLK360 BLK 10 t t
36 4 mm per 10 m 270° (vertical) pts/sek. up to 45 m medium cos
BLK360 + . 360° (horizontal) / 680 000 .
. BLK+iPad mm per 10 m . up to 45 m medium cost
iPad Pro 11 M4 * 4 P 270° (vertical) pts/sek. ptoss
;E:g?sg iPhone 10-20 mm per 2 m 12(;05}232:3?:12;1) / no data up to 5 m low cost

* No resolution or scanning-accuracy data for the iPad Pro 11 M4 are provided in the manufacturer’s documentation.

from each scanner position. In this experiment, supplementary
tablet scans were performed for both scanner setups to cover areas
outside the scanner’s line of sight. The integrated dataset com-
bining BLK360 and iPad Pro 11 M4 measurements is denoted as
“BLK+iPad” (Table 1).

The iPhone 13 Pro LiDAR was used in a manner analogous to
terrestrial laser scanning: at each measurement position, the oper-
ator remained stationary and rotated 360° while holding the device.
Three measurement positions were used. Scanning was performed
with the following parameters: iPhone 13 Pro LiDAR with the 3D
Scanner App (Laan Labs, New York, USA), High Resolution mode,
max depth = 5 m, resolution = 10 mm, confidence = high, mask-
ing = off. The 3D Scanner App for Mac is a desktop tool that uses
photogrammetry via the Object Capture API to process photos and
videos into 3D models on supported hardware. The point cloud
obtained with the iPhone 13 Pro LiDAR is denoted as “iPhone” (Ta-
ble1).

2.4 Classification of point clouds

All four datasets (Z+F, BLK, BLK+iPad, iPhone) were subjected to
automatic classification using Cyclone 3DR software. The prede-
fined AI-based Indoor 2.2 model, designed specifically for indoor
environments, was applied. The procedure produced a total of 277
classes, although some appeared only in selected datasets. Several
classes also contained a small number of points or included points
that had been incorrectly assigned. Therefore, a subsequent manual
classification step was conducted to correct misclassified portions
of the point clouds.

2.5 Georeferencing of point clouds

A unified georeferencing procedure for all datasets was conducted
in RiSCAN Pro software. The workflow consisted of the following
steps:

a) For each dataset, all classes were imported except those clas-
sified as measurement noise (e.g., false reflections from the
window glass).

b) An additional class named Hard_surf was created to repre-
sent permanent room elements considered stable over time
and characterised by favourable laser-reflection properties.
This class included points originally assigned to Wall, Floor,
and Ceiling, as well as part of the cabinet surfaces treated as
stationary.

¢) A coarse registration was performed by aligning the BLK,
BLK+iPad, and iPhone clouds to the coordinate system of the
Z+F dataset, which served as the reference. Five manually
selected point pairs were used for this initial alignment.

d) For each dataset, automatic plane detection was performed

on points belonging to the Hard_surf class using the following
parameters:

+ Minimum number of points per plane: 30
+ Maximum plane error: 0.020 m

+ Minimum search cube size: 0.064 m

- Maximum search cube size: 2.048 m

e) The final georeferencing of the point clouds was obtained by
mutually adjusting the datasets using the detected planes and
applying robust estimation to minimise the influence of noise
and device-related measurement inaccuracies. The computa-
tions were performed in the MultiStation Adjustment module
of RiSCAN Pro software with the following parameters:

- All nearest points used for search
- Search radius: 0.05 m
- Maximum tilt angle: 5°

For the reference cloud (Z+F dataset), rotation, translation, and
scale were fixed. The remaining datasets were adjusted with six de-
grees of freedom, except for scale, as each instrument was assumed
to record the correct scale during measurement.

2.6 Distance measurement methodology

To assess how the choice of scanner affects both the accuracy of the
reconstructed geometry and the consistency of the derived room
dimensions, a series of distance measurements was performed in
Autodesk ReCap software according to the scheme shown in Fig-
ure 2. Distances were measured orthogonally using local reference
planes fitted to selected wall or recess segments, ensuring consis-
tent and repeatable measurements across all four datasets. However,
not all dimensions could be derived from every dataset. In the Z+F
and iPhone datasets, the window recess was obscured by a lowered
blind, while in the BLK and BLK+iPad datasets, the entrance door
was closed, preventing measurement of the door recess.

2.7 Consistency assessment of the BLK+iPad dataset

The automatic integration of a high-resolution, geometrically con-
sistent BLK360 point cloud with additional tablet-based scans
raises questions about the geometric consistency of such a hybrid
dataset. The tablet’s sensor is inherently less accurate, and the user
has no control over the quality of the automated merging process. If
low-quality regions are identified, tablet-scanned fragments (tags)
can be manually disabled.

To evaluate the actual accuracy of the BLK+iPad combination,
two regions within the BLK+iPad cloud were analysed, specifically
the floor fragments located beneath the scanner tripod at both po-
sitions. At the first scanner position, the gap in the point cloud
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Figure 2. Room-dimension labels

was filled with a single tablet scan assigned as one tag. At the sec-
ond position, the gap was filled with two overlapping tablet scans,
assigned as two separate tags. A dense BLK360 point cloud rep-
resenting the surrounding floor (outside the tripod shadow) was
used to fit a plane that filled the missing region in the dense cloud.
This plane served as the reference surface for assessing the tablet-
scanned points, which ideally should coincide with it. Geometric
consistency deviations were computed as the vertical distances
between the tablet-acquired points and the reference plane.

3 Results
3.1 Registration results for the point clouds

The point clouds acquired from the two Z+F Imager 5006h scanner
positions were registered in a common coordinate system using
black-and-white reference targets affixed to the walls and furni-
ture.

After completing the Leica BLK360 measurements, the data
were exported and registered in a common coordinate system using
the same reference targets together with cloud-to-cloud alignment.
Registration of the BLK dataset was performed in Cyclone Regis-
ter360 software, yielding:

+ Total link error between two stations: 0.0015 m
- Mean target error: 0.0017 m

+ Cloud-to-cloud error: 0.0013 m

- Overlapping of two point clouds: 77%

+ Strength parameter: 60%

The strength parameter reflects how strongly the surface corre-
spondences constrain the remaining degrees of freedom in the
overlapping regions of the two point clouds. It is assessed in planes
perpendicular to the axes of the adopted Cartesian coordinate sys-
tem, and its final value corresponds to the percentage of overlap in
the weakest-represented plane.

The merged point clouds (BLK360 scans supplemented with
iPad Pro 11 M4 measurements) were processed analogously. Regis-
tration of the BLK+iPad dataset in Cyclone Register360 produced:
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Figure 3. Percentage distribution of points across classes for the anal-
ysed datasets

. Total link error between two stations: 0.0017 m
- Mean target error: 0.0020 m

+ Cloud-to-cloud error: 0.0015 m

- Overlapping of two point clouds: 82%

- Strength parameter: 63%

For the iPhone dataset, standard registration-accuracy metrics are
not available. The geometric accuracy of this point cloud is assessed
later in the article based on the room-dimension comparison.

3.2 Classification results

Automatic classification produced distinct sets of classes for each
dataset. In total, 27 classes were identified, although some con-
tained a limited number of points, as shown in Figure 3.

The results show clear variation in the proportion of points as-
signed to the largest classes depending on the measurement device.
For the Wall class, the following values were obtained: Z+F 39%,
BLK 43%, BLK+iPad 44%, and iPhone 47%. For the Floor class: Z+F
10%, BLK 7%, BLK+iPad 7%, and iPhone 10%. For the Ceiling class:
Z+F 12%, BLK 19%, BLK+iPad 19%, and iPhone 13%. The greatest
divergence — nearly 10% — occurred in the Wall class, while the
closest agreement was observed for the Floor class. Combining the
iPad with the BLK scanner did not significantly alter the results
compared to using the BLK alone.

Visual inspection of the automatic classification revealed local
errors, particularly within the Wall, Door, and Furniture classes.
Figure 4a shows incomplete extraction of the door (green colour),
while Figure 4b shows a cabinet misclassified as Wall (grey colour).
Floor-classification errors are visible in Figure 4d (blue colour).
With high-quality point clouds, it was also possible to identify the
radiator and associated piping (Figure 4c). As noted earlier, manual
correction was applied to adjust misclassified points, with particu-
lar attention to classes relevant for cloud-to-cloud georeferencing.

The automatic classification outputs can be effectively used to
assess available free floor area for employees, supporting interior
inventory tasks required to verify compliance with occupational
health and safety regulations. In Figure 4d, the unoccupied floor
areas — free of furniture and other equipment — are evident.
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(b)

(c)

(@)

Figure 4. Point cloud after automatic classification for: (a) BLK, (b) BLK, (c) BLK, (d) iPhone. Grey denotes the Wall, green the Door, blue the

Furniture, and red the Floor

3.3 Results of georeferencing the point clouds

The results of automatic plane detection within the Hard_surf class
are shown in Figure 5. The relatively sparse, low-noise point cloud
acquired with the Z+F scanner produced fewer planes with larger
spatial extent Figure 5a. In contrast, the much denser BLK point
cloud (Figure 5b) exhibits slightly higher measurement noise. Asa
result, its high spatial resolution and the variability of local normal
vectors led to the identification of a substantially larger number of
planes, each with a smaller surface area. Incorporating the tablet-
derived points (Figure 5c) did not substantially alter the overall
plane distribution, although it introduced several new planes in
areas that were previously empty, such as under the tripod positions.
For the iPhone dataset, difficulties in defining the boundaries of the
detected planes are evident. This is particularly noticeable along
the wall-ceiling junction (Figure 5d), where plane edges appear
irregular and do not form clear, continuous boundaries.

The detected planes were subsequently used for georeferencing
the point clouds via robust estimation. An example of plane-based
alignment between the Z+F reference cloud (orange) and the trans-
formed BLK cloud (blue) is presented in Figure 6.

Residual histograms for the BLK, BLK+iPad, and iPhone datasets
relative to the Z+F reference cloud are shown in Figure 7. The BLK
dataset achieved the highest alignment accuracy, with a standard
deviation of 0.7 mm and a quite regular shape of the histogram
(Figure 7a). For the BLK+iPad cloud, the standard deviation was re-
markably similar (0.8 mm), although the histogram shape showed
slightly greater irregularity (Figure 7b). A pronounced decrease
in accuracy occurred for the iPhone dataset, where the standard
deviation reached 11.8 mm and the histogram shape was close to
bimodal (Figure 7c).

(b)

(d)

Figure 5. Visualisation of planes detected within the Hard_surf class for:
(a) Z+F, (b) BLK, (c) BLK+iPad, (d) iPhone
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Figure 6. Quality check of point-cloud alignment after georeferencing:
orange — Z+F dataset as the reference; blue — BLK dataset after
transformation

3.4 Distance-measurement results

The results of the distance measurements are presented in Table 2.
The smallest discrepancies in distance measurements were ob-
served between the BLK+iPad and Z+F datasets, even though the
BLK360 is a lower-class scanner compared with the Z+F 5006h.
Standard deviations of differences between distances measured
from other equipment and Z+F data (treated as a reference value)
are presented in Table 2. For BLK and BLK+iPad data, the values
of standard deviations are remarkably similar (0.007 m and 0.006
m). These findings indicate that, for short distances, modern com-
pact scanners can achieve accuracy comparable to high-precision
instruments. The measurements obtained with the iPhone 13 Pro
LiDAR show the greatest discrepancies from results produced by the
other instruments. Dimensional differences ranged from a few mil-
limetres to several centimetres, especially when measuring more
complex elements, such as window or door recesses. The largest
differences occur in the diagonal measurements, reaching —94
mm, which reflects the limited ability of the iPhone 13 Pro LiDAR
to accurately reconstruct room edges. The standard deviation of all
dimensional differences between the iPhone data and the Z+F data
was 0.044 m.

The accuracy of the room-dimension measurements depends
on how precisely individual elements of the room are represented in
the point cloud. Here, precision is understood as the degree of corner
rounding. The analysed datasets revealed substantial variation in
this respect, as shown in Figure 8.

The accuracy of corner reconstruction depends on both the scan-
ner’s measurement noise and the resolution of the point cloud. The
Z+F and BLK datasets provide the most faithful representation of
corner geometry. The greatest corner rounding was observed in the
iPhone data, reaching several centimetres in each corner, which
corresponds to the nearly 10-centimetre differences in diagonal
lengths compared with the other scanning techniques (Figure 9). In
the BLK data, a characteristically thicker point-cloud layer is visible,
which affects the accuracy of geometric attributes such as surface
flatness. This increased thickness is caused by measurement noise,
which is considerably less pronounced in the phase-based Z+F Im-
ager 5006h.

In the BLK+iPad data, an additional increase in point-cloud
thickness is visible, caused by the inclusion of tablet-acquired
points. This analysis highlights distinct differences in point-cloud
quality. This aspect is crucial when selecting a measurement tech-
nology, as similar rounding effects will also appear in other archi-
tectural elements, such as window and door openings or interior
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furnishings.

3.5 Consistency assessment of the BLK+iPad dataset

A clear difference between the density of the BLK point cloud
(Dense+ mode) and the density of the tablet-acquired gap-filling
points is visible in Figure 10a. The geometric consistency assess-
ment shows flatness deviations of up to +9 mm for the tablet-
derived points relative to the dense BLK360 surroundings (Fig-
ure 10b). At the second scanner position, the tripod shadow was
filled with two overlapping tablet scans (Figure 11a). Consequently,
two separate layers of points were generated, each representing the
floor surface but not coinciding with one another. The lower layer
(Figure 11b) lies below the actual floor level, with flatness devia-
tions reaching —11.5 mm,; for 48.6% of the filled area, the deviations
range from —10.1 mm to —8.6 mm. The upper layer (Figure 11c) lies
above the actual floor level, with deviations as high as +31.7 mm;
for 24% of the area, the deviations fall within the range of +19.8
mm to +23.8 mm.

4 Discussion

The accuracy of modern terrestrial (TLS) and mobile (Mobile 3D

Scanner) laser scanners enables their use across a wide range of
geodetic and construction applications, including the detection of
deformation in metro tunnels (Feng et al., 2025), monitoring static

load tests on foundation piles (Muszynski and Rybak, 2021), and
assessing the roughness of geotechnical structures (Wyjadtowski
etal., 2021). Inarchitecture, laser scanners are widely used for mod-
elling and documenting heritage sites (Martinenko et al., 2025) and
for generating digital representations of objects in virtual-reality
environments — so-called Digital Twins (Clini et al., 2025). De-
spite these advantages, the high cost of professional laser scan-
ners remains a barrier to broader adoption. At the same time, the
availability of far cheaper tablets and smartphones equipped with
LiDAR sensors has encouraged attempts to replace professional
scanners with less specialised measuring devices. This gives rise
to an important question: what is the acceptable balance between
cost and the quality of the resulting point clouds? In the relevant
literature, numerous publications attempt to use cheaper solutions

to obtain three-dimensional models in the form of point clouds

(Sirmacek and Lindenbergh, 2014). In 2020, Apple Inc. released
the first phone with innovative built-in LiDAR (Light Detection
and Ranging) depth sensors and an enhanced augmented reality
(AR) application programming interface (API). The introduction of
phones with built-in LiDAR by Apple represents a kind of break-
through in access to affordable scanning solutions. In the work
Vogt et al. (2021), authors undertook an evaluation of the accuracy
of scanning multi-coloured Lego bricks with the iPad Pro. The re-
sults they obtained showed that LiDAR technology is impractical for
scanning small objects, such as Lego bricks. The authors noted that
LiDAR depth data is combined with accompanying colour (RGB)
data using artificial intelligence to create a depth map. Further-
more, the depth map grid consists of triangles with large faces,
which means that LiDAR can be used to support augmented reality
or to scan large objects, such as rooms, but it is not suitable for
scanning small objects. Similar conclusions were drawn by authors
who attempted to use Apple devices for tasks requiring much less
precision, such as forest measurements (Mokros et al., 2021) or
geomorphological forms (Riquelme et al., 2021). Despite certain
limitations, from the very beginning, the authors of the publica-
tions have pointed out the enormous potential of this technology
(Abbas and Abed, 2024; Teppati Losé et al., 2022). It should also
be emphasised that this technology is developing rapidly, which is
evident both in terms of software development and the increasingly
better results of studies conducted using portable LiDAR systems.
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Table 2. Room-dimension measurement results and differences between distances measured from other equipment and Z+F data (treated as a
reference value), as well as the standard deviation of these differences

. . . Differ. Differ. . Differ.
Wall label D“;‘:;‘:l‘"“ ( gi’;f) ‘(Igi‘:t“; (iPhone (gi';f) (BLK BL(;(;SltP;\d (BLK+iPad
’ i vs. Z+F) ’ vs. Z+F) : vs. Z+F)
p1[m] - - - 0.605 - 0.604 -
Wall with
awindow p2 (m] - - - 1720 - 1719 -
p3[m] - - - 1.037 - 1.037 -
p1+p2+p3 [m] 3.362 3.367 0.005 3.362 0.000 3.360 -0.002
s1[m] 6.050 6.031 -0.019 6.049 -0.001 6.050 0.000
Left wall s2 [m] 0.147 0.134 -0.013 0.150 0.003 0.154 0.007
s3 [m] 0.749 0.769 0.020 0.762 0.013 0.753 0.004
s4 [m) 1.129 1.130 0.001 1.129 0.000 1.130 0.001
t1[m] 0.698 0.696 -0.002 0.689 -0.009 0.691 -0.007
Rear wall
t2 [m] 1302 1.298 -0.004 1306 0.004 1306 0.004
t3[m] 1.237 1.209 -0.028 1.231 -0.006 1.234 -0.003
11 [m] 0.365 0.419 0.054 - - - -
Right wall 12 [m] 0.902 0.946 0.044 - - - -
13 [m] 6.074 6.013 -0.061 - - - -
11+12+13 [m] 7341 7.378 0.037 7335 -0.006 7339 -0.002
Recesses wi [m] - — - 0.189 - 0.186 —
w2 [m] 0.114 0.090 -0.024 0.110 -0.004 0.110 -0.004
Diagonals a[m] 7983 7.897 -0.086 7.997 0.014 7.995 0.012
b [m] 8.062 7.068 -0.094 8.067 0.005 8.071 0.009

Standard deviation of differences - - 0.044 - 0.007 - 0.006
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Figure 7. Residual histograms for the: (a) BLK, (b) BLK+iPad, and (c) iPhone datasets relative to the Z+F reference cloud

The suitability of LiDAR-equipped tablets for creating BIM mod-
els of cultural-heritage objects has been explored, for example, by
Caffarri et al. (2025). The research presented in this paper focuses
on evaluating the accuracy of dimension reconstruction, as well as
the classification of furnishings and the surface characteristics of
walls and interior elements, in the context of contemporary office
spaces.

The results confirm that the differences between data acquired
with high-precision scanners and compact devices are small, typi-
cally within a range of a few millimetres, demonstrating that newer
mobile devices can also provide high-quality geometric reconstruc-
tion. The largest deviations were recorded for the iPhone 13 Pro Li-
DAR, particularly in areas with complex geometry and along edges,
which reflects the nature of its measurement method based on
analysing and discretising the captured image. The issue of edge-
reconstruction precision is also highlighted in other studies (Vogt
et al., 2021), where the authors draw attention not only to geo-
metric factors but also to the influence of surface colour on the
results of iPad-based scanning. Similar observations were reported
by Zaczek-Peplinska and Kowalska (2022), where differences be-

tween iPhone-derived dimensions and those obtained using a Z+F
scanner reached 2—4 cm, with edge deformation identified as the
main source of error. Despite these limitations, deviations of several
centimetres remain acceptable for most architectural and construc-
tion inventory tasks, as well as for spatial assessments performed
for occupational health and safety (BHP) purposes. This confirms
the suitability of mobile scanners for less demanding applications.
Both our previous findings (Zaczek-Peplinska and Kowalska, 2022)
and the room-measurement results presented in Table 2 are consis-
tent and indicate reduced measurement accuracy for dimensions of
more complex elements, such as recesses or diagonals. The lower
accuracy of corner-to-corner measurements (e.g., room diagonals)
also stems from the corner-rounding effects illustrated in Figure 8
and Figure 9.

Particular attention should be paid to the method for assign-
ing a common georeference to all analysed datasets, described in
Section 2.5. This procedure relied on stable, time-invariant room
elements that had been classified into a shared layer (Hard_surf).
The common georeference was obtained by aligning planes auto-
matically detected within this layer. High georeferencing accuracy
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Figure 9. Results of spatial distance [m] measurements between room
corners from two point clouds: red — iPhone data, blue — Z+F
data

was achieved relative to the Z+F reference cloud, considered the
dataset of highest precision and quality. For the iPhone data, the
mean accuracy of 11.8 mm is a satisfactory result and meets typical
requirements for architectural surveys. Achieving fitting accuracy
on the order of 1 cm for all four datasets is particularly valuable
when producing floor plans. Similar levels of accuracy have been
reported by Caffarri et al. (2025), confirming the validity of the
adopted point-cloud processing workflow. The authors plan to con-
tinue research for more complex spaces, such as long corridors,
as well as buildings with multiple floors and rooms. It should be
assumed that measurements of such large objects will require the
establishment of a precise network of control points. An interesting
issue will also be to check the workflow described in this article in
the co-working office environments, which are increasingly com-
mon in contemporary business activities.

Automatic classification using artificial-intelligence algorithms
streamlines and accelerates the extraction of characteristic interior
elements, although some manual adjustments are sometimes nec-
essary. The effectiveness of the classification depends strongly on
the quality and density of the point clouds. High-resolution clouds
allow for the correct detection of small components, such as the ra-
diator pipe connections visible in the BLK (Figure 4c) and BLK+iPad
datasets. Increased measurement noise, however, leads to classifi-

Wawrzyniak etal. | 117

cation errors — for example, furniture incorrectly identified on the
floor in the iPhone dataset (Figure 4d). The quality of classification
isimportant when using selected classes for georeferencing of point
clouds. The resulting classification can also be used to automatically
calculate the floor area occupied by office furniture, enabling the
determination of the amount of free space per employee and, con-
sequently, the verification of compliance with occupational health
and safety requirements. Before calculating the occupied or unoc-
cupied area, it is necessary to check the classification results. In the
case described in the article, classification errors were indicated in
the floor area. These errors can be assessed “visually” based on the
colour assigned to the class without the need for in-depth analysis.
Determining the surface for the purpose of assessing occupied or
unoccupied areas does not require high accuracy of classification.

The quality of data acquired with portable LiDAR systems de-
pends strongly on the scanning technique. In Atencio et al. (2024),
the authors point out that the most important parameters to con-
sider when planning a survey are a short object-to-sensor distance,
a high scanning speed, and natural lighting conditions. They also
note that iPad-based scanning exhibits reduced accuracy when
capturing complex geometries or fine details in intricate heritage
structures, a finding that aligns with the conclusions presented in
this article.

The BLK+iPad cloud — BLK data supplemented with iPad
measurements — offers sufficient accuracy for most room-
dimensioning tasks involved in interior inventory work. iPad-
based scanning helps reduce gaps in the point cloud; however, it
is advisable to keep the tablet as close as possible to the areas be-
ing supplemented and to avoid duplicate scans. It is also useful to
identify which scanner position is closest to the regions requiring
completion and to assign the tablet-acquired data (tag) to that po-
sition. The discrepancy in cloud expansion may also result from
the merging of two plane scans. One can assume that if the object
were more spatially diverse, the match would be better.

5 Summary

The conclusions drawn from the literature review and from the
comparison of data acquired with three scanning devices — Z+F
Imager 5006h, BLK360, and the iPhone 13 Pro LiDAR — indicate that
all three can be used for interior inventory surveys, provided that
the recommendations outlined earlier are followed. The proposed
point-cloud processing workflow — measurement, classification,
and georeferencing — was tested and produced satisfactory results.

The measurement accuracies obtained for devices from differ-
ent price ranges (the economically priced BLK360 and the low-cost
iPhone 13 Pro LiDAR) can be regarded as reliable within 1—4 cm
when compared with the reference data obtained from the profes-
sional and most expensive scanner in the group, the Z+F Imager
5006h. This level of accuracy is sufficient for measurements and
analyses required for office-space valuation and for ensuring ap-
propriate working conditions.

The results of the inventory measurements and the accuracy as-
sessments of point clouds acquired using devices that differ in size,
LiDAR technology, cost, and ease of use demonstrate the strong
potential of more affordable solutions — such as the BLK360 and
LiDAR-enabled iPhones — for building documentation. Neverthe-
less, the authors emphasise that smartphone-based scanning can-
not replace precision methods based on terrestrial laser scanning
or traditional geodetic surveying.
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Figure 10. BLK+iPad point cloud: (a) combined point cloud beneath the first scanner position showing contrasting point densities; (b) flatness

deviations for the tablet-acquired points
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Figure 11. BLK+iPad point cloud beneath the second scanner position:

(a) the two-layer structure in the filled region; (b) flatness
deviations for the lower layer; (c) flatness deviations for the
upper layer
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