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Highlights

What are the main findings?

• TLS recovered more reference infrastructure objects, while UAV required less acquisi-
tion effort at the study site.

• Independent check points revealed coordinate-dependent agreement and a larger
mean height difference for TLS.

What are the implications of the main findings?

• Data source choice should account for the feature class and the geometry required on
an as-built map.

• A preliminary retrospective accuracy–object detection completeness score illustrates
source comparison, with geometric and legal eligibility assessed separately.

Abstract

Terrestrial laser scanning (TLS) and unmanned aerial vehicle (UAV) photogrammetry
provide complementary observations for infrastructure documentation, but their suitability
depends on the required map features. This study compares TLS- and UAV-derived as-
built products for a wastewater treatment plant with a conventional survey reference
and illustrates a preliminary, retrospective, feature-level data source selection approach.
Positional agreement was assessed at 30 independent check points selected purposively
from details identifiable in all three products. RMSE3D was 7.51 cm for TLS and 7.66 cm
for UAV; these values characterize the common observable sample rather than the accuracy
of the complete infrastructure. TLS and UAV mapped 128 and 102 of 135 reference objects,
corresponding to object detection completeness rates of 94.8% and 75.6%, respectively. UAV
required less recorded acquisition effort, while TLS recovered more reference objects using
the tested configuration. A transparent score combines planimetric accuracy and object
detection completeness where both are available, with source eligibility assessed separately.
The application illustrates source comparison using existing products; it does not establish
improved map quality or lower production cost. A completed selected source map and a
merge-all alternative were not independently evaluated.
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1. Introduction
Reliable as-built mapping of engineering infrastructure increasingly relies on the inte-

gration of heterogeneous spatial datasets acquired using different surveying technologies.
Recent advances in remote sensing and geodetic technologies have significantly trans-
formed the methods used for spatial data acquisition and representation in environmental
monitoring and engineering infrastructure documentation. Conventional two-dimensional
geodetic products are increasingly being replaced by three-dimensional (3D) digital repre-
sentations, including dense point clouds, orthophotos, and object-oriented spatial databases,
which provide a more accurate and comprehensive representation of complex spatial struc-
tures. Among close-range remote sensing technologies, terrestrial laser scanning (TLS)
has become one of the principal tools for modern spatial surveying owing to its capability
to acquire high-density datasets with high geometric consistency [1,2]. At the same time,
the rapid development and widespread availability of unmanned aerial vehicles (UAVs)
have considerably expanded the capabilities of close-range remote sensing by enabling
flexible, cost-effective, and high-resolution data acquisition at the local scale. UAV pho-
togrammetry has proven particularly effective for capturing detailed surface geometry
and radiometric information, complementing TLS data, especially in areas characterized
by complex spatial structures [3,4]. Nevertheless, numerous studies have demonstrated
that the application of a single surveying technology is often insufficient to simultaneously
satisfy the requirements for positional accuracy, geometric completeness, and operational
efficiency, particularly in the case of complex engineering structures [5–8].

In response to these limitations, integrated surveying approaches based on the syner-
gistic use of terrestrial laser scanning (TLS), UAV photogrammetry, GNSS observations, and
conventional geodetic measurements have become increasingly common. In this context,
Integrated Surveying (IS) extends beyond simple data fusion and refers to the coordinated
application of multiple surveying technologies throughout the spatial data acquisition
process. Such an approach exploits the complementary strengths of individual techniques
while mitigating their inherent limitations, as confirmed by recent studies in remote sensing
and engineering geodesy [4,7–9]. From a technical perspective, integration involves com-
bining heterogeneous datasets characterized by different spatial resolutions, acquisition
geometries, and data structures. Conventional surveying and GNSS provide accurate
reference observations, and TLS delivers dense three-dimensional point clouds, whereas
UAV photogrammetry generates high-resolution orthophotos and image-based 3D models.
Ensuring geometric consistency among these datasets requires rigorous georeferencing
and registration procedures, typically based on control points established using GNSS
or conventional surveying methods. As demonstrated in previous studies, inaccuracies
introduced during this stage may propagate throughout the processing workflow and
significantly affect the reliability of the final products [1,10].

The combined use of TLS and UAV data has proven particularly advantageous for
engineering infrastructure mapping, where TLS provides highly accurate geometric rep-
resentation of structural components, while UAV observations improve spatial coverage
and overall completeness. Consequently, hybrid datasets are increasingly applied in
as-built documentation, condition assessment, and digital representation of engineering
structures [11–13]. However, the overlap between multiple sensing modalities inevitably
introduces redundant observations and data noise, requiring dedicated filtering, optimiza-
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tion, and quality control procedures. Therefore, validation based on comparisons between
independently acquired terrestrial and aerial datasets remains a key step in the quantitative
and qualitative assessment of integrated surveying products [5,14].

High-fidelity 3D models generated from integrated datasets are gradually replacing
conventional two-dimensional maps in engineering documentation and infrastructure
management. They enable more intuitive interpretation of spatial relationships and support
advanced analyses, including as-built mapping, structural condition assessment, and
integration with Building Information Modelling (BIM) environments [9,15]. Despite the
growing number of studies on integrated remote sensing techniques, relatively few have
systematically evaluated their applicability and operational efficiency for engineering
surveying, particularly through direct comparison with conventional geodetic methods.

Recent engineering applications include TLS/UAS assessment of industrial tanks [16]
and UAV-based as-built building surveys [17]. Therefore, this study compares the positional
agreement, object detection completeness, and recorded operational characteristics of TLS-
and UAV-derived as-built products with a conventional survey reference. It also illustrates
a preliminary, retrospective approach to feature-level data source comparison using the
available class-specific evidence. The objective is to describe the complementary capabilities
and limitations of the two methods using the tested configuration. This study does not
independently evaluate an assembled selected source map or compare its performance
with a merge-all product.

2. Materials and Methods
2.1. Study Area and Object Description

This study was conducted at an operational wastewater treatment plant representing
a complex engineering infrastructure characterized by a high density of structural, tech-
nological, and linear elements. The study area comprised parts of two formally separate
wastewater treatment plants, Spyrkówka and Łęgi, located in the Małopolska Voivodeship,
within the administrative boundaries of the city of Zakopane, southern Poland (Figure 1).
Although situated on opposite sides of the Cicha Woda River, the facilities operate as a
single integrated technological system with a common sludge management process under
the administration of Tatrzańska Komunalna Grupa Kapitałowa Ltd. (Zakopane, Poland).

The investigated area included both the technological facilities of the treatment plants
and the associated infrastructure, including interconnecting utility networks, internal
roads, and surrounding site development. Facilities of this type are characterized by
substantial geometric heterogeneity and a high density of objects with different spatial
scales, making them a demanding test environment for integrated surveying methods. The
treatment plant comprises regular engineering structures, such as sedimentation tanks,
biological reactor chambers, and technological buildings, as well as geometrically complex
and partially inaccessible objects, including above- and below-ground pipelines, steel
structures, and process installations. In addition, the surveying process is complicated by
numerous occlusions, variable illumination conditions, and the requirement to maintain
uninterrupted plant operation throughout the measurement campaign.

As part of the planned modernization and expansion of the technological infrastruc-
ture, a multi-stage investment program was implemented, including the construction of
a new biological treatment system for the Spyrkówka catchment, the extension of sludge
treatment facilities, and the construction of anaerobic digestion chambers and associated in-
frastructure. The research presented in this study was carried out following the completion
of the first stage of the investment, implemented entirely within the Łęgi wastewater treat-
ment plant. This stage included the construction of new technological facilities, together
with numerous utility relocations and new underground service connections. Completion

https://doi.org/10.3390/rs18203542

https://doi.org/10.3390/rs18203542


Remote Sens. 2026, 18, 3542 4 of 24

of the construction works required a statutory as-built survey, which was performed using
conventional total station surveying supported by GNSS RTK and GNSS RTN observations
and adopted as the reference dataset. To evaluate the applicability of terrestrial laser scan-
ning (TLS), UAV photogrammetry, and their integration within the Integrated Surveying
Method (ISM), complementary remote sensing datasets were acquired over the same area.
These datasets were georeferenced using control points established by conventional sur-
veying methods and subsequently used to produce independent as-built maps. Finally,
the resulting cartographic products were subjected to both quantitative and qualitative
validation against the reference survey.

Figure 1. Localization of study area and object.

2.2. TLS Data Acquisition and As-Built Mapping

The generation of the 3D as-built map from terrestrial laser scanning (TLS) data was
divided into three main stages: field survey, data processing, and cartographic mapping.
The field campaign began with a preliminary site inspection and the planning of scan
positions. The area of the mapped study was 2.739 ha. A total of 22 scan stations were
strategically distributed to improve coverage of the study area while minimizing occlusions
within the wastewater treatment infrastructure. The TLS control network consisted of
24 tie points, including 21 reference spheres and 3 planar targets (Figure 2a). The inventory
comprises 135 objects in 13 classes (Table 7).
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Figure 2. TLS data capturing: (a) target network and openable reference sphere (Polish patent No.
238935 [18]); (b) Leica ScanStation P40; (c) GNSS RTK reference observations.

The reference control points, implemented as openable reference spheres, were
adopted as a solution previously validated under laboratory conditions and described in
the literature [19]. In the present study, the system was further evaluated under field condi-
tions. The two-part design enables the physical realization of the sphere center, allowing
its direct measurement using GNSS RTK without relying on fitting a mathematical sphere
model to determine its reference position. This facilitates sphere-center identification and
may improve point cloud registration and georeferencing. The effect of the target design
on field accuracy was not isolated experimentally. TLS data were acquired using a Leica
ScanStation P40 operating with a full 360◦ field of view at scan resolutions of 5 mm/10 m
and 5 mm/15 m (Figure 2b), selected owing to its millimeter-level ranging accuracy and
long measurement range. Both scan resolutions, 5 mm/10 m and 5 mm/15 m, were used.
The reference sphere is described in [18] as the subject of Polish patent No. 238935, with
Maria Makuch named as inventor. The TLS dataset was complemented by GNSS RTK
observations of the control points, enabling georeferencing of the point cloud within the
PL-2000/7 national coordinate reference system (Figure 2c).

Post-processing of the TLS data was performed in Cyclone REGISTER 360 PLUS (ver.
2023.0.2.r24956) and included the registration of individual scan stations into a single coher-
ent point cloud in the local coordinate system (RMS = 0.20 cm), followed by transformation
to the national reference system through georeferencing (RMS = 1.70 cm). The georefer-
enced point cloud in the PL-2000/7 coordinate system was subsequently unified using a
redundancy removal threshold of 0.003 m. The registration and georeferencing RMS values
are internal fitting residuals, distinct from the independent check point differences reported
below; the effect of the 0.003 m thinning threshold was not tested at alternative values.

The as-built map of the wastewater treatment infrastructure was generated from
the TLS dataset in the MicroStation V8i environment using the MKGEODEZY geodetic
extension. A height-coded visualization of the point cloud enabled color-based classification
of objects according to their elevation values, supporting accurate interpretation of their
geometry and spatial position (Figure 3). The mapping process required manual extraction
and delineation of individual infrastructure elements. Point features were positioned
at object centroids, linear features along their geometric axes, and polygonal features
according to their outer boundaries (Figure 4). The acquired TLS data enabled an accurate
reconstruction of the two largest technological tanks, including the detailed geometry of
steel-covered surfaces (Figure 4c), confirming the suitability of terrestrial laser scanning for
producing high-detail as-built maps of complex engineering infrastructure.
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Figure 3. Height-coded visualization of the TLS point cloud used for feature identification and
as-built mapping.

Figure 4. Feature mapping from the hight-coded TLS dataset: (a) point features, (b) linear features,
and (c) polygonal features.

2.3. UAV Data Acquisition and Photogrammetric Processing

The orthophoto of the wastewater treatment plant was generated from photogram-
metric data acquired using an Autel EVO II Pro unmanned aerial vehicle (UAV) equipped
with a 6K digital camera and a 10.1004 mm focal length reported for the XT705 camera in
Metashape. Mission planning and image acquisition were performed in automatic flight
mode, enabling synchronization of the UAV survey with the terrestrial laser scanning
campaign. The flight was conducted at an altitude of 40 m above ground level (AGL)
with 80% forward and side overlap, ensuring sufficient image redundancy and robust
aerial triangulation. The flight speed was set to 7 km h−1, while the camera optical axis
was oriented vertically (90◦ gimbal angle) to minimize perspective distortions. These
mission parameters ensured homogeneous image geometry, compatibility with the TLS
dataset, and suitability for as-built mapping of engineering infrastructure. TLS and UAV

https://doi.org/10.3390/rs18203542

https://doi.org/10.3390/rs18203542


Remote Sens. 2026, 18, 3542 7 of 24

data were acquired simultaneously on 3 April 2025. The flight lasted 13 min 15 s, and
229 photogrammetric images were processed (Figure 5).

Figure 5. UAV flight mission planned in the Autel Explorer V2 application.

The UAV data were processed in Agisoft Metashape Professional, version 1.8.4 [20],
including automatic tie-point detection, camera self-calibration, image alignment, and
bundle adjustment. Georeferencing to the PL-2000/7 national coordinate reference system
was achieved using five GCPs within the common survey control framework (Figure 6a).
Based on the adjusted image block, a dense point cloud (Figure 6b) and a digital eleva-
tion model (DEM) (Figure 6c) were generated and subsequently used for orthorectifica-
tion. Metashape Professional 1.8.4 used high alignment accuracy, generic preselection,
40,000 key points, and 4000 tie points; high-quality depth maps with mild filtering pro-
duced 80,457,290 dense points. The reported image GSD was 9.45 mm/pixel, and DEM
resolution was 1.89 cm/pixel; as ground filtering is not documented, the DEM is treated as
a surface model rather than a verified bare-earth DTM.

The final product was a GeoTIFF orthophoto. The reported 2.61 cm RMSE is the
internal fitting error of five GCPs, with Easting, Northing, and height components of 1.69,
1.90, and 0.58 cm; it is not an independent 3D accuracy estimate of the orthophoto. The
UAV-derived orthophoto proved to be an efficient source of information for mapping point,
linear, and polygonal features (Figure 7), complementing the TLS dataset in open areas
and supporting multi-sensor integration of spatial data. Owing to its raster representation,
the orthophoto enabled more efficient visual interpretation and feature classification than
direct analysis of the point cloud.
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Figure 6. UAV data processing: (a) control point network; (b) photogrammetric point cloud; (c) re-
constructed surface elevation model (Metashape DEM).

Figure 7. Feature mapping from the UAV-derived orthophoto: (a) study area and (b) detailed view.
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3. Results
The as-built maps generated from the TLS and UAV datasets were compared with the

reference as-built survey completed in November 2024, following the completion of the first
stage of the wastewater treatment plant expansion. The reference geodetic documentation,
registered in the Polish National Geodetic and Cartographic Resource under identification
number P.1217.2024.3401, served as the benchmark dataset for subsequent analyses of data
complementarity and statistical agreement.

All 30 coordinates, including heights, originate from the November 2024 statutory
survey, performed using a Trimble S5 total station and a Trimble R8s GNSS receiver and
rigorously adjusted by least squares. The maximum reported planimetric position error and
height error were each 0.01 m; these values are not treated as zero uncertainty or as specified
standard deviations. Reference heights were converted from the local datum by adding
2.853 m to obtain KRON86-NHheights, then transformed to EVRF2007-NH. The check point
features remained unchanged and were checked before the TLS/UAV campaign on 3 April
2025. All datasets were subsequently transformed into a common reference framework
comprising the PL-2000/7 projected coordinate system and the EVRF2007-NH vertical
reference system. The comparative analysis was limited exclusively to infrastructure
elements constructed during the first stage of the investment (Figure 8). To assess geometric
agreement and mapping completeness, the TLS-derived as-built map (Figure 8a, blue) and
the UAV-derived as-built map (Figure 8b, red) were compared with the reference map
obtained from conventional geodetic surveying (Figure 8, grey), enabling both qualitative
and quantitative evaluation of positional accuracy and the identification of differences in
the representation of individual infrastructure elements.

The comparison inventory contains 135 objects in 13 classes, of which 128 were mapped
from TLS and 102 from UAV, corresponding to completeness of 94.8% and 75.6%. Com-
pleteness refers to the required map representation: roof visibility does not establish that a
building ground footprint can be delineated. Concrete pavement edges adjoining building
walls were obscured in UAV imagery, whereas paved sidewalk edges offset from build-
ings were observable. Zero counts indicate that the required representation could not be
determined (Table 7).

Figure 8. Cont.
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Figure 8. Comparison of the conventional reference map (black) with (a) TLS results (blue) and
(b) UAV results (red). Coincident colored geometry overlays the black reference geometry; elements
visible only in black have no coincident colored representation at that location.

3.1. Statistical Analysis

For the statistical evaluation of the generated as-built maps, a set of 30 check points rep-
resenting characteristic infrastructure features was selected. Three-dimensional coordinates
(X, Y, H) were extracted for each point from the three cartographic products: the reference
geodetic survey, the TLS-derived as-built map, and the UAV-derived orthophoto (Figure 9).
The points were selected purposively from details identifiable in all three methods and
were independent of the TLS registration and UAV control or adjustment points; UAV
heights were obtained from the Metashape DEM, while ICC(A,1) is the absolute agreement
formulation used below. This common observable sample does not represent the accuracy
of features that could not be mapped from UAV data. For the reference survey and the TLS
dataset, elevation values were determined within the CAD environment, whereas UAV
heights were extracted from the DEM. The statistical analysis focused on the positional ac-
curacy, systematic error, and agreement between the investigated surveying methods. Two-
and three-dimensional root mean square errors (RMSE2D and RMSE3D) were calculated to
quantify positional accuracy relative to the reference survey. The Bias was subsequently de-
termined to identify systematic deviations in the coordinate components and to distinguish
systematic from random errors. Finally, the Intraclass Correlation Coefficient (ICC(A,1))
was computed to assess the agreement and reliability of the coordinates derived from the
TLS and UAV datasets with respect to the reference measurements.

Georeferencing expresses each dataset in a common coordinate reference system;
registration aligns overlapping observations, while orthorectification projects images onto
an elevation surface to form a planimetric raster. Agreement of products must subsequently
be evaluated using points withheld from registration and adjustment. Sharing a control
framework does not establish the independence of the comparison points. In this study,
reference frame consistency, and comparison point independence are treated as separate
requirements. The 30 points comprise 16 sanitary sewer covers, eight paved sidewalk edge
points, two telecommunications chamber points, three electrical cable chamber points, and
one sewer cover; accuracy conclusions are restricted to this purposive sample.
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Figure 9. Spatial distribution of the check points used for the statistical analysis.

The validation of the TLS-derived as-built map and the UAV-derived as-built map
was performed using a statistical sample of 30 check points. The analysis began with
an evaluation of the spatial coordinate differences between the reference geodetic survey
and the datasets generated using close-range remote sensing techniques. As a measure
of positional accuracy, the Root Mean Square Error (RMSE) was adopted, as a measure
of coordinate agreement. Based on the three coordinate datasets, two sets of coordinate
differences (δi) were calculated by comparing the reference survey with the coordinates
derived from the TLS and UAV datasets, respectively [21] (Equation (1)); all reported signed
differences use method minus reference, and all calculations retain n = 30:

δXi
TLS = XTLS

i − XCLASS
i δXi

UAV = XUAV
i − XCLASS

i
δYi

TLS = YTLS
i − YCLASS

i δYi
UAV = YUAV

i − YCLASS
i

δHi
TLS = HTLS

i − HCLASS
i δHi

UAV = HUAV
i − HCLASS

i

(1)

The obtained coordinate differences were subsequently used to calculate the two-
dimensional positional difference (δ2Di ) as the square root of the sum of squared planimetric
coordinate differences (δXi, δYi) (Equation (2)) and the three-dimensional positional differ-
ence (δ3Di ) as the square root of the sum of squared coordinate differences (δXi, δYi, δHi)
(Equation (3)):

δ2Di =

√
δXi

2 + δYi
2 (2)

δ3Di =

√
δXi

2 + δYi
2+δHi

2 (3)

At this stage, the coordinate differences were examined to identify observations
exceeding the adopted comparison benchmarks. Both the TLS and UAV datasets contained
only a few check points with two-dimensional positional differences greater than 0.10 m
relative to the reference survey. For TLS, these were points 1 and 4 (electrical cable chambers)
and point 15 (sanitary sewer manhole cover), whereas for UAV they were points 2 and 20
(sanitary sewer manhole covers). The remaining observations, representing 90.0% of the
TLS sample and 93.3% of the UAV sample, were within 0.10 m. Exceeding this benchmark
was not considered sufficient evidence of an erroneous observation, and all 30 points
were retained in the subsequent statistical analyses. These results describe planimetric
agreement for the selected check points; they do not independently establish compliance
for all features represented on the as-built maps.
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Before analyzing the three-dimensional positional differences, the vertical differences
at the 30 check points were examined separately. For the TLS-derived map, 22 points agreed
with the reference survey within an absolute height difference of 0.05 m, while the remaining
eight exceeded this value. For the UAV-derived coordinates, with heights extracted from the
DEM, 27 points were within 0.05 m, and three exceeded this value. The maximum absolute
height difference was 0.09 m for both methods. Thus, UAV showed a higher proportion
of check points within the adopted height benchmark than TLS. These comparisons do
not independently certify compliance with the element-specific requirements of the Polish
surveying regulations [22]. The larger TLS height differences may be associated with
georeferencing or vertical reference-system transformations. However, the contribution of
these factors was not isolated experimentally, and they remain possible explanations rather
than established causes. The subsequent Bias analysis examines the systematic component
of the observed differences.

The three-dimensional positional differences were within the descriptive 0.10 m bench-
mark at 25 TLS check points and 26 UAV check points. This benchmark was used to
summarize the observed spatial differences rather than as a combined legal acceptance
criterion. All observations, including those exceeding the benchmark, were retained in the
RMSE, Bias, and ICC calculations. The assessment of the geometric accuracy of the TLS and
UAV datasets was further complemented by the Root Mean Square Error (RMSE). RMSE
was calculated separately for the individual coordinate components x, y, h, as well as for
the corresponding 2D and 3D positional errors, according to Equations (4)–(6) [21]:

RMSEx =
2

√
∑n

i=1 δX2
i

n
, RMSEy =

2

√
∑n

i=1 δY2
i

n
, RMSEh =

2

√
∑n

i=1 δH2
i

n
(4)

RMSE2D =
2

√
∑n

i=1 δ2
2Di

n
=

√
RMSEx2 + RMSEy2 (5)

RMSE3D =
2

√
∑n

i=1 δ2
3Di

n
=

2
√

RMSEx2 + RMSEy2 + RMSEh2 (6)

For all 30 check points, RMSE3D was 7.51 cm for TLS and 7.66 cm for UAV (Table 1).
TLS had lower RMSE2D, whereas UAV had lower RMSEh. These results describe agreement
with the reference survey; the higher TLS RMSEh motivates subsequent Bias analysis
without identifying its physical cause. These estimates characterize 30 purposively selected
check points identifiable in all three products. They do not represent the accuracy of
the complete mapped infrastructure or features that UAV photogrammetry could not
represent reliably.

Table 1. RMSE values for the geometric accuracy assessment of the TLS and UAV datasets (m).

RMSE TLS UAV

RMSEx 0.0461 0.0365
RMSEy 0.0370 0.0571
RMSEh 0.0464 0.0359

RMSE2D 0.0591 0.0677
RMSE3D 0.0751 0.0766

The systematic error (Bias) for each coordinate component was calculated as the
arithmetic mean of the corresponding coordinate differences (δXi, δYi, δHi) computed
according to Equation (7):
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BiasTLS
X =

1
n ∑n

i=1 δXTLS
i BiasUAV

X =
1
n ∑n

i=1 δXUAV
i

BiasTLS
Y =

1
n ∑n

i=1 δYTLS
i BiasUAV

Y =
1
n ∑n

i=1 δYUAV
i

BiasTLS
H =

1
n ∑n

i=1 δHTLS
i BiasUAV

H =
1
n ∑n

i=1 δHUAV
i

(7)

The results of the Bias analysis and its effect on the assessment of geometric agreement
are presented in Table 2:

Table 2. Influence of systematic errors (Bias) on the geometric agreement of the TLS and UAV datasets (m).

Bias TLS UAV

BiasX −0.0023 0.0003
BiasY 0.0043 0.0397
BiasH −0.0407 −0.0227

For the planimetric coordinates derived from TLS and for the UAV X coordinate, the
estimated Bias values were close to zero, indicating that the observed RMSE values were
predominantly associated with the random component of the measurement errors. A
different pattern was observed for the vertical component of the TLS dataset, where the
estimated Bias reached −4.10 cm, closely matching the corresponding RMSEh of 4.60 cm.
This result indicates that the total vertical error was largely dominated by a systematic
component. To isolate the random error component (σe) from the total error expressed by
the RMSE, the relationship among RMSE, Bias, and the standard deviation of the coordinate
differences was applied according to the following equation (Equation (8)):

RMSE2 ∼= Bias2 + σ2
e (8)

Equation (8) was subsequently used to isolate the residual RMS component after
accounting for Bias (Equation (9)); this is a statistical decomposition rather than a correction
of the original coordinates.

RMSres =

√
RMSE2 − Bias2 (9)

Equations (8) and (9) use denominator n for the residual mean square. After accounting
for Bias, the residual RMS was 4.60, 3.68, and 2.24 cm for TLS and 3.65, 4.10, and 2.78 cm for
UAV in X, Y, and H, respectively (Table 3). These values describe a statistical decomposition
of the observed differences; no correction was applied to the original coordinates. For
the planimetric coordinates derived from the TLS dataset (X and Y), the residual RMS
values remained close to the original RMSE values, indicating a small contribution of
the mean coordinate differences to the observed mean square discrepancies. A similar
relationship was observed for the X coordinate of the UAV dataset. In contrast, the UAV
Y-coordinate RMS decreased from 5.71 cm to 4.10 cm after accounting for Bias, indicating
an appreciable systematic component. The most pronounced effect was observed for the
vertical component of the TLS dataset. After accounting for Bias, the height RMS decreased
from 4.64 cm to 2.24 cm, indicating that the squared mean height difference accounted
for most of the observed mean square height discrepancy. For UAV, the corresponding
value decreased from 3.59 cm to 2.78 cm, indicating a smaller systematic contribution.
Although UAV exhibited a smaller absolute height Bias, its residual height RMS was higher
than that of TLS; a smaller Bias therefore does not by itself establish greater stability of
height determination (Table 3). The systematic Bias observed for the vertical component
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may reflect the influence of several factors, including the transformation of the reference
data to a common vertical reference system and GNSS-based georeferencing performed
under mountainous conditions. This interpretation is consistent with the findings of
Strugarek, et al. (2026) [23], who demonstrated that the accuracy of GNSS-derived heights in
mountainous regions depends primarily on the quality of the geoid/quasi-geoid model and
atmospheric modelling rather than on the positioning technique itself. Their study reported
local differences of 7–12 cm between quasi-geoid models, while residual tropospheric
modelling errors may introduce vertical biases reaching several centimeters. However, their
individual contributions were not isolated experimentally in the present study, and the Bias
analysis alone cannot establish whether the discrepancy originated from georeferencing,
reference height transformation, or other stages of the measurement workflow.

Table 3. RMSres values for the geometric accuracy assessment of the TLS and UAV datasets (m).

RMSres TLS UAV

RMSres,X 0.0460 0.0365
RMSres,Y 0.0368 0.0410
RMSres,H 0.0224 0.0278

The assessment of geometric accuracy requires consideration of the applicable sur-
veying requirements and the characteristics of the measurement methods [24,25]. Beyond
RMSE and Bias, the Intraclass Correlation Coefficient (ICC) was calculated separately for X,
Y, and H to assess agreement between the TLS- and UAV-derived measurements and the
reference survey. The analysis used the two-way absolute agreement, single-measurement
ICC(A,1) formulation of McGraw and Wong [26]. Unlike a conventional correlation coef-
ficient, which describes association, an absolute agreement ICC also reflects systematic
differences between the compared measurements. However, ICC depends on the variability
between the measured points; high values may therefore coexist with coordinate differences
that are relevant to as-built surveying. Consequently, ICC was interpreted together with
RMSE, Bias, and the coordinate-wise Bland–Altman analysis. ICC(A,1) was chosen because
it accounts for both systematic and random sources of variability and is recommended for
method comparison studies [26].

ICC estimates were calculated from the paired coordinate records, and their 95th per-
centile confidence intervals were obtained using 20,000 paired bootstrap resamples. All
30 check points were retained, including observations exceeding the adopted comparison
benchmarks.

The assessment of agreement was further complemented by coordinate-wise Bland–
Altman analysis, as a high ICC may reflect the spatial variability of the check points without
demonstrating small coordinate differences (Figure 10, Tables 4 and 5). For each coordinate
component, method-minus-reference differences were plotted against the mean of the two
measurements; the mean difference represents Bias, while the limits of agreement were
calculated as the mean difference plus or minus 1.96 sample standard deviations [27]. These
limits describe the approximate spread of individual differences using an approximately
normal, constant variance model, whereas confidence intervals describe uncertainty in the
estimated statistics. The analysis used all 30 points and 20,000 paired bootstrap resamples
(seed 4531948) to obtain 95% confidence intervals for Bias, each limit of agreement, RMSE,
and ICC(A,1), calculated separately for each coordinate component [27]. The intervals are
conditional on the selected points and do not account for unmeasured reference uncertainty
or possible spatial and within-object dependence. The reported 0.01 m maximum reference
errors are not subtracted from the observed differences or propagated as standard devi-
ations, because their probability model and covariance are not specified. The evaluation
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focused on descriptive summaries and estimation of agreement, including Bland–Altman
mean differences and limits of agreement with bootstrap confidence intervals. No null
hypothesis significance tests were reported. Proportional bias was not formally assessed;
magnitude-dependent differences require further evaluation.

Figure 10. Coordinate-wise Bland–Altman plots for TLS and UAV relative to the reference survey
(n = 30). The vertical axes show X-coordinate, Y-coordinate, or height differences, calculated as
method minus reference, in meters. The horizontal axes show pair means centered by a common
constant within each panel, in meters. Solid lines indicate Bias, and dashed lines indicate the limits of
agreement.

Table 4. Mean differences and limits of agreement with 95% bootstrap confidence intervals (all values
in m; n = 30).

Method/Coordinate Bias [95% CI] Lower Limit [95% CI] Upper Limit [95% CI]

TLS X −0.0023
[−0.0190, 0.0140]

−0.0941
[−0.1264, −0.0542]

0.0894
[0.0539, 0.1224]

TLS Y 0.0043
[−0.0090, 0.0170]

−0.0689
[−0.0960, −0.0405]

0.0776
[0.0548, 0.0966]

TLS H −0.0407
[−0.0490, −0.0327]

−0.0852
[−0.0977, −0.0699]

0.0039
[−0.0096, 0.0156]

UAV X 0.0003
[−0.0130, 0.0130]

−0.0724
[−0.0984, −0.0431]

0.0730
[0.0472, 0.0957]

UAV Y 0.0397
[0.0250, 0.0543]

−0.0421
[−0.0634, −0.0164]

0.1215
[0.0961, 0.1421]

UAV H −0.0227
[−0.0330, −0.0130]

−0.0781
[−0.0964, −0.0560]

0.0328
[0.0175, 0.0450]

Taken together, the ICC and Bland–Altman analyses provide complementary informa-
tion on agreement with the reference survey. ICC(A,1) exceeded 0.99 for X and Y, while the
height values were 0.9855 for TLS and 0.9911 for UAV, with corresponding 95% bootstrap
confidence intervals of 0.9732–0.9909 and 0.9820–0.9955. Despite these high coefficients, the
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Bland–Altman analysis revealed mean height differences of −4.07 cm for TLS and −2.27 cm
for UAV, with limits of agreement of −8.52 to 0.39 cm and −7.81 to 3.28 cm, respectively.
Thus, TLS exhibited a larger systematic height offset but narrower limits of agreement,
whereas UAV showed a smaller mean offset with greater dispersion around that mean.
These findings demonstrate why high ICC values should be interpreted alongside the
magnitude and distribution of coordinate differences.

Table 5. Updated full-sample RMSE and absolute agreement ICC(A,1) estimates with 95% bootstrap
confidence intervals (RMSE in m; ICC dimensionless; n = 30).

Method/Component RMSE [95% CI] ICC(A,1) [95% CI]

TLS X 0.0461 [0.0290, 0.0610] 0.9999966 [0.9999930, 0.9999987]
TLS Y 0.0370 [0.0270, 0.0469] 0.9999987 [0.9999978, 0.9999992]
TLS H 0.0464 [0.0385, 0.0540] 0.9855056 [0.9732462, 0.9908688]
TLS 2D 0.0591 [0.0433, 0.0742] —
TLS 3D 0.0751 [0.0632, 0.0874] —
UAV X 0.0365 [0.0245, 0.0475] 0.9999979 [0.9999956, 0.9999990]
UAV Y 0.0571 [0.0446, 0.0688] 0.9999969 [0.9999950, 0.9999980]
UAV H 0.0359 [0.0256, 0.0454] 0.9911065 [0.9820249, 0.9955072]
UAV 2D 0.0677 [0.0552, 0.0807] —
UAV 3D 0.0766 [0.0633, 0.0901] —

3.2. Operational Performance

The operational performance of TLS and UAV was evaluated with respect to three
stages of the mapping workflow: data acquisition, data processing, and feature extraction
and vectorization (Table 6). TLS data acquisition involved multi-station terrestrial laser
scanning and required approximately 5–6 h of fieldwork by one operator, including the
placement of targets and reference spheres. UAV acquisition required 0.5 h by one operator,
including an automated flight lasting 13 min 15 s. UAV therefore required less acquisition
time and fewer acquisition person-hours under the conditions of this study. Acquisition
person-hours exclude control network establishment and all office-stage labor.

Table 6. Recorded acquisition time and personnel effort; office-stage durations are reported separately.

Stage/Measure Conventional TLS * UAV *

Preparation and control (h) 1 1 1
Acquisition (h) 5 5–6 0.5

Acquisition operators 2 1 1
Acquisition person-hours 10 5–6 0.5

Processing duration 2 h 4 h 3 h 26 min 32 s (computation)
Feature extraction (h) 2 3 3

QC/editing (h) 1 1 1
* Only acquisition person-hours are calculated. TLS acquisition includes placement of targets and
spheres, but not establishment of the geodetic control network. UAV processing entry is the sum
of unique logged computation stages. Office-stage staffing is not documented, so durations are not
summed into total person-hours.

Data processing involved several stages, including registration or image alignment,
georeferencing, and generation of intermediate products. For UAV, the sum of the unique
computation stages recorded in Metashape was 3 h 26 min 32 s (Table 6). This value
represents computation time rather than active operator labor or a verified end-to-end
processing duration. Feature extraction and vectorization required 3 h for each method.
Radiometric information in the UAV orthophoto supported the identification and delin-
eation of infrastructure features, whereas interpretation of the TLS point cloud involved
inspection of cross-sections and local subsets. These differences characterize the mapping

https://doi.org/10.3390/rs18203542

https://doi.org/10.3390/rs18203542


Remote Sens. 2026, 18, 3542 17 of 24

procedures, but the recorded durations do not demonstrate a time advantage for either
method at the feature extraction stage.

Despite its longer acquisition time, TLS achieved higher object detection completeness,
representing 128 of the 135 reference objects, compared with 102 for UAV. Roof structures
and densely developed facilities limited the delineation of building footprints and other
features requiring ground-level geometry from UAV data. The results therefore support the
complementary use of terrestrial and aerial observations, while showing that neither dataset
provided a complete representation of all required features. The available records do not
support a complete economic comparison or an estimate of total workflow person-hours.
Software expenditure, equipment depreciation, calibration, processing supervision, and
rework were not quantified, and staffing for office stages was not documented. Accordingly,
the person-hour values in Table 6 refer exclusively to data acquisition. The observed UAV
advantage in acquisition effort should not be interpreted as evidence of lower total map
production cost. Taken together, these findings indicate that source selection should
consider the characteristics of the documented infrastructure, the required geometric
representation, and the operational constraints of the survey. This provides the rationale
for the feature-level data source selection framework presented in the following section,
while acquisition effort remains a separate practical consideration.

3.3. Feature-Level Data Source Selection Framework

The comparison of TLS and UAV photogrammetry showed that source characteristics
depend on the feature type and its required representation. A preliminary feature-level data
source selection framework is proposed as a retrospective decision aid for comparing existing
products. It does not constitute a validated workflow for producing a selected-source map.

The assessment uses two measurable criteria: planimetric accuracy and object de-
tection completeness. Visibility is incorporated into completeness because it determines
whether the required geometry can be identified. For example, a visible roof in UAV data
does not establish that the building footprint at ground level can be determined. Acqui-
sition time is reported separately because the available information does not allow labor
input to be assigned to individual feature classes.

Planimetric accuracy was assessed against the reference survey using all independent
check points within each class, including points with positional differences exceeding
0.10 m. Accuracy

(
Aij

)
and completeness (C ij

)
were expressed on a scale from 0 to 1:

Aij = max
{

0, 1 −
RMSE2D,ij

t

}
(10)

Cij =
Nij

Ni
(11)

where

• i—the feature class;
• j—the data source;
• Ni—the number of features of that class on the reference map;
• Nij—the number mapped from the respective source.

A reference value of t = 0.10 m was adopted to scale RMSE2D. This value does not
replace verification of legal and accuracy requirements, including height accuracy. For
RMSE2D ≥ t, Aij equals zero, indicating the lowest score on the adopted scale rather than
missing data. The value t = 0.10 m is a project-relevant benchmark linked to the planimetric
accuracy requirement for Group I terrain details in §16 of the Polish technical standards [22].
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This regulatory context motivates the scaling benchmark but does not establish robustness
of the rankings or legal compliance of a completed map.

The overall data source score was defined as the weighted mean of the two criteria:

Qij = wA Aij + wCCij

wA + wC = 1, wA ≥ 0, wC ≥ 0
(12)

The baseline weights were wA = wC = 0.5, assigning equal importance to accuracy
and completeness. They represent an explicit comparative assumption rather than expert-
derived values or weights fitted to obtain a preferred method.

Qij =
Aij + Cij

2
(13)

The sequence of the procedure is presented in Figure 11. After calculating the scores,
source eligibility is assessed by checking whether the required geometry can be determined
and whether the available evidence confirms compliance with the applicable requirements.
A high score alone does not establish source eligibility.

Figure 11. Feature-level data source selection framework based on planimetric accuracy and com-
pleteness. Visibility is incorporated into completeness. Insufficient assessment data or the absence of
an eligible source requires supplementary measurements or independent verification of conventional
survey data.
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The framework was illustrated retrospectively using the TLS- and UAV-derived as-
built maps and the conventional reference inventory. The purpose was to examine whether
the measured planimetric accuracy and object detection completeness could support trans-
parent source selection for individual feature classes. The inventory comprised 135 features
in 13 classes. For each class, completeness was determined by comparing the number of
features whose required map representation could be recovered from TLS or UAV with the
corresponding reference count. Visibility was incorporated into this assessment through
the ability to identify the required geometry.

The 30 independent check points represented five classes, for which class-specific
RMSE2D values and the combined quality scores Q were calculated. Equal weights were
assigned to accuracy and completeness in the baseline comparison, and alternative weights
were examined to assess the stability of the resulting rankings. Only completeness was re-
ported for the remaining eight classes, because no independent check points were available
to estimate their planimetric accuracy (Table 7). Missing class-specific accuracy estimates
were not replaced with zero, and no combined score was assigned to these classes.

Table 7. Retrospective data source assessment using equal weights. Groups distinguish the extent of
supporting evidence. Each pair reports TLS/UAV.

Feature Class n * RMSE2D [m] C Q

A. Positional and object detection information (n = 8 or 16)
Sanitary sewer manhole cover 16 0.0523/0.0696 29/31/24/31 0.7064/0.5391

Paved sidewalk edge 8 0.0487/0.0695 58/59/57/59 0.7479/0.6357

B. Very limited positional evidence; additional validation required (n = 1–3)

Electrical cable chamber 3 0.1121/0.0516 10/10/9/10 0.5000/0.6918
Telecommunications chamber 2 0.0464/0.0500 2/2/2/2 0.7682/0.7500

Sewer manhole cover 1 0.0100/0.0922 3/3/3/3 0.9500/0.5390

C. Object detection information only; accuracy unassessed (n = 0)
Sanitary sewer chamber edge 0 — ** 8/10/5/10 —

Concrete pavement edge 0 — 3/3/0/3 —
Sewer chamber edge 0 — 2/2/1/2 —

Building 0 — 4/4/0/4 —
Tank 0 — 7/7/0/7 —

Hydrant 0 — 0/1/0/1 —
Drainage grate 0 — 0/1/0/1 —

Road edge 0 — 2/2/1/2 —

* n—number of check points; ** accuracy and score not assessed.

The resulting rankings illustrate retrospective comparison of existing products, subject
to the required feature geometry and applicable accuracy and legal requirements. They do
not demonstrate improved map accuracy, completeness, consistency, reduced redundancy,
or lower production cost attributable to source selection. A completed selected source map
and a merge-all alternative were not independently evaluated.

Object detection completeness is the mapped/reference object count ratio using the
adopted inventory procedure. It does not quantify commission errors, recovered line
length, polygon-area recovery, or geometric completeness within objects. Calculations used
unrounded values. Scores based on one to three check points are illustrative and require
additional validation before class-wide source selection. For n = 1, RMSE2D equals the
positional difference at the single point. No score is assigned where accuracy is unassessed.
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For example, 16 check points represented sanitary sewer manhole covers. RMSE2D
was 5.23 cm for TLS and 6.96 cm for UAV, with completeness rates of 29/31 and 24/31,
respectively. The overall scores were

QTLS =

(
1 − 0.0523...

0.10
)
+ 29

31
2

≈ 0.7064

QUAV =

(
1 − 0.070...

0.10
)
+ 24

31
2

≈ 0.5391

The higher TLS score for this class reflected both smaller positional differences and
greater completeness. UAV obtained the higher score for electrical cable chambers, where
its accuracy advantage outweighed its slightly lower completeness. These results illustrate
the dependence of source suitability on feature class.

The effect of the weights was examined only for (wA, wC) = (0.25, 0.75), (0.50, 0.50),
and (0.75, 0.25), at a fixed t = 0.10 m. The TLS and UAV rankings remained unchanged
in the five assessed classes for these scenarios. This limited assessment does not establish
robustness to alternative scaling values, additional criteria, or feature-specific stakeholder
priorities. These factors were not evaluated in the present study. Numerical scores for the
three existing weight scenarios are provided in Supplementary Table S1.

Source selection can be expressed as

Si ∈ arg maxj ∈ Ji
Qij (14)

where Ji comprises sources with confirmed capability to determine the required geometry,
compliance with the applicable requirements, and sufficient assessment evidence. In a tie,
the equation admits more than one source. If Ji is empty or eligibility remains unresolved,
selection is deferred until additional evidence is available. Conventional surveying is not
assigned a perfect accuracy score by comparison with itself.

The framework links source selection to measurable results and makes the adopted
assumptions explicit. Because some classes contain few check points, the results are
illustrative, particularly for classes represented by one, two, or three points. The planimetric
score does not establish height accuracy. Independent assessment of a map assembled from
the selected sources remains necessary to validate the resulting product.

4. Discussion
The ICC(A,1) values exceeded 0.99 for the planimetric coordinate components (X and

Y), indicating a high level of agreement between the TLS- and UAV-derived measurements
and the reference survey. Slightly lower ICC values were observed for the vertical com-
ponent (TLS: 0.9855; UAV: 0.9911), consistent with the RMSE and Bias analyses, which
revealed a greater contribution of systematic error to the TLS height component. The corre-
sponding 95% bootstrap confidence intervals were 0.9732–0.9909 for TLS and 0.9820–0.9955
for UAV. Although the vertical ICC values remained above 0.90, their interpretation should
be complemented by the coordinate differences and Bland–Altman limits of agreement,
as high ICC values alone do not establish whether the accuracy requirements for as-built
surveying are satisfied.

The TLS height differences had a Bias of −4.07 cm and limits of agreement of −8.52
to 0.39 cm, compared with −2.27 cm and −7.81 to 3.28 cm for UAV. The updated height
ICC(A,1) values were 0.9855 for TLS (95% CI: 0.9732–0.9909) and 0.9911 for UAV (95%
CI: 0.9820–0.9955); thus, the high ICC values should be interpreted together with the
coordinate differences and their limits of agreement, without treating them as evidence of
legal acceptance.
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The available records do not support a complete economic comparison or total work-
flow person-hour estimate. Software, equipment depreciation, calibration, processing
supervision, and rework were not costed. UAV processing is reported as 3 h 26 min 32 s,
the sum of the unique logged Metashape computation stages; this is computation time
rather than measured operator labor or a verified end-to-end elapsed time.

The higher TLS object detection completeness and lower UAV acquisition effort reflect
complementary strengths using the tested configuration. Similar complementarity has
been discussed in applications combining terrestrial and aerial observations [28–33]. Here,
the two-criterion framework makes that comparison explicit at feature class level, but
its rankings do not demonstrate improved accuracy or reduced total cost of a completed
combined map. Independent evaluation against conventional-only, TLS-only, UAV-only,
and merge-all strategies would be required to assess any benefit of an assembled selected
source map.

Vegetation can reduce the visibility of infrastructure in both terrestrial and aerial
observations. Foliage and understory can occlude TLS sight lines and restrict sampling of
the required surfaces [34,35], while vegetation cover can obscure objects in UAV imagery
and affect their detectability [36]. In this framework, such effects are reflected in object
detection completeness and the assessment of whether the required geometry can be
recovered, rather than treated as a separately measured criterion. Their influence was
not isolated at this site. Future applications could document vegetation conditions and
evaluate supplementary viewpoints or measurements for obscured features.

The decision procedure could be adapted to other infrastructure, but the present scores
and rankings cannot be transferred directly. Recent work on UAV bridge reconstruction
and TLS–UAV heritage documentation illustrates the importance of acquisition viewpoints,
complementary surface coverage, and registration [37–39]. Bridge applications would
require attention to underside and support geometry; industrial facilities may impose
access constraints around dense installations; heritage documentation may require detailed
architectural surfaces. Each application would need its own feature classes, required rep-
resentation, accuracy requirements, and independent assessment. The present approach
provides a flexible basis for adapting feature-level data source selection to other infrastruc-
ture applications, provided that application-specific feature classes, accuracy requirements,
and validation criteria are defined.

The findings are limited to one facility, one acquisition configuration, and 30 pur-
posively selected, commonly observable check points. The conventional reference has
nonzero uncertainty, and uneven class sizes limit class-wide inference. The reported boot-
strap intervals are conditional on the observed sample and do not separately model spatial
or within-object dependence. Independent evaluation of an assembled map, alternative
acquisition geometries, and additional sites are required to assess transferability.

5. Conclusions
This study compared TLS and UAV photogrammetry with conventional survey coordi-

nates at 30 independent, purposively selected check points observable in all three products.
RMSE3D was 7.51 cm for TLS and 7.66 cm for UAV. TLS showed a larger mean height dif-
ference, but its physical cause was not established. The reported differences and uncertainty
intervals characterize the selected sample rather than certifying whole-map accuracy.

TLS mapped 128 of 135 reference objects, compared with 102 for UAV. UAV required
less recorded acquisition effort, whereas TLS recovered more reference objects under the
tested configuration. These findings describe complementary capabilities; object counts
do not establish complete geometric representation, and the acquisition records do not
establish lower total production cost.
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The preliminary feature-level data source selection framework illustrates retrospective
comparison of available sources using planimetric accuracy and object detection complete-
ness, with source eligibility assessed separately. The supporting evidence differs between
classes, and scores based on very small samples remain illustrative. Independent evaluation
of an assembled selected source map against alternative mapping strategies remains a
subject for future work.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs18203542/s1, Table S1. Scores for the three existing weight
scenarios at t = 0.10 m.
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Abbreviations

TLS Terrestrial laser scanning
UAV Unmanned aerial vehicle
BIM Building Information Modeling
DEM Digital elevation model
δ2Di 2D positional differences
δ3Di 3D positional differences
RMSE Root Mean Square Error
RMSEx Root Mean Square Error by coordinate axes x
RMSEy Root Mean Square Error by coordinate axes y
RMSEh Root Mean Square Error by coordinate axes h
RMSE2D 2D Root Mean Square Error
RMSE3D 3D Root Mean Square Error
Bias Signed error to identify systematic deviations
σe Standard deviation
RMSres Residual root mean square after accounting for Bias
ICC Intraclass Correlation Coefficient
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