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Strategies for the Empirical Determination of the Stochastic
Properties of Terrestrial Laser Scans

Abstract

Terrestrial laser scanners (TLS) are suitable for the surface approximation of objects and their geometric
changes due to the temporally and spatially high-frequent data acquisition. However, precise geodetic en-
gineering tasks require detailed knowledge about the performance of the sensors and especially about their
uncertainty to use them for precise measurements, e.g., in deformation analysis or surface approximations.
Due to the complex transition behavior between error sources and effects on the point cloud, the correct
description of the point cloud’s stochastic model represented by the variance-covariance matrix is not yet
solved. In particular, the interaction of the laser beam with the environment and the measurement object,
taking into account different measurement arrangements (distances and angles of incidence), is so diverse
that it is impossible to model all errors. However, if these errors are neglected in the stochastic model, this
can lead to biased surface approximations, incorrect statistical tests, or misinterpreting errors as deformati-
ons. For this reason, strategies for the empirical determination of the stochastic properties of terrestrial laser
scans are developed in this dissertation. In particular, the determination of the range precision for different
surfaces and measurement configurations, as well as correlations between individual measurement points, are
in focus. Specifically, the following aspects are addressed:

e The object surface and scanning configuration mainly influence the range precision, which the reflected
intensity of the laser beam can fully describe. This work contributes to efficiently determining the range
precision by presenting a test field simplified for users and further developing the existing methodology.
This contributes to a more realistic description of the main diagonal of the variance-covariance matrix
representing the stochastic model.

o Especially the interaction of the laser beam with the object is individual as it depends on the surface.
The laser spot is integrated over a certain area, and neighboring laser spots overlap due to the dense
acquisition of data points. This results in a smoothing effect and leads to the fact that the resolution
capability of the scanner does not match the resolution set in the scanner. This thesis develops a
new method for determining the resolution capability, which enables a more economic measurement
planning. Furthermore, correlations are derived from overlapping laser spots, which are integrated into
the stochastic model.

e These rather short-scale correlations can be determined empirically via another method developed in
this thesis. For this purpose, the stochastic signal of the point cloud must first be separated from the
deterministic part. This is done with the help of a reference geometry generated with a sensor of higher
accuracy. Subsequently, this work presents two methods for quantifying the short-scale correlations in
the point cloud.

e The previous methods can be implemented well for point clouds of smaller objects (approximately
up to 2 m x 2 m). However, this is not straightforward to realize for larger objects as the stochastic
properties change within the point cloud. Furthermore, a reference geometry is not easy to establish
due to a lack of suitable sensors and deformations of the reference objects. For this reason, this thesis
presents a method for creating a reference geometry of a larger object that allows for the analysis of
long-scale correlations.

These different aspects provide a better understanding of the uncertainties in terrestrial laser scanning and,
thus, form the basis for setting up a more realistic stochastic model of the point cloud to make statistically
more reliable statements in a deformation analysis and unbiased surface approximations. Furthermore, the
presented strategies do not require special laboratory conditions but can be performed by qualified users if
an appropriate object, such as a roughly planar wall, is available.
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Strategien zur empirischen Bestimmung der stochastischen
Eigenschaften terrestrischer Laserscans

Zusammenfassung

Terrestrische Laserscanner (TLS) eignen sich durch die zeitlich und rdumlich hochfrequente Datenaufnahme
zur flichenhaften Aufnahme von Objekten und deren geometrischen Anderungen. Prizise ingenieurgeodé-
tische Aufgaben, z.B. Deformationsanalysen oder Fldchenapproximationen, erfordern allerdings detailliertes
Wissen iiber die Genauigkeit der Sensoren. Durch das komplexe Transferverhalten zwischen Abweichungs-
quellen und Auswirkungen auf die Punktwolke, ist die korrekte Beschreibung ihres stochastischen Modells
eine bisher ungeloste Aufgabe. Insbesondere die Interaktion des Laserstrahls mit der Umgebung und dem
Messobjekt unter Beriicksichtigung unterschiedlicher Messanordnungen (Strecken und Einfallswinkel) ist so
vielfdltig, dass eine Modellierung aller Abweichungen nicht moglich ist. Werden diese Abweichungen aller-
dings im stochastischen Modell vernachldssigt, so kann dies zu verzerrten Flidchenapproximationen, falschen
statistischen Tests oder einer Fehlinterpretation von Abweichungen als Deformationen fithren. Aus diesem
Grund werden in der vorliegenden Dissertation Strategien zur empirischen Bestimmung der stochastischen
Eigenschaften terrestrischer Laserscans entwickelt. Speziell wird auf die folgenden Aspekte eingegangen:

o Die Streckenprézision wird mafigeblich durch die Objektoberfliche und die Messkonfiguration beein-
flusst. Diese beiden Einfliisse lassen sich vollstdndig durch die zuriickgestrahlte Intensitat des Laser-
strahls beschreiben. Diese Arbeit liefert einen Beitrag zur effizienten Bestimmung der Streckenpréazision,
indem sie ein fiir Nutzer vereinfachtes Testfeld présentiert und die vorhandene Methodik weiterentwi-
ckelt. Dies liefert einen Beitrag zur realistischeren Beschreibung der Hauptdiagonalen der Kovarianz-
matrix, welche das stochastische Modell représentiert.

¢ Besonders die Interaktion des Laserstrahls mit dem Objekt ist sehr individuell und abhingig von der
Oberfliache. Der Laserspot wird iiber einen gewissen Bereich integriert und benachbarte Laserspots
iiberlappen sich durch die rdumlich hochfrequente Aufnahme des Scanners. Dadurch entstehen Ver-
schmierungseffekte, die dazu fithren, dass das tatsdchliche Auflésungsvermoégen des Scanners nicht mit
der im Scanner eingestellten Auflésung iibereinstimmt. Diese Arbeit entwickelt eine neue Methode zur
Bestimmung des Auflésungsvermogens, was eine wirtschaftlichere Messplanung erméglicht. Des Weite-
ren werden Korrelationen aus den sich iiberlappenden Laserspots abgeleitet, die in das stochastische
Modell integriert werden.

o Diese eher kleinrdumigen Korrelationen kénnen iiber eine weitere Methode empirisch bestimmt wer-
den. Dazu muss zunéchst das stochastische Signal der Punktwolke von dem deterministischen Anteil
getrennt werden. Dies erfolgt mithilfe einer Referenzgeometrie, die mit einem Sensor hoéherer Genau-
igkeit generiert wird. Anschliefend présentiert diese Arbeit zwei Methoden zur Quantifizierung der
kleinraumigen Korrelationen in der Punktwolke.

¢ Die vorangegangenen Methoden lassen sich fiir Punktwolken kleinerer Objekte (ca. bis 2 m x 2 m) gut
realisieren. Fiir groflere Objekte ist dies allerdings nicht so einfach, da sich zum einen die stochasti-
schen Eigenschaften der Punktwolke stark dndern und zum anderen eine Referenzgeometrie aufgrund
von mangelnden Sensoren und Deformationen grofier Objekte nicht einfach zu erstellen ist. Aus die-
sem Grund wird in dieser Arbeit eine Methode zur Erstellung einer Referenzgeometrie eines gréfieren
Objektes présentiert, die die Analyse von grofiriumigen Korrelationen erlaubt.

Diese verschiedenen Aspekte vermitteln ein besseres Verstindnis fiir die Unsicherheiten beim terrestrischen
Laserscanning und bilden somit die Basis ein realistischeres stochastisches Modell der Punktwolke aufzustel-
len, um statistisch sicherere Aussagen bei einer Deformationsanalyse und unverzerrte Flachenapproximatio-
nen zu tatigen. Die dargelegten Strategien bendtigen keine speziellen Laborbedingungen, sondern kénnen
von qualifizierten Anwendern durchgefithrt werden falls geeignete Objekte, wie z.B. eine grob planare Wand
zur Verfiigung stehen.
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Preface

This cumulative dissertation presents the development of strategies for empirically analyzing the stochastic
properties of terrestrial laser scans. It is based on the following seven publications that were all subject to a
peer-review process. It must be noted that the author changed her last name from Schmitz to Jost in 2022:

o Publication A (Peer-reviewed, Journal):
Schmitz, B., Holst, C., Medic, T\, Lichti, D. D., & Kuhlmann, H. (2019). How to Efficiently Determine
the Range Precision of 3D Terrestrial Laser Scanners. Sensors, 19(6), 1466. https://doi.org/10.
3390/519061466

o Publication B (Peer-reviewed, Journal):
Schmitz, B., Kuhlmann, H., & Holst, C. (2020). Investigating the resolution capability of terrestrial laser
scanners and its impact on the effective number of measurements. ISPRS Journal of Photogrammetry
and Remote Sensing, 159, 41-52. https://doi.org/10.1016/j.isprsjprs.2019.11.002

o Publication C (Peer-reviewed, Conference):
Schmitz, B., Coopmann, D., Kuhlmann, H., & Holst, C. (2021a). Using the Resolution Capability and
the Effective Number of Measurements to Select the Right Terrestrial Laser Scanner. In Contributions
to International Conferences on Engineering Surveying, INGEO & SIG 2020, Dubrovnik, Croatia.
Springer Proceedings in Earth and Environmental Sciences (pp. 85-97).: Springer, Cham

o Publication D (Peer-reviewed, Journal):
Schmitz, B., Kuhlmann, H., & Holst, C. (2021c). Towards the empirical determination of correlations in
terrestrial laser scanner range observations and the comparison of the correlation structure of different
scanners. ISPRS Journal of Photogrammetry and Remote Sensing, 182, 228-241. https://doi.org/
10.1016/j.isprsjprs.2021.10.012

o Publication E (Peer-reviewed, Journal):
Schmitz, B., Kuhlmann, H., & Holst, C. (2021b). Deformation analysis of a reference wall towards
the uncertainty investigation of terrestrial laser scanners. Journal of Applied Geodesy, 15(3), 189-206.
https://doi.org/10.1515/jag-2020-0025

o Publication F (Peer-reviewed, Conference):
Jost, B., Holst, C., & Kuhlmann, H. (2023b). How to be more accurate than a single laser scan:
Creating the reference geometry of a large wall. In A. Wieser (Ed.), Beitrige zum 20. Internationalen
Ingenieurvermessungskurs, 11.-14. April 2023, Zurich, Switzerland (pp. 131-144).: Wichmann, Berlin,
Offenbach

o Publication G (Peer-reviewed, Conference):
Jost, B., Coopmann, D., Holst, C., & Kuhlmann, H. (2023a). Real movement or systematic errors?
— TLS-based deformation analysis of a concrete wall. Journal of Applied Geodesy, 17(2), 139-149.
https://doi.org/10.1515/jag-2022-0041

The content of these publications is summarized in Chapter 4, and their most relevant scientific results and
contributions are outlined in Chapter 5 of this thesis. The author of this dissertation has made the main
contribution to each of these publications and, in particular, has provided the respective methodological
progress herself.
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https://doi.org/10.3390/s19061466
https://doi.org/10.1016/j.isprsjprs.2019.11.002
https://doi.org/10.1016/j.isprsjprs.2021.10.012
https://doi.org/10.1016/j.isprsjprs.2021.10.012
https://doi.org/10.1515/jag-2020-0025
https://doi.org/10.1515/jag-2022-0041




1. Motivation and Objectives

The discipline of engineering geodesy is dedicated to the constantly evolving, application-oriented problems
[Kuhlmann et al., 2014]. This includes especially the transition from point-based measurements to the area-
based acquisition of objects and their geometries, which is possible due to the rapid development of laser
scanning technologies [Holst & Kuhlmann, 2016]. Terrestrial laser scanners (TLS) sample the environment
with a very high spatial and temporal density, which leads to the possibility to stop discretizing objects
with point-wise measurements but considering areal acquisitions of the objects [Kuhlmann & Schwieger,
2015, p. 747]. Hence, these instruments gain more and more importance in engineering geodesy. As the
instruments have evolved and become more accurate in recent years, this offers opportunities to utilize
them for engineering tasks with high accuracy demands, such as area-based deformation analyses [Mukupa
et al., 2017]. However, this requires detailed knowledge of the error budget of the scanning procedure to
judge the scanner’s performance and to distinguish between errors related to the scanning process and real
geometric changes of the object. This dissertation proposes strategies to gain a more profound knowledge
of the stochastic properties of terrestrial laser scanners — more specifically, of the range variances and the
correlation between measurement points. The motivation is stated in Sec. 1.1, and the detailed exposition of
the objectives is given in Sec. 1.2.

1.1 Motivation

Among others, two core competencies in engineering geodesy are the monitoring of objects and the quality
assessment of the measurements [Kuhlmann et al., 2014]. Both tasks together allow for a deformation analysis,
which judges whether differences between two measurement epochs are a real deformation or just reasoned
by the uncertainties of the measurements [Pelzer, 1971, p. 7]. To perform a deformation analysis in geodetic
engineering, mainly two tasks must be solved: First, point correspondences need to be built to compute
the differences between two epochs that are compared to each other [Pelzer, 1971, p. 8]. Second, a realistic
variance-covariance matrix (VCM) needs to be established that represents the stochastic properties of the
differences [Pelzer, 1971, p. 10]. Finally, to separate between measurement uncertainties and real deformations
of the object, a statistical congruence test is carried out [Heunecke et al., 2013, p. 499]. To transfer this
procedure to TLS, point correspondences between non-signalized points as well as a sophisticated description
of the uncertainties represented by the VCM must be established for the TLS point cloud. The VCM contains
all information on the uncertainty of a random vector described by variances and covariances [Niemeier, 2008,
p. 24f.]. This thesis contributes to the latter-mentioned task as it proposes strategies to empirically determine
the stochastic properties that are necessary to fill the VCM of the point cloud. A special focus lies on the
range variances as they vary depending on the object surface and on the correlations as they describe the
stochastic dependency between the observations [Niemeier, 2008, p. 26] that are needed to calculate the
covariances.

TLS measurements are mitigated by systematic and random errors caused by internal scanner misalignments,
the atmosphere, the scanning configuration, the interaction between the laser beam and the object’s surface,
and the registration of laser scans [Cosarca et al., 2009; Soudarissanane et al., 2011]. On the one hand, these
errors impact the point coordinates and hence, the point cloud differences, which holds especially for syste-
matic errors. On the other hand, these errors cause uncertainties in the measurements, which are quantified
in the stochastic model represented by a VCM. Systematic errors that cannot be fully calibrated introduce
correlations between the measurements represented by the covariances in the VCM. It is inevitable to reduce
the impact of systematic errors and gain detailed knowledge of the error budget of the point cloud. Other-
wise, an unbiased deformation analysis is not possible. So far, a detailed quantification of errors and their
correlations is not holistically feasible due to the amount of influencing factors with complex transmission
behaviors [Holst & Kuhlmann, 2016; Kauker et al., 2016]. Thus, most deformation assessments rely on the
visual inspection and interpretation of the data, not on a sophisticated statistical analysis [Wunderlich et al.,
2016].
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Especially the integration of correlations into the VCM is often neglected due to insufficient knowledge [Holst
& Kuhlmann, 2016]. However, the following two examples demonstrate the existence of correlations. Within
this thesis, it is distinguished between short-scale correlations that have correlations lengths of millimeters to
decimeters and long-scale correlations that have longer correlation lengths. Fig. 1.1 shows the point cloud of a
black and white target with the corresponding residuals to the best-fit plane. On the one hand, the deviations
in the black parts of the target exceed the ones of the white parts, which shows that the uncertainty of the
laser scan strongly depends on the object’s reflectivity. On the other hand, wavy scan lines are visible in
the point cloud and adjacent points deviate similarly from the plane, which demonstrates the existence of
short-scale correlations. This exemplary emphasizes that the stochastic model is not just constructed by the
variances of the single observations, but the scanning procedure as a whole must be considered.

[m]
0.0030
0.0025

0.0019
0.0012
0.0006

0.0000

Abbildung 1.1: Left: point cloud of a black and white target; right: deviations of the point cloud to a best-fit plane.

Strategies exist to reduce the influence of systematic errors as some influences, such as internal misalignments,
can be calibrated, e.g., [Holst et al., 2016a; Abbas et al., 2014; Chow et al., 2011; Lichti, 2007; Medi¢ et al.,
2017; Reshetyuk, 2009]. However, they can only be removed up to a certain precision, and some of the
calibration parameters were found to change temporally [Medié¢ et al., 2021]. Some errors from internal
misalignments remain, but also errors due to the scanning geometry, the interaction between laser beam
and object, and due to the atmosphere cannot or just partially be calibrated [Muralikrishnan, 2021]. They
mainly affect neighboring points similarly, which are therefore correlated. Thus, the remaining errors cannot
be modeled functionally and must be incorporated into the stochastic model. Otherwise, this may cause
biases in the parameter estimation [Jurek et al., 2017], unrealistic parameter precision [Kuhlmann, 2001],
falsified congruence testing in deformation analyses [Kermarrec et al., 2019], and misinterpretation of errors
as deformations.

Fig. 1.2 depicts a Multiscale Model to Model Cloud Comparison (M3C2) [Lague et al., 2013] of two point
clouds of the Bonn Reference Wall (Fig. 1.3) acquired with the Leica ScanStation P50 from two different
stations. Deviations in the magnitude of +2.5 mm occur that are systematically distributed as large areas
have deviations of the same sign and magnitude. These differences are reasoned by the effect of internal
misalignments that remain after the calibration, systematic errors due to the different scan configurations,
and the registration of both point clouds. Not knowing that the deviations result from systematic errors, one
could misinterpret those as geometry changes of the object. Thus, these errors must either be calibrated or
integrated as long-scale correlations into the VCM.

Consequently, to further evolve the two core competencies, monitoring of objects and the quality assessment
of the measurements, it is necessary to gain more knowledge on the uncertainty of TLS with a special
focus on determining correlations. Even though many methods exist to model the stochastic properties of
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Abbildung 1.2: M3C2 point cloud comparison of two scans of the Bonn Reference Wall (Fig. 1.3) that are collected
with the Leica ScanStation P50 from two different stations.

spatial data that are also applied to other geodetic disciplines, such as least-squares collocation, Kriging,
spatial covariance modeling, etc., e.g., [Cressie, 1986, 1993; Moritz, 1972; Sherman, 2011], they are not yet
transferred to TLS. The main problem before analyzing the stochastic properties is to separate the stochastic
and the deterministic parts of the point cloud.

1.2 Objectives

The main goal of this thesis is to develop strategies, which help to gain a more profound knowledge of the
stochastic properties of TLS to derive a more enhanced stochastic model, which consequently can be used to
fill the VCM with more entries. All these strategies work on real data without identifying the concrete error
sources as their impact on the point cloud is not always straightforward to model, and they are user-oriented
to make these strategies feasible to be replicated by qualified users.

Fig. 1.3 shows a photo of the Bonn Reference Wall located on the Agricultural Campus Klein-Altendorf at
the University of Bonn. It is a concrete wall of 9.50 m in height and 50 m in width. As an artistic effect, it
has tire tracks within the concrete.

Abbildung 1.3: The Bonn Reference Wall.

The overreaching goal is to fully describe the uncertainty of a point cloud of an object, for example, the
Bonn Reference Wall. Several challenges occur to reach the goal, tackled one after another within this thesis.
For example, while scanning the wall with a terrestrial laser scanner with ten meters orthogonal distance
and the scanner placed in the middle of the wall, the following scan configurations occur: Fig. 1.4 depicts
the changing intensity, i.e., the strength of the backscattered signal (top), the changing incidence angle a of
0° to 60°, i.e., the angle between the surface normal and line-of-sight (middle), and the changing distance of
10 m to 25 m (bottom).

As will be elaborated in Sec. 3.4, all three parameters have a high impact on the error budget of the
point cloud, especially since the changing scanning geometry leads to different uncertainties and correlated
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Abbildung 1.4: Varying intensity (top), incidence angle (middle), and range (bottom) of a scan acquired of the
Bonn Reference Wall.

measurements. Therefore, to achieve the goal of better describing the uncertainty of a point cloud, e.g., of
the Bonn Reference Wall, this thesis addresses the following subtopics:

1. Surface-dependent range precision — As especially the surface properties of the object and the
scanning configuration impact the precision of the rangefinder [Wujanz et al., 2017], a measurement
setup is presented to derive the range precision of each measurement, which solely depends on the
intensity value (Publication A [Schmitz et al., 2019]).

2. Resolution capability and the effective number of measurements — The dense spatial acqui-
sition of 3D points leads to overlapping neighbored laser spots, which are not infinitesimally small.
Thus, neighbored measurements cannot be treated as individual, independent observations, but corre-
lations between adjacent points exist. They lead to a smoothing of the point cloud and the reduction
of details, which can, for example, be observed at the tire tracks of the wall. This smoothing effect
is quantified for different scanners by the resolution capability, which also provides information about
the effective number of measurements that quantifies the number of uncorrelated points in the point
cloud (Publications B and C [Schmitz et al., 2020, 2021a]).

3. Empirical determination of short-scale correlations — The previously mentioned correlations
caused by the interaction between the laser beam and the object’s surface are also determined em-
pirically without the necessity of the resolution capability but with the use of a reference geometry
(Publication D [Schmitz et al., 2021c]).

4. Establishment of a test field to analyze long-scale correlations — The investigation of the
stochastic properties requires the separation of the deterministic and the stochastic part of the point
cloud. While this is a viable claim for smaller objects (up to four square meters) by knowing the
geometry of the object very well or by acquiring the object’s geometry with a sensor of superior
accuracy, this is not easily transferable to larger objects of several meters in width and height due to
the varying scan geometry (Fig. 1.4) and possible deformations of the object. Hence, a methodology is
proposed to generate a very accurate geometry of the test object, which represents the deterministic
part of the point cloud. Subtracting this geometry from the point cloud allows for the analysis of the
stochastic part (Publications E, F, and G [Schmitz et al., 2021b; Jost et al., 2023a,b]).

Sec. 2.2 will set these goals in the scientific context and outlines open questions that will be addressed by
following these objectives. By addressing these subjects, this thesis contributes to developing an enhanced
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understanding of the uncertainty of TLS. Furthermore, it further gains knowledge on the resolution capability
of TLS and also provides strategies to analyze the uncertainty of larger objects.

This thesis is structured as follows: Chap. 2 places this thesis in its scientific context. A brief overview of the
theoretical background is given in Chap. 3. The content of the contributing publications is summarized in
Chap. 4, and their most important results are presented in Chap. 5. Chap. 6 provides further considerations
on the topic that may be part of future research. Finally, a conclusion is given in Chap. 7.






2. Scientific Context

Due to the fast and dense acquisition of TLS data with up to two million points per second [Leica Geosystems,
2018] and point distances of less than a millimeter at distances of ten meters [Leica Geosystems, 2017; Zoller
+ Frohlich, 2018], new opportunities are opened. For example, deformation analysis is one of the main tasks
in engineering geodesy [Kuhlmann et al., 2014]. By measuring signalized points in two epochs, building
coordinate differences, and setting these in relation to the measurement uncertainty, it is evaluated whether
an object is deformed or not [Heunecke & Welsch, 2000]. This standard procedure is carried out with point-
wise measuring systems, such as total stations, leveling, or global navigation satellite systems (GNSS). Since
these instruments have been studied for decades, their stochastic properties can be trustfully determined to
perform congruence testing.

Furthermore, as the error sources of the previously named instruments are well studied and known in detail,
it is possible to propagate the accuracy of the final result. Otherwise, multiple single-point measurements
are carried out, and an empirical accuracy is derived for the measurement. Thus, detailed knowledge of the
error budget or the possibility of repeatable measurements is mandatory.

TLS cannot fulfill these requirements. On the one hand, performing repeatable measurements of a point
to derive an empirical standard deviation is impossible since a point cannot be specifically targeted [Holst
& Kuhlmann, 2016]. On the other hand, the massive variety of errors coming from the scanner itself, the
interaction of laser and object, the environment, and the scan strategy [Cosarca et al., 2009] can hardly be
quantified and propagated further, although promising approaches for a part of errors have been established
[Kauker & Schwieger, 2017; Kerekes & Schwieger, 2020].

The enhanced technical processing of TLS compared to older geodetic instruments more and more leads to
the feeling of TLS as a black box as the pre-processing of the raw observations and the error sources are not
made accessible to the users [Walser & Gordon, 2013]. Furthermore, as a reflectorless measuring system, the
emitted laser beam interacts with the surface and is, therefore, strongly dependent on the surface properties
[Gordon, 2008]. Since surfaces have many variations of materials, roughness, and colors, simple modeling is
impossible. Thus, it is hard to functionally model the systematic errors, especially those related to the object
surface. This is the main difference to point-wise measuring systems: the functional relation of the errors is
only limitedly known, and many systematic errors occur that cannot be modeled.

Section 2.1 reviews approaches and methods already published to determine the stochastic properties of laser
scanners. This thesis will address the open points outlined in Sec. 2.2.

2.1 State of the Art

Since the systematic errors can only be reduced to a certain limit (see more in Sec. 3.4), the remaining
systematic errors correlate the measurements as they affect points that are spatially close to each other in
a partially similar way [Holst & Kuhlmann, 2016]. Thus, TLS data are highly correlated. Neglecting these
correlations in the stochastic model leads to biases in the estimation or the judgment of deformations, which
is proven by many studies, e.g., [Holst et al., 2014; Jurek et al., 2017; Kermarrec et al., 2019; Harmening &
Neuner, 2020; Zhao et al., 2019]. This demonstrates the relevance of determining the stochastic properties of
TLS measurements to integrate them into the stochastic model, which the VCM represents, or to identify an
alternative realistic stochastic measure such as the effective number of measurements [Holst & Kuhlmann,
2016], which quantifies the number of uncorrelated points in the scan [Bartels, 1935].

To quantify the uncertainty of TLS a VCM 3;; can be established that represents the stochastic properties
variances o2 and covariances o;; (see more in Sec. 3.1) for the TLS observation types range r, horizontal
angle ¢, and vertical angle 6:
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The sub-matrices 3;; describe the VCM within each 3D point i whereas X; ; quantifies the covariance
between two scan points ¢ and j. The overreaching goal of research in this field is to fill all entries of X;.
This thesis contributes to further approach this goal. The starting point of this thesis in the context of
existing studies will be elaborated in the following.

Elementary Error Model and Synthetic Covariance Matrix

The establishment of a stochastic model can be approached from two sides: forward modeling and backward
modeling. The forward modeling quantifies errors and propagates them according to the variance propagation
law to establish a synthetic VCM by applying the elementary error model [Schwieger, 1999]. This model says
that the difference between the true value and the measured value is a sum of various elementary errors
that can be subdivided into a) non-correlating, b) functional correlating, and c¢) stochastic correlating errors
[Schwieger, 1999]:

a) Non-correlating errors only affect single measurements and do not cause any correlations. Thus, they
represent the noise that can be either taken from the manufacturers’ specifications or empirical investi-
gations such as Wujanz et al. [2017]; Heinz et al. [2018]; Schmitz et al. [2019].

b) The functional model of the functional correlating errors is known, and their influence can be eliminated
from the point cloud, e.g. internal scanner errors are determined in the calibration [Lichti, 2007; Reshetyuk,
2010; Holst et al., 2016a; Medié¢, 2021]. They are determined with a certain precision that needs to be
integrated into the stochastic model.

¢) The stochastic correlation errors cause physical correlations between the measurements due to the mea-
suring process. Their functional model and magnitude are mostly not well known and, therefore, hard to
model. Examples are overlapping laser spots, the influence of the scanning geometry, or variations in the
atmosphere.

Kauker & Schwieger [2017] and Kerekes & Schwieger [2020] show the success of applying the elementary
error model to TLS, which is included in surface parameterizations by Raschhofer et al. [2021]. However, this
strategy needs to quantify all influencing errors, which already works for the instrumental and atmospheric
errors [Kerekes & Schwieger, 2020, 2021], but the integration of the influence of the object surface paired with
the scanning geometry is still missing so far. The existence of errors resulting from the reflecting properties
of the target [Zamecénikovd et al., 2014; Lambertus et al., 2018] and the scanning geometry [Soudarissanane
et al., 2011; Zamecénikova & Neuner, 2018; Linzer et al., 2021; Linzer & Neuner, 2022] is proven, but, so far, a
modeling strategy does not yet exist due to the variability of both influencing error sources [Muralikrishnan,
2021]. Thus, the interaction of the laser beam with the surrounding and the scanning geometry cannot be
modeled forwardly and lead to unsolved questions. For this reason, this thesis approaches more empirical
strategies.
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Empirical Assessment of Laser Scanning Uncertainty

The stochastic properties can be modeled backwards to avoid making assumptions about the error sources.
Therefore, the stochastic and the deterministic part of the point cloud must be separated to analyze the
stochastic part. Many studies on laser scanner uncertainty focused on the noise of the instrument by using
known geometric structures and investigating the residuals of these structures, such as planes [Boehler et al.,
2003; Soudarissanane et al., 2011; Wunderlich et al., 2013; Lambertus et al., 2018], or spheres [Heister, 2006;
Wunderlich et al., 2013; Lindstaedt et al., 2012]. Other studies acquired the surface with a sensor of superior
accuracy, such as a laser tracker + T-Scan [Linzer et al., 2021], a measurement arm [Holst et al., 2017a], or
structured light scanners [Gordon, 2008; Wujanz et al., 2017] as a commonly used strategy is to compare
the instrument to be evaluated against a reference instrument [Muralikrishnan, 2021]. This leads to the
opportunity to analyze the uncertainty of TLS in terms of the scanner’s precision depending on different
parameters such as object color [Kersten et al., 2005b; Clark & Robson, 2004; Voegtle et al., 2008], material
[Lichti & Harvey, 2002; Lee et al., 2010; Wujanz et al., 2017], or reflectivity [Pfeifer et al., 2007; Lambertus
et al., 2018].

Most studies focus on the residuals to a reference to quantify the scanner’s uncertainty, which is primarily
related to random and systematic range errors if the incidence angle is low. The angular precision, however, is
mainly taken from the manufacturer’s specifications [Holst & Kuhlmann, 2016] as the angular measurement
is only related to the scanner’s internal processes and not to the interaction with the object. First approaches
for determining the angular precision and temporal correlations between angular measurements are presented
in Kermarrec & Losler [2021] and Kermarrec & Hartmann [2021].

Other geodetic disciplines widely explored the field of spatial statistics in the context of least squares collo-
cation, Kriging, spatial covariance modeling, etc., e.g., Moritz [1972]; Cressie [1986, 1993]; Sherman [2011].
However, the transfer to TLS data is still missing. While the integration of correlations into GNSS is a
common procedure [Kuhlmann, 2001; Kermarrec & Schoén, 2016], the quantification of correlations is not
straightforward and hard to accomplish [Holst & Kuhlmann, 2016] due to the numerous different error sources
in TLS measurements (see Sec. 3.4).

The result of a laser scan is a 3D point cloud with Cartesian coordinates derived from polar observations.
During the calculation of the Cartesian coordinates, correlations between the single coordinates are intro-
duced that can be derived by variance propagation and that need to be considered while working with
Cartesian coordinates [Kermarrec et al., 2019]. First investigations on temporal correlations were carried
out by Koch [2008] and Koch et al. [2010], who considered the observations as multiple measurements after
scanning an object multiple times and treated them as a time series to derive an auto-covariance matrix. The
high temporally frequent sampling of data points leads to temporal correlations between the measurements,
which are further investigated in Kermarrec et al. [2020]; Kermarrec & Losler [2021]; Kermarrec et al. [2021].
Both correlation types will not be the focus of this thesis as only polar observations are considered, and
spatially close points are usually measured within a short period. That is why herein, the focus is on spatial
correlations.

The integration of spatial correlations is targeted with the previously introduced synthetic VCM based on the
elementary error, which is still leaking some effects. Thus, this thesis will focus on the empirical determination
of spatial correlations as Jurek et al. [2017] prove their relevance.

Resolution Capability

The very dense acquisition of data leads to neighboring laser spots overlapping. On the one hand, this
smoothes the measured surface [Bitenc et al., 2019], and on the other hand, spatially adjacent points are
correlated [Kern, 2003] (see more in Sec. 3.3). Thus, the scanner resolution cannot be set equal to the
resolution capability as scanners have such a high frequent acquisition [Lichti & Jamtsho, 2006]. The measured
points do not deliver individual information on the object and are, therefore, correlated. So far, this effect is
not considered in the VCM. Different studies present approaches to investigate the edge behavior [Wunderlich
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et al., 2013] and to derive the resolution capability [Boehler et al., 2003; Lichti, 2004; Lichti & Jamtsho, 2006;
Centeno et al., 2010; Huxhagen et al., 2011; Pesci & Teza, 2008]. However, nobody has put that into the
context of correlated measurements so far. For this reason, Publications B and C develop a more enhanced
approach to derive the resolution capability empirically, and they demonstrate a procedure to integrate
resulting correlations into the VCM. The empirical results can be confirmed by Chaudhry et al. [2021], who
proposed a modeling approach for the resolution capability without needing empirical data.

2.2 Open Questions

The establishment of a synthetic VCM by applying the elementary error model is still leaking the influence of
the scanning geometry and the object surface properties [Kerekes & Schwieger, 2020], which strongly affects
the TLS rangefinder’s uncertainty [Zamecnikovd et al., 2014; Zamecnikovd & Neuner, 2018; Linzer et al.,
2021; Linzer & Neuner, 2022]. Moreover, even those errors that can be calibrated partially underlie temporal
changes, as shown in Medié et al. [2021], who demonstrated the temporal instability of calibration parameters.
Thus, remaining influences exist that cause errors in the point cloud but that cannot be calibrated. So far,
the main focus in the empirical uncertainty analysis of TLS lies in determining the scanner’s precision using
residuals from a known object. The empirical determination of correlations was not in focus besides the
forward modeling of the VCM and the determination of temporal correlations.

This thesis focuses on determining stochastic properties such as range variances, short-scale correlations
induced by the object and laser beam interaction, and on long-scale correlations from remaining systematic
errors and atmospheric effects that cannot be calibrated. To analyze the remaining error budget, new research
topics need to be addressed that summarized in the following questions:

A) To which extent can the combined influence of the object surface and scanning geometry on
the stochastic properties be integrated into the stochastic model considering the precision
and correlations?

This question will be addressed in goal 1 (determination of the surface-dependent range precision),
goal 2 (determination of the resolution capability), and goal 3 (empirical determination of short-scale
correlations) of Sec. 1.2.

B) Which details can be actually seen in the scan when the overlap of laser spots leads to
correlated measurements that smooth contours in the point cloud?
This question will be addressed in goal 2 (determination of the resolution capability) and goal 3 (empirical
determination of short-scale correlations) of Sec. 1.2.

C) How to derive a reference geometry to separate the deterministic and the stochastic parts
of the point cloud with special focus on large objects?
This question will be addressed in goal 3 (empirical determination of short-scale correlations) and goal
4 (establishment of a test field to analyze long-scale correlations) of Sec. 1.2.

The strategies presented in this thesis to answer the above questions do not rely on many assumptions about
the error sources and do not aim at quantifying them. Instead, it is the task to quantify or reduce their
combined influence in real-world scenarios.
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This thesis presents strategies for empirically determining the stochastic properties of terrestrial laser scans.
This section delivers the basic theoretical background to understand the content of the relevant publications.
Sec. 3.1 explains the stochastic model’s composition and theoretical determination. Afterwards, Sec. 3.2
addresses the principle of TLS while Sec. 3.3 further focuses on its resolution capability. To understand why
errors occur in TLS measurements, Sec. 3.4 outlines the relevant error sources. Finally, Sec. 3.5 outlines the
basics of deformation analyses and the relevance of the stochastic model.

3.1 Composition and Theoretical Determination of the Stochastic
Model

In geodesy, as a rule, strict quality requirements are placed on the task of deriving spatial information from
empirically collected data, which infers the evaluation of the measurement quantity as well as the specification
of comprehensible, also interdisciplinary accepted quality characteristics [Niemeier, 2008, p. 1]. This section
gives a brief insight into the stochastic description of measurements and the empirical determination of the
uncertainty.

TLS measurements are considered to be the realizations
Y1
Yn

of random variables

Y (s1) Y
v=| : |=|: (32)
Y (sn) Y,

of a spatial stochastic process for any set of sample locations {s; : 1,...,n} C R. The statistical variation can
be decomposed into a deterministic trend term p(s) and a stochastic residual term €(s) consisting of a signal
term 7(s) and a noise term (s) (Fig. 3.1) [Cressie, 1993, p. 113], [Schuh, 2017, p. 75]:

Y(s)=pu(s) +v(s)+d(s) , seR (3.3)
€(s)

In terms of TLS, the three components are characterized as follows:
a) Deterministic trend p(s) (black in Fig. 3.1) describes the real geometry of the object and all errors that

can be eliminated knowing the deterministic function, such as internal misalignments in the scanner
calibration (Sec. 3.4.1).

b) Signal v(s) (red in Fig. 3.1) includes all errors that cannot be modeled functionally but that are
correlated and cause colored noise.

¢) Noise d(s) (blue in Fig. 3.1) contains the white noise.
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trend
signal
noise

Abbildung 3.1: Composition of a TLS measurement: trend, signal, and noise.

It is important to separate the deterministic trend u(s) from the stochastic residual term €(s) to analyze the
latter one, i.e., the stochastic part of the measurements. The signal term is described as colored noise, and
the noise term consists of white noise. Both together are expected to be distributed around zero and thus,
defined as:

€(s) =Y (s) — u(s) = Ele(s)] = E[Y (s)] — p(s)

34
= Fle(s)] =0 (34)
The mean vector of Y is given by
E(Y)=[EM1), . BEY)]" = [, oo i) = 1, (3.5)
the variance of a random variable is defined by
var(Y;) = B[(Y; — )% = 0®(si) = o7, (3.6)

which describes the non-correlating errors, and the covariance of two random variables Y; and Y; can be
denoted as

cov[Vy, Vi = E[(Y: — i) (Y; — pj)] = 04 (3.7)

describing the covariance of two stochastic-correlated variables. This leads to the variance-covariance matrix
(VCM)

var(Yy) ... cov(Y1,Y,) o ... O

cov(Y) = : : =l .. 1 |=Z (3.8)
cov(Y,, Y1) ... var(Yy,) Opl .. Op2

given cov(Y;,Y;) = var(Y;) [Niemeier, 2008, p. 24 ff.]. Herein, the variances o2, i.e., the squared standard

deviation, of the observations build the matrix’s main diagonal. They build the sum of the variances of

colored noise 07, = r. - 07 and white noise 03, = r,, - 07 with r, and r,, being the ratio of colored and
white noise following r. 4+ 7, = 1 [Jurek et al., 2017]. The rest of the VCM is filled with the covariances o;;,
which is composed of the correlation coefficient p;;, which describes the stochastic dependency between the

observations and the colored noise (0., and o) of the observations i and j following [Koch, 1999, p. 97 ff]
Oi5 = Pij " O¢; 'ch. (39)

Thus, it is necessary to know the variances of the single observations, the ratio of colored noise, and the
correlation coeflficient between the observations to fully populate the VCM.

To get back to the TLS measurements and the realization y of the stochastic process Y'(s), we transfer
Eq. (3.3) to

y=Ax+v (3.10)
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with n discrete, equidistant values, Ax denoting the deterministic trend, and v defining the residuals and
therefore, the stochastic signal. With this and given the definition of variances and covariances from Egs. (3.6)
and (3.7), we can derive the empirical covariance function of y [Cressie, 1993, p. 49|, [Heunecke et al., 2013,
p. 343]:

n—h

j=1

<
I

To get the empirical correlation function, we apply [Cressie, 1993, p. 67]

mngg. (3.12)

For the generalization and prediction of correlations, an analytical function p is estimated through the
empirical data of p(h). Different kinds of correlation functions exist, but the choice of function will not be
the subject of this thesis. The values from this function can be used to fill the correlation matrix

1 p12 pi3
p21 1 pas

R=1ps1 p2 1 ...|- (3.13)

As a measure for the number of uncorrelated measurements, the effective number of measurements n.¢s was
introduced by Bartels [1935] as it implies the amount of independent information in the measurements. It is
often applied to time-series, for example, in GNSS applications [Kuhlmann, 2001] and defined as [Tauben-
heim, 1969]:

n
n = p
2 meh ()

with m =n/10 (3.14)

with n describing the number of all observations, p describes the auto-correlation function, and h the number
of intervals between two measured values. Publication B [Schmitz et al., 2020] extends this equation for spatial
data to derive the effective number of measurements for 2D data as follows:

n

(3.15)

n =
effep o ™y

T+2302 202 w : (niizk)p(h’ k)
The total number of points n is divided into n, points in the horizontal direction (X-direction) and n, points
in the vertical direction (Y-direction) on the object surface so that n,-n, = n holds. A second run variable k
with a second sum is inserted into Eq. (3.14). Variable i runs over all m, = n,/10 points, while k& runs over
all m, = n,,/10 points. Hence, if the 2D autocorrelation function is known, a point cloud’s effective number
of measurements can be calculated. Holst & Kuhlmann [2016] suggest also deriving this term for TLS point
clouds. This will be addressed in Publication B [Schmitz et al., 2020].

All the previously shown computations assume stationary and equidistant data. For stationary data, the
mean and the covariances only depend on the spatial lag between two observations and not on their position
[Sherman, 2011, p. 4]. That means that one VCM holds for the whole data set.

It is impossible to estimate non-stationary covariance functions naturally. However, if smaller parts are
assumed to be locally stationary, the estimation is still possible [Sherman, 2011, p. 69]. Another term to be
introduced is isotropy. The covariances of isotropic data only depend on the distance between the observations
and not on their direction or orientation [Sherman, 2011, p. 48]. At the same time, data are called anisotropic
if their covariances depend on the direction of the spatial distances [Sherman, 2011, p. 89].

Ignoring the correct anisotropy leads to the following effects [Sherman, 2011, p. 89]:
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e Assuming isotropy a priori, revealing the direction-dependent correlation is impossible, so the true
underlying spatial structure is not known. This could imply an insufficient understanding of the physical
phenomena of the process.

o If the covariance structure is further used for prediction tasks such as Kriging, the weights and the
variances are wrongly estimated.

¢ Assuming the wrong spatial structure induces a wrong stochastic model that impacts the parameter
estimation and their accuracies.

As will be seen in Secs. 3.2 and 3.4, TLS data cannot be treated as equidistant, and due to different object
surface properties and scanning configurations it mostly cannot be treated as stationary. How to tackle this
will be especially topic of Publication D [Schmitz et al., 2021c].

3.2 Principle of Terrestrial Laser Scanning

Panoramic-type TLS acquire the environment by sampling the horizontal angle ¢, the vertical angle 6, and
the range r as a polar measuring system. A TLS has three axes: a vertical standing axis, a trunnion axis,
and a collimation axis. It consists of three main elements: the angular encoders, a rotating mirror, and an
electro-optical distance measurement (EDM) unit. The mirror rotates around the trunnion axis with a very
high frequency and deflects the laser beam produced by the EDM in the direction of the collimation axis.
This creates a vertical profile. By slowly rotating around the standing axis, the whole environment beside
the area below the scanner is sampled. The result is a 3D point cloud with X-, Y-, and Z-coordinate. The
scanner also provides an intensity value, representing the backscattered signal’s strength. Most scanners also
have an integrated camera so that each point gets a red, blue, and green value to define the color of the
point [Kuhlmann & Holst, 2015, p. 4ff.].

Some scanners can measure in two faces: the scanner rotates around the standing axis by 180° while capturing
the environment from 0° to 180° with the front and from 180° to 360° with the back face. The front and
back faces are swapped when the scanner rotates further and measures a second time [Muralikrishnan, 2021].
As some systematic errors influence the observations in opposite directions, this can be used to quantify or
reduce errors similar to total stations [Schofield & Breach, 2007, p. 1671t.]

The laser beam does not hit the object as an infinitesimally small point but is reflected as a spot with a
certain area. This results from the fact that the light is diffracted as it exits the laser. Accordingly, the light
is deflected outward at the edges and spreads further with increasing distance [Vosselman & Maas, 2010, p.
12f.]. In more detail, the beam first converges to a minimum diameter Dg and is focused there. Subsequently,
the signal expands. These are the characteristics of the so-called Gaussian beam [Reshetyuk, 2009]. Figure
3.2 shows the simplified concept of beam divergence. Here v describes the angle at which the beam diverges
and D(r) the distance-dependent diameter of the spot that hits the object. To calculate the diameter of the
beam D(r) when it hits the object at a distance r, the rule of thumb is used [Reshetyuk, 2009; Vosselman &
Maas, 2010]:

D(r):Do+2~r~tan%zD0+r~fy. (3.16)

The angular sampling interval defines the point distance A between two successively recorded points taken
w and the distance r following A = w - r [Lichti & Jamtsho, 2006].

The distance measurement is carried out according to the time-of-flight, phase-shift, or a mixed form, namely
waveform digitizing for Leica scanners [Kuhlmann & Holst, 2015, p. 6ff.]. The received laser power P, is
theoretically described by the laser range equation introduced by Jelalian [1992]:

_ bBD}

P = 3 NsysTatm COS(t). (3.17)
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Abbildung 3.2: Impact of the beam divergence and the sampling interval on the spot size and the point distance
on the object according to [Kuhlmann & Holst, 2015, p. 11].

The transmitted laser power P, is attenuated depending on the receiver aperture diameter D,., the range r, a
system factor 7sys, the atmospheric transmission factor 74y, the target reflectance 9, and the incidence angle
«, which denotes the angle between the surface normal and the line-of-sight. As some of the parameters are
presumably constant, the received laser power mainly depends on the target’s reflectance and the scanning
configuration characterized by the range and incidence angle. This has a high impact on the precision of
the range observation o, as it can be fully modeled by the received laser power P,, also called intensity, as
introduced by Wujanz et al. [2017]:

Oy :a.Pf-’-c (318)

with the parameters a, b, and c.

3.3 Resolution Capability

One of the quality features that describes the performance of a TLS is the resolution capability [Wunderlich
et al., 2013]. It is described as the minimum step between two measurements that can be distinguished with
a probability of 95% [Kamerman, 1993]. In terms of TLS, it is separated between the resolution capability
in the distance direction, which denotes the ability of the instrument to resolve two objects on the same
line-of-sight [Kamerman, 1993], and the resolution capability in the angular direction, which describes the
ability of a system to resolve objects on adjacent line-of-sights [Lichti & Jamtsho, 2006].

The resolution capability in distance direction mainly depends on the precision of the rangefinder. The
noisier the range observations, the more complex the separation between two measurements on the same
line-of-sight [Schmitz et al., 2020]. This thesis, however, focuses on the resolution capability in the angular
direction, which mainly depends on the laser spot size D(r) (Eq. 3.16) and the point distance A [Lichti &
Jamtsho, 2006]. TLS are capable of sampling the environment with a very high spatial resolution of less
than 1 mm @ 10 m, e.g., [Leica, 2013; Leica Geosystems, 2017; Zoller 4+ Frohlich, 2018]. The spot size at
the front window Dy in Eq. (3.16) has the size of at least a few millimeters (e.g., Leica ScanStation P20:
2.8 mm [Leica, 2013]; Faro Focus 3D X130: 2.25 mm [Faro, 2015]; Z+F Imager 5016: 3.5 mm [Zoller +
Frohlich, 2018]) and it expands with a longer distance according to Eq. (3.16). The range measurement is
averaged over the whole spot [Lichti et al., 2005]. Thus, if a high scanner resolution is chosen, the laser spots
unavoidably overlap, and neighbored laser spots partially illuminate the same surface (Fig. 3.3). This leads
to the following two effects: neighbored measurements do not provide individual information on the object
as they are correlated [Schmitz et al., 2020], and the object structure is smoothed due to the average over
the whole laser spot [Bitenc et al., 2019]. Hence, if the laser beam hits two objects, as seen in Fig. 3.4, the
measured point lies between both surfaces, and the laser scan cannot represent the sharp edge in the point
cloud, but an S-shaped curve occurs.
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Abbildung 3.3:  Overlapping laser spots on an object's Abbildung 3.4:  Schematically resulting point cloud of
edge. an edge scan.

Even if the point spacing is 1 mm, but the spot size is 1 cm, smaller objects cannot be resolved in the point
cloud. For this reason, it is necessary to distinguish between the resolution de ned by the point distance
and the resolution capability of the scanner. Therefore, a hew methodology is developed in Publication B
[Schmitz et al., 2020] to determine the resolution capability and derive correlations between the points.

3.4 Error Sources of TLS Measurements

The error sources that mitigate the quality of the point cloud are illustrated in Fig. 3.5, namely scanner
misalignments, the scanning geometry in combination with the object, the atmosphere, and the registration
of di erent point clouds [Cosarca et al., 2009; Soudarissanane et al., 2011; Zogg, 2008].

Abbildung 3.5:  Error sources of terrestrial laser scans.

Internal misalignments in the scanner occur due to construction imperfections, a ecting all three observation
types, namely range, horizontal, and vertical angle. In addition, the scanning geometry, the interaction of the
laser beam and object, and the atmosphere in uence the emitted laser beam, which is part of the EDM. For
this reason, the latter-mentioned error sources only in uence the range measurement [Holst & Kuhimann,
2016]. In the following, the di erent error sources are inspected more deeply. Sec. 3.4.1 explains the impact
of internal scanner misalignments, Sec. 3.4.2 recapitulates the scanning geometry and object surface, and
Sec. 3.4.3 addresses the atmospheric e ects.

3.4.1 Scanner Misalignments

A scanner cannot be perfectly constructed. That is why the system always underlies physical scanner misa-
lignments that systematically a ect the observations of the scanner. They are characterized by o sets, tilts,
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and eccentricities in the axis, the EDM unit, or the angular encoders [Muralikrishnan et al., 2015]. Di erent
functional models exist to calibrate these errors for TLS. One common strategy is to base the model on
the most crucial total station errors, namely, range nder o set, collimation, and trunnion axis errors, and
vertical index o set [Abbas et al., 2014; Lichti, 2010], or more complex total station models that consider all
known errors [Holst & Kuhlmann, 2014; Lichti, 2007].

The American National Institute of Standards and Technology (NIST) introduced a functional model that
consists of 18 parameters that describe mechanical misalignments in the scanner [Muralikrishnan et al.,
2016]. Based on these 18 parameters, Medi¢ et al. [2020] established a user-oriented, e cient calibration
eld at Campus Klein-Altendorf (University of Bonn), which will be used in the further course of the
thesis. Furthermore, they reduced the 18 parameters to ten relevant parameters for high-end panoramic-type
scanners [Medi¢ et al., 2017].

Even though many studies put e ort into the calibration of TLS, Medi¢ et al. [2021] demonstrated that not
all calibration parameters are stable with time and temperature. Hence, it cannot be guaranteed that the
calibration parameters calculated in the calibration eld are still valid for the measurements in the eld. One
strategy to tackle this is an in-situ calibration, performed during the measurement in the eld [Medi¢ et al.,
2019]. However, this is still the subject of current research and needs to be solved [Medi¢, 2021].

Fig. 3.6 depicts the in uence of internal scanner misalignments on the point cloud to get an impression of the
magnitude of errors. It compares two scans of a water dam acquired with two di erent instruments, namely
the Leica ScanStation P50 and the Z+F Imager 5016. The colors indicate the M3C2 di erences between the
point clouds. Both scans were acquired within 30 minutes. Hence, the dam did not deform within this time,
but both point clouds show systematic deviations in the interval of 6 mm.

Abbildung 3.6: M3C2 di erences between a scan of the Leica ScanStation P50 and the Z+F Imager 5016 that have
been acquired within a short time from the same station.

After calibrating both scanners according to the description given in Medi¢ et al. [2020], the di erences are
substantially reduced (Fig. 3.7), but systematic e ects are still apparent in the interval of 4 mm.

Abbildung 3.7:  M3C2 di erences between a scan of the Leica ScanStation P50 and the Z+F Imager 5016 that have
been acquired within a short time from the same station. User calibration is applied to both scans.

Strategies to calibrate mechanical misalignments in the scanner exist, but there are still some challenges
to solve to reduce all systematic errors resulting from this error source. Hence, the remaining errors still
a ect the point cloud. As they cannot be considered deterministically, they must be incorporated into the
stochastic model.







































































































































