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Abstract
The monitoring of the Earth’s surface is increasingly driven by dense, point-sampled observations
from techniques such as LiDAR, photogrammetry, multibeam echosounders (MBES), and satellite
radar products like persistent scatterer interferometry (PSI). Despite their different sensing physics,
these techniques typically generate large point clouds whose quality varies spatially and temporally.
These point clouds are difficult to interpret because discrete points do not provide information
about connectivity. These measurements are often non-uniformly distributed and contain data
gaps. They are also contaminated by noise and outliers. Therefore, reliable use requires cleaning,
surface modeling, and quality assessment. However, these steps are often handled separately with
manual intervention and limited uncertainty reporting, which reduces reproducibility and weakens
trust in the resulting products.

This cumulative dissertation presents an end-to-end pipeline for modeling point-sampled surfaces,
from preprocessing to quality assessment. It synthesizes four publications that collectively de-
velop and validate the proposed pipeline, including three peer-reviewed journal articles and one
published conference paper. The pipeline has been designed to be scalable, reproducible, and
uncertainty-aware. The work focuses on 2.5D surfaces, z = f(x, y), balancing geometric suit-
ability for large-scale geospatial products with computational tractability. The pipeline is built
around a single multiresolution surface representation based on the Multilevel B-Spline Approx-
imation (MBA) approach. This approach provides a consistent backbone for outlier detection,
surface approximation, and uncertainty-aware evaluation. The methodologies are tested using PSI
for deformation monitoring applications and MBES data for mapping, navigation, dredging, and
infrastructure monitoring.

The preprocessing stage provides two complementary, surface-based outlier detection methods. One
method uses a Data Adaptive, coarse-to-fine strategy to target sparse, isolated anomalies in large,
heterogeneous deformation point sets, such as those in PSI. For MBES bathymetry, the Iterative
Estimation of Surface Parameters (IESP) framework identifies clustered contamination by com-
bining robust estimation and iterative, distribution-guided trimming until the residual behavior
stabilizes. In the Hannover PSI case study, the Data Adaptive Outlier Detection method shows
high agreement with a published reference filter, achieving a balanced accuracy of 0.95. For Kiel
Canal MBES data, IESP achieves a balanced accuracy of 0.99 and reduces manual cleaning time
from approximately two days to about 30 minutes. The output is a cleaned observation set for
subsequent modeling and assessment. The modeling stage uses MBA as the common surface model
and the geometric backbone of the pipeline. Its hierarchical refinement adds detail stepwise and
remains robust under irregular sampling and data gaps. The quality assessment stage provides
spatially varying uncertainty under two regimes. When observation variances are unknown, non-
parametric bootstrapping yields prediction uncertainty and confidence intervals for MBA-based
surfaces. When system-level error models are available, a forward uncertainty framework is used
to estimate pointwise measurement uncertainty in MBES and propagate it into surface estima-
tion. Simulations with known ground truth demonstrate that uncertainty-aware weighting reduces
model error. For example, it decreases model error (1 σ) from 0.044 m to 0.023 m. The output
consists of uncertainty maps and confidence measures that make the local uncertainty transparent
and facilitate interpretation of the results.

In sum, the dissertation presents a coherent pipeline that connects automated cleaning, MBA-
based surface modeling, and uncertainty-aware quality assessment for point-sampled surfaces. The
dissertation reduces subjectivity in preprocessing, improves the transparency of modeling deci-
sions, and generates surface products with defensible uncertainty information to inform decisions
in deformation monitoring and hydrographic applications.

Keywords: Surface model · Outlier detection · MBES · PSI · Deformation monitoring · Bootstrap
· Uncertainty propagation · Quality assessment





Kurzfassung

Die Überwachung der Erdoberfläche wird zunehmend durch dichte, punktweise abgetastete Beobach-
tungen aus Verfahren wie LiDAR, Photogrammetrie, Mehrstrahl-Echoloten (Multibeam Echosoun-
ders, MBES) sowie satellitengestützten Radarsystemen wie der Persistent-Scatterer-Interferometrie
(PSI) bestimmt. Trotz der Verwendung verschiedener physikalischer Messprinzipien generieren
diese Techniken in der Regel große Punktwolken, deren Qualität in Abhängigkeit von der Zeit und
dem Ort variiert. Die Interpretation dieser Punktwolken gestaltet sich als Herausforderung, da die
einzelnen Punkte keine Informationen über Zusammenhänge liefern. Die vorliegenden Messungen
weisen häufig eine ungleichmäßige Verteilung auf und enthalten Datenlücken. Darüber hinaus sind
die Daten durch Rauschen und Ausreißer verfälscht. Für eine zuverlässige Nutzung sind daher
eine Bereinigung, Oberflächenmodellierung und Qualitätsbewertung erforderlich. Diese Schritte
werden jedoch oft separat mit manuellem Eingriff und unter eingeschränkter Berücksichtigung der
Unsicherheiten durchgeführt. Dies verringert die Reproduzierbarkeit und schwächt das Vertrauen
in die daraus resultierenden Produkte.

In der vorliegenden kumulativen Dissertation wird eine End-to-End-Pipeline zur Modellierung von
punktweise abgetasteten Oberflächen vorgestellt. Diese erstreckt sich von der Vorverarbeitung bis
zur Qualitätsbewertung. Die vorliegende Arbeit fasst vier Publikationen zusammen, die gemeinsam
die vorgeschlagene Pipeline entwickeln und validieren. Darunter befinden sich drei begutachtete
Zeitschriftenartikel und ein veröffentlichter Konferenzbeitrag. Die Pipeline ist auf Skalierbarkeit,
Reproduzierbarkeit und den expliziten Umgang mit Unsicherheiten ausgelegt. Der Fokus der Arbeit
liegt auf 2,5D-Oberflächen, z = f(x, y), und es wird ein Ausgleich zwischen geometrischer Eignung
für großräumige Geodatenprodukte und rechnerischer Effizienz geschaffen. Die Pipeline basiert auf
einer multiresolutionellen Oberflächendarstellung, die auf dem Multilevel-B-Spline-Approximation-
Ansatz (MBA) basiert. Dieser Ansatz bietet eine konsistente Grundlage für die Erkennung von
Ausreißern, die Oberflächenapproximation und die Bewertung von Unsicherheiten. Die Methoden
werden unter Verwendung von PSI für Deformationsüberwachungen und von MBES-Daten für
Kartierung, Navigation, Baggerarbeiten und Infrastrukturüberwachung getestet.

Die Vorverarbeitungsphase umfasst zwei sich ergänzende, oberflächenbasierte Methoden zur Erken-
nung von Ausreißern. Eine Methode bedient sich hierbei einer datenadaptiven Grob-zu-Fein-
Strategie, um isolierte Anomalien in großen, heterogenen Deformationsdatensätzen, wie sie beispiel-
sweise in PSI auftreten, zu identifizieren. Für die MBES-Bathymetrie identifiziert das Iterative
Estimation of Surface Parameters (IESP)-Verfahren gruppierte Ausreißerkontaminationen, indem
es robuste Schätzungen und iteratives, verteilungsgesteuertes Trimmen kombiniert, bis sich das
Restverhalten stabilisiert. In der PSI-Fallstudie Hannover zeigt die datenadaptive Ausreißererken-
nung eine hohe Übereinstimmung mit einem veröffentlichten Referenzfilter und erreicht eine Bal-
anced Accuracy von 0,95. Für MBES-Daten aus dem Nord-Ostsee-Kanal erzielt IESP eine Balanced
Accuracy von 0,99 und reduziert die manuelle Bereinigungszeit von etwa zwei Tagen auf rund 30
Minuten. Das Ergebnis sind bereinigte Beobachtungsdaten für die nachfolgende Modellierung und
Bewertung. In der Modellierungsphase wird MBA als gemeinsames Oberflächenmodell und ge-
ometrisches Fundament der Pipeline verwendet. Die hierarchische Verfeinerung fügt schrittweise
Details hinzu und bleibt auch bei unregelmäßiger Abtastung und Datenlücken robust. Die Quali-
tätsbewertungsphase generiert räumlich variierende Unsicherheiten unter zwei Bedingungen. Unter
der Annahme, dass die Beobachtungsvarianzen unbekannt sind, generiert das nichtparametrische
Bootstrapping Vorhersageunsicherheiten und Konfidenzintervalle für MBA-basierte Oberflächen.
Liegen hingegen systemseitige Unsicherheitsmodelle vor, wird ein Vorwärtsansatz verwendet, um
punktweise Messunsicherheiten in MBES zu schätzen und in die Oberflächenschätzung zu integrie-
ren. Simulationen mit bekanntem Ground Truth zeigen, dass eine unsicherheitsbewusste Gewich-
tung den Modellfehler reduziert. So wurde beispielsweise der Modellfehler (1 σ) von 0,044 m auf
0,023 m reduziert. Das Resultat manifestiert sich in Form von Unsicherheitskarten und Konfidenz-



iv

maßen, welche die lokale Unsicherheit transparent machen und die Interpretation der Ergebnisse
erleichtern.

Die vorliegende Dissertation präsentiert eine kohärente Pipeline, die automatisierte Bereinigung,
MBA-basierte Oberflächenmodellierung und unsicherheitsbewusste Qualitätsbewertung für punkt-
weise abgetastete Oberflächen miteinander verbindet. Die vorliegende Arbeit reduziert die Sub-
jektivität in der Vorverarbeitung, verbessert die Transparenz von Modellierungsentscheidungen
und generiert Oberflächenprodukte mit belastbaren Unsicherheitsinformationen. Dadurch können
Entscheidungen in der Deformationsüberwachung und in hydrografischen Anwendungen signifikant
unterstützt werden.

Schlagwörter: Oberflächenmodell · Ausreißererkennung · MBES · PSI · Deformationsmonitoring
· Bootstrap · Unsicherheitsfortpflanzung · Qualitätsbewertung
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1 Introduction

1.1 Motivation

Earth surface observation today is possible through a wide range of acquisition technologies,
from basic sensors to advanced systems such as airborne Light Detection and Ranging (LiDAR),
Synthetic Aperture Radar (SAR) satellites, photogrammetry, mobile mapping platforms, and hy-
droacoustic sensors. These systems employ both active and passive measurement methods, span-
ning electromagnetic and acoustic domains, and operate from land, air, and space. They enable the
efficient collection of large and complex geospatial datasets (Patane, 2016). Such data are essential
for producing Digital Elevation Models (DEMs) and Digital Bathymetric Models (DBMs), updat-
ing reference frames, monitoring surface deformation and subsidence, and supporting safety-critical
applications such as navigation and charting.

All of these measurement techniques produce different data products that can be represented as
discrete, spatially referenced point samples. The discrete point cloud (PC) does not provide in-
formation about the connectivity between points. Understanding the underlying patterns in the
data is therefore crucial. This not only improves the visibility and interpretation of datasets from
different perspectives but also provides the means to track changes in the Earth’s surface more
effectively. However, the measurements are often non-uniformly distributed, contain large data
gaps, and are contaminated by noise and outliers. Beyond the necessary step of data cleaning, it is
essential to mathematically model the data to obtain a continuous surface. Such a representation
allows estimation at any position and prediction in areas with few observations, helping to overcome
these challenges and enabling unique and consistent modeling of the area of interest.

In all cases, the reliability of the resulting models is critical. If errors are ignored or quality
is inadequately handled, the consequences can extend to infrastructure risks, poor environmen-
tal monitoring, or unsafe navigational information. At the same time, data volumes are growing
rapidly while processing capacity has not kept pace. For example, LiDAR acquisition speeds have
increased by two orders of magnitude, reaching over one million points per second within only
four years (Patane, 2016). At this scale, modeling and processing become bottlenecks, leaving
many large datasets underused. Furthermore, PCs from different sources vary in density, cover-
age, measurement precision, and noise characteristics. These variations make it essential to apply
standardized, quality-assured, and consistent processing strategies to ensure reliable and usable
models.

To illustrate the implications of these challenges, two contexts of high public relevance are con-
sidered. The first concerns inland waterways, where safe and efficient navigation requires reliable
bathymetric surfaces, for example DBMs. The second addresses land areas, where ground move-
ment threatens infrastructure and undermines the stability of geodetic reference frames.

Europe operates approximately 41,000 kilometers of inland waterways across 25 member countries
and transports around 150 billion tonne-kilometers of cargo annually (European Commission, 2021).
The European Union aims to increase this share by 25 % by 2030 and 50 % by 2050 (Niu et al.,
2024; European Commission, 2021). Achieving these targets requires efficient, reliable, and safe
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navigation, which in turn depends on accurate and up-to-date DBMs of the fairway and surrounding
areas (European Commission, 2025). Yet, climate variability and data inconsistency continue to
threaten the reliability of these models (Ebner von Eschenbach et al., 2022). As a result, public
authorities now emphasize quality assurance and the modernization of digital services as essential
components of inland waterway management (Niu et al., 2024; European Commission, 2025; Artz
et al., 2021). At the national level, Germany illustrates the stakes. Its federal waterways offer about
10,000 km for commercial and recreational use (BMDV, 2024). Freight transport performance is
projected to grow by about 38 % from 2010 to 2030 (BMDV, 2016). The Federal Transport
Infrastructure Plan 2030 allocates about 269.6 billion euros, of which about 69 % is designated
for maintenance and 9.1 % for federal waterways (BMDV, 2016). Authorities warn that using
outdated or deficient charts, paper or electronic, may be considered gross negligence by investigative
bodies, with consequences for licensing and insurance (BMDV, 2024). Operating at this scale,
and meeting these expectations, requires timely, reliable, and automated production of DBMs with
defensible uncertainty, so navigational information remains current and risk is controlled (European
Commission, 2025).

This demand for accurate geospatial information also applies on land, where ground movement
poses persistent risks. Such movement can result from subsidence, uplift, landslides, groundwater
extraction, construction, or mining activity. Even subtle shifts, on the order of millimeters per year,
can damage infrastructure, disrupt utilities, or alter surface drainage, as shown in studies from
urban areas and river deltas worldwide (Poland, 1984; Barends et al., 1995; Strozzi et al., 2001).
In Germany, regions such as Saarland have experienced significant subsidence linked to historical
hard coal mining (Spreckels, 2023). Systematic analyses have also shown that about 30 % of Lower
Saxony exhibits ground movement (Jahn et al., 2011). These changes also compromise the national
geodetic reference frame. Fixed points drift, coordinate systems age, and undetected displacement
introduces error into public services and geospatial applications. Maintaining a stable and current
reference system requires regular monitoring and demand-driven updates (Brockmeyer, 2024a).
While traditional surveying methods such as leveling, Global Navigation Satellite System (GNSS),
and total stations offer high precision, they are limited in spatial coverage and costly to repeat
at scale (Li et al., 2015; Shamshiri et al., 2014; Harmening & Neuner, 2020). To address this,
satellite-based methods such as Interferometric Synthetic Aperture Radar (InSAR), particularly
Persistent Scatterer Interferometry (PSI), now offer dense, area-wide coverage with millimeter-
level sensitivity. This enables more frequent updates of DEMs (Strozzi et al., 2001). In Germany,
the Federal Institute for Geosciences and Natural Resources (BGR) provides PSI-based motion
products nationwide through the Bodenbewegungsdienst service (Kalia et al., 2017, 2021; BGR,
2025). Despite their potential, these datasets still contain noise and outliers, and transforming
them into reliable DEMs requires robust, automated quality control procedures.

Achieving a continuous representation from a PC is a complex task, both computationally and
mathematically. A practical processing strategy can be structured in three stages. The first stage
is preprocessing and data cleaning, which removes outliers and reduces noise. The second stage
is surface modeling, which transforms the point samples into a continuous representation suitable
for downstream use. The third stage is quality assessment, which quantifies uncertainty, validates
results against independent data, and documents the model’s fitness for use.

Preprocessing is the first step, and it is critical to ensure clean and reliable input data. PCs
often include noise, outliers, and artifacts caused by environmental conditions, sensor performance,
or the measurement process. This stage is often the most labor-intensive, especially in domains
like hydrography, where analysts must distinguish outliers from real seafloor features that may
represent navigational hazards. Although such errors account for less than 1 % of the data (Debese,
2007), some resemble real features and must be carefully reviewed to avoid misclassification, as
they can distort models and degrade quality. The International Hydrographic Organization (IHO)
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recommends documented automated tools, yet it still requires extensive manual inspection by
trained experts. As a result, hydrographic data cleaning remains costly, subjective, and slow.

After preprocessing, point samples must be transformed into a continuous surface. Generally, a
DEM represents the bare-earth in digital form by defining a function f that describes the terrain.
In practice, DEMs are usually restricted to a 2.5D formulation, z = f(x, y), which assigns a single
height value to each two-dimensional location. Fully 3D surfaces, capable of modeling features
such as overhangs and bridges, are rare and typically used only for small areas (Vosselman & Maas,
2010). During modeling, the characteristics of the data must be considered. Sampled points are
typically distributed irregularly, with non-uniform density across the domain. Obstacles, sensor
geometry, and acquisition failures often result in coverage gaps. Many workflows rely on fixed
representations, such as raster grids or triangulated meshes. However, these formats constrain
the handling of irregular sampling and heterogeneous sources. Raster-based methods require a
fixed grid, and selecting an appropriate cell size involves trade-offs between resolution, storage, and
sensitivity to noise. Grids can also blur sharp features and introduce edge effects. A continuous
surface model offers a more coherent and flexible representation of the underlying field (Patane,
2016). B-spline surface models address many of these issues while also reducing data size. They
compactly represent smooth surfaces using a limited number of control points or basis function
coefficients instead of storing all raw samples. This reduces storage demands and typically improves
processing and visualization speed. For example, this is particularly useful for high-density Multi-
Beam Echo Sounder (MBES) data (Skytt et al., 2017). In addition, hierarchical and locally refined
spline frameworks support efficient surface storage by reducing the effective data dimension while
preserving accuracy. When used as the final representation, B-spline surfaces are more compact
than raw PCs or dense rasters, which accelerates downstream computation and rendering (Patane,
2016).

A continuous surface model provides a single, reproducible representation of the underlying field.
In practice, however, it does not capture variability introduced by acquisition or sampling design.
Many workflows address this limitation using multiple realizations of the same phenomenon, each
expressing different levels of uncertainty. This concept is common in spatial modeling when inputs
are heterogeneous or when occlusions and data gaps are present (Viard et al., 2011). This leads
to the third stage: quality assessment and uncertainty determination. Uncertainty in spatial data
has several sources. It may arise from limited accuracy or precision, inconsistent or incomplete
coverage, or the limitations of the sensor and method. Sampling density and the spatial resolution
of observations also play a key role. Sparse sampling relative to surface complexity increases uncer-
tainty. These aspects can be quantified statistically, through confidence intervals (CIs), absolute
error measures, or bounded value ranges (Patane, 2016). Quantifying uncertainty is necessary to
reveal how much confidence can be placed in different parts of the model. The result is a set of
uncertainty bounds and reliability maps. Thresholds for change detection can be adjusted accord-
ingly, high-uncertainty areas can be prioritized for re-survey, and CIs can be reported alongside
derived products. Uncertainty statements should accompany every surface model so that end users
can judge fitness for use (Patane, 2016; Wackernagel, 2003).

This dissertation addresses the current lack of reproducible, uncertainty-aware processing strate-
gies for heterogeneous PCs. Existing workflows often treat preprocessing, modeling, and quality
control as separate, manual, or application-specific steps. This fragmentation limits comparability,
increases subjectivity, and weakens trust in downstream decisions. The proposed pipeline inte-
grates automated preprocessing, surface-based modeling, and quality assessment into a coherent
and scalable framework. The pipeline is modular, and each stage can in principle be replaced by
alternative methods, provided that the stage assumptions and required outputs remain consistent.
The methodology is applied and tested for high-impact domains such as MBES and PSI, where data
heterogeneity, irregular sampling, and uncertainty propagation pose practical challenges. These
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methods are designed to be generalizable to other geospatial datasets and support the growing
need for defensible geospatial products in safety-critical and operational contexts. Although the
methods are demonstrated for PSI and MBES, they are designed around generic properties of point-
sampled surfaces, irregular sampling, data gaps, and spatially varying measurement quality. Under
the same 2.5D surface assumption, this design is intended to be transferable to other elevation-type
PCs such as airborne LiDAR or photogrammetric surface models, but this transfer is not validated
within the scope of this dissertation. Efficiency was treated as a design constraint throughout, both
in algorithmic structure and in reducing manual intervention. Apart from the runtimes reported
for specific case studies, this dissertation does not provide a dedicated runtime benchmark across
all stages and datasets. This work is timely. Geospatial data collection has outpaced our ability
to process and use it efficiently. Valuable information remains locked in raw PCs because current
tools are not scalable, reproducible, or quality-aware. This pipeline helps unlock that value. It
enables more reliable use of existing data, reduces processing effort, and supports applications that
depend on trustworthy, uncertainty-informed models. Against this background, there is a need for
a coherent, scalable processing pipeline for point-sampled surfaces.

1.2 Objectives and Research Questions

The thesis pursues the following overarching objective and related research questions. Although
many individual methods exist for tasks such as outlier detection, surface modeling, and uncertainty
analysis, these are typically treated as isolated steps and are often tailored to specific data types
or use cases. As a result, there remains no unified approach that systematically integrates all
stages of the modeling process. The overarching objective of this thesis is to develop an
end-to-end processing pipeline for surface-based geospatial data that harmonizes and
automates preprocessing, surface approximation, and quality assessment in a flexible
and scalable framework.

To reach this objective, three interdependent sub-goals are pursued. The first addresses the critical
challenge of outlier detection, which is particularly relevant for large-scale, noisy PC data acquired
under operational conditions. Despite broad and ongoing research and investigation on this topic
(see Section 2.1), many existing approaches rely on strong assumptions, require expert-defined
thresholds, or are unsuitable for datasets where the underlying geometry is unknown. Moreover, in
applications such as MBES surveys, outliers may appear in different forms, including both isolated
and clustered patterns. Fig. 1.1 illustrates these types. Both isolated and clustered outliers can
bias model fitting if left untreated; however, isolated outliers are typically easier to detect and re-
move, whereas clustered outliers are more challenging and complicate automatic detection. Manual
inspection is impractical due to the data volume and the ambiguity at local scales, necessitating
the need for automated, data-driven approaches. This challenge motivates the first sub-goal of the
thesis:

RQ 1) Design and validate an automatic preprocessing strategy to detect isolated and
clustered outliers in heterogeneous PCs without ground truth labels.

After preprocessing, the next step is to approximate the cleaned PC with a continuous surface
representation. A suitable surface model is required to transform irregular and discrete samples into
a mathematically defined form that preserves the essential characteristics of the observed geometry.
B-spline surfaces are well suited to this task: they allow complex geometries to be approximated
flexibly, store information compactly in the form of control points, and support efficient storage,
exchange, and visualization.
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Figure 1.1: Examples of outlier types: isolated points and spatially coherent clusters.

Applying B-spline surfaces to geospatial PCs such as those obtained from MBES or PSI is, how-
ever, far from straightforward. While many B-spline formulations are effective for structured or
dense datasets, they cannot be directly applied to the heterogeneous and irregular data typical
in geospatial applications. When dealing with large volumes, uneven sampling, and data gaps,
the approximation process becomes computationally demanding. Estimating B-spline parameters
requires forming and inverting design matrices composed of basis function evaluations. For very
large datasets, this inversion is costly, and in the presence of data gaps, the design matrix may
lose rank, making a pure Least Squares (LS) solution infeasible. Regularization strategies are often
needed to stabilize the system (Nowacki et al., 1998). Moreover, non-uniform point densities can
reduce approximation quality or introduce numerical instabilities, further limiting the robustness
of many conventional B-spline approaches (Bracco et al., 2018).

To address these challenges, this thesis employs the Multilevel B-spline Approximation (MBA)
approach introduced by Lee et al. (1997). Alternative surface modeling strategies exist, and the
rationale for selecting MBA is discussed in Section 2.2. By incrementally refining the approximation
across multiple levels, MBA achieves computational efficiency while remaining robust to irregular
sampling and data gaps. The method produces a 2.5D B-spline surface, which is also the focus
of this dissertation. Here, MBA is applied not only for surface approximation but also as the
underlying representation for outlier detection and uncertainty modeling, thereby establishing a
unifying element across the pipeline. These considerations define the second sub-goal of the thesis,
namely assessing the suitability of MBA for irregular spatial PCs:

RQ 2) Evaluate MBA for representing large, irregular, and noisy spatial PCs, and
assessment of its suitability as a common surface model within the processing pipeline.

The third challenge of the pipeline concerns the determination of model quality. Any surface
approximation remains incomplete without an assessment of its uncertainty, which reflects both the
reliability of the observations and the adequacy of the model (Viard et al., 2011). In general, there
are several approaches to quantify uncertainty. When information on observation quality, such
as standard deviations, is available, uncertainty can be propagated through the approximation
process to obtain prediction uncertainties. If ground truth data are available, model outputs
can be compared directly against reference values. Alternatively, cross-validation techniques may
be applied, in which part of the dataset is withheld during modeling and later used to evaluate
predictive uncertainty. Leave-one-out cross-validation enables direct comparison of residuals with
predicted standard deviations to assess model adequacy and bias (Wackernagel, 2003).
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In the context of MBA, however, the situation is more complex. Even if observation variances are
available, error propagation is not reliable because the hierarchical refinement levels are strongly
correlated. These correlations are difficult to incorporate in a closed-form adjustment, and the
resulting estimates tend to be overly optimistic (Mohammadivojdan et al., 2021). Furthermore, in
many practical geospatial applications, ground truth is not accessible. To overcome these limita-
tions, this thesis employs a nonparametric bootstrap approach (Efron, 1981; Efron & Tibshirani,
1994). Bootstrapping provides a realistic method for quantifying the effects of sampling and model
complexity on the resulting surface. It yields an empirical estimate of prediction uncertainty with-
out relying on variance assumptions or ground truth data.

For MBES datasets, the difficulty lies in the lack of reliable per-point uncertainty information.
To address this, a forward uncertainty model of a specific MBES system is developed based on
prediction models proposed by Hare (1995). This model propagates uncertainties from the indi-
vidual measurement elements through the full processing chain to derive the Total Propagated
Uncertainty (TPU). The forward modeling can be applied both to real surveys and to simulated
environments with known ground truth. The simulation framework enables testing of how measure-
ment uncertainty affects surface modeling and assessment of whether incorporating this information
can improve both the modeling process and the final uncertainty estimates.

RQ 3) Quantifying uncertainty of the MBA surface model under two regimes: (a)
when observation variances are unknown (b) when system uncertainty models are
available.

These research questions are addressed through studies using real PSI and MBES datasets as well
as simulated data. This dissertation is written in a cumulative format and consists of three peer-
reviewed journal articles (Publications A, B, and C) and one conference paper without peer-review
(Publication D). These publications are integrated and contextualized within this overarching text,
which establishes their relevance to the overall research pipeline. Fig. 1.2 provides an overview of
the relationship between the research questions and the respective publications. The contributions
related to RQ 1, which focuses on outlier detection and preprocessing, are discussed in Section 3.1.1.
This section draws primarily on the findings from Publications A and B. The contributions address-
ing RQ 2, which concerns the development of robust surface modeling approaches, are presented in
Section 3.2. This part integrates insights from Publications A, B, C, and D. Finally, Section 3.3 de-
tails the results and methods developed in relation to RQ 3, which focuses on uncertainty modeling
and quality assessment. Publications A and C contribute partially to this part.

Figure 1.2: Overview of original publications on the cumulative dissertation.



1 Introduction 7

1.3 Overview of Original Publications

These objectives are addressed through methodological contributions and investigations on a pipeline
for modeling point-sampled surfaces from preprocessing to quality assessment. The relevant pub-
lications of the author are listed in Chapter 6. They were published in peer-reviewed outlets and
presented at scientific conferences and workshops, with one additional non-peer-reviewed contribu-
tion. Fig. 1.2 illustrates how these publications relate to the research questions. This dissertation
draws on three peer-reviewed journal publications (Publications A (Mohammadivojdan et al., 2021),
B (Mohammadivojdan et al., 2024), and C (Mohammadivojdan et al., 2025)) and one non-peer-
reviewed publication (Publication D (Mohammadivojdan et al., 2020)).

• Publication A:
Mohammadivojdan, B.; Brockmeyer, M.; Jahn, C.-H.; Neumann, I.; Alkhatib, H. (2021):
Regional Ground Movement Detection by Analysis and Modeling PSI Observations. In:
Remote Sensing, 13(12), 2246. https://doi.org/10.3390/rs13122246, licensed under CC
BY 4.0, https://creativecommons.org/licenses/by/4.0

• Publication B:
Mohammadivojdan, B.; Lorenz, F.; Artz, T.; Weiß, R.; Hake, F.; Alkhatib, Y.; Neu-
mann, I.; Alkhatib, H. (2024): Robust algorithm for automatic surface-based outlier de-
tection in MBES point clouds. In: Marine Geodesy, 48(2), 141–172. https://doi.org/
10.1080/01490419.2024.2408684, licensed under CC BY 4.0, https://creativecommons.
org/licenses/by/4.0

• Publication C:
Mohammadivojdan, B.; Hake, F.; Lorenz, F.; Bollert, J.-O.; Weiss, R.; Artz, T.; Neumann,
I.; Alkhatib, H. (2025): Enhancing digital bathymetric models by advanced measurement
uncertainty analysis. In: The International Hydrographic Review, 31(1), 28–50. https:
//doi.org/10.58440/ihr-31-1-a09

• Publication D:
Mohammadivojdan, B.; Alkhatib, H.; Brockmeyer, M.; Jahn, C.-H.; Neumann, I. (2020):
Surface Based Modelling of Ground Motion Areas in Lower Saxony. Hannover: Institu-
tionelles Repositorium der Leibniz Universität Hannover, 2020, pp. 107–122. https://doi.
org/10.15488/9344, licensed under CC BY 3.0, https://creativecommons.org/licenses/
by/3.0

In the following, the contributions of the individual authors to Publications A–D are presented in
detail:

Publication A

• Main author (B. Mohammadivojdan): Conceptualization and design of the study, ex-
ecution of the experiments, data analysis, writing of the manuscript, and correspondence
during the review process.

• M. Brockmeyer: Support in developing and implementing the comparison methodology
and in data visualization.

• C.-H. Jahn: Review and revision of the manuscript.
• I. Neumann: Methodological advice and technical expertise, review and revision of the

manuscript.
• H. Alkhatib: Methodological advice and technical expertise, review and revision of the

manuscript.

https://doi.org/10.3390/rs13122246
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1080/01490419.2024.2408684
https://doi.org/10.1080/01490419.2024.2408684
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.58440/ihr-31-1-a09
https://doi.org/10.58440/ihr-31-1-a09
https://doi.org/10.15488/9344
https://doi.org/10.15488/9344
https://creativecommons.org/licenses/by/3.0
https://creativecommons.org/licenses/by/3.0
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Publication B

• Main author (B. Mohammadivojdan): Conceptualization and design of the study, ex-
ecution of the experiments, data analysis, writing of the manuscript, and correspondence
during the review process.

• F. Lorenz: Support in preparing the labeled data, reviewing and revising the manuscript.
• T. Artz: Review and revision of the manuscript.
• R. Weiß: Review and revision of the manuscript.
• F. Hake: Review and revision of the manuscript.
• Y. Alkhatib: Support in conducting the comparative study of methods.
• I. Neumann: Review and revision of the manuscript.
• H. Alkhatib: Methodological advice and technical expertise, review and revision of the

manuscript.

Publication C

• Main author (B. Mohammadivojdan): Conceptualization and design of the study, ex-
ecution of the experiments, data analysis, writing of the manuscript, and correspondence
during the review process.

• F. Hake: Support in conducting the simulation experiments.
• F. Lorenz: Review and revision of the manuscript.
• J.-O. Bollert: Support in conducting the simulation experiments.
• R. Weiss: Review and revision of the manuscript.
• T. Artz: Review and revision of the manuscript.
• I. Neumann: Review and revision of the manuscript.
• H. Alkhatib: Methodological advice and technical expertise, review and revision of the

manuscript.

Publication D

• Main author (B. Mohammadivojdan): Conceptualization and design of the study, ex-
ecution of the experiments, data analysis, writing of the manuscript, and correspondence
during the review process.

• H. Alkhatib: Methodological advice and technical expertise, review and revision of the
manuscript.

• M. Brockmeyer: Support in developing and implementing the comparison methodology.
• C.-H. Jahn: Review and revision of the manuscript.
• I. Neumann: Methodological advice and technical expertise, review and revision of the

manuscript.

Together, Publications A to D cover the main stages of the proposed pipeline, from preprocessing
and surface modeling to uncertainty analysis and quality assessment. In Chapter 3, the four
publications are summarized, their main contributions are highlighted, and their roles within the
overall pipeline are discussed. For all four publications, the methods are implemented and evaluated
on PSI and MBES datasets, which are introduced in the following section.

1.4 Datasets and Use Cases

This section introduces the primary PSI and MBES datasets used in the cumulative research, which
provide the empirical foundation for developing, testing, and validating the proposed techniques.
The work focuses on two main data types: PSI and MBES bathymetric data. Each of these
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environments represents a distinct measurement context: land surface deformation and underwater
topography. However, both are processed and modeled within a unified pipeline designed for point-
sampled surfaces.

A PC is a collection of spatially distributed points, typically in 3D space, that represent samples
of a physical surface or object. A key distinction in this context lies between 2.5D and 3D PCs.
A dataset is referred to as 2.5D if it can be described as a height field, meaning that for each
horizontal location (x, y), there exists at most one corresponding elevation value z = f(x, y), where
f is a function mapping a 2D location to height (Vosselman & Maas, 2010). This representation
is typical for data acquired from nadir-looking sensors and applies to most DEMs and DBMs. In
contrast, 3D PCs may contain multiple points for a given (x, y) location, capturing features such
as overhangs, vertical structures, and complex surface geometries.

In the context of this work, the PSI datasets are best classified as 2.5D, as they represent surface
displacements over time using sparse, single-valued vertical measurements. The MBES datasets,
while predominantly treated as 2.5D for modeling purposes, originate from full 3D sonar mea-
surements and may locally deviate from the height field assumption due to steep slopes, vertical
structures, or overlapping swaths in complex bathymetric areas.

1.4.1 PSI Data

1.4.1.1 PSI Measurement Principles

To understand the nature of PSI data, it is necessary to trace the development of the underlying
techniques, beginning with radar. Radar, short for radio detection and ranging, refers both to the
technique and the instrument. It emits electromagnetic pulses in the radio or microwave domain
and records the echoes from objects in its line of sight. From the two-way travel time, the range
to the target can be determined, while the intensity of the returned signal provides information
on properties such as size or surface roughness. Radar can operate in a monostatic configuration,
where a single antenna is used for both transmitting and receiving, or in a bistatic configuration
with separate antennas for transmission and reception (Skolnik, 1962; Hanssen, 2001; Moreira et al.,
2013). A major advance came with imaging radar, particularly Side-Looking Airborne Radar
(SLAR) and later SAR. The side-looking geometry allowed continuous mapping of the Earth’s
surface without the ambiguities that would arise from nadir-looking systems. Early instruments
were incoherent and relied on long physical antennas, known as Real Aperture Radar (RAR), which
limited azimuth resolution. The decisive step was the introduction of coherent radar, in which not
only the amplitude but also the phase of the signal is preserved. This enabled the principle of
synthetic aperture processing, where the motion of the platform is exploited to synthetically create
a much larger antenna, combining multiple echoes coherently. First proposed by Wiley (1965)
and further developed in subsequent decades (Curlander & McDonough, 1991), this innovation
improved azimuth resolution by several orders of magnitude and enabled high-resolution radar
imaging from aircraft and satellites. Spaceborne radar missions began with Seasat in 1978, which,
despite operating for only 100 days, demonstrated the remarkable capabilities of SAR for Earth
observation (Elachi et al., 1982; Henderson & Lewis, 1998). The success of Seasat was followed by
the Shuttle Imaging Radar (SIR) missions in the 1980s, which further advanced digital recording
and system design. In a SAR acquisition, the basic imaging geometry is such that SAR sensor
mounted on a satellite illuminates the Earth’s surface with side-looking radar pulses. This covers
a swath extending from near to far range in the range direction and from early to late acquisition
times in the azimuth direction. Each pulse footprint contributes to the synthetic aperture, enabling
high-resolution imaging in the azimuth direction. When two or more co-registered SAR acquisitions
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of the same area are combined, the phase difference can be evaluated interferometrically. This is the
basis of InSAR and explains how repeated acquisitions can be used to estimate surface deformation
(Hanssen, 2001).

PSI extends the principles of InSAR by targeting coherent radar reflections that remain stable across
long observation periods. These Persistent Scatterers (PSs), often buildings, infrastructure, or
exposed rocks, enable the derivation of deformation histories at millimeter precision. By assembling
time series of phase observations from large image stacks, PSI provides both deformation velocities
and temporal evolution of motion at individual PS locations (Crosetto et al., 2016). The method
is inherently opportunistic: deformation can only be estimated where suitable scatterers exist.
PSs are typically sparse in vegetated, snow-covered, or steep areas, while urban environments and
exposed rock surfaces yield dense coverage. Surface changes such as construction, repaving, or
temporary snow can lead to the partial or complete loss of PS (Crosetto et al., 2016). The primary
PSI product is the deformation time series, which offers insight into the kinematics of surface
processes, including phases of quiescence, activation, or acceleration (Crosetto et al., 2016). These
time series are fundamental for linking observed motion to potential driving factors. However,
since they contain one deformation estimate per SAR acquisition, they are highly susceptible to
phase noise and should be interpreted with care. A further limitation is that PSI measures only
the displacement component in the radar Line-of-Sight (LOS). A generic 3D deformation cannot
be fully reconstructed from a single dataset. When both ascending and descending satellite tracks
are available, vertical and east–west horizontal components can be derived, while the north–south
component remains largely inaccessible (Ferretti et al., 2007).

1.4.1.2 PSI Data of Hengstlage

The Hengstlage region in Lower Saxony has been affected by long-term ground motion due to
underground resource extraction and the operation of cavern storage facilities for hydrocarbons and
CO2 (Jahn et al., 2011). These conditions have led to measurable deformation patterns that require
regular geodetic monitoring and motivate updates to the spatial reference system. To assess surface
motion in this area, a combination of geodetic datasets was analyzed. These include vertical and
horizontal velocities from official geodetic benchmarks—amtlichen Festpunktinformationssystem
(AFIS), GNSS time series from the SAPOS® reference stations, leveling data (1988–2008, 106
benchmarks), and PSI observations (2003–2010, 5962 scatterers after preprocessing). Horizontal
velocities were derived from 115 points spanning 1968–2010 (Brockmeyer, 2019). PSI velocities
were retrieved from differential InSAR techniques and supplement sparse leveling and GNSS data
by providing dense spatial coverage, especially in urban and peripheral regions. All velocity data
were assumed uncorrelated. The variance of leveling-derived vertical and horizontal components is
given by:

σ2 = 2 1
α2

t

σ2
0 (1.1)

where σ0 = 3 mm and αt is the temporal baseline between measurements (Brockmeyer, 2019). The
variance of PSI velocities includes an additional term to reflect point instability:

σ2 = 2 1
α2

t

σ2
0 + ∆2

P SI (1.2)

with ∆P SI = 2 mm representing the assumed uncertainty due to temporal decorrelation and pro-
cessing noise. The maximum vertical deformation observed from leveling reached −9.9 mm/year
in the center of the subsiding zone. PSI and leveling data show consistent trends (Fig. 1.3a), while
horizontal motions derived from SAPOS® and GNSS post-processing reveal systematic displace-
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ments (Fig. 1.3b). These datasets are further used for surface-based modeling and validation of
deformation representation methods in Publication D.

(a) Height component

(b) Horizontal component

Figure 1.3: (a) PSI and leveling data (red bars), (b) Data from AFIS (red) and SAPOS® (blue) in
Hengstlage (Brockmeyer (2019); Publication D).

1.4.1.3 PSI Data of Hannover

The second PSI datasets used in this dissertation are based on SAR acquisitions from the Sentinel-1
mission, part of the European Space Agency’s Copernicus Earth observation program (European
Space Agency, 2020). The twin satellites Sentinel-1A (launched in April 2014) and Sentinel-1B


