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ABSTRACT

Interferometric Synthetic Aperture Radar (InSAR) has become an
essential remote sensing tool for retrieving glacier surface elevation
and forest parameters, both of which are recognized as Essential
Climate Variables (ECVs) by the Global Climate Observing System
(GCOS). Its all-weather, day-and-night capability and global cover-
age make it particularly valuable for long-term Earth observation.
The retrieval of geo- and biophysical parameters from InSAR tradi-
tionally relies on electromagnetic scattering models that describe
how radar waves interact with Earth’s surfaces and targets, such as
the Random Volume over Ground (RVoG) model for forests and
the Uniform Volume model for glacier penetration. While physics-
based models offer valuable, domain-consistent interpretations,
their dependence on simplified assumptions can limit accuracy
and introduce systematic biases, especially when dealing with un-
derdetermined or ill-posed inverse problems. In contrast, machine
learning (ML) approaches excel at modeling empirical relation-
ships in multi-dimensional feature spaces but suffer from poor
generalization and limited physical interpretability. This cumu-
lative thesis introduces hybrid Al-physical modeling frameworks
that leverage both the domain knowledge of physical models and
the adaptability of machine learning to enhance TanDEM-X InSAR
parameter retrieval in forest and glacier environments.

Hybrid modeling—also known as semi-parametric model-
ing—merges physically interpretable models with data-driven
components to capture complex, nonlinear relationships. This
approach has improved extrapolation capabilities and enhanced in-
terpretability, at least since the early 1990s, across various scientific
domains. This thesis extends the hybrid modeling paradigm to
InSAR-based parameter retrieval, embedding domain knowledge
into the learning process to enable more accurate and physically
consistent estimates. The proposed frameworks overcome the
limitations of purely physical or machine learning models while
maintaining interpretability and generalizability.
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The research comprises three interconnected studies that pro-
gressively develop and validate the hybrid modeling approach. The
first study introduces a foundational framework for forest height
estimation using single-baseline, single-polarization TanDEM-X
interferometric coherence. A multilayer perceptron (MLP) pre-
dicts the coefficients of a vertical reflectivity profile—parameter-
ized by Legendre polynomials—from InSAR measurements and
topographic descriptors, which subsequently drive a physical inver-
sion model. Validation across tropical forest sites demonstrates the
method’s ability to generalize across diverse acquisition geometries
while maintaining physical consistency.

The second study builds upon the framework and integrates
Landsat multi-spectral features into the feature input space to assess
the improved performance of multi-modality. Beyond physically
interpretable variables, the hybrid model allows for accounting
for subtle variations in forest structure that INSAR data alone do
not resolve. In this case, incorporating optical data improves the
forest height estimates, with quantitative evaluations showing a
reduction in Root Mean Square Error (RMSE) by 13.5% and Mean
Absolute Error (MAE) by 16.6% compared to the hybrid model
using InSAR features alone.

The third study extends the hybrid approach to cryospheric appli-
cations, developing a hybrid framework for correcting penetration
bias in InNSAR-derived digital elevation models over the Greenland
Ice Sheet. The method combines parametric vertical scattering
profiles (Exponential and Weibull) with an MLP that predicts pro-
file parameters from InSAR features. Validation against NASA
IceBridge Airborne Topographic Mapper (ATM) data shows that
the hybrid Exponential model achieves elevation errors of 0.52 m
while maintaining robustness across unseen acquisition geometries.
These improvements demonstrate the advantages of embedding
physical knowledge within data-driven models.

This thesis establishes hybrid Al-physical modeling as a scal-
able and transferable framework for estimating geophysical and
biophysical parameters from InSAR data. The proposed meth-
ods directly apply to ongoing and upcoming satellite missions,
including TanDEM-X, GEDI, and ESA Biomass. Through the physi-
cally consistent integration of multi-modal data sources—including
radar, optical, and LiDAR—this work advances the development
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of interpretable and generalizable parameter retrieval methods
that maintain physical knowledge while adapting to real-world
complexity.






ZUSAMMENFASSUNG

Das Interferometrische Synthetic Aperture Radar (InSAR) hat sich
zu einem unverzichtbaren Fernerkundungsinstrument fiir die Ab-
leitung der Oberfldchentopographie von Gletschern und von Wald-
parametern entwickelt — beides Schliisselgroflen, die vom Global
Climate Observing System (GCOS) als Essential Climate Variables
(ECVs) anerkannt sind. Aufgrund seiner Fahigkeit zur wetterun-
abhéngigen, tag- und nachtaktiven Datenerfassung mit globaler
Abdeckung eignet sich INSAR besonders fiir die langfristige Erd-
beobachtung. Obwohl physikalische Modelle eine hohe Interpre-
tierbarkeit und konsistente Ergebnisse innerhalb ihrer Doméne
liefern, schranken vereinfachende Annahmen ihre Genauigkeit ein
und kénnen insbesondere bei unterbestimmten oder schlecht ge-
stellten inversen Problemen systematische Fehler verursachen. Im
Gegensatz dazu zeichnen sich Methoden des maschinellen Ler-
nens (ML) durch ihre Fahigkeit aus, empirische Zusammenhénge
in hochdimensionalen Merkmalsrdumen zu modellieren, leiden
jedoch unter begrenzter Generalisierbarkeit und eingeschrankter
physikalischer Interpretierbarkeit. Diese kumulative Dissertation
verbindet beide Paradigmen durch die Entwicklung hybrider Mo-
dellierungsansétze, die die Robustheit physikalischer Modelle mit
der Anpassungsfahigkeit datengetriebener ML-Methoden kom-
binieren. Ziel ist es, die Ableitung geophysikalischer Parameter
aus TanDEM-X-InSAR-Daten in bewaldeten und vergletscherten
Umgebungen zu verbessern.

Hybride Modellierung — haufig als semi-parametrische hybride
Modellierung bezeichnet — verkniipft explizit physikalisch inter-
pretierbare Modelle, die auf grundlegenden Prinzipien beruhen,
mit datengetriebenen Komponenten, die komplexe, nichtlineare
Zusammenhénge erfassen. Dieses Konzept entstand Anfang der
1990er Jahre und wurde seither in verschiedenen wissenschaftli-
chen Anwendungen eingesetzt. Es zeigte Vorteile wie verbesserte
Extrapolationsfahigkeit, geringeren Datenbedarf und erhéhte In-
terpretierbarkeit. Im Kontext der InSAR-basierten Ableitung geo-
und biophysikalischer Parameter zielt diese Arbeit darauf ab, das
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hybride Modellierungskonzept weiterzuentwickeln, um datenge-
triebene und physikalische Ansétze fiir eine verbesserte Parame-
terschdtzung miteinander zu verbinden. Durch die Einbettung
von Doménenwissen in den Lernprozess tiberwinden die vorge-
schlagenen Frameworks die Einschrankungen rein physikalischer
oder ausschliefillich ML-basierter Modelle und erméglichen eine ge-
nauere, interpretierbare und besser generalisierbare Riickfithrung
wichtiger INSAR-Parameter.

Die erste Studie stellt ein hybrides Modell zur Schitzung der
Waldhohe vor, das auf Kohdrenz Daten einer Basislinie und ei-
ner Polarisation von TanDEM-X basiert. Ein Multilayer-Perceptron
(MLP) wird trainiert, um die Koeffizienten eines vertikalen Reflek-
tivitatsprofils — parametrisiert durch Legendre-Polynome — aus-
schlieflich aus INSAR-Messungen und topographischen Merkma-
len vorherzusagen. Dieses Profil wird anschlielend in ein phy-
sikalisches Modell eingebettet, um die Waldhohe zu invertieren.
Validierungen an tropischen Waldstandorten mit unterschiedlichen
Aufnahmegeometrien zeigen, dass der Ansatz gute Generalisie-
rungseigenschaften aufweist, ohne die physikalische Konsistenz
zu verlieren.

Die zweite Studie erweitert das hybride Modell, indem mul-
tispektrale, optische Merkmale aus Landsat-Bilddaten in den Merk-
malsraum integriert werden. Obwohl diese Merkmale nicht direkt
tiber physikalische Zusammenhédnge mit der Waldhohe in Verbin-
dung gebracht werden konnen, erweitern sie den Merkmalsraum
tiber physikalisch interpretierbare Grofien hinaus. Dadurch kann
die ML-Komponente latente, nicht offensichtliche Muster und Zu-
sammenhénge in mehrdimensionalen Datenrdumen erkennen, die
strukturelle Defizite des urspriinglichen Modells kompensieren,
welches ausschliefSlich auf TanDEM-X-Merkmalen basiert. Die Stu-
die untersucht, inwieweit diese zuséatzlichen Merkmale die Vorher-
sageleistung und Generalisierbarkeit verbessern. Die Ergebnisse
zeigen signifikante Leistungssteigerungen, insbesondere in topo-
graphisch komplexen oder geometrisch mehrdeutigen Szenarien.

Die dritte Studie wendet das hybride Modellierungskonzept auf
die Schitzung der Signaleindringtiefe in InNSAR-abgeleiteten digita-
len H6henmodellen tiber dem gronlandischen Eisschild an. Hierzu
wird ein physikalisch informiertes ML-Framework vorgestellt, das
Hohenabweichungen aufgrund des Eindringens der Radarsignale



in Schnee und Eis korrigiert. Die Methode kombiniert parametri-
sche vertikale Streuprofildarstellungen (exponentiell und Weibull)
mit einem MLP, das deren Parameter aus INSAR-Merkmalen vor-
hersagt. Experimente mit unterschiedlichen Trainingsszenarien —
von Interpolation bis Extrapolation — zeigen, dass das hybride Mo-
dell geringere Fehler und eine bessere Generalisierbarkeit erzielt
als rein physikalische oder rein datengetriebene Ansitze.

Diese Arbeit etabliert hybride KI-physikalische Modellierung
als skalierbares und tibertragbares Framework zur Ableitung geo-
physikalischer Parameter aus INSAR-Daten. Die vorgeschlagenen
Methoden sind unmittelbar auf aktuelle und kommende Satelli-
tenmissionen wie TanDEM-X, GEDI und ESA Biomass anwendbar.
Durch die physikalisch konsistente Integration multimodaler Da-
tenquellen — einschliefilich Radar-, optischer und LiDAR-Daten —
stellt diese Arbeit einen ersten Ansatz dar, um die hybride Mo-
dellierung gezielt fiir die Ableitung geophysikalischer Parameter
aus InSAR-Daten zu entwickeln, mit dem Ziel, doménentibergrei-
fend interpretierbare, generalisierbare und physikalisch fundierte
Modelle zu schaffen.
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INTRODUCTION

Climate change is one of the most critical issues facing our time,
necessitating accurate and continuous monitoring of Earth’s ecosys-
tems. Global changes can be largely observed using remote sensing
technologies, particularly through spaceborne systems. Both forest
structure and ice sheet elevation are among the most important
Earth observation parameters related to the impacts of climate
change, influencing the carbon cycle as well as global mass balance.
Forest height, a key structural parameter, serves as a crucial proxy
for Above-Ground Biomass (AGB), which the Global Climate Ob-
serving System (GCOS) recognizes as an Essential Climate Variable
(ECV) [1]. Accurate forest height measurements enable a better
understanding of carbon storage, biodiversity patterns, and the
impacts of deforestation [2], [3]. Similarly, precise elevation mea-
surements of ice sheets—another GCOS-defined ECV—provide
critical data for assessing global mass balance and projecting sea-
level changes. These measurements provide an asset for climate
adaptation strategies and local-global policy decisions [4], [5].

1.1 MOTIVATION AND RELEVANCE

The motivation for this thesis is both scientific and application-
driven: reliable, physically consistent retrievals of forest height
and ice-sheet elevation are indispensable for understanding and
predicting Earth system change. Both variables are recognized by
the GCOS as ECVs [1]; systematic errors in their estimation prop-
agate into carbon budget assessments, cryospheric mass balance,
and ultimately climate model evaluation, as well as risk-informed
adaptation and mitigation planning [ 4]. The technological develop-
ments pursued here—hybrid Al-physical models for Interferomet-
ric Synthetic Aperture Radar (InNSAR)—are therefore motivated by
the need to reduce these uncertainties in ways that remain inter-
pretable, scalable, and traceable to first principles.
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FORESTS AND THE CARBON CYCLE.  Forest height underpins wall-
to-wall estimation of AGB, change detection, and biodiversity-
relevant structure [2], [3]. Single-baseline InSAR forest height
inversions, however, are ill-posed and sensitive to canopy archi-
tecture, terrain, and acquisition geometry, which induces system-
atic biases—particularly in tall, structurally heterogeneous tropical
forests, where uncertainties are higher [6]. Improving retrieval
fidelity and generalization directly supports questions regarding
succession, degradation, recovery, and spatial heterogeneity of
carbon fluxes relevant to Reducing Emissions from Deforestation
and forest Degradation, and the role of conservation, sustainable
management of forests, and enhancement of forest carbon stocks
(REDD+) monitoring and ecosystem policy.

ICE SHEETS AND SEA-LEVEL RISE. Over snow and ice, X-band
penetration into firn shifts the effective scattering phase center be-
low the physical surface, thereby biasing elevation unless corrected.
The magnitude of this penetration bias can reach meters and varies
with microphysical properties (density, grain size, layering, liquid
water content) and season [7], [8], [9], [10]. Inconsistent correc-
tions introduce systematic errors into elevation change and mass
balance estimates, propagating uncertainty into sea-level projec-
tions used for coastal risk assessment [ 4]. Methods that capture
the governing physics while adapting to spatial and temporal vari-
ability are therefore essential for credible cryospheric indicators.

WHY A HYBRID APPROACH. Purely physical models offer inter-
pretability but rely on simplifying assumptions regarding vertical
scattering and reflectivity profiles, which limit their transferabil-
ity. Conversely, purely data-driven models can capture complex
relationships but may violate physical constraints and perform
poorly with imbalanced datasets. By embedding physical con-
straints within flexible learning, hybrid modeling addresses the
shared bottleneck in both forests and ice: linking observed interfer-
ometric coherence to a physically plausible vertical profile under
single-baseline constraints and propagating that link to parameters
of scientific interest (forest height; penetration-corrected eleva-
tion). The innovations developed here are therefore positioned
as methodological instruments in support of process-level Earth
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system science, aligned with GCOS/IPCC priorities for actionable
and scalable ECVs [1], [4].

Over the past two decades, InNSAR has become essential for re-
trieving geo- and biophysical parameters such as surface elevation,
glacial topography, and forest structure [11], [12], [13]. These mea-
surements are crucial for understanding the impacts of climate
change. They also support natural resource management and en-
vironmental monitoring on a global scale. As the first and only
bistatic radar interferometer in space, the TanDEM-X mission from
the German Aerospace Center (DLR) marks a turning point in
the evolution of INSAR-based Earth Observation. Its unique con-
figuration of two satellites — TerraSAR-X (TSX) and TanDEM-X
(TDX) — flying in close formation has established new standards
in interferometric measurements by eliminating temporal decorre-
lation effects. This capability has enabled unprecedented accuracy
in global digital elevation models and opened new possibilities for
monitoring dynamic Earth processes [14], [15].

At first glance, forest height estimation and ice-sheet elevation
may appear to be unrelated challenges. However, both involve
similar issues—volume scattering, baseline limitations, and model
assumptions—that affect the reliability of physical parameter re-
trieval. More accurate retrievals directly support real-world needs:
for forests, they inform estimates of carbon stocks and impacts
on biodiversity; for ice sheets, they enhance mass-balance calcula-
tions, which are essential for sea-level projections. The subsequent
sections illustrate how both domains benefit from the hybrid Al
modeling approach, which bridges data-driven techniques with
physical modeling in a unified framework for INSAR parameter
retrieval.

1.1.1  Forest Height Estimation

In forest applications, TanDEM-X provides valuable single-baseline
measurements that have revolutionized our ability to monitor forest
structure globally. However, the complex nature of forest environ-
ments presents inherent challenges for any single-baseline system.
For example, a single baseline configuration faces fundamental
physical limitations in regions such as Gabon, which has highly
diverse natural forests with heights ranging from a few meters to
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over 50 meters [16]. The relationship between the interferomet-
ric phase and forest height varies significantly across this range,
affecting measurement sensitivity. This interaction creates an in-
herent trade-off where the single baseline, while optimal for global
Digital Elevation Model (DEM) generation, results in varying sen-
sitivity to height variations depending on forest height [17], [18],
[19]. This natural variation in forest structure leads to systematic
biases in height estimates, typically resulting in underestimations
for taller forests and overestimations for shorter ones [6]. While
multi-baseline observations would be ideal for addressing these
challenges, such space-borne mission capabilities do not currently
exist. Thus, the limited solution space necessitates simplification
of the underlying forest structure, which is reflected in the parame-
terization of the vertical reflectivity profile.

Advanced methodologies combining TanDEM-X data with other
sources, such as Global Ecosystem Dynamics Investigation (GEDI),
have demonstrated promising results in improving the accuracy of
forest height estimation. These approaches have performed well in
complex tropical environments, where traditional methods alone
are insufficient and often introduce larger biases [6], [16], [20],
[21]. Recent advancements in machine learning and deep learn-
ing techniques have demonstrated the potential to estimate forest
height directly using TanDEM-X features [22], [23], [24]. However,
these methods often lack the integration of domain knowledge into
the learning process, thereby limiting their generalizability and
transferability for application to specific sites or regions.

1.1.2  Snow and Ice Interactions

In snow and ice environments, X-band radar signals interact with
the medium in complex ways, leading to signal penetration and
resulting in systematic elevation biases—known as penetration bi-
ases—that vary significantly with snow conditions. Recent studies
have shown that penetration biases can reach several meters, signif-
icantly affecting elevation measurements in polar regions [7], [8],
[9], [10]. The interaction of microwaves with natural snow cover
is particularly complex because snow consists of heterogeneous
mixtures of ice grains and air, whose properties are dynamically
influenced by environmental conditions such as temperature and
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metamorphic processes [25]. These fundamental physical charac-
teristics result in penetration biases that vary considerably with
snow density, moisture content, and seasonal conditions, present-
ing challenges comparable to those encountered in forest height
estimation.

Traditional approaches to addressing these biases have relied
on empirical corrections or simplified physical models. However,
these methods often struggle to capture the full complexity of snow-
ice interactions. Physical models require detailed knowledge of
snow properties that are often unavailable at the necessary spatial
and temporal scales. Empirical corrections, while practical, may not
adequately account for the dynamic nature of snow conditions and
their impact on radar penetration. Recent data-driven approaches
have shown promise in modeling penetration bias directly from
the observation space; however, similar to their forest counterparts,
they often lack physical constraints and face challenges in general-
ization [7], [26].

The challenges in snow/ice and forest applications highlight a
common requirement: methods capable of parameter retrieval in
complex, dynamic environments while maintaining physical con-
sistency. These challenges present an opportunity to develop more
sophisticated methodological frameworks designed to effectively
address these limitations.

1.1.3  Research Context and Opportunities

Machine Learning (ML) has emerged as a promising alternative
for addressing these limitations in both forest and cryosphere appli-
cations. By leveraging large datasets and powerful computational
algorithms, ML approaches can learn data-driven mappings from
input features to target variables, offering significant adaptabil-
ity and flexibility. However, these methods often struggle with
interpretability and generalization, particularly in inverse prob-
lems such as parameter retrieval, where incorporating domain
knowledge and physical constraints is crucial. Without these con-
straints, ML models risk producing results that are inconsistent
with established physical principles, thereby limiting their utility
in real-world applications.
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To overcome these challenges, a hybrid framework that com-
bines the strengths of physical modeling and machine learning
has gained traction. By embedding physical constraints into the
learning process, hybrid approaches capitalize on the adaptability
of ML while preserving the interpretability and rigor of physical
models. This integration enables the development of models that
can generalize across diverse scenarios and conditions, ultimately
improving the accuracy and reliability of geo- and biophysical
parameter retrieval. For example, hybrid methods can address
systematic biases in forest height estimation and penetration biases
in snow-covered regions by leveraging both data-driven insights
and physical principles.

This thesis builds on this emerging paradigm, proposing a hybrid
Al-physical modeling framework tailored for InNSAR parameter
retrieval. By bridging data-driven and physics-based approaches,
it addresses critical gaps in the current state-of-the-art, offering
a path toward more accurate, robust, and interpretable models.
The proposed framework has the potential to advance the remote
sensing field and contribute to broader environmental and climate
research efforts, where reliable and precise geo- and bio-physical
measurements are essential yet constrained by the availability of
reference data.

1.2 BACKGROUND AND RELATED WORK
1.2.1  Synthetic Aperture Radar (SAR)

Synthetic Aperture Radar (SAR) represents an active microwave
remote sensing technology that has revolutionized Earth obser-
vation capabilities since its inception in the 1950s [27]. Operating
independently of solar illumination and largely unaffected by atmo-
spheric conditions, SAR systems transmit electromagnetic pulses
at microwave frequencies—typically X-band (8-12 GHz), C-band
(4-8 GHz), or L-band (1-2 GHz)—and record the backscattered sig-
nals from Earth’s surface [11], [28]. The SAR principle utilizes the
platform’s motion to create a synthesized large antenna aperture,
enabling high spatial resolution through the coherent processing
of received signals. This synthetic aperture technique enables high
resolution in the azimuth (along-track) direction, while the pulse
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bandwidth determines range (across-track) resolution [29]. The
complex-valued SAR measurements contain both amplitude and
phase: the amplitude corresponds to the physical backscattering
intensity from the target and is influenced by surface roughness,
geometry, and dielectric properties; the phase encodes the two-
way travel path length from the sensor to the target, precise to a
fraction of the wavelength [30]. Modern spaceborne SAR systems
(e.g., TanDEM-X, Sentinel-1, and ALOS-2) operate with resolu-
tions ranging from sub-meter to tens of meters and are widely
used for a full range of applications, including topographic map-
ping, deformation monitoring, and environmental assessment [14],
[31]. The coherent nature of SAR measurements—particularly the
preservation of phase information—is the basis for more advanced
techniques such as interferometry, polarimetry, and tomography,
which provide three-dimensional imaging [32], [33], [34]-

y

Figure 1.1: Illustration of Interferometric SAR acquisition geometry. The radar
platform positions S; and S, are shown, connected by the baseline
B with a perpendicular component B . The range vectors Ry and R,
extend from the radar platforms to the target P. The incidence angle 6
and altitude H are also indicated.
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1.2.2  Radar Interferometry

Radar interferometry leverages the phase of radar signals—typ-
ically from Synthetic Aperture Radar (SAR)—to detect subtle
changes in the distance between the sensor and the Earth’s surface.
Here, we focus on across-track INSAR, where two complex-valued
radar images are acquired from slightly different positions across-
track [32], [35], [36], [37]- This configuration, utilizing either two
antennas (single-pass) or two satellite passes (repeat-pass), allows
the same scene to be observed from different viewing geometries
(across-track baselines) that are perpendicular to the flight path
(see Figure 1.1).

A prominent example of single-pass interferometry is the
TanDEM-X mission, which consists of two satellites—TSX and
TDX—flying in close formation [13], [14], [38]. This bistatic config-
uration enables the simultaneous acquisition of SAR images from
slightly offset positions across the track, effectively eliminating
temporal decorrelation. Consequently, it facilitates precise and
consistent phase measurements. This capability makes TanDEM-X
especially well-suited for generating high-resolution global DEMs
and for applications such as estimating forest height [14], [39].

The resulting phase difference between the two images is directly
related to the surface topography. This phase-to-height mapping
technique was first proposed by Graham [35]. For further details,
we refer the reader to [32], [40], [41].

When the acquisitions are simultaneous, it is termed single-pass
interferometry; when they are acquired sequentially with a tempo-
ral separation, it is referred to as repeat-pass interferometry. The
sensitivity of the interferometric phase to surface height depends
on the effective spatial baseline. It is expressed through the vertical
wavenumber ., defined as:

2t B,

K, = TT’ZTW, (1.1)

where 6 is the incidence angle, B, is the perpendicular baseline
component, A is the radar wavelength, R, is the slant range, and m
is a factor that equals 2 for monostatic and 1 for bistatic acquisitions.
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The Height of Ambiguity (HoA) represents the elevation change
corresponding to a full 277 phase shift and is defined as:

2
HoA = _7(. (1.2)

KZ
1.2.3 Interferometric Coherence

Interferometric coherence measures the statistical similarity of two
signals, which is the correlation between two SAR images for given
pixels. The underlying scattering mechanisms influence this mea-
sure, rendering coherence not only a quality metric but also a
valuable source of information regarding surface and subsurface
properties. We can utilize it to evaluate the quality of the interfer-
ometric measurements. The measured interferometric coherence
(4) between two interferometric images s, and s, is expressed as

follows [37], [41], [42]:

. (5153)
¥ = (13)

V{Is12)(Is21?)

where (-) denotes spatial averaging, and * represents the complex
conjugate.

To transform SAR data into coherence-based information prod-
ucts, Figure 1.2 illustrates the TanDEM-X processing chain em-
ployed in this thesis. This workflow demonstrates the systematic
approach from raw data to final products, highlighting the key
processing steps for coherence estimation and parameter retrieval
in this thesis.

Of particular interest to this thesis are the coherence losses ob-
served in various environments. Coherence is often reduced in
forests due to volume scattering within the canopy. Thus, decor-
relation is introduced as the radar signal penetrates and reflects
within the vertical structure of the forest. This reduction in coher-
ence carries valuable structural information about the canopy and
is directly related to forest height [43], [44]. Similarly, coherence
decreases over glaciated and snow-covered regions, where radar
signals penetrate into subsurface snow and firn layers [45], [46],

11
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TanDEM-X CoSSC Processing Chain
For Volume Decorrelation and DEM Generation (Optional)

TanDEM-X CoSSC Data
Coregistered Single Look Complex Pairs

Interferogram Formation
I=5x5;

Multilooking

Optional DEM Generation ! !
Coherence Estimation

:Yobs

Decorrelation
Components
YTmps YRg» ¥Sys
Copernicus DEM
Height Conversion GLO-30 Volume Decorrelation
h = ox(HoA/2)

Terrain Correction
Geocoding using Copernicus DEM GLO-30
(WGS84 Geographic Coordinates)

Output Products

Figure 1.2: TanDEM-X Coherence Processing Chain. The workflow illustrates the
systematic processing of TanDEM-X CoSSC (Coregistered Single Look
Complex) data pairs, from interferogram formation through coherence
estimation to final product generation. Key processing steps include
multilooking, coherence estimation, and the separation of different
decorrelation components (“Yrmp, Yrg, Ysys)- The chain produces vari-
ous output parameters including total coherence (¥,ps), volume decor-
relation (%)), and optional DEM products, all geocoded using the
Copernicus DEM GLO-30 reference.
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[47], [48]. In these cryospheric environments, the vertical distribu-
tion of dielectric inhomogeneities—caused by grain size variability,
layering, and density gradients—results in phase decorrelation due
to multiple scattering events.

To systematically analyze these coherence variations, we must
understand their component sources. This understanding leads us
to examine the specific decorrelation mechanisms in the following
section.

1.2.3.1  Sources of Decorrelation

The magnitude of the complex quantity of interferometric coher-
ence, |7, ranges from o (no correlation) to 1 (total correlation). A
value near total correlation indicates small changes in the underly-
ing scattering geometry, while a value approaching zero implies
strong decorrelation—often due to noise, temporal changes, or
baseline decorrelation. These variations in coherence contain valu-
able information about the scattering characteristics of different
surfaces, which this thesis exploits for parameter retrieval.

The observed coherence can be decomposed into distinct phys-
ical contributions. Several factors contribute to the reduction in
measured interferometric coherence, which can be factored as [32],

[43], [49], [50]:

;;IObS = 7Tmp : ’YRg : rYSys : ;)/Vol/ (14)
where:

® VTmp refers to the temporal decorrelation that is caused by
scene changes between acquisitions.

® 1rg is the range spectral decorrelation caused by baseline-
induced spectral separation.

® sy is the system decorrelation resulting from noise and
quantization.

® Yyl represents the volume decorrelation resulting from
within-volume scattering.

13
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For the TanDEM-X mission — the primary data source in this the-
sis — the simultaneous (bistatic) acquisition of images eliminates
temporal decorrelation, meaning yry, ~ 1. This advantageous
characteristic allows us to isolate other sources of decorrelation
more effectively.

The system decorrelation term, 7, quantifies coherence loss
from instrumental and processing factors. It can be factorized
into three major sources: thermal noise, quantization noise, and
azimuth ambiguities. These can be expressed as [14], [36], [51],

[52]:

YSys = YSNR * YQuant * YAmb~ (1.5)
where:
® YsnR represents the decorrelation caused by thermal noise.

® 7Quant accounts for the quantization noise introduced dur-
ing analog-to-digital conversion. For 3-bit quantization, it
typically takes a value of around 0.98 to 0.99.

® Yamb represents the coherence loss due to azimuth ambigui-
ties, which arise from Doppler aliasing and the suppression
of sidelobes.

This decomposition reveals that even under ideal conditions (i.e.,
with negligible temporal decorrelation), system-induced factors
(7sys < 1) impose an upper limit on achievable coherence. After
accounting for these system and geometry effects, the remaining
volume decorrelation term %y, in Eq. 1.4 becomes the central focus
of this thesis, as it encodes the structural information essential
for both forest height estimation and penetration bias correction
in ice sheets. This connection between volume decorrelation and
physical structure forms the foundation for the hybrid modeling
approaches proposed in subsequent chapters.

1.2.3.2  Volume Decorrelation and Scattering Profile

With %y, identified as the central information carrier in our co-
herence decomposition, we now turn to the main challenge for
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modeling it: how can we relate this measurable quantity to the
physical structure of the target medium? This relationship is essen-
tial for retrieving parameters such as forest height and penetration
depth. The fundamental concept is recognizing that volume decor-
relation arises from the three-dimensional distribution of scatterers
within the target medium. This distribution can be represented
as a vertical scattering profile f (z), which describes how scatter-
ing power varies along the vertical axis z. Throughout this thesis,
we refer to this function as the ”vertical reflectivity profile” when
discussing forest applications and as the “vertical scattering pro-
file” when addressing ice and snow media. This terminological
distinction is purely conventional.

When radar waves interact with this distributed scattering
medium, the resulting volume decorrelation %y, encodes informa-
tion about the vertical structure. Mathematically, this relationship
is expressed through a Fourier-like integral transform [42], [44],

[53], [54], [55]:

jf(z) exp(jx,z)dz
ff(z) dz '

where z; denotes the ground elevation, and «, is the vertical
wavenumber, as defined earlier in Eq. 1.4. This equation reveals
that volume decorrelation is effectively a normalized complex
Fourier transform of the vertical structure function f (z), with the
exponential term e/ *=%0 accounting for the reference phase at z,.

Tval (k) = &% (1.6)

This formulation creates a crucial bridge between observable
radar measurements (coherence) and the physical structure of the
medium we wish to characterize. The challenge, however, lies in
the inverse problem: given limited observations of v, (typically
at a single «, value in TanDEM-X data), how can we reconstruct
the complete vertical reflectivity profile for forests or the vertical
scattering profile for ice? This inverse problem constitutes the
core technical challenge addressed in this thesis. For forest environ-
ments, we need to determine canopy height and structure; for snow
and ice, we must account for signal penetration depth to correct
elevation measurements.

15
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The subsequent sections will outline our adaptation of this gen-
eral framework for specific applications. We will also explain how
our hybrid approach combines physical constraints with machine
learning techniques to effectively address the limitations inherent
in traditional inversion methods.

1.2.4 Forest Volume Decorrelation

For forest environments, we adapt the general volume decorrelation
equation (Eq. 1.6) to incorporate specific boundary conditions,
where scattering occurs within the finite canopy layer [37], [41],

[42]:

e 1S @) XPU ;2 dz
fglvf(z) dz

ol (Kz) = (1'7)

where z is the reference ground level, «, is the vertical wavenum-
ber, 1, is the forest height, and f (z) represents the vertical reflectiv-
ity profile.

A significant challenge in forest height retrieval from single-
baseline InSAR (e.g., TanDEM-X) is the fundamental ill-posedness
of reconstructing f (z) from limited observations [6], [19], [21], [38],
[54], [56], [57]- The physical reality further complicates this task,
as forest canopies exhibit complex vertical structures and varying
terrain, both of which affect the scattering profile. Figure 1.3 illus-
trates this reality, showing how the canopy extends from ground
level (zg) to the top (zg + hy,).

Earlier approaches, such as the Random Volume (RV), Random
Volume over Ground (RVoG), and S-RVoG (with slope) models,
made simplifying assumptions about f (z) to facilitate parameter
retrieval; however, these assumptions restrict their generalizability
across diverse forest ecosystems [17], [53], [54], [55], [58], [59],
[60], [61]. Recent advances have explored integrating additional
data sources, such as GEDI LiDAR profiles, to better constrain and
derive the vertical reflectivity profile [6], [21].

Our approach builds upon these foundations while introducing
a hybrid modeling framework. We represent f (z) using a Legendre
series expansion, the coefficients of which are estimated through
ML. This ML component maps observables (e.g., volume coher-
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Figure 1.3: Schematic illustration of (left) a forest canopy, (middle) the vertical scat-
tering profile f (z) showing the distribution of scatterers from ground
to canopy top, and (right) a simplified two-layer RVoG model. The
canopy volume extends from z = zg to z = zg + .

ence, acquisition geometry) to expansion coefficients while being
constrained by the physics in Eq. 1.7. We detail this methodology
in Chapter 2, which demonstrates its application to forest height
estimation in Gabon, and we extend it in Chapter 3 by integrating
multi-spectral imagery to further refine f (z).

1.2.5 Snow/Ice Volume Decorrelation

While forests present a bounded scattering volume above the
ground, snow and ice environments introduce a different challenge:
radar signal penetration into subsurface layers. This penetration
creates a downward-extending scattering volume that shifts the
effective phase center below the surface—a phenomenon known
as penetration bias, which systematically affects INSAR-derived
elevation measurements.

For these media, we adapt the volume decorrelation model

(Eq. 1.6) as [62], [63], [64]:

jo f(z) exp(j Kzvy z) dz

Tvol(kz) = el*:%0 = 0
f_oof(z)dz

, (1.8)

where z; is the air-snow or air—ice interface, f (z) is the vertical
scattering profile extending downward from this interface, and
notably, . is the in-volume vertical wavenumber that accounts
for refraction effects.
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Figure 1.4: Schematic representation of radar penetration into snow and ice, show-
ing (left) the interferometric geometry at the air-firn interface with
incident angle 0 and refracted angle 6,, and (right) exponential scatter-
ing profile for the UV physical model assumptions.

A critical physical consideration in snow/ice penetration is the
refraction effect at the air-medium interface. As shown in Figure 1.4,
when radar signals encounter the air-snow/ice boundary, the in-
cident wave at angle 6 refracts to angle 6, according to Snell’s law.
This refraction modifies the in-volume vertical wavenumber «, |
according to [64]:

_ cos(0)
Kzver = ¥z \/e_rm (1.9)

where €, is the real part of the relative permittivity of the snow/ice
medium. The refraction angle 6, can be determined from Snell’s
law as 6, = arcsin(sin 8/ ‘/e_r). This relationship captures how
the propagation of electromagnetic waves changes upon entering
the medium—the higher permittivity of snow and ice (typically
€, =~ 1.4-3.2 depending mainly on density) causes the wave to bend
more toward the vertical and alters the effective vertical wavenum-
ber [8], [64], [65], [66]. This refraction effect must be carefully
accounted for when modeling volume decorrelation and estimat-
ing penetration bias. However, TanDEM-X DEMs are produced
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under the free-space assumption; thus, the penetration bias correc-
tion must also adopt the free-space vertical wavenumber «,.

Unlike forest scenarios with a bounded vertical extent, snow and
ice can exhibit scattering that extends much deeper, depending on
medium properties such as density, grain size, and liquid water
content [7], [67]. Traditional approaches, such as the Uniform Vol-
ume (UV) model, assume constant extinction with depth, yielding
an exponential scattering profile [63], [64]. However, this simpli-
fied model often fails to capture the complexity of real-world snow
and ice structures, leading to inaccurate estimates of penetration
bias.

More recent developments have introduced the Weibull scatter-
ing profile [9], which offers greater flexibility in representing vary-
ing extinction rates with depth. While potentially more realistic,
this model is not invertible from single-polarization, single-baseline
coherence at the pixel level. In contrast, this capability is achievable
through the closed-form solution of the UV model.

In Chapter 4, we extend our hybrid modeling framework to this
challenging environment, demonstrating how it can effectively es-
timate penetration bias in Greenland ice sheets by learning the
parameterization of vertical scattering profiles from limited obser-
vations while adhering to physical constraints.

1.2.6  Hybrid Modeling: Broader Research Applications

Recent advancements in ML have demonstrated substantial poten-
tial in various applications, including medical applications, natural
language processing, complex pattern recognition, image analysis,
and remote sensing [68], [69], [70], [71], [72], [73]. Formally, ML
can be framed as the task of learning a mapping function:

f:X-Yy, (1.10)

which, for input variables x € X, predicts target variables y € {J
by minimizing a suitable loss function over the training data. One
example is the Multi-Layer Perceptron (MLP), a feed-forward neu-
ral network with an input layer, one or more hidden layers, and
an output layer, as illustrated in Figure 1.5. Although ML initially
seemed to directly compete with traditional fundamental modeling
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research, there is a growing recognition of the synergies between
ML and physical modeling. Integrating data-driven and physics-
based approaches has shown added benefits and expanded capa-
bilities across various scientific and engineering applications [74],

[75], [76], [77], [78], [79], [80], [81].

hidden layers
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Figure 1.5: A schematic representation of a MLP architecture, showing an input

layer {x1, x5, ..., x,}, multiple hidden layers (aﬁ,lz) }, and an output layer
{y1,Y2, ..., yx}. Each connection is associated with learnable weights
and, typically, a bias term.

Hybrid modeling — often referred to as hybrid semi-parametric
modeling — combines physical models grounded in first principles
with data-driven approaches, such as ML, to exploit the strengths
of both paradigms. This concept originated in the early 1990s [82],
[83], [84], [85], [86], [87], when researchers demonstrated that
integrating fundamental knowledge into neural networks could
enhance extrapolation performance, reduce data requirements,
and improve model interpretability. Hybrid modeling explicitly
refers to systems in which a parametric component—derived from
physical principles with interpretable parameters—combines with
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a non-parametric component that captures complex, data-driven
behavior. Recent studies have further validated these benefits by
embedding physical constraints within ML frameworks [88], [89],

[90]

In the context of geo- and biophysical parameter retrieval from
InSAR data, traditional model-based approaches often rely on sim-
plifying assumptions to represent complex scattering processes.
Such simplifications can lead to systematic errors, including under-
estimations of forest heights in regions such as Gabon and penetra-
tion biases in snow-covered areas like Greenland. By integrating
machine learning with physical models, the thesis proposes to
adapt a hybrid framework to enhance parameter retrieval using
InSAR data.

1.3 RESEARCH OBJECTIVES

The increasing complexity of Earth observation data and the limi-
tations of traditional physical models highlight the urgent need for
more sophisticated parameter retrieval methods. This is particu-
larly pronounced in InSAR applications, where simplified physical
models often struggle to capture complex scattering processes in
forests and ice sheets, leading to systematic errors in parameter
estimation. These challenges underscore the need for approaches
that can maintain physical consistency while adapting to the com-
plexities of the real-world.

This thesis aims to advance the integration of machine learn-
ing with physical models in INSAR parameter retrieval, termed
hybrid modeling. The research comprises three self-contained con-
tributions that address the challenges of combining data-driven
and physics-based approaches. Each contribution develops in-
novative methodologies for parameter retrieval from InSAR data,
accompanied by comprehensive validation that demonstrates the
advantages of hybrid modeling frameworks.

The following section outlines the specific research objectives
and questions addressed in each of these three contributions.
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1.3.1  Hybrid ML Forest Height Estimation From TanDEM-X InSAR

This study presents an innovative approach to enhancing forest
height estimation from single-baseline TanDEM-X data. Traditional
model-based approaches rely on simplified assumptions about ver-
tical reflectivity profiles, which often lead to systematic errors in
height estimation, particularly in areas with complex forest struc-
tures. Additionally, the limited observation space of single-baseline
acquisitions poses significant challenges for reliable parameter re-
trieval. These limitations highlight the need for more robust and
adaptive methods that can maintain physical consistency while
capturing complex forest characteristics.

To address these challenges, this research aims to develop a hy-
brid framework that combines the flexibility of machine learning
with the constraints of physical models. Building on the concept of
vertical reflectivity profiles, a novel approach using multilayer per-
ceptron networks is introduced to predict profile coefficients that
drive a physical inversion model. This method enables a more accu-
rate estimation of forest height while preserving the interpretability
of physical models.

The investigation is guided by three key research questions:

1. How can machine learning be effectively integrated with
physical models to improve forest height estimation from
single-baseline INSAR data?

2. What improvements in accuracy and generalization can be
achieved through hybrid modeling compared to traditional
approaches?

3. How does the framework perform across different forest types
and terrain conditions?

1.3.2 Hybrid Forest Height Estimation from TanDEM-X and Landsat
Data

The retrieval of forest parameters from InSAR data often encounters
challenges in capturing subtle variations in forest structure that
impact height estimation. While existing InSAR-based techniques
have proven effective in many scenarios, their performance can be
limited by the single-modality nature of the observations. These
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challenges make it difficult to achieve reliable and accurate results
using conventional methods, particularly in areas with complex
terrain or varying forest density.

To address these limitations and enhance parameter retrieval
accuracy, this study proposes an extended hybrid framework that
integrates multi-spectral optical data with INSAR measurements.
By leveraging complementary information from different sensor
modalities, the framework aims to improve forest height estimation
while maintaining physical consistency in the inversion process.
The research focuses on developing solutions for physically consis-
tent multi-modal data fusion.

The study is structured around three key research questions:

1. How can optical multi-spectral data be effectively integrated
into the hybrid modeling framework while maintaining phys-
ical consistency?

2. What improvements in forest height estimation accuracy can
be achieved through multi-modal data fusion?

3. How does the multi-modal framework perform under differ-
ent acquisition geometries and terrain conditions?

1.3.3 Hybrid AI-Physical Modeling for X-band InSAR DEMs: Green-
land

Accurate elevation measurements over ice sheets are crucial for
monitoring climate change impacts and understanding cryospheric
processes. However, X-band InNSAR measurements over snow and
ice are affected by signal penetration, which introduces systematic
biases in the derived digital elevation models. This penetration
bias varies with snow and ice conditions, making it challenging to
correct using conventional physical models alone. These challenges
highlight the need for more sophisticated approaches that can
adapt to varying surface conditions while maintaining physical
consistency.

To address this, the study focuses on developing a hybrid frame-
work for penetration bias correction in X-band InSAR DEMs over
the Greenland Ice Sheet. The framework combines parametric
physical models with machine learning components to achieve
more accurate and robust bias estimation. This approach enables
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adaptive bias correction while preserving the interpretability of
physical scattering models.

The study seeks to address the following three key research
questions:

1. How can hybrid modeling effectively address penetration
bias in X-band InNSAR DEMs over ice sheets?

2. What advantages does the hybrid approach offer over purely
physical or purely ML methods?

3. How well does the framework generalize across different
acquisition geometries and surface conditions?

1.4 THESIS ORGANIZATION

The remainder of the thesis is structured according to the research
objectives stated in section 1.3, which focus on the development
and validation of the hybrid modeling framework. The thesis is
organized as follows:

e Chapter 2 (Hybrid Modeling for Forest Height Estimation):
In this chapter, the proposed framework’s first application,
forest height estimation, is presented. A detailed method-
ology is introduced to address the first objective. This is
achieved by reconstructing the vertical scattering profile us-
ing a series expansion, Legendre polynomials, which derive
coefficients using an MLP, taking InSAR features as inputs.
Then, the reconstructed profile simulates the coherence for
a given forest height, derived from LiDAR, to train the MLP
model. The chapter discusses the limitations of model-based
and data-driven approaches and how we address them in the
hybrid-based approach while enforcing physical constraints.
The experimental results from three sites in Gabon are pro-
vided to assess the method’s performance, robustness, and
generalizability.

e Chapter 3 (multi-modal Data Integration for Forest Param-
eter Retrieval): This chapter extends the hybrid framework
by incorporating auxiliary data—specifically, optical multi-
spectral imagery from Landsat—as an additional input to
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the ML components to improve forest height retrieval. To
address the second objective, it outlines the integration strat-
egy within the inversion process and evaluates the resulting
improvements in retrieval accuracy under challenging terrain
and acquisition conditions.

Chapter 4 (Hybrid Modeling for Penetration Bias Correc-
tion in X-band InSAR DEMs): Focusing on snow- and ice-
covered regions in Greenland, this chapter adapts the hybrid
framework to address the penetration biases inherent in X-
band InNSAR measurements concerning the third objective.
The methodology for estimating the scattering profile is de-
tailed, and a comparative study is presented in which pure
physical, data-driven, and hybrid methods are evaluated un-
der different training scenarios to demonstrate generalizabil-
ity and performance.

Chapter 5 (Conclusions): The final chapter summarizes
the main outcomes of the research, reflecting on the contri-
butions and limitations of the developed hybrid modeling
approaches. It also discusses the potential implications for
future remote sensing applications and outlines directions
for further research, including extensions to additional geo-
physical and biophysical parameter retrieval problems.
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Abstract

Combining machine learning (ML) with physical models can sig-
nificantly impact retrieval algorithms designed to invert geophysical
parameters from remote sensing data. Such hybrid models integrate
physical knowledge with domain expertise through a joint architec-
ture, potentially enhancing performance by increasing the efficiency
and flexibility of the physical model as well as the generalization
and interpretability of the ML predictions. This work introduces
a hybrid model for estimating forest height using single-baseline,
single-polarization TanDEM-X interferometric coherence measure-
ments. In this model, the vertical reflectivity profile is derived as a
function of input features, including topographic and acquisition
geometry descriptors, using a multilayer perceptron network. This
profile is then used to invert forest height by leveraging the established
physical relationship connecting the vertical reflectivity profile to
forest height. The developed model is applied and validated on several
TanDEM-X acquisitions over tropical sites with different acquisition
geometries, and its performance is assessed against reference data
derived from airborne LiDAR measurements.

Keywords

Accuracy, Coherence, Decorrelation, Forest height, Forestry, Geo-
physical measurements, InSAR, Polynomials, Reflectivity, Remote
sensing, TanDEM-X, Training, Vegetation, forest height, forest
height estimation, forest structure, hybrid modeling, interferom-
etry, machine learning, machine learning (ML), physical modeling,
remote sensing, synthetic aperture radar, temporal decorrelation,
topographic effects



2.1 INTRODUCTION

2.1 INTRODUCTION

Accurate measurements of forest height are relevant for forest inven-
tory, forest disturbance and carbon sequestration monitoring [1],
[2], [3], [4], [5]- SAR interferometry, combined with polarimetric
and/or spatial baseline diversity, is today one of the established
remote sensing techniques for obtaining continuous forest height
estimates of significant accuracy at large spatial scales. The related
approaches are in first line model-based, exploring the inherent
sensitivity of interferometric measurements to the 3D distribution
of scatterers within forests. Model-based forest height inversion
performance is well-understood and validated across various fre-
quencies, from X- to P-band, for different forest and terrain condi-
tions [6], [7], [8], [9], [10], [11], [12]. The achieved performance
critically depends on the definition of the inversion model, particu-
larly the parameterization of the vertical reflectivity profile. While
accurate and generic parameterization requires a certain number
of parameters to be described, the constraint of achieving a bal-
anced inversion model dictates the number of parameters needed
to parameterize the vertical reflectivity profile to be matched by
the number of available measurements. In the absence of a suffi-
cient number of measurements, only oversimplified model param-
eterizations become possible, or ones constrained by overly strict
assumptions, resulting in severely compromised performance as
the model loses its ability to adapt to the underlying scattering.

2.1.1  Machine Learning vs Physical vs Hybrid Modeling

Both ML and Deep Learning (DL) approaches have been in the
last years applied to various inverse remote sensing data problems
with noticeable success. Data-driven ML and DL approaches are
able to recognize patterns and relationships in multi-parameter
data spaces with high efficiency even when these are not apparent.
They are particularly powerful when applied to parameter estima-
tion problems where the underlying physical relationships are not
established and/or lack a forward or inverse model description.
Following this trend, a number of ML and DL approaches have
been proposed in recent years addressing the problem of forest
height estimation from multi-parameter SAR data alone or com-
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bined with other remote sensing data sets. The majority of them
attempts to establish a direct relationship between measured SAR
parameters as backscatter intensities or interferometric coherences
and forest height using supervised or unsupervised learning im-
plementations [13], [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25].

However, although the achieved performance of such approaches
is often impressive, their generalization and interpretability are
rather limited especially in underdetermined inverse problems
addressed with limited or even without prior knowledge and do-
main expertise. At the same time pure data-driven approaches
require large amount of reference data for a wide range of problem
conditions that are often not available.

One way to overcome these disadvantages has been proposed in
the context of Physics-Informed ML approaches that integrate ML
and physical / mathematical models [26]. This allows to combine
the expressiveness of data-based approaches with the interpretabil-
ity and generalization of physical models. In this context, this study
attempts to establish such a hybrid inversion framework, that com-
bines ML and physical modeling components for the estimation of
forest height from single baseline single-polarimetric TanDEM-X
interferometric coherence. For this the vertical reflectivity profile is
derived as a function of input features, including topographic and
acquisition geometry descriptors, using a multilayer perceptron
network. In a second step, the predicted vertical reflectivity profile
is used to invert forest height taking advantage of the established
physical relation connecting the vertical reflectivity profile to forest
height.

The hybrid modeling approach is expected i) to utilize the capa-
bility of ML techniques in identifying non-obvious relationships
or correlations, such as change in scattering behavior with terrain
topography, ii) to take advantage of the well-established physical
models to restrict the possible solution space down to physically
meaningful solutions, making the training process more efficient
and reducing the diversity of training data required (as for example
the need for reference data at different terrain conditions).

The paper is structured as follows: Section II introduces the data
used in this work, Section III provides the technical background
required, Section IV presents the proposed hybrid model and de-



2.2 STUDY AREA AND EXPERIMENTAL DATA

scribes its implementation, Section V discusses the results obtained
when applying the proposed hybrid model to the TanDEM-X ac-
quisitions, and finally Section VI draws the conclusions.

2.2 STUDY AREA AND EXPERIMENTAL DATA

This study uses data from three Gabonese tropical forest sites: Lopé,
Mabounié, and Rabi. The Lopé site is within the Lopé National
Park, consisting of Savannah and denser forest of varying species
composition and density. The maximum tree height exceeds 50 m
in many stands. The terrain is hilly, with many local slopes steeper
than 20°. Mabounié is a former mining exploration site. Most
of the test site is covered by mature primary forest stands (with
tree heights between 40 and 50 m) and degraded forest (with tree
heights around 20 m). The terrain is relatively flat with few gentle
slopes. Finally, the Rabi test site consists of a diverse mix of upland
and wet forest with a mean tree height of about 40 m, and features
fairly flat topography.

A large set of TanDEM-X images acquired over the three sites is
used. Table 2.1 summarizes the acquisitions and their geometry.
The (271) Height of Ambiguity (HoA) sign indicates the orbit direc-
tion: a positive sign indicates an ascending orbit, while a negative
sign indicates a descending orbit.

Full waveform LiDAR data were collected during the AfriSAR
2016 campaign in February 2016 by National Aeronautics and Space
Administration (NASA)’s airborne Land, Vegetation, and Ice Sen-
sor (LVIS) Light Detection and Ranging (LiDAR) sensor. The LVIS
footprints range from 18 to 22 m, and the waveforms were resam-
pled to a regular 20 m x 20 m grid with corresponding RH98 and
DTM models [27], [28]. The resampled RHg8 heights are used as
the reference heights hg.; = RH98.

2.3 METHODOLOGY

The measured interferometric coherence (7, ) between two inter-
ferometric images sy (@) and s, (@) acquired at a given polarization
W expressed as follows [29], [30]:
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Table 2.1: TanDEM-X Datasets, Sites, Scene ID’s, Height of Ambiguity [m] (HoA),
Nominal incidence angle [°]

No Site Scene ID HoA )

1 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20190610T173107_20190610T173115 52.45 46.18
2 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20160125T173041_20160125T173048 -65.22 44.44
3 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20111002T045625_20111002T045633 86.34 46.08
4 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20121226T045626_20121226T045634 94.89 45.10
5 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20121215T045627_20121215T045635 95.41 46.68
6 Mabounié TDM1_SAR__COS_BIST_SM_S_SRA_20161017T050537_20161017T050545 -80.30 37.07
7 Mabounié TDM1_SAR__COS_BIST_SM_S_SRA_20161017T050530_20161017T050538 -80.90 37.09
8 Mabounié TDM1_SAR__COS_BIST_SM_S_SRA_20161028T050538_20161028T050546 -87.32 39.30
9 Mabounié TDMi1_SAR__COS_BIST_SM_S_SRA_20161108T050538_20161108T050546 -95.81 4139
10 Rabi TDM1_SAR__COS_BIST_SM_S_SRA_20161017T050558_20161017T050606 -78.51 37.04
11 Rabi TDM1_SAR__COS_BIST_SM_S_SRA _20161028T050559_20161028To50607 -85.27 39.24
12 Rabi TDM1_SAR__COS_BIST_SM_S_SRA_20161028T050552_20161028To50600 -85.95 39.27
13 Rabi TDM1_SAR__COS_BIST_SM_S_SRA_20161108T050552_20161108T050600 -94.21 41.37

:Yobs (KZ/a]) = <Sl (ﬁ)) s; (ﬁ]» (2.1)

V{1 @) 51 @) (52 (@) 53 (@)

The vertical wavenumber (inrad/m), «,, expresses the sensitivity
of the interferometric phase to height changes [10], [31]:

27 AO

=M S Gt ) (2.2)

KZ
where 6 is the radar look angle, Af is the look angle difference
induced by the spatial baseline, A is the wavelength, and « is the
ground range terrain slope. The factor m depends on the interfer-
ometric acquisition mode: m = 2 for monostatic while m = 1 for
bistatic acquisitions. An equivalent way to express the sensitiv-
ity of the interferometric phase-to-height changes is the Height of
Ambiguity HoA = 27/x,.

The measured interferometric coherence can be factorized as [32],
[33], [34], [35]:

rNYobs (KZ/Z_I)) = ’7Tmp (Z_b) ;}'Rg (Kz) ;)’Sys (Z_b) ’N)/Vol (Kz/ib) (23)
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where %, () accounts for the temporal decorrelation, yg, ()
accounts for the range spectral decorrelation induced by the spatial
baseline, s, (@) comprises various system-induced decorrela-
tions, including the decorrelation due to the additive noise com-
ponent, and finally, Jy,; (%, @) is the decorrelation induced by the
vertical extent of the scatterer.

In the case of bistatic TanDEM-X acquisitions the factor m in
Eq. (2.2) becomes 1 and the temporal decorrelation contribution
Yrmp = 1. The system decorrelation contribution %s,, and the
range spectral decorrelation . can be accurately estimated and
compensated making an accurate estimation of the volume decorre-
lation %y, contribution possible [36], [37]. The measured interfer-
ometric coherence and several decorrelation contributions depend
on the polarization of the images used to construct the interfero-
gram. However, since polarimetric diversity is not considered in
the following, the polarization dependence is omitted.

2.3.1  Vertical Reflectively Profile and Forest Height Inversion

The volume decorrelation contribution ¥y, (k) is related to the
vertical reflectivity profile f(z) of the forest and its top canopy

height h,, as [30], [38], [39]:

fohz’f(z) e'*Zdz

Jyf (@) dz >4

¥vol (Kz) = %o

where z denotes the position along the vertical axis. The vertical
reflectivity profile f (z) represents the vertical distribution of scat-
terers and as such depends on the frequency, polarization as well
as the acquisition geometry. The lower boundary of f (z) is deter-
mined by the reference height z,, which is related to the location
of the underlying ground. The upper boundary of f (z) is defined
by Zg + h’U'

In the case of TanDEM-X, only a single ¥y, (%,) measurement is
available, at least for a very long-time interval, while the ground
topography z,, forest height /i, and the parameterization of the
vertical reflectivity profile f (z) have to be considered as unknowns.
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2.3.2  Modeling Vertical Reflectivity Profiles
The vertical reflectivity profile can be expressed in terms of a poly-

nomial series expansion. Originally the Legendre polynomials
were used for this [30], [40], [41], [42]:

f(Z,ﬂn) = Z a,P, (z) (25)
n=1

where P, (z) are the Legendre polynomials (see Figure 2.1) and a,,
the associated Legendre coefficients that are obtained as:

_2n+1
-2

1
a, | f@P, @)z (2.6)
The summation extends to infinity, although, in practice, it is
truncated to a small number of terms. The proposed Legendre
polynomials have proven to be a well-suited generic basis as they
allow accurate reconstruction of f (z,4,) with a small number of
polynomials for various forest conditions.

2.4 MODEL DEFINITION

The proposed hybrid model utilizes an ML algorithm to predict the
underlying vertical reflectivity profile f (z,4,,), expressed in terms
of the Legendre series expansion (see Eq. (2.5)), as a function of
features including interferometric volume coherence, acquisition
geometry (expressed by the vertical wavenumber) and terrain
slope. The predicted (or “learned”) vertical reflectivity profile
f(z,a,) is then used in the inversion of Eq. (2.4) to estimate the
forest height. Figure 2.2 shows a conceptual representation of the
architecture and functionality of the proposed hybrid model in the
training and inference phase.

2.4.1  Model Training

In the training phase, the terrain-corrected vertical wavenumber
(see Eq. (2.2)) and the reference forest height hg. are used in
Eq. (2.4) to predict the absolute value of the volume decorrela-
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Figure 2.1: A graphical illustration showcasing the initial seven Legendre polyno-
mials plotted as a function of x, highlighting their distinct properties
and orthogonality within the given domain.

tion I'Nygol (%5, hRet, f (z,4,,)) | for a given vertical reflectivity profile
f(z,a,) expressed by a predefined number (N = 3 or N = 7) of
Legendre polynomials using the associated coefficients a,, (see
Eq. (2.6)). The obtained volume decorrelation prediction is then
compared against the volume decorrelation [y, (k) | as estimated
from the TanDEM-X data.

The training process begins with an arbitrary initialization of
the Legendre coefficients a,,. The coefficients are then iteratively
updated to minimize the difference between the predicted and
the actual volume decorrelation values. The coefficients are deter-
mined by a multilayer perceptron to establish the nonlinear rela-
tionship between them and the set of input features by minimizing
the difference between the predicted and estimated volume decor-
relation. The set of input features includes the terrain corrected
vertical wavenumber x,, the volumetric coherence |y, (k) |, the
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Figure 2.2: Conceptual architecture and functionality of the hybrid model in the
training (top) and inference phase (bottom).

Features

incidence angle to the ellipsoid corresponding to the angle between
the Line-of-Sight and the normal to the local ellipsoid 6, the local
incidence angle 0,,., and the terrain slope in the range direction «.
The optimization process employs a suitable loss function mean
squared error (MSE) and the Adam optimization algorithm [43]:

L (’7{/301/ 7V01) = Z (l?{/jol(KZ/ hRef/f(Z/an))l - |r~7Vol(Kz)|)2 (2-7)
i=1

subject to:

N
f(Z, ay) = Z ay (KZ/ [Yvoll, 0, GIOC/IX) P, (z) (28)
n=1

This way the model enhances its ability to link the features and
the Legendre coefficients of the vertical reflectivity profile.

An important point is to constrain positive reflectivity profiles
in order to ensure physically plausible vertical reflectivity func-
tions. To enforce positive profiles a hyperbolic tangent activation
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function is incorporated. Furthermore, to ensure the physical plau-
sibility of the model predictions, a linear (regression) layer with a
MinMaxNorm kernel constraint is also integrated to constrain the
weights of the model within a certain range:

N
Z ay (Kzr H’VOI(KZ)'/ 6/ 610(:/0‘) Pn (Z) > 0 (2.9)
n=1

Forn =1,2,3,...,Nand 0 < h,, < hp,,,, where I, is set to 70. This
constraint ensures that the predicted vertical reflectivity profiles
are positive and fall within a reasonable range.

2.4.2  Model Inversion

Once the model is trained, it can be used to estimate forest height
from the input features. In a first step, the input features are used
to predict the vertical reflectivity profile f(z,a,,), which is subse-
quently used to estimate the forest height from the [y, (%,)| mea-
surements in terms of Eq. (2.4). This last step can be implemented
in terms of a look-up table.

Note that, the interferometric volume coherences used for train-
ing and inversion are derived from the interferometric coherences
estimated using a 7x7 window estimator as described in [10].

2.4.3 Model Implementation

Three different models have been developed, differing in the num-
ber and range of vertical wavenumbers (e.g., number of TanDEM-X
acquisitions) used for training and in the number of Legendre poly-
nomials used for the definition of the vertical reflectivity profiles.
The three models are summarized in Table 2.2. The first model (A)
was trained using a single TanDEM-X acquisition and used three
Legendre polynomials (N = 3) to define the vertical reflectivity
profiles. The second model (B) was trained using three TanDEM-X
acquisitions (two ascending and one descending) with different
vertical wavenumbers and three Legendre polynomials (N = 3) for
the definition of the vertical reflectivity profiles. Finally, the third
model (C) also used three TanDEM-X acquisitions for training (the
same as for model B) but seven Legendre polynomials (N = 7)
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for defining the vertical reflectivity profiles. For each of the three
models, the available reference data were split such that 60% of the
data was used for training and 40% for validation.

Table 2.2: Models and associated number of Legendre Coef. and TanDEM-X ac-
quisition(s) and HoA used for training (as shown in Figure 2.2, top).

Model  Coef. HoA (m) ML Input Features ~ PM Inputs
A '65-22 Kz, |7V01(Kz)|/ 9/ hRefr Kz,
3 (No 2 in Table 2.1) Broc, & f(z,a,)
52.45
(No 1 in Table 2.1)
B -65.22 Ko [Fvor(K2)1, 6, IRets %z,
3 (No 2 in Table 2.1) Broc, & f(z,a,)
95-41
(No 5in Table 2.1)
52.45
(No 1 in Table 2.1)
C '65'22 Kz, |7V01(Kz)|/ 9/ hRef! Kz,
7 (No 2 in Table 2.1) Broc & f(z,a,)
95-41

(No 5 in Table 2.1)

The data space available for training in the case of using one
(as in model A) or three (as in models B and C) TanDEM-X ac-
quisitions is shown in Figure 2.3. There, the estimated volume
coherence |Jv, (k,)| for the one (on the left) and the three (on the
right) TanDEM-X acquisitions used for training are plotted against
the product hge k,, i.e., the product of the (terrain corrected) ver-
tical wavenumber «, with the reference forest height hg.; for each
sample in the scene. The increased training space when using three
TanDEM-X acquisitions is evident.

For training, acquisitions with (very) different vertical wavenum-
bers are ideal to provide maximum coherence contrast. And, of
course, acquisitions with vertical wavenumbers similar to those
targeted for inversion are likely to yield better inversion perfor-
mance. In this study, an acquisition with moderately different
vertical wavenumbers and one acquisition in opposite geometry
(descending) were preferred to avoid overly optimistic inversion
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for training when one, the No 2 in Table 2.1, (top) or three, the No 1,
2 and 5 in Table 2.1, (bottom) TanDEM-X acquisitions are used. The

colors represent the relative sample density, ranging from dark blue
(low density) to dark red (high density).

performance, thereby highlighting both the strengths and remain-
ing limitations of the proposed approach.

2.5 RESULTS AND DISCUSSION

The three established models are applied to the TanDEM-X dataset
and validated against the available reference heights. The valida-
tion focuses on assessing the inversion performance by considering
the number and range of vertical wavenumbers (e.g., TanDEM-X
acquisitions) used in the training phase and the number of Legen-
dre polynomials used for the definition of the reflectivity profiles.
First, the performance obtained when training and inversion occur
on the same site, but for different acquisitions, is discussed. For
this case, the Lopé site is chosen. In a second step, the performance
obtained when the Lopé model is applied to the other two sites,
Mabounié and Rabi, for which it has not been trained, is evaluated.

The performance achieved over the Lopé site is summarized in
the three Figures 2.4 to 2.6. Figure 2.4 shows the vertical reflectivity
profiles “learned” by the three models, A (top), B (middle) and
C (bottom), for different terrain slopes. In the absence of a direct
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way to assess the correctness of the vertical reflectivity profiles
”“learned” by the models, their slope dependence is one of the few,
if not the only, test that allows some conclusions about their physical
credibility.

Indeed, the ability of the model to predict a stronger ground
scattering contribution on positive slopes facing towards the radar
than on negative slopes facing away is consistent with the phys-
ical anticipation and thus an indication for the credibility of the
"learned’ vertical reflectivity profiles. The light shadow colors indi-
cate the variance of the profiles within each slope interval in order
to illustrate the significance of the terrain adaptation provided by
the ML component. With increasing number of acquisitions used
for training the terrain adaptation improves as indicated by the
smaller profile variance of models B and C with respect to Model
A. In addition, the improved vertical resolution as the number of
polynomials increases from three to seven is evident when compar-
ing the three models. From model A to C, there is a more detailed
definition of the different layers of the vertical structure of the
canopy.

Figure 2.5 shows the plots obtained by plotting the volume co-
herence |y, (%,)| against the product &, x, for each of the five
TanDEM-X acquisitions and for each of the three models. From left
to right, the plots corresponding to acquisitions 1 to 5 (as referred
to in Table 2.1) are plotted. The forest height estimates in the top
row are obtained from model A, in the middle from model B and
in the bottom row by using model C. The framed plots indicate
the acquisitions used for training. Similarly, Figure 2.6 shows the
corresponding validation plots of the estimated forest height h,, for
each of the five TanDEM-X acquisitions (1 to 5 from left to right,
respectively) plotted against the reference forest height hg ;. The
plots are arranged by model, with model A in the top row, model
B in the middle row, and model C in the bottom row.

To better understand the results, we present the following figures
that illustrate the model’s performance across different scenarios.

The performance is characterized by the using the mean absolute
error (MAE):

1 n
MAE = — ; o, — Pre, (2.10)
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Figure 2.6: Estimated /1, vs. reference hge forest height. The plots are generated
using the Lopé forest height estimates /1, obtained from the inversion of
each of the five TanDEM-X acquisitions (from left to right, acquisitions
1-5 according to their numbering in Table 2.1) using the three models (A,
B and C from top to bottom). The framed plots indicate the acquisitions
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and the root mean square error (RMSE):

1 2
RMSE = J; (ho; — PR, ) (2.11)

n
i=1

In Figure 2.5, each plot visualizes the solution space provided
by the set of “learned” vertical reflectivity profiles for the corre-
sponding TanDEM-X acquisition. Note that the set of “learned”
vertical reflectivity profiles is intrinsic to each of the three models,
i.e., the same set of learned profiles is used for each acquisition.
Each “learned” vertical reflectivity profile f (z, a,,) draws a unique
curve in the [y (x,)| vs. I, , plane according to Eq. (2.4). In this
sense, an optimal model should provide a set of “learned” vertical
reflectivity profiles that are able to cover the whole data space in a
unique way, and this over a wide range of vertical wavenumbers.

As can be seen, this is not the case for model A. While for the
acquisition used for training, the set of "learned” vertical reflectiv-
ity profiles provides an acceptable coverage of the data space (i.e.,
compare with Figure 2.3 left), this is not the case for all other acqui-
sitions (e.g., vertical wavenumbers). Furthermore, for acquisition
1, the acquisition with the largest vertical wavenumber (e.g., small-
est HoA), the solution space becomes ambiguous. This behavior
directly reflects on the corresponding validation plots in Figure 2.5
(top row), where unbiased results are obtained only for the acqui-
sition used for training. For the acquisitions 3, 4, and 5 with larger
HoA, the forest heights are overestimated, whereas for acquisition
1 with the smallest HoA the ambiguous solution space becomes
evident. The MAE range between 7.68 and 10.21 meters, while
the RMSE fluctuates between 10.20 and 12.87 meters, as shown in
Table 2.3. Overall, Model A has the highest mean errors among the
three models, with an overall MAE of 8.89 meters and an overall
RMSE of 11.33 meters, indicating its limited performance.

Model B performs better, as the “learned” vertical reflectivity
profiles are able to cover almost the whole data space for all avail-
able acquisitions. There are only small data sub-spaces not covered
by the solution space provided, as well as solution achieved at
the ambiguous part of h, «, range, i.e., after reaching the first co-
herence minimum. These are indicators for a sub-optimum set of
"learned” vertical reflectivity profiles. However, this is not reflected
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Table 2.3: Performance comparison of different models across scenes based on

RMSE and MAE metrics.
Scene No Site RMSE [m] MAE [m]
Model A
Scene 1 Lope 11.17 9.08
Scene 2 Lope 10.20 7.68
Scene 3 Lope 11.03 8.49
Scene 4 Lope 11.60 9.33
Scene 5 Lope 12.87 10.21
Overall 11.33 8.89
Model B
Scene 1 Lope 9.61 7.42
Scene 2 Lope 10.75 8.23
Scene 3 Lope 10.68 7.93
Scene 4 Lope 10.87 8.42
Scene 5 Lope 10.92 8.01
Overall 10.58 8.02
Model C
Scene 1 Lope 8.09 6.28
Scene 2 Lope 9.09 6.93
Scene 3 Lope 8.34 6.41
Scene 4 Lope 8.97 6.98
Scene 5 Lope 9.62 7.32
Overall 8.84 6.79

on the performance plots (Figure 2.6 middle) where the MAE val-
ues range between 7.42 meters and 8.42 meters, and the RMSE
values between 9.61 meters and 10.92 meters, manifesting the im-
proved performance compared to model A, as shown in Table 2.3.
Overall, Model B achieves a lower mean MAE of 8.02 meters and
a mean RMSE of 10.58 meters, indicating a notable performance
improvement over Model A.

Finally, model C performs best, as the “learned” vertical reflec-
tivity profiles are able to cover almost the whole data space in a
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consistent way across all available acquisitions. This is reflected
also on its superior performance with lower MAE levels ranging
from 6.28 to 7.32 meters and lower RMSE levels ranging from 8.09
to 9.62 meters, as summarized in Table 2.3. Notably, Model C
achieves the lowest overall MAE and RMSE values among all mod-
els, with an overall MAE of 6.79 meters and an overall RMSE of 8.84
meters. Furthermore, the performance is very consistent across the
entire range of vertical wavenumbers indicating the ability of the
”learned” vertical reflectivity profiles to describe the underlying
reflectivity.

In addition to the two cases using N = 3 (Model B) and N =7
(Model C) Legendre coefficients to describe the vertical reflectivity
profiles, models with varying N-values ranging from 3 to 9 were
implemented and tested to assess their impact on inversion perfor-
mance, consistently using the same three TanDEM-X acquisitions
for training. The performance of models with N = 4,5, and 6,
as expected, lies between the N = 3 and N = 7 cases, gradually
improving with increasing N. For models with higher N-values
(N = 8 and 9), performance progressively deteriorates due to
overfitting.

Table 2.4: Performance comparison of model C across sites based on RMSE and

MAE metrics.
Scene No Site RMSE [m] MAE [m]
Model C
Scene 6 Mabounié 10.02 7.90
Scene 7 Mabounié 9.84 7.80
Scene 8 Mabounié 10.98 8.58
Scene 9 Mabounié 11.10 8.73
Scene 10 Rabi 8.84 6.98
Scene 11 Rabi 8.70 6.81
Scene 12 Rabi 8.93 6.97
Scene 13 Rabi 11.34 8.95

After evaluating the performance obtained when inverting acqui-
sitions of the same area where training was performed but acquired
with different vertical wavenumbers than the one(s) used for train-
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ing, it is time to validate the transferability of the model to sites
other than the one where it was trained. For this, the best per-
forming model C is applied and validated on different TanDEM-X
acquisitions over the Mabounié and Rabi sites. Both sites are char-
acterized by different forest types and forest height distributions
and have different topographic characteristics than the Lopé site.
The achieved results in form of the volume coherence |f”y€ o1 ()| vs.
h,, x, plots and the validation plots are shown for the four Mabounié
acquisitions (acquisitions 6-9 according to their numbering in Ta-
ble 2.1) in Figure 2.7 and for the four Rabi acquisitions (acquisitions
10-13 according to their numbering in Table 2.1) in Figure 2.8. The
plots are generated using the forest height estimates , obtained
from the inversion of each of the TanDEM-X acquisitions.

The achieved performance is for all acquisitions on both sites,
as expected, inferior to the one achieved in Lopé. Looking on the
[Fvoi(%,)] vs. hy, i, plots for both sites one sees that the vertical re-
flectivity profiles “learned” in Lopé are relevant enough to provide
a consistent solution space for all Mabounié and Rabi acquisitions.
However, comparing the Lopé |’7Vol’7§/ol7fz)| vs. h, x, plots (see Fig-
ure 2.5) it is also clear that only a subset of the “learned” reflectivity
profiles are used for the inversion in Mabounié and Rabi. This is
most likely because the reflectivity profiles “learned” in Lopé are
not optimal to describe the underlying reflectivity in the other two
sites due to the different forest structures there. The performance
across the whole set of acquisitions (e.g., across the whole range
of vertical wavenumbers) for both sites is consistent and widely
unbiased with MAE values ranging between 7.80 and 8.73 meters
and RMSE values between 9.84 and 11.10 meters in Mabounié and
with MAE values ranging between 6.81 and 8.95 meters and RMSE
values between 8.70 and 11.34 meters in Rabi, as summarized in
Table 2.4.

2.6 CONCLUSION

In this study, a hybrid model combining machine learning with
physical modeling was proposed for estimating forest height from
single baseline, single polarimetric TanDEM-X interferometric co-
herence measurements. The integration of physical knowledge
with domain expertise through a join architecture was attempted
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to improve the performance of the physical model and the inter-
pretability of the machine learning architecture, resulting in an
overall improved performance.

The proposed model uses an ML algorithm to predict the under-
lying vertical reflectivity profile, expressed in terms of the Legendre
series expansion, as a function of features such as interferometric
volume coherence, vertical wavenumber and terrain slope. The
predicted vertical reflectivity profile is then used in a physical rela-
tionship to estimate forest height.

Three different versions of such a hybrid model were imple-
mented and applied to TanDEM-X acquisitions. The resulting for-
est heights were validated against the available reference heights.
The emphasis was on assessing the inversion performance as a
function of the number and the range of the vertical wavenumbers
(e.g., TanDEM-X acquisitions) used in the training phase and the
number of Legendre polynomials used to define the reflectivity
profiles.

It appears that a certain vertical resolution of the vertical re-
flectivity profiles, expressed by the larger number of Legendre
polynomials used to define them, is required to achieve better in-
version performance. On the other hand, a set (e.g., more than one)
of acquisitions with significantly different vertical wavenumbers is
required to obtain vertical reflectivity profiles that are able to span
a unique solution space covering the entire possible data space
for a wide range of vertical wavenumbers. The best results in the
study were obtained with three TanDEM-X acquisitions, but the
important criterion is the difference in their vertical wavenumbers.
With this in mind, two acquisitions may be sufficient for achieving
acceptable performance. It is worth noting here that the combi-
nation of ascending and descending acquisitions in the training
dataset appears to be possible.

The advantages of this approach are obvious. First, it allows
forest height estimates to be obtained without the full observation
space required for a model-based inversion. This is because the ML
component seems to be able to establish a relationship between the
shape of the vertical reflectivity profile and features such as inter-
ferometric volume coherence, the associated vertical wavenumber
and the terrain topography. The advantages of the hybrid approach
of first predicting a vertical reflectivity profile and then using it to
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perform a classical inversion are twofold: it minimizes the number
of acquisitions required in the training phase to the few needed to
"learn” the vertical reflectivity profile. The relationship between the
interferometric volume coherence and the forest height at different
vertical wavenumbers does not have to be established separately.
It is given by the known vertical reflectivity profile.

The performance of any height estimation algorithm that utilizes
interferometric coherence is critically dependent on its capacity to
capture the spatial variation of the underlying reflectivity profile.
This capability is strongly influenced by the boundary conditions of
the inversion problem, such as the available observation space, the
quantity and type of ancillary data or prior knowledge, and, impor-
tantly, the characteristics of the site where performance is evaluated.
Consequently, comparing forest height estimation algorithms that
operate under different boundary conditions is challenging. The
proposed approach enables forest height estimation from a single
TanDEM-X acquisition but, in its most effective implementation,
requires three TanDEM-X acquisitions and a set of reference for-
est height measurements for training to account for the spatial
variation in the underlying reflectivity profile.

Of course, the dependence of the vertical reflectivity profile on
the different forest conditions is not trivial to be determined by
any ML component, as it requires data and knowledge that are
commonly not available. This lack of adaptability to the different
forest structure conditions is also the main reason for the relatively
high RMSE values characterizing the inversion results. This ability
to adapt to local forest conditions remains the main advantage of
model-based approaches, which - if the required observation space
is available - are able to do so independently of the availability of
any training datasets.
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SUPPLEMENTARY MATERIAL

This section provides additional material that complements the
published version of Paper 1. It includes extended visualizations
of the study site, additional input and reference data, as well as
details on the MLP architecture and training hyperparameters used
in this work. These were not part of the published article but are
added here for completeness and reproducibility.

A.1 VISUALIZATION OF STUDY SITE AND DATA

Figure A.1 shows the geographical extent of the study area. Fig-
ure A.2 presents examples of the input features, including TanDEM-
X coherence and topographic descriptors. Figure A.3 shows the
reference data (LiDAR-derived forest height), representative pre-
dictions, and residual maps for Scene No. 4 in Table 2.1. Finally,
Figure A.4 presents the mosaicked forest height estimates from the
Hybrid AI-InSAR model and the associated error maps for Models
A, B,and C.

These visualizations were excluded from the published paper
but are included here to support the interpretation of results and
to provide a more comprehensive overview.

A2 MODEL ARCHITECTURE AND HYPERPARAMETERS
Table A.1 specifies the architecture of the multilayer perceptron

(MLP) used in this study. Table A.2 reports the training hyperpa-
rameters to ensure reproducibility.
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Figure A.1: Study area in Gabon with LVIS flight trajectories (blue) and the three
reference sites: Lopé (star), Mabounié (square), and Rabi (triangle).
Background shows shaded relief; inset indicates regional location in

Central Africa.



A.2 MODEL ARCHITECTURE AND HYPERPARAMETERS

Incidence Angle From Ellipsoid

Local Incidence Angle

525

as00

latitude [dagrees.north]

a0

s

a0

wio ey 150 ns ilee s 170 17
Tongituds [degrees sast]

e mls o mss ko s 170 1
longiude (degrees east]

(a) Incidence angle from ellipsoid (b) Local incidence angle

Slope Map Coheretnce vier
w P 10
o
0
0
2
0z
" H
° & g
s
2
o 0
0
0 s o0
e e ey o we e an
Tongude tderees sl

55
longiude (vegrees east]

(c) Slope map (d) Volume coherence 7y,

Wavenumber k.

lattude [degrees_porh]

1w 1ls 150 15 aeo L 170 175
longiude [degrees_ east]

(e) Vertical wavenumber x,

Figure A.2: Examples of input features used in the study. The shown example
corresponds to Scene No. 4 (site Lopé) in Table 2.1.
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Hybrid AI-InSAR model (Model C), and (c) difference map (Model C
- LVIS RHgyg). Example corresponds to Scene No. 4 (site Lopé).
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Table A.1: Architecture of the MLP used in Paper 1.

Layer Specification

Input Number of input features (INSAR + geometry descrip-
tors)

Hiddenlayer1 128 neurons, Tanh activation

Hiddenlayer 2 64 neurons, Tanh activation

Hidden layer 3 32 neurons, Tanh activation

Output Legendre coefficients / profile parameters

Table A.2: Training hyperparameters of the MLP (Paper 1).

Parameter Value
Optimizer Adam
Learning rate 1e-2
Batch size 256

Number of epochs 200

Early stopping

Loss function

Patience of 20 epochs

Mean squared error (MSE)
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Abstract

The integration of machine learning (ML) with physical models
(PM) has emerged as a promising approach for retrieving geophysical
parameters from remote sensing data. Such hybrid approaches have
the potential to overcome key limitations of ML such as scarceness of
training data and interpretability, and to improve the performance of
traditional PM, especially in cases where they are under-determined.
Recently, such a hybrid model has been proposed for forest height
estimation using single-baseline, single-polarization TanDEM-X in-
terferometric coherence measurements. To ensure maximum support
of the PM structure on the ML component, the (input) features used
for training and inversion are all related to the parameterization of
the PM. However, this limits the feature space and, thus, the poten-
tial of the ML component to explore multi-parameter data spaces by
establishing non-apparent relationships and patterns. This study
investigates the extension of the input space by including multispec-
tral Landsat data, which per se cannot be physically related to other
features or forest height through a physical model. The extent to
which this approach can improve performance by compensating for
some of the deficiencies of the original hybrid model is analyzed and
discussed. The developed model is applied and validated on several
TanDEM-X acquisitions over tropical sites with different acquisition
geometries. Its performance is assessed against reference data derived
from airborne LiDAR measurements.

Keywords

InSAR, forest height estimation, interferometry, synthetic aperture
radar, TanDEM-X, ESA Biomass, Landsat, multimodal, remote
sensing, forest height, forest structure, temporal decorrelation, topo-
graphic effects, machine learning, hybrid modeling, physical model-

ing.
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3.1 INTRODUCTION

Polarimetric SAR Interferometry, i.e., interferometric measure-
ments with polarimetric and spatial baseline diversity, is an
established remote sensing technique for obtaining continuous
forest height estimates of significant accuracy at large spa-
tial scales [1], [2], [3]- The inversion approaches are usually
model-based, exploring the physical relationship connecting
interferometric measurements to the 3D distribution of scatterers
within forests. The achieved performance critically depends on
the parameterization of the inversion problems. Accurate and
generic parameterization requires an adequate observation space
to achieve a balanced inversion problem. Simplified or constrained
model parameterizations without sufficient observation space
result in compromised inversion performances.

Machine learning (ML) inversion approaches have become in-
creasingly popular in recent years as an alternative to parameter
estimation from RS data, exploring the potential of ML to identify
patterns and correlations in a complex, multidimensional space,
even when explicit (physical) relationships are not available. ML
allows combining different data types into a single framework,
including SAR-derived interferometric coherence and optical or
LiDAR remote sensing data for forest height estimation [ 4], [5], [6].
However, despite their unquestioned potential, current ML models
for forest height estimation often suffer from limited interpretability
and generalization.

One way to overcome these limitations is hybrid modeling ap-
proaches that integrate ML and physical models [7]. They combine
the power and effectiveness of data-based approaches with phys-
ical models’ plausibility, interpretability, and generalizability. In
this context, a recently published study established a hybrid inver-
sion framework combining ML and physical modeling components
to estimate forest height from single-baseline, single-polarimetric
TanDEM-X interferometric coherence [7].

In the proposed model, the vertical reflectivity profile is rep-
resented using a Legendre series expansion, with its coefficients
predicted as a function of input features via a MLP. These input fea-
tures include interferometric volume coherence, terrain-corrected
vertical wavenumber, incidence angle, and terrain slope in the

87



88

HYBRID FOREST HEIGHT FROM TANDEM-X AND LANDSAT DATA

range direction. The resulting vertical reflectivity profile is then
used within a physical model to estimate forest height.

It should be noted that while this study adopts a relatively sim-
ple MLP architecture, the hybrid framework is not restricted to
this choice. Other deep learning models — such as convolutional
neural networks (CNNss) or transformer-based architectures with
attention mechanisms—could also be considered to capture addi-
tional spatial dependencies and complex feature interactions. An
MLP was chosen for its interpretability, efficiency, and suitability
for multimodal integration, but future research may explore more
advanced architectures.

The advantages of this approach are twofold. First, it enables
forest height estimation—even in the absence of the full observa-
tion space required for a traditional model-based inversion—by
allowing the MLP to infer the shape of the reflectivity profile from
limited input features. Second, it reduces the number of required
acquisitions by leveraging physical constraints to generalize across
vertical wavenumbers, even when trained on a limited subset.

The critical point of the approach is the ability of the ML com-
ponent to determine, with the available input features, the vertical
reflectivity profile for different forest and terrain (e.g., slope) con-
ditions. The set of input features used for training and inversion
in [7] consists exclusively of radar and geometry parameters to
support the PM structure on the ML component. While this is im-
portant, this set of input features does not provide any information
about the underlying forest type. This limits the ability of the ML
model to adapt the vertical reflectivity profile to the different forest
structure types, and is the main reason for the relatively high RMSE
values that characterize the achieved inversion performance.

This study attempts to address this limitation and aims to im-
prove the prediction of the vertical reflectivity profile by extending
the feature space to include multispectral Landsat data that provide
information on forest type stratification/canopy closure that cannot
be linked per se to the other input features or to PM parameters
due to the lack of established physical relationships.
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3.2 METHODOLOGY

The measured interferometric coherence %, (x,) can be expressed
as [8], [9], [10], [11]:

Yobs (kz) = ’7Tmpf7Rg'75ys’~YVol (%) (3.1)

where v, (k) accounts for volume decorrelation related to the
forest canopy, while 7, Yrg, ¥sys represent temporal, range, and
system decorrelations, respectively [12]. The volume decorrelation
is defined as [13], [14]:

h .
iK,z, fO vf(Z) e dz
= e zZ0 ———

Vol (Kz) - n (32)
fo “f(z)dz

where the vertical reflectivity profile f (z) represents the vertical

distribution of scattering elements and h,, is the forest height. The

vertical wavenumber (in rad/m), x,, expresses the sensitivity of

the interferometric phase to height changes [15]:

27T ABO

K, = me (33)

where 6 is the radar look angle, Af the look angle difference in-
duced by the spatial baseline, A the wavelength, and « the ground
range terrain slope. When f(z) is known, Eq. 3.2 is reduced to a
balanced and unique inversion problem, allowing the forest height
estimation.

In order to obtain an estimate for the vertical reflectivity profile,
f(2) is first expressed in terms of a polynomial series expansion
using the Legendre polynomials P, (z) as [16], [17]:

N
f(Z/an) = Z anPn(Z) (34)

n=1

where a,, are the associated coefficients, and N is the number of
terms in the expansion truncated to a relatively small number. Af-
ter this, an ML algorithm is used to predict the underlying vertical
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reflectivity profilef (z, a,) expressed in terms of the Legendre series
expansion (see eq. (3.4)) as a function of a set of input features. The
predicted vertical reflectivity profile f (z, a,,) is then used in eq. (3.2)
to estimate forest height. Figure 3.1 shows a conceptual representa-
tion of the architecture and functionality of the proposed hybrid
model in training and inference.

/ Multi-layer Peceptron (MLP) Simulation: Physical Model \
Fget
Vertical Reﬂectlvely Profile B foh f(2)eir=dz
- ol = |[—————
Features > Jo" f(2)dz

f(zan)
T Zﬂn = ,, gan

/\va\ —>| MSE loss L

Training Phase /

/ Multi-layer Peceptron (MLP) Inversion: Physical Model

[Fvall
Vertical Reﬂecllvely Profile

Features
/ (z,an)

(z,an) Z,. 0 @nPn(

\ Inference Phase /

Figure 3.1: Conceptual architecture and functionality of the hybrid model in the
training (top) and inference phase (bottom).

The model with the best performance in [7] uses seven Legendre
polynomials (N = 7) to define the vertical reflectivity profiles and
three TanDEM-X acquisitions (two ascending and one descending)
for training. The input features include the interferometric volume
coherence %y, (k,), the terrain corrected vertical wavenumber .,
the incidence angle 6 , and the terrain slope in the range direction
«. This configuration is referred to as Model-C. To improve its per-
formance, the input feature space are extended by incorporating
four Landsat spectral bands: Band 4 (Red, 0.630-0.680 um), Band
5 (Near-Infrared [NIR], 0.845-0.885 um), and Bands 6 and 7 corre-
sponding to Short-Wave Infrared 1 (SWIR1, 1.560-1.660 um) and
Short-Wave Infrared 2 (SWIR2, 2.100-2.300 pum), respectively. This
extended configuration is referred to as Model-D.
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Table 3.1: Models and associated number of Legendre Coef. and TanDEM-X ac-
quisition(s) and HoA used for training (as shown in Figure 3.1, top).

Model  Coef. HoA (m) ML Input Features ~ PM Inputs

52.45
(No 1 in Table 3.2)
-65.22 Kz, vol (%2, 6, hRefs 2,
(No 2 in Table 3.2) Oroc, f(z,a,)
95.41
(No 5 in Table 3.2)

52.45
No 1in Table 3.2 ~
(Not 32) Ko ol (001 6, )
522 B0, &, Red, NIR, Refs *z/
(No 2 in Table 3.2) SWIR1, SWIR2 f(z,a,)
95-41
(No 5 in Table 3.2)

Table 3.2: TanDEM-X Datasets, Sites, Scene ID’s, Height of Ambiguity [m] (HoA),
Nominal incidence angle [°]. The HoA sign indicates the orbit direction:
positive for ascending, negative for descending orbit.

No Site Scene ID HoA A

1 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20190610T173107_20190610T173115 52.45 46.18
2 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20160125T173041_20160125T173048 -65.22 44.44
3 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20111002T045625_20111002T045633 86.34 46.08
4 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20121226T045626_20121226T045634 94.89 45.10

5 Lopé TDM1_SAR__COS_BIST_SM_S_SRA_20121215T045627_20121215T045635 95.41 46.68
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To ensure consistency and comparability with Model-C, the same
basic setup is retained for Model-D, including preprocessing steps,
dataset split ratios, and optimization settings, as described in [7].
Moreover, the same training strategy used for Model-C is applied
to Model-D. The models, their input features, and configurations
are summarized in Table 3.1. The only difference lies in including
the four Landsat spectral bands in the input feature space.

3.3 STUDY AREA AND DATASET

This study focuses on the Lopé site within the homonymous Na-
tional Park in Gabon. The area comprises savannah and subtropical
forest stands with diverse species composition and density. Tree
heights exceed 50 m in many locations. The terrain is hilly, with
local slopes steeper than 20°.

The set of TanDEM-X images used is summarized in Table 3.2.
From the TanDEM-X CoSSC products, and following standard pre-
processing steps, the volume decorrelation |}y (x, )|, the terrain
corrected vertical wavenumber «,, and the local incidence angle
6y are derived. Terrain correction is performed using the 30 m
Copernicus DEM [18].

Four Landsat spectral bands (Red, NIR, SWIR1, and SWIR2)
from Hansen’s cloud-free product [19] are included as additional
input features.

Reference forest height data are derived from full-waveform
LiDAR collected by NASA’s LVIS sensor during the AfriSAR 2016
campaign [20]. The RH98 metric, representing the 98th percentile
height, is used as the reference forest height (hg.s = RH98). All
datasets are resampled and georeferenced to a standard spatial
resolution of 20 m x 20 m.

3.4 IMPLEMENTATION AND RESULTS

Both models are trained using the same three TanDEM-X acqui-
sitions—two ascending and one descending—corresponding to
scenes 1, 2, and 5 in Table 3.2, each characterized by a different ver-
tical wavenumber. The available training data space is illustrated
in the left panel of Figure 3.2, where the observed volume coher-
ence magnitudes |y, (k)| from the three acquisitions are plotted
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against the product hges - x,, with hge representing the reference
forest height and «, the terrain-corrected vertical wavenumber.

During training, an initial vertical reflectivity profile f(z, a,),
represented via its Legendre coefficients a,,, is used in conjunction
with hg. and «, in Eq. 3.2 to predict the volume decorrelation
|f”y\1; o1(%2)|. This predicted value is then compared to the observed
volume coherence [y, (%,)|, and the coefficients a,, are iteratively
updated to minimize the difference. The coefficients are estimated
by a MLP that learns the mapping between the input features and
the reflectivity profile.

Once trained, the model predicts forest height in two steps. First,
the input features are used to infer the vertical reflectivity profile
f(z,a,). Then, this profile is employed in Eq. 3.2 to estimate forest
height from the observed [Fy, (%,)I.

II("

10
107
10!
10°

3 i 27

Estimated h, * K. Estimated /, * k;

Figure 3.2: [fyo (k)| Vs. &, - hget OF K, - by, product. (Left) The volume coherence
[Fvo1(x2)] is plotted against hig. - %, for the entire data space available
during training. (Center, Right) The volume coherence [y, (k)| are
shown against /1, - «, retrieved from all five TanDEM-X acquisitions
using Model-C (center) and Model-D (right). The colors indicate the
relative number of samples and go from dark blue (low) to dark red
(high).

The resulting solution spaces from the “learned” vertical reflec-
tivity profiles for both models are shown in the middle and right
panels of Figure 3.2. In these plots, [y (*,)ll is shown against
the product h,, - «,, where h,, denotes the inverted forest height.
Each profile f (z, a,,) defines a unique curve in the |[jv (k)| versus
%, - hget plane according to Eq. 3.2.

A comparison with the training data space (left panel) reveals
that Model-D provides a broader and more effective coverage of
the data space, particularly in regions with high x, hg.s values
and strong volume coherence. This indicates Model-D’s improved
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capacity to handle diverse canopy structures and a wider range of
vertical wavenumbers.

3.4.1  Owerall Performance

60
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Figure 3.3: Estimated h,, vs. Reference &, forest height (left model C and right
model D). The plot is generated using the Lopé forest height estimates
h,, obtained from the inversion of each of all five TanDEM-X acquisitions.
The colors indicate the relative number of samples and go from dark
blue (low) to dark red (high).

Figure 3.3 presents the validation plots, where the estimated
forest heights h,, from all five TanDEM-X acquisitions are plotted
against the reference heights hg.;. Results are shown for Model-C
(left) and Model-D (right). Performance is quantified using the
mean absolute error (MAE) and root mean square error (RMSE).
Model-D demonstrates clear improvements over Model-C. The slight
underestimation observed in Model-C is largely corrected in Model-
D, attributed to its enhanced ability to generate reflectivity profiles
that better span the subspace of high «, - iz, and strong volume
coherence |y (k).

The RMSE decreased from 8.84 m in Model-C to 7.65 m in Model-
D, and the MAE improved from 6.79 m to 5.66 m. Table 3.3 summa-
rizes the performance metrics across individual scenes, showing
that Model-D consistently outperforms Model-C. These improve-
ments correspond to a 13.5% reduction in RMSE and a 16.6%
reduction in MAE.
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Figure 3.4: Forest Height Error vs. slope (left model C and right model D). The
plots are generated using the Lopé forest height estimates /,, obtained
from the inversion of each of all five TanDEM-X acquisitions. The colors
indicate the relative number of samples and go from dark blue (low)
to dark red (high).

3.4.2  Performance on Terrain Slopes

The influence of terrain slope on model performance is analyzed
next. Figure 3.4 shows the residual errors (differences between
estimated and reference heights) for both models across the range
of terrain slopes. Model-C tends to underestimate forest height at
negative range slopes—those facing away from the radar—while
Model-D shows minimal sensitivity to slope variation.

Both models exhibit increased error variability on steeper slopes,
particularly beyond +20°, yet Model-D maintains lower residu-
als throughout. Integrating Landsat spectral bands in Model-D
provides complementary information that helps resolve ambigui-
ties arising from terrain slope and acquisition geometry. For mild
slopes between —10° and +10°, Model-D achieves near-zero bias
and symmetrical residuals.
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Table 3.3: RMSE and MAE Results for Models C and D Across Different Scenes.

Model C Model D
Scene No
RMSE [m] MAE[m] RMSE[m] MAE [m]

1 8.09 6.28 7.26 5.42
2 9.09 6.93 9.09 5.71
3 8.34 6.41 7.52 5.51
4 8.97 6.98 6.94 5.25
5 9.62 732 8.93 6.55
Overall 8.84 6.79 7.65 5.66

These results highlight the strength of the hybrid framework: the
machine learning component effectively learns a mapping between
the spectral features and the vertical reflectivity profile, compen-
sating for underestimation in negatively sloped terrain. As a result,
Model-D exhibits enhanced generalization capabilities across com-
plex topographic conditions.

3.5 CONCLUSIONS

This study presents an extension of an established hybrid model for
forest height estimation using single-baseline, single-polarization
TanDEM-X interferometric coherence measurements. To enhance
the model’s adaptability to varying forest structures and terrain con-
ditions (e.g., slopes), the input feature space is expanded by incor-
porating four Landsat spectral bands. The integration of Landsat
spectral information significantly improved overall performance,
reducing the RMSE and MAE by 13.5% and 16.6%, respectively.
Furthermore, it enhances performance over complex terrain by mit-
igating ambiguities related to terrain slopes, acquisition geometries,
and forest structural variation. The bias is largely compensated for
gentle range slopes between —15° and +15°.

The incorporation of multimodal data is critical in overcoming
the limitations of single-source approaches. The machine learning
component enables the effective use of Landsat features by learning
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SUPPLEMENTARY MATERIAL

This section provides additional material that complements the
published version of the paper. It includes extended visualizations
of the study sites, input features, reference data, predictions, and
residuals, as well as detailed specifications of the MLP architecture
and training hyperparameters.

B.1 VISUALIZATION OF STUDY SITES AND DATA

Figure B.1 shows the four Landsat spectral bands used as additional
input features for Model D. The maps correspond to Scene No. 4
from Table 3.2 over Lopé. These bands, which include red, near-
infrared, and shortwave infrared wavelengths, provide comple-
mentary spectral information that supports the Hybrid AI-InSAR
model in capturing forest structural variation.

Figure B.2 summarizes the learned Legendre coefficients using
false-color RGB composites: the top panel shows Model C and
the bottom panel shows Model D. Each panel displays five RGB
triplets (R : a4, G : ag,1,B @ ax,) across the scene to visualize
spatial structure of the seven coefficients. Figure B.3 presents the
mosaicked forest-height predictions and corresponding residuals
with respect to LVIS reference data: the top row shows the predicted
forest height mosaic (left: Model C, right: Model D), and the
bottom row shows the residual error maps (prediction - LVIS RHgg)
for the same models.

B.2 MODEL ARCHITECTURE AND HYPERPARAMETERS

For reference, the architecture of Model C corresponds to the setup
described in Table A.1 from Paper 1. In contrast, the architecture of
Model D is detailed below in Table B.1. Its training hyperparame-
ters, shown in Table B.2, are identical to those used in Paper 1.
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(c) Landsat Band 3 (d) Landsat Band 4

Figure B.1: Landsat spectral bands used as additional input features for Model D.
The maps correspond to Scene No. 4 from Table 3.2 over Lopé.
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Table B.1: Architecture of the MLP used in Paper 2.

Layer Specification

Input Number of input features (InSAR + geometry descriptors
+ Landsat spectral bands)

Hiddenlayer1 128 neurons, Tanh activation
Hiddenlayer 2 64 neurons, Tanh activation
Hidden layer 3 32 neurons, Tanh activation

Output Legendre coefficients / profile parameters

Table B.2: Training hyperparameters of the MLP (Paper 2).

Parameter Value
Optimizer Adam
Learning rate 1e-2
Batch size 256

Number of epochs 200
Early stopping Patience of 20 epochs

Loss function Mean squared error (MSE)
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(b) Residual error maps (prediction — LVIS RHgg): left = Model C, right =
Model D

Figure B.3: Top: mosaicked forest-height predictions from the Hybrid AI-InSAR
model for Model C (left) and Model D (right). Bottom: residual error
maps computed as (prediction — LVIS RHgg) for the same models.
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Abstract

Digital elevation models derived from Interferometric Synthetic Aper-
ture Radar (InSAR) data over glacial and snow-covered regions often
exhibit systematic elevation errors, commonly termed “penetration
bias.” We leverage existing physics-based models and propose an
integrated correction framework that combines parametric physical
modeling with machine learning. We evaluate the approach across
three distinct training scenarios — each defined by a different set
of acquisition parameters — to assess overall performance and the
model’s ability to generalize. Our experiments on Greenland’s ice
sheet using TanDEM-X data show that the proposed hybrid model
corrections significantly reduce the mean and standard deviation of
DEM errors compared to a purely physical modeling baseline. The
hybrid framework also achieves significantly improved generalization
than a pure ML approach when trained on data with limited diversity
in acquisition parameters. *

1 The source code is available at https://github.com/IslamAlam/pydeepsar


https://github.com/IslamAlam/pydeepsar

4.1 INTRODUCTION

4.1 INTRODUCTION

Interferometric Synthetic Aperture Radar (InSAR) has enabled the
generation of high-resolution Digital Elevation Models (DEMs)
over large areas, such as the global Copernicus DEM derived from
TanDEM-X [1]. These DEMs are crucial for many applications,
including cryospheric studies, where they enable monitoring of
glacier mass balance and ice sheet dynamics [2].

One of the main challenges in generating INSAR DEMs is the
penetration of the radar signal into dry snow and ice. This causes
the measured elevation to lie several meters below the actual sur-
face, leading to the so-called penetration bias [3], [4], [5], [6]. For
example, a recent study by Fan et al. [6] compared DEMs derived
from ICESat-2 (a laser altimeter sensor) and TanDEM-X (an X-band
radar sensor) data over Greenland and found that the elevation
bias varies significantly with terrain elevation. In their analysis, for
elevations above 2000 m the median difference (MED) between
the DEMs is approximately -3.76 m (with an RMSE of 4.51 m),
whereas for elevations below 2000 m the MED is around -2.32 m
(with an RMSE of 7.00 m), yielding an overall MED of -2.75 m and
RMSE of 6.58 m. This pronounced bias — primarily due to X-band
signal penetration into the ice — illustrates both the inherent chal-
lenge of penetration bias and the influence of topography, thereby
motivating the need for advanced correction techniques.

There is potential to estimate the penetration bias directly from
the InSAR data, because the signal penetration depends on the
snow and ice properties, which, in turn, influence the backscatter
and coherence measured by the INSAR system. The key relation-
ship is between the vertical scattering profile, which describes how
the backscattered signals are distributed within the snow and ice,
and the interferometric coherence, which measures the correlation
between the InNSAR acquisition pair. Typically, a shallow vertical
scattering profile leads to high coherence, whereas deep penetra-
tion causes low coherence. This relationship depends on the InNSAR
acquisition geometry that determines the interferometric height
sensitivity, which is described by the Height of Ambiguity (HoA)
parameter.

Physical models, such as the Uniform Volume (UV) model
(which assumes a uniform signal extinction in snow and ice, i.e., an
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exponential vertical profile), are used to estimate the penetration
depth under idealized conditions [7], [8], [9]. One key advantage
of these physics-based methods is that they do not require any ad-
ditional training or reference data, unlike data-driven approaches
that depend on high-quality reference data. However, these models
can over- or underestimate the bias when real scattering scenarios
deviate from their simplifications. In contrast, purely data-driven
approaches, such as machine learning (ML) models, can capture
local variations more accurately and flexibly but may lack the
robustness and interpretability of physics-based methods [2], [10].

0.3 1 -30 0 -10 (o]

Figure 4.1: Qualitative example from a representative region. Left: Interferometric
coherence (range: 0.3-1). Center: One-way penetration depth (dpen, in
meters) predicted by the MLP component of our hybrid framework,
which then feeds into the Exponential profile. Right: Final penetration
bias (Ppias, in meters). This hybrid approach leverages InNSAR features
(e.g., coherence) to predict dp,ep,, which is subsequently used to estimate
Pbias for correcting DEM elevations over ice and snow.

Building upon our initial hybrid framework [11], we present an
expanded analysis that synergistically combines physical models
with ML approaches. While our previous work focused solely
on the Exponential profile, here we systematically evaluate two
parametric physical models (Exponential and Weibull profiles) to
comprehensively understand their capabilities and limitations in
modeling vertical scattering profiles. We train a Multi-Layer Percep-
tron (MLP) to predict the parameters of these physical models from
the data, as illustrated in Figure 4.1. To rigorously assess general-
ization capabilities, we introduce three distinct HoA scenarios: (1)
training with all available HoA scenes, (2) an Interpolation scenario
where we exclude mid-range HoA values to test interpolation capa-
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bilities, and (3) an Extrapolation scenario where we exclude higher
HoA values to evaluate extrapolation performance. This system-
atic evaluation provides crucial insights into model robustness and
generalization capabilities across variable acquisition geometries
as expected for large scale InNSAR applications.

4.2 RELATED WORK
4.2.1  Physical Modeling Approaches

Accurate electromagnetic modeling of the vertical scattering profile
in snow and ice is a critical prerequisite for correcting the penetra-
tion bias in InNSAR-derived DEMs. The interaction of microwaves
with natural snow cover is complex because the snow comprises
heterogeneous mixtures of ice grains and air that also depend on
environmental conditions such as temperature and metamorphism
processes. Early studies provide insights into the dielectric proper-
ties and scattering mechanisms in natural snow [12].

The Uniform Volume (UV) is introduced as a simplified model
for the scattering medium [7]. It treats the snow and ice volume as
an infinitely deep, homogeneous medium with a constant signal
extinction coefficient, leading to an exponential vertical scattering
profile. Under these assumptions, the penetration bias can be esti-
mated directly from the InSAR data using the UV model [8], [13].
Another more flexible solution is based on the Weibull profile [9]
capturing changes in signal extinction due to increasing grain size
and density with depth [12]. It is able to compensate for the under-
estimation of the UV model, but it is also prone to overestimating
the surface location [9].

4.2.2  Data-Driven Approaches

Purely data-driven methods bypass explicit physical modeling by
learning the mapping between observable SAR features (e.g., in-
terferometric coherence and backscatter intensity) and the target
variable (e.g., the penetration bias, snow-facies) directly from train-
ing data.

A key study proposes a pixel-based regression approach for
estimating X-band InSAR elevation bias over Greenland [2]. Their
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method achieves a coefficient of determination (R?) of 0.68 and an
RMSE of 0.68 m. While computationally efficient, this approach is
limited by its linearity and lack of explicit physical constraints.

Other recent work explores deep learning-based methods, for
example, using a deep unsupervised learning approach for the
classification of snow facies [10], [14]. In this case, the snow facies
are segmented and used for the penetration bias estimation.

Although these methods can capture complex empirical rela-
tionships, they generally require extensive, high-quality training
datasets — often derived from sources such as CryoSat-2 or ICESat-
2 — that are very limited. Furthermore, purely data-driven ap-
proaches often struggle to generalize to conditions outside the
training domain. The absence of explicit physical constraints also
limits their interpretability.

4.2.3 Hybrid Approaches

Hybrid inversion methods combine model-based and data-driven
approaches to leverage their advantages [15]. This fusion, called
hybrid modeling, combines physical model interpretability and
rigor with ML's flexibility and adaptiveness. Physics-informed ML
embeds physical constraints into learning algorithms, ensuring
models fit data and adhere to physical laws [16]. This approach
has proven effective in complex applications like fluid dynamics
and climate modeling [17], [18], [19]. It holds a potential for invert-
ing geo- and biophysical parameters from SAR data, overcoming
limitations of purely physical or data-driven methods.

Recent work on the parameterization of the vertical scattering
profile for forest height estimation has demonstrated that hybrid
approaches can significantly improve the estimation of geophysical
parameters [20]. However, despite its potential, specific work on
physics-informed machine learning for INSAR parameter retrieval
is lacking in current literature. Our work builds on these ideas
by embedding the Exponential and Weibull profiles into a hybrid
architecture. We compare the performance of these hybrid models
with pure ML models for different HoA training scenarios, showing
that incorporating physical constraints leads to improved accuracy,
stability, and robustness — mainly when high-quality training data
are limited.
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4.3 METHODOLOGY
4.3.1 Problem Formulation

Let hysar be the INSAR-derived elevation and /¢ the reference
“true” elevation at a given location. We define the penetration bias
as

Poias = hInSAR - href/ (41)

which must be estimated and removed to improve DEM accuracy
in glaciated regions.

4.3.2  Physical Models (Exponential, Weibull)

The estimation of penetration bias is grounded in physical models
that link the InSAR observation space to the vertical scattering
profile in snow and ice — governed by geophysical parameters
such as density, structure, and grain size.

In single-polarization InSAR, the primary observable is the com-
plex coherence, 4, which represents the cross-correlation between
two acquisitions, s; and s, and is defined as [21], [22], [23]:

(5185)
V51 $1)(5285)

where « is the vertical wavenumber, (-) denotes an ensemble (or
spatial) average, and * indicates the complex conjugate. The ob-
served coherence is factorized into several decorrelation terms, and
can be expressed as [24], [25], [26], [27]:

rN)/(Kz) = (42)

Y(xy) = YTmp YRg VSys Ivol(Kz), (4-3)

where 7, accounts for temporal decorrelation, Yrg TEPresents
range spectral decorrelation, s, captures system-related decorre-
lation, and %y, (k) corresponds to the volume decorrelation due
to subsurface scattering. For TanDEM-X single-baseline InSAR,
temporal decorrelation does not occur (7r,,, = 1) and the other
decorrelation factors are known [28], [29], [30].
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To estimate the penetration bias py,;,s, we focus on the volume
decorrelation v, (%), which is directly linked to the vertical scat-
tering profile f (z) describing how backscattered power varies with
depth z. For a semi-infinite volume (z < 0), the volume decorrela-
tion is given by [13]:

fo f(z) exp(jx,z)dz

f_ooof(z) dz

Fyollfey) = el*=%0 (4-4)

where z; is the true surface height. The phase of ¥y, (k,), denoted
as ¢yo = arg('?vc,l(xz) ), corresponds to the interferometric phase

center, located in the subsurface. The penetration bias py,;,s is then
calculated as

Db _ ¢Vol
bias K, ’

(4.5)
assuming zy = 0 for simplicity. In practice, a known offset may be
incorporated if zy differs from a reference DEM.

The detailed definitions of the vertical wavenumber x, and the
HoA — which quantifies the interferometric phase-to-height sen-
sitivity — are provided in the Supplementary Material (see Sec-
tion C.1, Egs. 51 and S2). Briefly, these parameters relate the ob-
served phase to height and are used to compute the elevation from
the phase center.

The physical models assume a specific form for the vertical scat-
tering profile f (z). The UV model leads to an Exponential profile,
which is described as [7]:

fexp(z) = UZ(J) eXP( )/ (4.6)

2z
dpen
where d,., is the one-way penetration depth and oy is a nominal

scattering coefficient. Figure 4.2 shows how the resulting penetra-
tion bias varies with different d ., values.

Under uniform-volume assumptions, one can derive a closed-
form solution for 4y, (%), making it possible to estimate the pen-
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Figure 4.2: Penetration bias simulations for two scattering profiles, assuming a
semi-infinite volume.
(a) Exponential Profile with varying penetration depth dp,ep.
(b) Weibull Profile for different shape parameters k,, and fixed scale
Ay = 0.05. In both, the curves illustrate the penetration bias variation
as a function of vertical wavenumber «..

etration bias py;,s independently of de,,. In this case, the volume
decorrelation phase is given by [8]:

— -1 1

$vor = tan ( rvol? - 1)' (47)
We leverage this solution for computing py,,s in our direct physical-
model estimation and use Eq. (4.4) with Eq. (4.6) in the hybrid
approach.

In contrast, the Weibull profile is given by [9]:
fub(@) = Agky (A 2) ket exp( = (A, 2) ), (4.8)

where A, (scale) and k,, (shape) allow for a more flexible repre-
sentation of scattering behavior. Figure 4.2 shows how different
k,, values affect the penetration bias. However, estimating its two
parameters, A, and k,,, can be challenging. To ensure physically
plausible solutions, we constrain A, to [0.01, 0.6] and k;, to [0.8,
1.5]. These parameter ranges provide vertical scattering profiles
and associated penetration depths matching empirical data [9],

[31].
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Figure 4.3: Overview of our hybrid modeling pipeline. An MLP predicts scattering
profile parameters that feed into the physical model for computing the
estimated bias p,;,s. We use MSE loss against a reference bias (e.g.,
LiDAR).

These models can be integrated into Eq. 4.4 to compute the vol-
ume decorrelation %y, (k,) and subsequently estimate the penetra-
tion bias ppjas-

4.3.3 Hybrid AI-Physical Model

Our proposed hybrid framework (illustrated in Figure 4.3) syn-
ergistically combines physical modeling with machine learning
to estimate py;,s (Eq. 4.1). Rather than relying solely on a fixed
vertical scattering profile f (z) derived from idealized assumptions,
we allow the model to learn the parameters that define f (z) from
data. In practice, we train a MLP to predict the scattering pro-
file parameters (e.g., d},en for the Exponential profile or (A, k,,)



4.4 EXPERIMENTS

for the Weibull profile) from input features such as volumetric
decorrelation, incidence angle, vertical wavenumber, interferomet-
ric phase, and backscatter. Given the low spatial variability in these
homogeneous glaciated regions — and since even simple linear
regression can estimate penetration bias with moderate accuracy
— a straightforward MLP suffices, removing the need for more
complex deep learning architectures [2]. This approach enables us
to derive a unique solution that satisfies the physical constraints
while adapting to real-world variability. The predicted parameters
are then used in the volume decorrelation (Eq. (4.4)) to compute
the estimated penetration bias p,;,s. We train the hybrid model by
minimizing the mean-squared-error (MSE) loss:

1 Y 2
OCMSE = N Z (ﬁbias,n - pref,n) 7 (49)
n=1

where p..¢ , denotes the reference bias for the nth sample and py;,s 1,
represents the estimated penetration bias computed as in Eq. 4.5.

4.4 EXPERIMENTS
4.4.1  Dataset

4.41.1 TanDEM-X InSAR Data

This study utilizes single-baseline InSAR imagery from the
TanDEM-X mission to generate INSAR DEMs over Greenland. A
total of 18 TanDEM-X CoSSC acquisitions are selected, covering a
transect from the ice sheet summit to the East Coast, ensuring tem-
poral and spatial alighment with NASA IceBridge data. Figure 4.4
provides an overview of the TanDEM-X scene footprints (in blue)
and the corresponding NASA IceBridge ATM flight tracks (in red),
acquired between January and May 2017 during the winter season.

Post-processing steps include the derivation of InNSAR elevation,
coherence, backscatter, incidence angle, and vertical wavenumber.
A mosaic overview of these acquisitions is shown in Figure 4.5.
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TanDEM-X Scenes and ATM Flight Tracks
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Figure 4.4: Overview of TanDEM-X scenes (blue) and ATM flight tracks (red) over
the study area in Greenland. The Summit Camp location is marked
with a yellow star.

4.41.2 NASA IceBridge ATM LiDAR Data

For training and validation of the penetration bias correction model,
we use the high-resolution surface elevation data from NASA’s
IceBridge Airborne Topographic Mapper (ATM) [32]. The ATM
LiDAR dataset provides precise elevation measurements with a
vertical uncertainty of less than 1 m over flat ice surfaces. To en-
sure consistency with the INSAR-derived DEMs, the original 1 m-
resolution ATM dataset is resampled to the same grid as the InNSAR
products.

Leveraging these reference measurements, we also examine how
the observed penetration bias varies with surface elevation. As
shown in Figure 4.6, higher elevations exhibit greater bias, as ex-
pected [2], [6], due to more dry snow with less melt-refreeze fea-
tures in the subsurface allowing deeper X-band signal penetration.

4.4.2 HoA-Based Training Scenarios

To investigate how each method (hybrid or pure ML) generalizes
to different HoA conditions, we define three training scenarios that
include or exclude specific HoA ranges. We remove the scenes
whose HoA values fall in the specified range (see Figure 4.5 (d) for
an overview of the HoA distribution). The All scenario uses every
scene, Interpolation excludes HoA in [50, 60] m, and Extrapolation
excludes HoA above 7om.
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Figure 4.5: Dataset overview (continued 1/2).
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Figure 4.5: Overview of the mosaicked dataset used in our study. Each panel
shows a different attribute for the 2017 TanDEM-X acquisitions over
Greenland.
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Bias Distribution vs. Elevation
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Figure 4.6: Bias distribution across elevation bins, computed using ATM LiDAR
as reference. The penetration bias increases at higher elevations due to
smaller scattering losses from less melt-refreeze features in the subsur-
face.

We split the remaining data into training (60%) and testing (40%)
sets, ensuring a broad distribution of ice sheet conditions. This
approach reveals how well each model handles cases requiring
interpolation (HoA gaps within the trained range) or extrapolation
(HoA values beyond the trained range). In subsequent sections,
we compare each scenario’s performance to assess model robust-
ness and generalization. For a more detailed view of the specific
scenes included or excluded in each scenario, see Figure C.3 in the
Supplementary Material.

4.4.3 Metrics

We evaluate the prediction accuracy using the mean error (ME),
mean absolute error (MAE), mean absolute percentage error
(MAPE), root mean square error (RMSE), and the coefficient of
determination (R?). These metrics quantify the estimator’s bias,
overall error magnitude, relative percentage error, and goodness of
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Figure 4.7: Error distributions for the uncorrected DEM (red) versus the physically
corrected DEM (blue) using the UV direct solution of Eq. 4.7.

fit, respectively. In addition, we characterize the error distribution
of the DEMs by computing the mean error (y) and the standard
deviation (¢). For the mathematical formulations of these metrics,
please refer to the Supplementary Material (Section C.2).

4.4.4 Pure ML Approach (MLP)

As an alternative to our hybrid framework, we implement a purely
data-driven MLP model as a benchmark. This model directly re-
gresses pp,s from the input features, without incorporating explicit
physical modeling of scattering physics. We train the MLP by min-
imizing the same MSE loss defined in Eq. 4.9, where p;,s denotes
the bias predicted by the MLP.

4.4.5 Results

We present the quantitative findings for the different experiments
for all the TanDEM-X scenes. The overall performance metrics
(ME, MAE, MAPE, RMSE, and Rz) are shown in Table 4.1. It
also shows the error distribution statistics (mean u and standard
deviation ¢) for the uncorrected TanDEM-X DEM, the TanDEM-X
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Figure 4.8: Comparison of model estimations under different training and evalua-
tion conditions. Columns correspond to modeling approaches: Ex-
ponential, Weibull, and MLP. Each column stacks three scenarios
(top—bottom): All, Interpolation (excluding HoA 50-60), and Extrapola-
tion (excluding HoA > 70). Comparison with the UV model is shown
in Figure C.1 of the Supplementary Material.
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DEM corrected by applying the UV model’s estimated bias, and
the three Hybrid/ML methods, respectively. Results are reported
for three different HoA training scenarios: All, Interpolation, and
Extrapolation.

The uncorrected DEM exhibits a large negative bias (e.g., u =
—5.14) with a wide error spread (¢ ~ 2.28). The UV correction
reduces the bias partially (with u ~ 1.19), see Figure 4.7, but shows
high RMSE (2.07 m) and very low R? (0.06) as indicated by the
2D histogram in Figure C.1 in the Supplementary Material . This
indicates that the penetration bias inverted with a UV model only
from the volumetric coherence Eq. 4.7, is insufficient to capture the
actual scattering behavior.

On the other side, the hybrid methods (Exponential and Weibull)
significantly improve the performance. Especially, the Exponential
hybrid model achieves the lowest RMSE (as low as 0.52 m) and
highest R? (0.94) in the All scenario. Both the hybrid and the MLP
approaches produce comparable results when training on the full
HoA range.

Figure 4.9 shows the performance of the Exponential, Weibull,
and MLP models under three training scenarios. When the entire
HoA range is used (All), all methods yield tight error distributions
centered near zero. Excluding HoA values between 50 and 60 m
during training (Interpolation) increases errors; here, the Exponen-
tial model retains low errors and high R?> compared to the more
variable MLP and Weibull models. Excluding HoA above 70 m
during training (Extrapolation) leads to a more pronounced perfor-
mance drop, especially for the MLP, while the Exponential model
remains robust and the Weibull model shows moderate degrada-
tion.

Figure 4.8 illustrates 2D histograms of estimated versus observed
penetration bias for the Exponential, Weibull, and MLP models un-
der three HoA training scenarios. In the All scenario (top row),
all methods cluster tightly around the diagonal line, indicating
minimal residual bias. When excluding HoA values between 50
and 60 m during training (Interpolation, middle row), the Expo-
nential model retains a narrow spread and high correlation with
the true bias, whereas the Weibull and MLP plots exhibit more
dispersion. Under the Extrapolation scenario (bottom row), which
excludes HoA values above 70 m during training, the MLP displays
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a broader scatter, while the Exponential model remains compara-
tively well aligned with the diagonal and the Weibull model shows
moderate degradation. Overall, these histograms confirm that the
Exponential model is the most robust to unseen HoA conditions,
followed by the Weibull and MLP approaches. For a spatial visual-
ization of the predicted penetration bias maps, see Figure C.4 in
the Supplementary Material.

Figure 4.10 depicts the error distributions for the six models that
were trained excluding specific HoA ranges, and then evaluated on
unseen HoA scenes. The Exponential model consistently exhibits
narrower error distributions and lower mean errors, confirming its
robust generalization even when key HoA values are missing. The
Weibull model maintains a near-zero mean under the Interpolation
scenario but shows a broader spread, and its mean shifts moder-
ately under the Extrapolation scenario — though it still avoids large
outliers. In contrast, the MLP model displays the largest mean
shift and widest spread, indicating a higher sensitivity to out-of-
distribution HoA conditions. Overall, these results confirm that
physically constrained models (particularly the Exponential model,
followed by the Weibull model) are better suited to handling unseen
HoA scenarios. See Figure C.5 in the Supplementary Material for
the corresponding 2D histograms.

4.5 DISCUSSION

Our findings indicate that the hybrid approach, particularly the
Exponential model, stands out as the most effective method for cor-
recting DEM penetration bias. Even though the Exponential model
is relatively simple — requiring only one parameter — it consis-
tently delivers low RMSE and MAE values along with high R?
scores across all training scenarios. Our experiments show that
the model maintains pronounced robustness under both the Inter-
polation scenario and the Extrapolation scenario when evaluated on
unseen HoA conditions. This consistent performance is further
demonstrated in Figure C.6 of the supplemental material, where
the Exponential model (left column) shows stable error distributions
across different elevation bins for all scenarios. A small weakness
of the Exponential model in the Extrapolation scenario are unseen
HoA at low elevations. The wider error distributions of the Weibull
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Table 4.1: Overall performance metrics for the uncorrected DEM and for the DEM
corrected by the Physical (Uniform Volume) model and the three Hy-
brid/ML models (Exponential, Weibull, MLP). Results are shown under
the three HoA scenarios for training (All, Interpolation, Extrapolation),
using all 18 TanDEM-X scenes. Columns 37 show standard error met-
rics, while the last two columns (y and o) correspond to the DEM error

distribution.
Approach Scenario ME MAE MAPE RMSE R2 13 o
Uncorrected - - - - - - 5.14 2.28
Physical (UV) - -1.11 1.64 208.75 2.07 0.06 1.19 1.88
Exponential All -0.01 0.40 24.24 0.52 0.94 0.03 0.67
Exp ial Interpolati. 0.01 0.41 25.15 0.54 0.94 0.01 0.69
Exp ial Extrapolati -0.24 0.61 84.29 0.88 0.83 0.28 0.97
Weibull All -0.02 0.48 43.53 0.63 0.91 0.05 0.77
Weibull Interpolation -0.02 0.63 50.20 0.90 0.82 0.05 1.02
Weibull Extrapolation -0.14 0.67 48.01 0.95 0.80 0.16 1.04
MLP All -0.01 0.43 29.46 0.56 0.93 0.03 0.70
MLP Interpolation -0.34 0.77 43.23 1.27 0.64 0.47 1.40
MLP Extrapolation -0.32 0.73 110.21 1.10 0.73 0.37 1.19
1.0
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Weibull:
— All (u=0.05, 6=0.77
2 0.6 (1 ( )
B === Interpolation (£=0.05, 6=1.02)
5 ------ Extrapolation (1=0.16, 6=1.04)
O 04 MLP:
—— All (1=0.03, 6=0.70)
- Interpolation (4=0.47, 6=1.40)
02 Extrapolation (4=0.37, 6=1.19)
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Figure 4.9: DEM error distributions for the nine modeling approaches (Exponential,
Weibull, and MLP under three HoA scenarios) evaluated across all 18
TanDEM-X acquisitions. The mean u and standard deviation ¢ are
shown in the legend.
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Figure 4.10: DEM error distributions for the six models that exclude certain HoA
ranges during training (Interpolation and Extrapolation), evaluated on
the unseen HoA scenes. The three models trained on all HoA values
are omitted here. This isolates how well each method handles out-of-
range HoA conditions, with mean y and standard deviation o shown
in the legend.

model are evident across all elevations, whereas the errors of the
MLP model are at elevation bins dominated by unseen HoAs. In
contrast, the elevation-dependent error of the pure physical UV
model in Figure C.2 matches the theoretical expectation that the
underlying uniform volume assumption fits best at the highest el-
evations, whereas the subsurface structure becomes increasingly
more heterogeneous towards lower elevations, which results in
larger model errors.

When the full range of HoA values is available during train-
ing, both hybrid and pure ML methods perform comparably. This
suggests that penetration bias estimation with ML achieves high
accuracy when using balanced training data, independent of the
actual ML method, which is in line with the literature [2], [10].
However, excluding key HoA ranges reveals the advantage of in-
corporating physical constraints. The Exponential model leverages
its physically informed vertical scattering profile to regularize pa-
rameter estimation, which helps prevent overfitting and ensures
stable performance even with limited training data. In contrast, the
Weibull model, which requires estimating two parameters, exhibits
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more significant variability due to its inherent ill-posedness; its
additional parameter (k,,) appears to correlate with HoA, which
theoretically it should not, leading to moderate performance degra-
dation under the Extrapolation scenario. The MLP model shows the
largest increase in error variance when tested on unseen HoA con-
ditions, indicating a higher sensitivity to out-of-distribution data.

4.6 CONCLUSION

This study introduces a hybrid framework that combines phys-
ical modeling with data-driven techniques to correct the DEM
penetration bias in TanDEM-X InSAR data over Greenland. Our
experiments show that hybrid and pure ML methods perform ade-
quately when the full range of HoA values is available. However,
the hybrid approach outperforms pure ML when key HoA ranges
are missing during training. In particular, the Exponential model —
with its simple one-parameter design — consistently achieves the
lowest error metrics and highest stability, even under challenging
Interpolation and Extrapolation scenarios.

The advantages of our hybrid approach are threefold: (1) the
Exponential model consistently produces the lowest errors and high-
est stability across all HoA training scenarios, (2) incorporating
physical constraints reduces the need for a highly diverse train-
ing dataset while enhancing generalization to unseen acquisition
geometries, and (3) embedding the physically informed vertical
scattering profile improves accuracy and interpretability, making
it a robust solution for DEM bias correction.

Our findings demonstrate that embedding physical constraints
into the learning process enhances performance and helps over-
come challenges such as incomplete HoA coverage (i.e., limited
diversity in acquisition geometry), a common issue in operational
scenarios. Moreover, our hybrid framework is uniquely suited for
integrating multi-modal and multi-sensor data into the physical
model — a task that is typically challenging with traditional meth-
ods. This flexibility facilitates adaptation to other satellite missions
(e.g., European Space Agency (ESA)’s Sentinels and Harmony)
operating at different wavelengths and imaging conditions, im-
proving performance even when high-quality reference data are
scarce.
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C.1 DEFINITIONS OF VERTICAL WAVENUMBER AND HOA

In our analysis of INSAR data, two key parameters describe how
heights (i.e., depths) are calculated from the observed or modelled
interferometric phase: the vertical wavenumber x, and the Height
of Ambiguity (HoA). Physically, x, depends on the dielectric prop-
erties of snow and ice and has to account for the refraction and
change in wave propagation speed in the medium, which leads to a
vertical wavenumber in the (snow and ice) volume ., . However,
TanDEM-X DEMs are produced under the free-space assumption,
so the penetration bias correction must also adopt the free-space
vertical wavenumber «, as [13]

47 A@l
2= 1 sin 6, (51)
where A denotes the radar wavelength, 0; is the incidence angle,
and A0, is the baseline-induced angular shift.

The Height of Ambiguity (HoA), which quantifies the phase-
to-height sensitivity by representing the elevation difference cor-
responding to a full 277 interferometric phase cycle, is defined as

2
HoA = ==, (S2)

KZ
C.2 METRIC DEFINITIONS

We evaluate model performance using standard metrics that as-
sess bias, error magnitude, and goodness-of-fit. The following
equations define these metrics:
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where {j; represents the predicted values, y; denotes the corre-
sponding reference values, and j is the mean of the reference values.
Additionally, ¢; = fijugar — hyef denotes the DEM error before or
after applying bias correction. The mean error y provides insight
into systematic bias, while the standard deviation ¢ captures the
variability of the DEM error.
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Figure C.1: 2D histograms of estimated versus observed penetration bias for the
Physical (UV) model
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Figure C.2: Corrected DEM “using physical (UV) model” error distribution across
elevation bins, computed using ATM LiDAR as reference.
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TanDEM-X Scenes and ATM Flight Tracks
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Figure C.3: Overview of the TanDEM-X scenes (blue) and ATM flight tracks
(red/blue) used for each training scenario. The ATM flight lines are
split into training (blue) and testing (red) segments, ensuring coverage
of different surface conditions for model evaluation. Scenes outlined
in red are excluded from training under the specified HoA range. (a)
All: uses every scene, (b) Interpolation: excludes HoA in [50,60] m, (c)
Extrapolation: excludes HoA above 7o m.
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Figure C.4: Estimated penetration bias maps (continued 1/3).



136 SUPPLEMENTARY MATERIAL

Estimated Penetration Bias Map

73°30N

73°00N

72°30N

Phins

Estimated Penetration Bias Map

73°30

73°00N

72°30N

Estimated Penetration Bias Map

73°00N

72°30N

Prisa

Figure C.4: Estimated penetration bias maps (continued 2/3).
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Estimated Penetration Bias Map

Estimated Penetration Bias Map

Estimated Penetration Bias Map

Figure C.4: Estimated penetration bias maps for the study region under three HoA
training scenarios (rows) and three modeling approaches (columns).
Rows (top — bottom): All, Interpolation, and Extrapolation scenarios.
Columns (left — right): Exponential, Weibull, and MLP models. Each
panel shows the spatial distribution of the predicted bias (in meters),
with bluish colors indicating deeper penetration bias.
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Figure C.5: Comparison of model estimations (continued 1/2).
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Figure C.5: Comparison of model estimations under different evaluation condi-
tions, showing only results over the excluded (unseen) HoA scenes
during training. Columns: (Left) Hybrid Exponential, (Middle) Hy-
brid Weibull, (Right) MLP model. Rows: (Top) Interpolation (excluding
HoA 50-60); (Bottom) Extrapolation (excluding HoA > 70).
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DEM Error Distribution vs. Elevation
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Figure C.6: Errors of corrected DEMs (continued 1/3).
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Figure C.6: Errors of corrected DEMs (continued 2/3).
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Figure C.6: Errors of the corrected DEMs, obtained by compensating the origi-
nal InNSAR DEMs with the estimated penetration bias using different
models and training scenarios. Shown are error distributions across ele-
vation bins, computed using ATM LiDAR as reference under three HoA
training scenarios (rows) and three modeling approaches (columns).
Rows (top — bottom): All, Interpolation, and Extrapolation scenarios.
Columns (left — right): Exponential, Weibull, and MLP models.
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CONCLUSIONS AND OUTLOOK

This thesis introduces novel hybrid Al-physical modeling frame-
works to enhance parameter retrieval from InSAR data and com-
prises three closely related studies—focused on the physical mod-
eling aspects—on the estimation of forest height and the snow/ice
penetration bias. This thesis demonstrates that physical models
combined with machine learning greatly enhance the accuracy,
interpretability, and generalizability of InNSAR parameter retrieval.

This chapter summarizes the main findings of the three studies
presented in this thesis. The research questions presented in Sec-
tion 1.4 are addressed in each study. Following the summary of
each study, potential directions for future research are discussed.

5.1 HYBRID ML FOREST HEIGHT ESTIMATION FROM TANDEM-X
INSAR

Our investigation demonstrates that the integration of ML with
physical models requires careful consideration of the underlying
physical relationships. The MLP architecture was specifically de-
signed to predict physically meaningful vertical reflectivity pro-
files while maintaining the established relationship between these
profiles and forest height estimates. This approach preserves the
interpretability of the physical model while leveraging ML's ability
to handle complex, non-linear relationships in the input feature
space, thus addressing the limitations of both physical models
and machine learning. Model-C, trained over the Lopé site with
three TanDEM-X acquisitions (corresponding to three different
baselines) and using seven Legendre polynomials, demonstrated
the best performance with consistent RMSE values between 8.70
m and 11.34 m across different test sites, showing strong general-
ization capabilities while maintaining physical consistency in the
vertical reflectivity profile predictions.
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5.1.1  Addressing the Research Questions

1. How can machine learning be effectively integrated with physical
models to improve forest height estimation from single-baseline InSAR
data?

The study demonstrated that machine learning can be effectively
integrated with physical models through a hybrid framework that
maintains both adaptability and physical consistency. The MLP was
trained to predict Legendre polynomial coefficients from InSAR fea-
tures while maintaining the established relationship between these
profiles and forest height. This approach successfully bridged the
gap between data-driven flexibility and physical model constraints,
achieving an overall RMSE over Lopé of 8.84 m for Model-C. The
integration proved particularly effective in handling complex forest
structures, where traditional physical models often struggled to
account for the underlying challenging topography.

2. What improvements in accuracy and generalization can be achieved
through hybrid modeling compared to traditional approaches?

The hybrid framework demonstrated substantial improvements
in both accuracy and generalization capabilities. Using only three
baselines for training from Lopé, where mean forest heights differ
significantly from those at the test sites, the model successfully
generalized to both Mabounié and Rabi. Despite the height distri-
bution mismatch in the training data, the framework maintained
robust accuracy when validated against LIDAR reference data, with
Model-C achieving MAE values ranging from 7.80 to 8.73 m and
RMSE values between 9.84 and 11.10 m in Mabounié, and with
MAE values ranging from 6.81 to 8.95 m and RMSE values between
8.70 and 11.34 m in Rabi. This demonstrates the model’s ability
to extrapolate beyond its training height distribution while main-
taining stable performance across different incidence angles and
baselines (HoA ranging from 52 m to 95 m).

3. How does the framework perform across different forest types and
terrain conditions?

Testing across multiple tropical sites reveals consistent perfor-
mance across varying forest conditions and topographic situations.
The framework demonstrates particular strength in handling both
positive and negative slopes, as it derives the profile as a function
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of the slope and other features. Traditional methods often fail due
to simplified assumptions that do not account for the underlying
topography in the vertical structure for limited observation spaces.
While performance remains robust across most conditions, some
limitations emerge in extreme topographic situations from the as-
cending and descending orbits, providing important insights for
future improvements.

5.2 HYBRID FOREST HEIGHT ESTIMATION FROM TANDEM-X AND
LANDSAT DATA

This study extended the hybrid framework by incorporating multi-
spectral Landsat data with TanDEM-X interferometric coherence
to enhance forest height estimation. Traditional single-modality
approaches often struggle to capture subtle variations in forest
structure that affect height estimation. The integration addresses
key limitations in single-sensor approaches, particularly in cases
where either optical or radar data alone provide insufficient in-
formation for accurate forest height estimation. By combining
complementary information sources, we demonstrate significant
improvements in estimation accuracy while maintaining the inter-
pretability of physical models.

The enhanced framework leverages both the structural informa-
tion contained in Landsat spectral bands (Red, NIR, SWIR1, SWIR2)
alongside InSAR features. Following the same training strategy as
Model-C, Model-D extends the input feature space by incorporating
these Landsat spectral bands. Results demonstrated significant
improvements in forest height estimation accuracy, with a 13.5%
reduction in RMSE and 16.6% reduction in MAE compared to the
InSAR-only approach. The study also explored how multi-modal
integration improved performance across challenging terrains and
acquisition geometries. Validation results demonstrate marked im-
provements in accuracy and robustness compared to single-sensor
approaches.

5.2.1 Addressing the Research Questions

1. How can optical multi-spectral data be effectively integrated into the
hybrid modeling framework while maintaining physical consistency?
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The integration strategy focuses on preserving the physical rela-
tionships inherent in both radar and optical measurements. Rather
than treating optical data as auxiliary information, we developed a
unified framework that explicitly accounts for the complementary
nature of both data sources by using the Landsat spectral bands
(used for deriving the tree cover loss maps) to inform the prediction
of vertical reflectivity profiles through the MLP, while maintaining
the role of the physical model in forest height estimation. This joint
learning approach allows the framework to leverage the sensitivity
of optical data to canopy structure and density while preserving
the physical relationship between vertical reflectivity profiles and
interferometric coherence.

2. What improvements in forest height estimation accuracy can be
achieved through multi-modal data fusion?

Quantitative validation demonstrates meaningful, significant
improvements in estimation accuracy through multi-modal data
fusion. The integration of Landsat data leads to reduced estimation
errors across various forest conditions and acquisition scenarios.
While the numerical improvements in RMSE (from 8.84 m to 7.65
m) and MAE (from 6.79 m to 5.66 m) might appear modest, their
significance extends beyond these metrics. The key advancement
lies in the framework’s enhanced capability to adapt to diverse
forest conditions and complex terrain. From a mathematical per-
spective, Model-C’s solution space, defined solely by InSAR fea-
tures, represents a subset of the larger solution space accessible to
Model-D. By augmenting the input feature space with Landsat data,
Model-D effectively spans a higher-dimensional solution space that
fully encompasses the solutions of Model-C while enabling addi-
tional degrees of freedom in predicting vertical reflectivity profiles.
This expanded solution space is evident in the 2-D histogram for
the coherence vs. «, -, regions for the different cases, where the ad-
ditional dimensionality allows for more nuanced profile estimation.
Thus, it translates to robust performance across varying terrain
conditions, as demonstrated by the symmetric error distributions
across both positive and negative slopes.

3. How does the multi-modal framework perform under different acqui-
sition geometries and terrain conditions?

The multi-modal framework shows enhanced robustness across
varying acquisition geometries and terrain conditions. While In-
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SAR measurements are inherently sensitive to topography due to
their side-looking geometry, optical data, with its near-nadir view-
ing geometry and limited ground penetration in dense canopies,
provide complementary structural information. This complemen-
tarity helps maintain consistent performance, as evidenced by near-
zero bias for slopes between -10° and +10°. The framework lever-
ages both data sources to achieve stable predictions across varying
terrain conditions without reducing the inherent topographic sen-
sitivity of the InNSAR measurements themselves.

5.3 HYBRID AI-PHYSICAL MODELING FOR X-BAND INSAR DEMS!:
GREENLAND

This study adapts the developed hybrid modeling framework to
address the penetration bias in X-band InNSAR DEMs over ice sheets,
with a specific application to Greenland. The work combines para-
metric physical modeling with machine learning to correct sys-
tematic elevation errors caused by radar penetration into snow
and ice. The proposed framework combines parametric vertical
scattering profiles (Exponential and Weibull) with an MLP that
predicts profile parameters from InSAR features, enabling more
accurate penetration bias correction while maintaining physical
interpretability.

Validation using three distinct training scenarios, each defined
by the inclusion or exclusion of different acquisition geometries,
demonstrates the framework’s ability to generalize across varying
conditions. Testing over Greenland’s ice sheet using TanDEM-X
data shows significant reductions in both both mean and stan-
dard deviation of DEM errors compared to conventional correction
methods (pure physical modeling and pure ML approaches). The
framework maintains robust performance even when trained on
data with limited diversity in acquisition parameters.

5.3.1 Addressing the Research Questions

1. How can hybrid modeling effectively address penetration bias in X-band
InSAR DEMs over ice sheets?

Our approach combines parametric physical modeling with ML-
driven parameter estimation, enabling a more accurate estimation
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of penetration bias while maintaining physical consistency. This is
achieved by training an MLP to predict the parameters of the phys-
ical model, which describes the vertical scattering structure in the
subsurface of the ice sheet and thus allows for the estimation of the
penetration bias based on physical principles. The ML components
of the framework can effectively learn and correct deviations from
the idealized physical model assumptions across different elevation
ranges. While a pure physical model applies the same assumptions
uniformly, our hybrid approach adapts these assumptions from the
InSAR features to compensate for varying conditions of snow, firn,
and ice at different elevations. This adaptive capability results in
significant reductions in systematic elevation errors (as low as 0.52
m with the exponential model) compared to pure physical model
corrections.

2. What advantages does the hybrid approach offer over purely physical
or purely ML methods

Both the hybrid approach and the pure ML method show clear
advantages over the pure physical model, due to the involved train-
ing step with reference data. In line with other literature, this
suggests that the estimation of penetration bias can be effectively
addressed with ML and statistical methods, provided that the
training data is sufficiently large and well-balanced, thereby out-
performing pure physical models. The real advantage of the hybrid
framework developed in this thesis over pure ML approaches is
its superior generalization, particularly when the training data has
limited diversity in acquisition parameters. This is demonstrated
by excluding certain Height of Ambiguity ranges from the train-
ing data. The hybrid framework maintained significantly better
estimation performance on those acquisition geometries that were
not part of the training, even in the extrapolation case, whereas the
pure ML clearly degrades in these situations. The integration of
physical constraints helps to prevent unrealistic corrections while
allowing sufficient flexibility to address complex penetration sce-
narios. This balance is crucial for operational applications over
large ice sheet areas.

3. How well does the framework generalize across different acquisition
geometries and surface conditions?

Analysis across multiple test scenarios (Interpolation and Ex-
trapolation) demonstrates the framework’s robust generalization
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capabilities. For acquisition geometries, both hybrid models main-
tain stable performance when tested on excluded scenes, with the
Exponential model achieving remarkably consistent error distri-
butions (standard deviations of 0.67-0.97 m) and minimal bias
(means of 0.03-0.28 m). The framework demonstrates particular
strength in extrapolation scenarios, where, despite the challenge
of predicting beyond the training range, it maintains reliable per-
formance. This represents a significant improvement over pure
physical models, which tend to overestimate shallower penetration
bias, and over pure ML models which are not able to adequately
predict unseen input features. The framework’s ability to accu-
rately adjust penetration estimates across the elevation range from
Greenland’s Summit to its East coast, while maintaining reliable
performance for unseen acquisition geometries, makes it partic-
ularly valuable for large-scale ice sheet DEM generation where
penetration conditions vary substantially with elevation.

5.4 SUMMARY AND OUTLOOK OF THE THESIS

Within this work, advanced hybrid Al-physical modeling frame-
works are developed to retrieve crucial environmental parameters
from InSAR observations. The developed frameworks are applied
to two important applications: forest height estimation for ecosys-
tem monitoring and penetration bias correction over ice sheets.
In the case of forest height estimation, two specific applications
are further investigated: one used only the single-pass TanDEM-X
InSAR data, while the other integrated multi-modal data.

For forest height estimation, the proposed framework effectively
improves the accuracy of the physical model in inferring forest
height from the vertical reflectivity profile using TanDEM-X In-
SAR data. The performance was further improved by employ-
ing the Landsat multi-spectral data as complementary input fea-
tures. Expanding the application of the proposed framework to the
cryosphere domain demonstrated robust generalized estimation
of the penetration bias over the Greenland ice sheet, adapting to
varying penetration bias while maintaining consistent performance
across different acquisition geometries.

A primary area for exploration lies in refining the integration of
physical models within hybrid frameworks. For forest applications,
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this involves developing a more sophisticated vertical structure
profile to include multi-layer models that account for more com-
plex forest structures, thereby better capturing the characteristics of
the canopy structure. For ice sheet applications, a similar improve-
ment can be made by introducing more sophisticated scattering
models that represent multiple snow, firn, and ice layers, as well
as varying density profiles. However, integrating such advanced
physical models with the ML architecture would require them to
be differentiable so that end-to-end training can be achieved along
with physical consistency. This necessitates further development
of physics-guided regularization, loss functions, and constraints.
By further refining the physical models within the hybrid frame-
work, the predicted parameters can more effectively preserve their
physical knowledge and meaning across different environmental
conditions.

Additionally, the successful integration of optical and InSAR data
in the forest height estimation study indicates a promising potential
for the fusion of multi-modality data. Combining multi-modal data
for parameter retrieval can significantly improve the robustness of
model predictions when the data quality or acquisition conditions
vary. Future research should focus on developing more sophisti-
cated fusion architectures that can adaptively weigh different data
sources based on their quality and relevance. This could involve
attention mechanisms that learn to focus on the most relevant fea-
tures from each modality, which is particularly important when
dealing with varying acquisition conditions or data quality. The
framework demonstrates potential for integrating the GEDI wave-
form for the stratification of the vertical reflectivity profile and its
application in upcoming missions such as BIOMASS and NISAR.
The GEDI waveform could guide the learning process for vertical
reflectivity profiles in forest applications, enabling informed profile
transformations between different sensors. The framework would
be valuable for the upcoming BIOMASS and NISAR missions, of-
fering opportunities for cross-validation and enhanced parameter
retrieval through complementary observations.

OUTLOOK: NEW DATASETS AND PROCESSES  As new satellite mis-
sions and datasets become available, such as BIOMASS, NISAR,
GEDI continuity, and ICESat-2, the frameworks developed in this
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thesis can be further advanced to address additional scientific ques-
tions. These upcoming datasets will provide unprecedented tem-
poral and spatial coverage, enabling the investigation of dynamic
processes that drive environmental change. For forests, this in-
cludes improved monitoring of succession, disturbance, and car-
bon dynamics, leveraging the unique sensitivity of each mission to
different aspects of forest structure and biomass. In the cryosphere,
missions such as ICESat-2 and NISAR will enable detailed studies
of firn compaction, melt-refreeze cycles, and surface mass balance.
The integration of these new data sources within hybrid modeling
frameworks will enable a deeper understanding of the mechanisms
underlying observed changes, moving beyond static parameter
retrieval to dynamic process inference.

MULTIFREQUENCY SAR OUTLOOK Beyond the fusion of different
sensor modalities, the exploitation of multifrequency SAR data
(e.g., X-, C-, L-, and P-band) presents a promising direction for
future research. Combining different radar wavelengths will en-
able more comprehensive retrievals of vertical structure, as each
frequency penetrates to different depths and interacts uniquely
with vegetation and snow/ice layers. Multifrequency SAR data
fusion will improve the robustness of parameter retrieval, reduce
ambiguities arising from single-frequency observations, and pro-
vide enhanced sensitivity to both canopy and subcanopy features
in forests, as well as to multi-layer structures in snow and ice. Ad-
vancing hybrid frameworks to jointly exploit multifrequency SAR
will be key to achieving more accurate and reliable environmental
monitoring.

LIMITATIONS OF THE CURRENT METHODs Despite the demon-
strated advances, several limitations remain in the current hybrid
frameworks. First, the single-baseline INSAR configuration leads
to underdetermination in the retrieval of vertical profiles, limit-
ing the ability to resolve complex structures without additional
information. The frameworks are also dependent on the quality,
representativeness, and amount of training data, making gener-
alization to novel sites or conditions challenging if the training
set is limited or biased. Site specificity remains an issue, as mod-
els trained in one region may not always transfer seamlessly to
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others with different environmental characteristics. Scalability is
another concern, as the computational cost of training and applying
complex hybrid models to large-scale datasets can be substantial.
Addressing these limitations will require further research into more
efficient architectures, improved transfer learning strategies, and
the integration of additional constraints or priors.

Operational considerations for large-scale implementation re-
quire attention to computational efficiency. Developing optimized
processing chains will be crucial, potentially leveraging cloud com-
puting infrastructure to handle large datasets. Several practical
problems need to be addressed, such as the proper handling of
temporal alignment and missing data, the careful development of
cross-validation protocols and uncertainty quantification methods,
standardized interfaces, and streaming data pipelines. These oper-
ational considerations become particularly important as we move
towards real-time monitoring.

Although only two applications are presented in the thesis, the
potential of these frameworks can be further adapted to other do-
mains. The methodology could be adapted to various ecosystems,
including dense tropical forests and sparse boreal landscapes, as
well as different cryospheric environments, such as the Antarctic
and alpine glaciers. It could also be extended to various regions of
Greenland. Cross-domain applications enable transfer learning, in
which principles developed in one domain are applied to another.
This is demonstrated by transferring it from forest to ice applica-
tions. This could include applications in biomass estimation or
snow depth monitoring.

A SYNTHESIS VIEW: HYBRID AI-PHYSICAL MODELING AS A UNIFY-
ING PARADIGM  The hybrid Al-physical frameworks developed
in this thesis are not merely a sum of the three studies but explore a
unifying paradigm that bridges data-driven and physical modeling
approaches across Earth system domains. This inherently trans-
ferable approach allows the methodologies and insights gained
in one domain (e.g., forests) to inform and accelerate progress
in others (e.g., the cryosphere). The scientific importance of this
paradigm lies in its ability to leverage the strengths of both Al and
physical modeling, enabling robust, interpretable, and generaliz-
able solutions to complex Earth observation challenges. As new
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data sources and scientific questions emerge, hybrid frameworks
will play a central role in advancing the understanding of dynamic
Earth system processes.

In summary, advancements in hybrid Al-physical modeling
frameworks provide a solid foundation for various Earth observa-
tion applications. Integrating physical models with data-driven
techniques in a hybrid modeling framework allows for address-
ing current and future challenges in remote sensing. In particular,
when exploring synergies among the different sensors and in sce-
narios with limited availability of reference data, the continued
development of these methodologies will be crucial for advancing
our understanding of Earth system processes and improving our
ability to monitor and model environmental changes.
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