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Abstract
Interferometric Synthetic Aperture Radar (InSAR) is a remote sensing technique for
measurement of surface topography and ground deformation under all-weather, day-
and-night acquisition conditions. Despite its effectiveness, the interferometric phase
is wrapped within the interval (−π, π], and recovering the absolute phase required for
geophysical interpretation remains a challenging ill-posed inverse problem. Phase un-
wrapping is sensitive to noise, decorrelation, atmospheric disturbances, and geometric
distortions, which can lead to error propagation in large-scale and high-resolution inter-
ferometric datasets. This thesis aims to enhance the robustness, accuracy, and scala-
bility of InSAR phase unwrapping by developing two complementary approaches capable
of improving performance in noisy, low-coherence, and complex deformation scenarios.
The first proposed approach introduces an optimization-based phase unwrapping frame-
work using the Multi-Verse Optimizer (MVO). In this method, phase unwrapping is
formulated as a global optimization problem, and an optimization-guided quality map is
developed to adaptively guide the unwrapping path and reduce error propagation in un-
reliable regions. The second proposed approach presents VOH-Net, a Vision-Optimized
Hybrid Network designed for InSAR phase unwrapping. The architecture combines
convolutional neural networks for local spatial feature extraction with enhanced multi-
directional Long Short-Term Memory (LSTM) modules to capture long-range spatial
dependencies and preserve global phase consistency across large interferograms. Exper-
imental evaluations conducted on both synthetic and real InSAR datasets demonstrate
that the proposed methods outperform classical, optimization-based, and learning-based
phase unwrapping techniques. In particular, the enhanced VOH-Net achieved 78.4%,
94.7%, and 79.0% reductions in the Mean Absolute Error (MAE), Mean Squared Error
(MSE), and Root Mean Squared Error (RMSE), respectively, while improving the Struc-
tural Similarity Index Measure (SSIM) by 3.8% compared with the original loss formula-
tion. In addition, the proposed approaches exhibit robustness to noise and decorrelation,
and improved reconstruction accuracy over large and highly deformed interferograms.
The findings of this thesis demonstrate that integrating global optimization with deep
learning provides an effective and reliable strategy for InSAR phase unwrapping. The
MVO-based framework enhances robustness through adaptive optimization-guided path
selection, whereas VOH-Net improves scalability and global phase consistency through
hybrid spatial learning. Together, these complementary contributions advance the state
of the art in InSAR phase unwrapping and provide a robust foundation for generating
more accurate InSAR-derived geophysical products.

Keywords: InSAR, Phase Unwrapping, Multi-Verse Optimizer, Deep Learning, CNN,
LSTM, Hybrid Networks.
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Chapter 1

General Introduction

1.1 Introduction

In recent decades, Interferometric Synthetic Aperture Radar (InSAR) has emerged

as one of the most transformative and versatile technologies in Earth observation,

reshaping the way scientists, engineers, and policymakers monitor and analyze the

planet. Unlike optical sensors, which rely on sunlight and are easily obstructed by cloud

cover, Synthetic Aperture Radar (SAR) systems operate in the microwave domain,

allowing consistent imaging of the Earth’s surface regardless of illumination conditions

or atmospheric interference [1] [2]. This capability has proven particularly valuable in

polar regions, tropical zones with persistent cloud cover, and disaster-affected areas

where rapid and reliable monitoring is essential [3].

InSAR extends the capabilities of SAR by exploiting the phase difference between

two or more radar acquisitions obtained over the same scene [1] [2]. Through this

principle, it enables high-precision mapping of surface displacement and topography,

often achieving centimeter- to millimeter-level accuracy [4]. Such precision has trans-

formed geoscience research, enabling detailed studies of tectonic deformation, volcanic

activity, glacial dynamics, and anthropogenic impacts such as land subsidence and in-

frastructure stability. For example, InSAR-derived displacement maps have been used

to evaluate post-earthquake fault motion [5] [6], monitor volcano inflation [7], and track

glacier flow in response to climate change [8].

The versatility of InSAR extends beyond natural processes. Urban infrastructure

monitoring increasingly relies on SAR interferometry to detect subtle structural defor-
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mations caused by groundwater extraction, construction activities, or traffic-induced

vibrations [3] [9]. Bridges and dams are now routinely assessed using InSAR-derived

data [10], while high-rise buildings and transportation networks are also monitored

using interferometric measurements in engineering practice [11] [12].

Despite these advances, the full potential of InSAR remains constrained by a fun-

damental challenge: phase unwrapping (PU). Interferometric measurements provide

only wrapped phase values in the interval (−π, π]. Converting these wrapped phases

into physically meaningful, continuous values requires reconstructing the underlying

true phase field, a process that is mathematically ill-posed [4] [13] and prone to error

in operational settings [9]. Unwrapping errors propagate across the interferogram, pro-

ducing artifacts and potentially misleading displacement signals, which can compromise

scientific interpretations and decision-making in hazard assessment and infrastructure

monitoring.

In this context, reliable phase unwrapping is essential because any error introduced

at this stage propagates to the final geophysical product. Inaccurate phase recon-

struction may lead to false deformation patterns, incorrect topographic estimation,

and misleading scientific interpretation. For this reason, improving the robustness and

accuracy of phase unwrapping remains an active and important research direction in

modern InSAR processing.

1.2 Problem Statement

In InSAR processing, the observed interferometric phase is not directly available as a

continuous quantity, but rather as a wrapped phase restricted to the principal interval

(−π, π]. Consequently, several possible continuous phase values may correspond to

the same wrapped measurement, making the recovery of the true phase inherently

ambiguous. The phase unwrapping problem can therefore be viewed as the task of

determining the correct integer multiples of 2π that must be added to the wrapped

phase in order to reconstruct a physically meaningful continuous phase field [9] [13].

From a mathematical point of view, this is an ill-posed inverse problem [14] [15] [16]

[17].

In ideal situations, where the phase varies smoothly and noise levels are low, lo-
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cal phase continuity assumptions are often sufficient to recover the unwrapped phase

correctly. However, real interferometric data rarely satisfy these ideal conditions. In

practice, the wrapped phase is strongly affected by noise, temporal and spatial decor-

relation, atmospheric disturbances, orbital inaccuracies, and geometric distortions. In

addition, abrupt geophysical events such as fault ruptures, landslides, or sharp topo-

graphic transitions may produce genuine phase discontinuities that further complicate

the reconstruction process.

The difficulty of phase unwrapping does not stem only from ambiguity, but also

from error propagation. A local mistake in one part of the interferogram can affect

neighboring regions and spread across the image, resulting in large-scale distortions

in the reconstructed phase surface. Such errors are particularly problematic in low-

coherence areas, where the reliability of the measured phase is already reduced.

This challenge becomes even more significant with the continuous growth in the

spatial resolution and size of modern SAR datasets. High-resolution interferograms

often contain millions of pixels and exhibit complex spatial patterns that demand both

strong robustness and computational scalability. Therefore, there is a clear need for

advanced phase unwrapping approaches capable of handling noisy, discontinuous, and

large-scale interferometric data more effectively than traditional methods [18] [19].

1.3 Limits of Existing Approaches

Over the past decades, numerous phase unwrapping methods have been developed

for InSAR applications. Early classical approaches, such as branch-cut algorithms in-

troduced by Goldstein et al. [14], addressed phase discontinuities by identifying and

connecting residues to prevent incorrect phase integration. Least-squares methods

formulated phase unwrapping as an optimization problem that minimizes the differ-

ence between the wrapped and reconstructed phase gradients [4]. Minimum-cost flow

and network-based approaches further improved robustness by modeling the unwrap-

ping problem as a global optimization over a graph structure [41, 52]. Quality-guided

methods, such as the reliability sorting algorithm proposed by Herraez et al. [13] and

region-growing approaches [78], introduced adaptive traversal strategies by prioritizing

reliable pixels during reconstruction.
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These classical approaches remain important due to their mathematical founda-

tion, interpretability, and effectiveness under moderate noise conditions. However,

their performance can degrade in the presence of severe noise, decorrelation, dense

residue distributions, and abrupt phase variations [19, 43]. To address these limi-

tations, optimization-based and metaheuristic approaches have been investigated by

formulating phase unwrapping as a global optimization problem, aiming to improve

robustness against local errors. Nevertheless, many of these approaches still depend on

handcrafted reliability criteria, require parameter tuning, and may introduce significant

computational costs, particularly for large-scale interferograms [20, 43].

1.4 Original Contributions

The thesis makes two principal methodological contributions and one comparative sci-

entific contribution to the field of InSAR phase unwrapping.

The first contribution is the development of an optimization-guided phase unwrap-

ping framework based on the Multi-Verse Optimizer. In this framework, the reliability

map guiding the phase integration process is formulated as an adaptive and tunable

component rather than a fixed handcrafted descriptor. By optimizing the parameters of

this guidance mechanism, the proposed method improves the stability of quality-guided

unwrapping, especially in noisy and low-coherence regions. The main contributions re-

lated to this approach are summarized as follows:

1. Global Optimization Formulation of InSAR Phase Unwrapping Phase unwrap-

ping is reformulated as a constrained optimization problem, where phase consis-

tency, reliability measures, and noise robustness are jointly considered within a

global search framework.

2. Optimization-Guided Quality Map Construction A novel quality mapping strat-

egy is introduced, in which the MVO adaptively optimizes pixel reliability to

guide unwrapping paths, particularly in low-coherence and highly noisy regions.

3. Improved Robustness to Noise and Discontinuities By exploiting the exploration–

exploitation balance inherent to MVO, the proposed approach reduces error prop-
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agation and phase jumps near residues and discontinuities compared to classical

quality-guided methods.

4. Scalability for Large-Scale Interferograms The MVO-based framework is designed

to operate on large interferograms, demonstrating improved stability and conver-

gence behavior in high-resolution InSAR datasets.

5. Quantitative Validation Against Classical and Metaheuristic Methods Extensive

experiments on synthetic and real interferograms demonstrate that the MVO-

based approach achieves superior accuracy and consistency compared to conven-

tional optimization and path-integration techniques.

The second contribution is the development of VOH-Net, a hybrid deep neural

architecture specifically designed for phase unwrapping. The proposed model combines

a convolutional encoder-decoder structure with an enhanced multidirectional LSTM

module to model both short-range phase features and long-range spatial continuity.

This design enables more robust reconstruction in interferograms exhibiting complex

phase patterns and degradation. The principal contributions of this approach are as

follows:

1. Design of a Dedicated Deep Neural Architecture for Phase Unwrapping VOH-Net

is specifically tailored to the phase unwrapping problem, combining convolutional

layers for local feature extraction with recurrent mechanisms to model long-range

spatial dependencies.

2. Multidirectional Context Modeling for Phase Continuity Preservation The archi-

tecture incorporates multidirectional sequence modeling to capture global phase

trends and ensure spatial consistency across complex interferometric patterns.

3. Learning-Based Handling of Noise and Low-Coherence Regions VOH-Net learns

robust representations of wrapped phase data, enabling effective unwrapping in

challenging regions where classical methods typically fail.

4. Generalization Across Diverse Terrains and Deformation Scenarios The network

is trained and evaluated on both synthetic and real-world interferograms, demon-
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strating strong generalization performance across varying noise levels, terrain

types, and deformation patterns.

5. Comparative Performance Gains Over Existing Deep Learning Models Experi-

mental results show that VOH-Net outperforms existing CNN- and U-Net–based

architectures in terms of unwrapping accuracy, structural consistency, and error

suppression.

1.5 Structure Overview

To systematically address the research objectives and present a coherent scientific nar-

rative, this thesis is organized into seven chapters, each building upon the previous to

guide the reader from foundational concepts to advanced contributions and conclusions.

The first part, comprising Chapters 1, 2, and 3, establishes the conceptual and

scientific background of the study. It begins by introducing the motivation, research

problem, objectives, and contributions, then develops the theoretical foundations of

SAR and InSAR interferometry, including radar imaging principles, phase ambiguity,

noise sources, and atmospheric or orbital effects. This foundation is complemented

by a comprehensive review of existing phase unwrapping techniques, covering classi-

cal, optimization-based, metaheuristic, and deep learning approaches. Together, these

chapters define the research gaps that motivate the work presented in the thesis.

The second part of the thesis, represented by Chapters 4 and 5, presents the main

methodological contributions. It first introduces an optimization-guided quality map-

ping strategy based on the Multi-Verse Optimizer, detailing its formulation, algorithmic

framework, and implementation for improving phase unwrapping reliability. The thesis

then extends this contribution through the development of VOH-Net, a deep learning

architecture designed for InSAR phase unwrapping. This part describes the network de-

sign, training pipeline, and data preparation strategy, showing how optimization-based

and learning-based perspectives are combined to address the limitations identified in

the literature.

The third part, covering Chapters 6 and 7, focuses on validation, analysis, and

future perspectives. The proposed methods are evaluated through extensive experi-
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ments using defined datasets, evaluation metrics, comparative studies, cross-validation

procedures, and performance assessments. These analyses demonstrate the effective-

ness, robustness, and scalability of the developed approaches. Finally, the thesis con-

cludes by summarizing the main findings and contributions, discussing existing limi-

tations, and outlining future research directions, including transformer-based models,

multi-temporal InSAR processing, and deeper integration of optimization and learning

frameworks for operational deployment.

7



Chapter 2

Theoretical foundations of synthetic

aperture radar and interferometric

synthetic aperture radar, and phase

unwrapping

2.1 Introduction

Synthetic Aperture Radar (SAR) and Interferometric Synthetic Aperture Radar (In-

SAR) provide the physical and methodological basis of phase-based Earth observation.

SAR is an active microwave imaging system that records complex backscatter from

the Earth surface [17] [18], whereas InSAR uses phase differences between two coher-

ent SAR acquisitions to infer terrain elevation and surface displacement [1] [2]. In

this thesis, these concepts are not treated as generic background only; they define the

observation model from which the phase-unwrapping problem emerges.

The interferometric phase delivered by the sensor is wrapped modulo 2π and there-

fore does not directly reveal the continuous phase required for geophysical interpre-

tation. Recovering that continuous phase is difficult because the signal is affected by

noise, decorrelation, atmospheric delay, orbital residuals, and geometric distortions.

As a result, phase unwrapping is not a secondary numerical detail but a structural

bottleneck in the InSAR processing chain.
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Chapter 2 is organized as a problem-oriented theoretical framework. It first intro-

duces the principles of SAR imaging, including acquisition geometry, complex signal

formation, spatial resolution, and the main geometric distortions affecting radar ob-

servations. It then presents the fundamentals of InSAR, including acquisition config-

urations, interferogram formation, the physical components of interferometric phase,

baseline geometry, and the role of coherence, noise, and decorrelation in phase quality.

On that basis, the chapter defines wrapped and absolute phase, explains integer am-

biguity, the Itoh condition, and phase residues, and situates these concepts within the

interferometric SAR processing chain before clarifying why phase unwrapping becomes

difficult under realistic operational conditions. The purpose is to prepare the analytical

ground for the algorithmic review developed in the next chapter.

2.2 Synthetic Aperture Radar Imaging Principles

This section presents the theoretical basis of Synthetic Aperture Radar imaging, with

particular emphasis on the geometric configuration and observation mechanism that

govern SAR data acquisition.

2.2.1 Imaging geometry and observation concept

SAR is a side-looking radar system carried by a moving platform such as a satellite or

aircraft. Rather than pointing vertically toward nadir, the antenna illuminates a lateral

strip of the Earth surface. As the platform advances along its flight path, successive

echoes are coherently combined to synthesize a long antenna aperture and produce

high-resolution images.

The principal geometric elements of SAR imaging are the flight path, antenna look

direction, nadir, slant range, range direction, azimuth direction, and swath. Slant range

represents the direct line-of-sight distance between antenna and ground target, while

azimuth refers to the along-track direction parallel to platform motion. This side-

looking geometry is central to both SAR image formation and later interferometric

sensitivity because it controls path length, incidence angle, and terrain distortion.

Figure 2.1 illustrates the fundamental side-looking geometry of a Synthetic Aperture
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Radar (SAR) system, which governs how the radar illuminates the Earth’s surface

and how the returned signal is interpreted. Unlike optical sensors that observe the

ground nearly vertically, SAR acquires data obliquely along the flight track. This

acquisition geometry is central to SAR image formation because it defines the slant-

range measurement, the azimuth direction, the illuminated swath, and the geometric

distortions that later affect interferometric analysis.

This geometry establishes the reference frame used throughout the chapter. In

particular, the slant-range and azimuth directions determine how SAR samples the

scene and explain why radar measurements are inherently sensitive to topography and

viewing angle. The radar platform moves along the flight path, while the antenna

points sideways toward the observed terrain. The direction parallel to platform motion

is called the azimuth direction, whereas the direction perpendicular to the flight path,

toward the observed ground targets, is the range direction. The slant range is the direct

line-of-sight distance between the radar antenna and a target on the ground, and it is

one of the principal quantities measured by the SAR system. The nadir corresponds to

the point directly beneath the sensor, while the look angle defines the orientation of the

radar beam relative to the vertical direction. The portion of the ground illuminated

by the radar beam is referred to as the swath.

Figure 2.1: Fundamental SAR imaging geometry (adapted from NASA).
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This geometry is of primary importance because it controls both SAR image for-

mation and the interpretation of interferometric phase. In particular, the side-looking

configuration enables high-resolution imaging through synthetic aperture processing,

but it also introduces characteristic distortions such as foreshortening, layover, and

shadow in areas of steep topography. Therefore, understanding the geometric relation-

ships illustrated in Figure 2.1 is essential before discussing interferogram formation,

baseline effects, and phase unwrapping in the following sections.

2.2.2 Complex SAR signal formation

SAR systems illuminate the Earth with coherent microwave pulses and record the

backscattered echoes returned by distributed and point-like scatterers. Unlike passive

optical sensors, SAR does not depend on solar illumination and is far less affected by

cloud cover, smoke, or moderate precipitation [26] [27]. These properties explain its im-

portance for all-weather observation of seismic zones, ice sheets, coastal environments,

and urban infrastructure [23].

Each SAR pixel is complex-valued and contains both amplitude and phase. Am-

plitude is mainly related to the radar cross-section of the illuminated target ensemble,

whereas phase is proportional to the two-way electromagnetic path length between the

sensor and the target. The complex SAR signal may be expressed as:

s(x, y) = A(x, y)ejϕ(x,y) (2.1)

Here, A(x, y) denotes the backscattered amplitude and ϕ(x, y) the measured phase.

The fundamental geometric observable is the slant range R, which is derived from the

pulse round-trip time τ according to:

R =
cτ

2
(2.2)

where R is the slant range (m), c ≈ 3 × 108 m/s is the speed of light, and τ is

the measured pulse round-trip time (s). The factor of 2 accounts for the two-way

propagation of the radar signal, from the sensor to the target and back.

The phase term is extremely sensitive to small path-length changes: variations
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much smaller than the radar wavelength can produce measurable phase shifts [1] [2].

This sensitivity is the reason interferometry can resolve millimetric deformation when

coherence is maintained and nuisance terms are sufficiently controlled [23].

2.2.3 Resolution, frequency bands, and geometric distortions

SAR spatial resolution is governed by different mechanisms in range and azimuth.

Range resolution depends mainly on transmitted bandwidth B. After pulse compres-

sion, the theoretical slant-range resolution is given by [26] [27]:

δr =
c

2B
(2.3)

Azimuth resolution is achieved synthetically by coherently combining echoes ac-

quired along the platform trajectory. For stripmap SAR, the nominal azimuth resolu-

tion may be approximated by [27] [29]:

δaz ≈
L

2
(2.4)

where L is the physical antenna length in the azimuth direction. This synthetic-

aperture principle makes azimuth resolution largely independent of platform altitude,

which constitutes one of the main advantages of SAR over real-aperture radar [23].

At the same time, side-looking geometry introduces characteristic distortions such

as foreshortening, layover, and radar shadow. These effects influence image interpre-

tation and phase reliability because steep slopes, shadowed areas, and layover zones

frequently violate continuity assumptions or reduce interferometric coherence [27] [29].

Frequency band selection also matters because wavelength affects penetration, scatter-

ing regime, and coherence behaviour. The operating wavelength of a SAR system is

a fundamental parameter because it controls how the radar signal interacts with the

Earth’s surface and near-surface features. Different wavelength bands exhibit different

penetration capabilities, sensitivities to vegetation and surface roughness, and levels of

suitability for specific remote-sensing applications. For this reason, the selection of the

radar band directly influences the quality of SAR and InSAR observations, particularly

in studies related to topography, deformation monitoring, biomass estimation, and ur-
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ban mapping. Table 2.1 summarizes the principal SAR frequency bands commonly

used in remote sensing and highlights their approximate wavelengths, interaction char-

acteristics, and typical application strengths.

Table 2.1: Main SAR frequency bands and their typical characteristics.

Band Approximate
wavelength

Penetration / interaction Typical strengths

X 3.1 cm Low penetration; strong in-
teraction with small-scale
roughness and built struc-
tures

Fine urban detail and in-
frastructure mapping

C 5.6 cm Moderate vegetation pene-
tration and strong surface
sensitivity

Operational Earth observa-
tion and deformation moni-
toring

L 23.5 cm Greater penetration
through vegetation and
dry soil

Forests, biomass, and
longer-term coherence in
some terrains

P 68–70 cm Very strong penetration but
reduced spatial resolution
and stricter regulation

Sub-canopy structure, to-
mography, and experimen-
tal campaigns

As shown, shorter wavelengths such as X-band and C-band are generally more

sensitive to surface features and man-made structures, making them suitable for ur-

ban mapping and operational deformation studies. By contrast, longer wavelengths

such as L-band and P-band penetrate vegetation and dry soil more effectively, which

makes them advantageous for forest observation, biomass estimation, and sub-canopy

investigations. This wavelength-dependent behaviour is especially important in InSAR

applications because it affects coherence preservation, scattering mechanisms, and the

reliability of phase measurements over different land-cover types.

2.3 SAR Limitations

Because SAR is a side-looking imaging system, terrain relief is projected onto the

slant-range geometry rather than onto a true horizontal ground plane. This creates

three canonical distortions foreshortening, layover, and shadow which affect both image

interpretation and the spatial continuity assumptions used later in phase unwrapping.

As shown in the figure 2.2 below
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Figure 2.2: Principal geometric distortions in side-looking SAR imagery: layover, fore-
shortening, and radar shadow.

These distortions arise directly from the side-looking imaging geometry of SAR.

They are not merely interpretive artefacts; in interferometric applications they also

reduce phase reliability and can create gaps or inconsistencies that complicate phase

unwrapping.

2.3.1 Foreshortening

Foreshortening geometry in radar-facing terrain slopes. Foreshortening occurs when

a terrain slope faces the radar and its local slope angle is smaller than the radar

incidence angle. In this configuration, the distance between scatterers along the slope

is compressed in slant range, causing the slope to appear shortened in the SAR image

and modifying the observed phase distribution.

These sketches in Figure 2.3 show that the ground-projected resolution cell changes

with terrain orientation. Even when phase remains coherent, such geometric com-

pression alters spatial sampling and can make steep terrain more difficult to interpret

reliably.

2.3.2 Layover

Layover occurs when the local terrain slope exceeds the incidence angle, that is, α ≥ θ.
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Figure 2.3: Foreshortening under negative and positive terrain slopes relative to the
radar line of sight.

Causes an inversion of the image geometry. Peaks of hills or mountains with a

steep slope commute with their bases in the slant range resulting in severe image

distortion.figure 2.4 presents a layover geometry when the local terrain slope exceeds

the radar incidence angle.

Figure 2.4: Layover geometry in sloped terrain.

Layover occurs when the local terrain slope is greater than the radar incidence an-

gle, causing returns from higher elevations to arrive earlier than returns from lower

slope positions. This produces geometric reversal in the SAR image, distorts the in-

terferometric phase field, and can undermine local continuity-based phase unwrapping
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Figure 2.5: Radar shadow geometry in side-looking SAR imaging.

assumptions.

2.3.3 Shadow

Radar shadow occurs when the terrain slopes away from the sensor so strongly that

the radar beam cannot illuminate the surface, approximately α ≤ θ − π
2
.

Radar shadow produces a region without any backscattered signal. This effect can

extend over other areas regardless of the slope of those areas. As shown below (Figure

2.5)

Figure 2.5 shows how The radar sensor illuminates the terrain obliquely from the

side rather than from directly overhead. When the terrain slope facing away from the

radar is sufficiently steep, the microwave beam cannot reach the ground surface behind

the obstacle. This non-illuminated region becomes a shadow area, where little or no

backscattered energy returns to the sensor. In the image domain, such regions typically

appear as dark zones because no meaningful echo is received from them.
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2.4 Interferometric Synthetic Aperture Radar (In-

SAR) Fundamentals

The fundamental principle of Interferometric Synthetic Aperture Radar (InSAR) is

based on observing the same ground target from two slightly different sensor positions.

By introducing a small geometric separation between the two radar acquisitions, known

as the baseline B, the system produces a slight difference in the travel path from the

sensor to the target. This path difference generates a measurable phase difference be-

tween the two received radar signals. As a result, InSAR transforms phase information

into a geometric observable that can be exploited to estimate terrain elevation and,

in differential applications, surface deformation. InSAR observations can be acquired

using two main geometric configurations, depending on whether the radar images are

collected simultaneously or at different times. These acquisition modes determine how

the interferometric baseline is formed and strongly influence the sensitivity of the in-

terferometric phase to topography, deformation, and temporal decorrelation. Figure

2.6 illustrates the two principal InSAR acquisition strategies: single-pass (simultaneous

baseline) and repeat-pass (repeat-track) interferometry.

single-pass interferometry uses two antennas or two receiving channels to observe

Figure 2.6: Comparison of the two main InSAR acquisition modes: single-pass (simul-
taneous baseline), and repeat-pass (repeat-track).
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the same ground target simultaneously from slightly different positions. Because both

measurements are acquired at the same time, this configuration largely avoids tempo-

ral decorrelation and is therefore well suited for accurate topographic mapping. The

geometric separation between the two observation points defines the interferometric

baseline B, which creates a path-length difference and, consequently, an interferomet-

ric phase difference related to terrain elevation.

By contrast, repeat-pass interferometry acquires the two SAR images at different

times, usually from nearly identical orbital tracks. In this case, the baseline is formed

by the small positional difference between the two sensor locations during successive

passes. While this configuration is operationally more common in satellite radar mis-

sions, it is more sensitive to temporal changes in the scene, atmospheric disturbances,

and surface motion between acquisitions. As a result, the measured phase contains

not only topographic information but may also include deformation and decorrelation

effects.

This distinction is important in InSAR analysis because the acquisition mode de-

termines both the quality of coherence and the physical interpretation of the inter-

ferometric phase. In general, single-pass systems are preferred for pure topographic

retrieval, whereas repeat-pass systems provide the basis for deformation monitoring

and differential InSAR applications when temporal phase contributions are properly

modeled or removed.

2.4.1 Interferogram formation

InSAR combines two co-registered complex SAR images acquired from slightly different

viewing geometries or at different times. If S1(x, y) and S2(x, y) denote the registered

complex images, the interferogram is formed by multiplying one image by the complex

conjugate of the other [1, 25]:

I(x, y) = S1(x, y)S
∗
2(x, y) = A1A2e

j(ϕ1−ϕ2) (2.5)

The interferometric phase is therefore the argument of the complex interferogram:

ϕint(x, y) = arg{I(x, y)} = ϕ1(x, y)− ϕ2(x, y) (2.6)
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This phase difference contains a superposition of topography, deformation, atmo-

spheric propagation, orbital uncertainty, and random noise [1, 2]. Interferogram for-

mation therefore condenses multiple physical effects into a single observable, which

is precisely why accurate modelling and phase unwrapping are essential steps in the

processing chain [25].

Operationally, interferogram generation begins with two single-look complex (SLC)

images, often referred to as the reference and secondary acquisitions. These images

must be co-registered so that corresponding pixels represent the same ground targets.

Orbit refinement, cross-correlation, and geometric warping are used to ensure sub-pixel

alignment before phase differencing is performed.

2.4.2 Components of the interferometric phase

Under a standard additive model, the absolute interferometric phase may be decom-

posed as [25, 31]:

ϕint = ϕtopo + ϕdef + ϕatm + ϕorb + ϕnoise (2.7)

Here, ϕtopo is the topographic component controlled mainly by baseline geometry;

ϕdef represents line-of-sight surface displacement; ϕatm aggregates tropospheric and

ionospheric delays; ϕorb corresponds to residual orbital inaccuracies; and ϕnoise cap-

tures decorrelation, thermal noise, and residual modelling errors [32]. In practice, the

scientific objective is rarely to estimate all components independently from first princi-

ples. Rather, one seeks to suppress or separate nuisance terms sufficiently so that the

remaining phase can be interpreted as elevation or deformation [18, 25, 31, 33].

The topographic phase arises from the sensor-target geometry and the interfero-

metric baseline, and it is the component primarily exploited for digital elevation model

generation. The deformation phase is associated with ground displacement along the

radar line of sight and constitutes the main observable in surface-motion studies such

as subsidence, seismic deformation, and volcanic monitoring. By contrast, the atmo-

spheric phase and orbital phase are generally unwanted contributions, since they intro-

duce spatially correlated artefacts and large-scale ramps that may be misinterpreted

as geophysical signals if not properly corrected.
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Table 2.2: Main components of the interferometric phase and their physical interpre-
tation.

Component Origin Effect on interfero-
gram

Operational conse-
quence

Topographic phase Sensor–target
geometry and base-
line

Fringe pattern
linked to elevation

Enables DEM gen-
eration but must
be removed in D-
InSAR

Deformation phase Surface displace-
ment along radar
line of sight

Temporal phase
change between
acquisitions

Core observable for
geodesy and hazard
monitoring

Atmospheric phase Tropospheric water
vapour and iono-
spheric variability

Spatially correlated
artefacts and long-
wavelength ramps

Can mimic de-
formation or bias
time-series analysis

Orbital phase Residual ephemeris
and baseline errors

Large-scale phase
ramps

Requires orbit re-
finement or ramp
estimation

Noise / decorrela-
tion

Thermal noise,
temporal change,
geometric mis-
match

Randomized phase
and residue concen-
tration

Reduces unwrap
reliability and
increases bias

Table 2.2 also highlights the importance of noise and decorrelation, which do not

simply add a smooth phase term but instead degrade phase reliability by introducing

randomness, residue concentration, and local ambiguity. This is particularly critical

for phase unwrapping, because low-quality phase observations increase the probability

of unwrapping errors and reduce the accuracy of the final elevation or deformation

product. Accordingly, InSAR processing is fundamentally concerned with isolating the

desired phase contribution while minimizing or compensating for the remaining error

sources.

2.5 Coherence, Noise, and Decorrelation

Interferometric coherence γ is the canonical indicator of phase reliability. It measures

the normalized similarity between two complex SAR observations and, in expectation

form, is written as [25, 34]:

γ =
|E{S1S

∗
2}|√

E{|S1|2}E{|S2|2}
(2.8)
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High coherence indicates that the scattering process remains stable between acqui-

sitions, whereas low-coherence suggests that the measured phase is strongly contami-

nated by decorrelation and noise [35]. In practice, coherence is degraded by temporal

change, spatial baseline mismatch, vegetation volume scattering, geometric distortions,

and thermal noise. Because most phase-unwrapping methods rely explicitly or implic-

itly on local continuity, coherence maps are not merely descriptive products; they are

diagnostic maps of algorithmic difficulty [36].

Table 2.3: Main decorrelation and noise sources affecting interferometric phase quality.

Source Physical cause Signature in
phase/coherence

Implication for un-
wrapping

Temporal decorre-
lation

Vegetation growth,
moisture change,
surface disturbance

Reduced coherence
between acquisi-
tions

Higher residue den-
sity and local ambi-
guity

Spatial decorrela-
tion

Large perpendicu-
lar baseline and dif-
fering viewing ge-
ometry

Phase mismatch
despite static ter-
rain

Loss of reliable gra-
dients in rugged ar-
eas

Volume scattering Multiple scatterers
within the resolu-
tion cell, especially
vegetation

Randomized phase
contribution

Poor continuity
and unstable un-
wrap paths

Thermal noise Sensor noise and
weak backscatter

Speckled phase
with low SNR

Noisy gradients
and false disconti-
nuities

Atmospheric het-
erogeneity

Water vapour and
ionospheric fluctua-
tion

Correlated arte-
facts and ramps

Bias in deformation
estimates after un-
wrapping

coherence is a practical proxy for unwrapping difficulty. Where decorrelation is

strong, phase gradients become unreliable, residues accumulate, and the risk of error

propagation increases markedly.

As coherence decreases, the reliability of the measured phase also decreases. The

immediate effect is an increase in phase ambiguity and a higher probability of phase-

unwrapping errors, often expressed as spurious 2π jumps and local inconsistencies in

the final unwrapped field. Coherence loss is therefore a primary source of uncertainty in

phase interpretation and one of the main determinants of downstream InSAR accuracy.
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2.6 Wrapped Phase, Absolute Phase, and Integer

Ambiguity

The interferometric phase observed by the sensor is not the unbounded absolute phase

but its modulo-2π representation. If ϕ denotes the absolute phase, the wrapped phase

ϕw is restricted to the principal interval (−π, π] [4, 37]:

ϕw = wrap(ϕ) = ((ϕ+ π) mod 2π)− π (2.9)

Equivalently, the absolute phase can be written as:

ϕ = ϕw + 2πk, k ∈ Z (2.10)

The unknown integer k is the ambiguity, or fringe order, that must be estimated

for each pixel. This discrete ambiguity is the core of the phase-unwrapping problem.

Wrapped phase alone does not determine a unique continuous solution unless additional

constraints are introduced through spatial regularity, redundancy, statistical priors, or

physical modelling [38].

The wrapped phase preserves local phase information only within the principal

interval. Phase unwrapping therefore consists of estimating the correct integer number

of 2π cycles that must be restored to recover the continuous phase field.

The key point is that the discontinuities visible in the wrapped phase are often

not true physical discontinuities in the underlying field. They are artefacts of periodic

folding. Unwrapping seeks to reverse that folding while preserving genuine structural

breaks where they actually exist.

2.7 Itoh Condition, Residues, and Path Dependence

A sufficient local condition for path-independent phase integration is the Itoh condition,

which requires the absolute phase difference between adjacent pixels to remain below

π in magnitude [37–39]:

|∆ϕ| < π (2.11)
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When this condition holds, the wrapped phase difference equals the true phase

gradient and local integration is well posed. In real interferograms, however, steep to-

pography, strong deformation gradients, under-sampling, and decorrelation frequently

violate this assumption. The result is cycle ambiguity and path dependence in local

phase integration.

Such violations appear as phase residues. A residue is detected by summing wrapped

phase differences around a closed elementary loop, typically a 2 × 2 pixel cell. A

non-zero circulation indicates that local phase integration is inconsistent and that the

unwrapping algorithm must explicitly manage this inconsistency [9, 13, 40].

∑
□

wrap(∆ϕw) = ±2π (2.12)

Table 2.4: Conditions under which local phase integration succeeds or fails.

Condition Mathematical
meaning

Expected behavior Consequence

Itoh satisfied |∆ϕ| < π between
neighbours

Wrapped gradients
equal true gradi-
ents

Path-independent
local integration

Strong gradient /
under-sampling

|∆ϕ| ≥ π locally Gradient aliasing
and cycle ambigu-
ity

Need global or
guided strategies

Noise and decorre-
lation

Apparent gradient
spikes unrelated to
terrain or deforma-
tion

False residues and
inconsistent loops

Higher risk of error
propagation

True discontinuity Physical jump in
phase field or line-
of-sight motion

Continuity assump-
tion invalid

Discontinuity-
preserving methods
preferred

2.8 Baseline Geometry

InSAR geometry refers to the geometric relationship between the radar sensor and a

ground target observed from two slightly different positions. In this configuration, the

same target is seen with two slightly different slant-range distances, commonly denoted

R and R + δR. Although this path difference is very small, it produces a measurable

phase difference between the two radar signals. This interferometric phase difference
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forms the basis for estimating terrain elevation or surface deformation [1, 2, 25].

Figure 2.7: Basic InSAR geometry showing two slightly different radar path lengths.

As shown in Figure 2.7, the same ground target is illuminated from two nearby

radar positions, resulting in two slightly different slant-range distances. The difference

between these path lengths generates an interferometric phase difference, which is the

key observable used in InSAR to retrieve topographic height or ground displacement.

2.9 Interferometric SAR Processing

The production of interferometric SAR products follows a structured processing chain

through which coherent radar observations are transformed into topographic or deformation-

related information. The process begins with the acquisition of two SAR datasets over

the same scene, from which two complex SAR images are generated. These images

must then be co-registered with sub-pixel precision so that corresponding pixels refer

to the same ground targets.

Once registration is achieved, the interferogram is formed by combining the two

complex images. The resulting phase contains contributions from terrain elevation, sur-

face displacement, atmospheric delay, orbital errors, and noise. Subsequent processing

steps include flat-earth removal, coherence analysis, phase unwrapping, phase-to-height

conversion, geometric correction, and geocoding.The main stages of the interferometric

SAR workflow are summarized in Figure 2.8

As shown in Figure 2.8, phase unwrapping is a key intermediate step in the InSAR

workflow. Because the measured interferometric phase is wrapped modulo 2π2π2π,
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Figure 2.8: Simplified interferometric SAR processing chain
, showing the progression from phase-preserving SAR acquisition and complex image
formation to sub-pixel coregistration, interferogram generation, flat-earth removal,

phase unwrapping, height retrieval, geometric correction, and geocoding.

it must be transformed into a continuous phase field before meaningful elevation or

deformation estimates can be obtained. Errors introduced at this stage propagate into

all subsequent products. Therefore, robust phase unwrapping is essential for reliable

InSAR analysis and constitutes a core concern of this thesis.

2.10 Why Phase Unwrapping Becomes Difficult in

Practice

From an algorithmic perspective, the main difficulty of InSAR phase unwrapping does

not lie in the modulo-2π relationship itself. It lies in the mismatch between the assump-

tions used by unwrapping algorithms and the conditions encountered in operational

scenes. Low-coherence increases phase noise and residue density; steep topography

and rapid deformation violate local continuity assumptions; layover and shadow cre-

ate missing or unreliable observations; and atmospheric or orbital artefacts introduce

long-wavelength structures that may be mistaken for geophysical signal.

The practical problem can be summarized as an inversion chain:

complex SAR pair → interferogram → wrapped phase → ambiguity field

→ unwrapped phase → geophysical product
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Errors introduced at the ambiguity-resolution stage propagate directly into ele-

vation and deformation estimates [22] [23] [72] For that reason, a phase-unwrapping

method that performs well only on smooth synthetic fringes has limited operational

value. In contrast, a method that remains stable under low-coherence, dense residues,

strong gradients, and partial discontinuities responds to a genuine scientific and engi-

neering need. [73] [89].

2.11 Conclusion

Chapter 2 established the theoretical foundations required to understand SAR, InSAR,

and the origin of the phase-unwrapping problem in interferometric radar analysis. It

showed that SAR provides complex-valued observations whose amplitude and phase

encode complementary information about the Earth’s surface, while InSAR exploits

phase differences between co-registered SAR acquisitions to retrieve topographic and

deformation-related signals. It further clarified that the interferometric phase is not a

direct geophysical measurement, but a composite observable influenced by acquisition

geometry, atmospheric propagation, orbital inaccuracies, surface decorrelation, and

measurement noise. Particular emphasis was placed on the central role of coherence,

decorrelation, and baseline geometry in determining phase quality and interpretability.

These factors directly affect whether the wrapped phase can be reliably transformed

into a continuous absolute phase. The discussion of wrapped phase, ambiguity, the

Itoh condition, and phase residues demonstrated that phase unwrapping is not merely

a numerical post-processing operation, but a fundamental inverse problem arising from

the physics and geometry of SAR interferometry itself.

By identifying the physical and mathematical sources of phase discontinuitiesThis

theoretical foundation provides the basis for the methodological contributions devel-

oped in the remainder of the thesis. In particular, it motivates the need for phase-

unwrapping approaches that are robust to noise, decorrelation, low-coherence regions,

and phase inconsistencies. These challenges define the context in which the proposed

work is positioned: improving the reliability, stability, and interpretability of phase-

unwrapping results under realistic InSAR conditions.

Consequently, the chapter does more than introduce background concepts; it estab-
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lishes the problem setting that justifies the subsequent contribution of this thesis. The

practical difficulty of InSAR analysis lies not only in generating interferograms, but in

recovering a stable and physically meaningful continuous phase from wrapped observa-

tions affected by noise, discontinuities, and decorrelation. On this foundation, the next

chapter examines the principal families of phase-unwrapping methods, analyzes their

limitations, and prepares the ground for the proposed methodological developments

presented later in the thesis.
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Chapter 3

Review of interferometric synthetic

aperture radar phase unwrapping

3.1 Introduction

Phase unwrapping in InSAR is the task of reconstructing a continuous phase field

from observations available only modulo 2π. Although the definition is compact, the

practical problem is difficult because several constraints interact simultaneously: local

continuity may be violated, the integer ambiguity field is unknown, noise and decor-

relation distort the measured gradients, and large images amplify the consequences of

local mistakes through error propagation [4, 7, 15].

The difficulty of phase unwrapping lies not only in the presence of ambiguity, but

in the fact that ambiguity must be resolved under imperfect and often contradictory

conditions. In real interferograms, low- coherence, steep phase gradients, shadow and

layover, and atmospheric disturbances frequently lead to violations of local consistency

assumptions. As a result, the reconstruction process becomes highly sensitive to local

decisions, and small errors may propagate across large spatial regions, degrading the

final solution. A useful review of the literature must therefore do more than list algo-

rithms; it must explain which assumptions each family makes about the phase field,

under which conditions those assumptions are reasonable, and how failure occurs when

they are not [25, 28, 89].

Over the past decades, a wide range of approaches has been developed to address
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these challenges. These methods differ not only in their algorithmic design, but also in

their interpretation of the phase unwrapping problem itself. Classical single-baseline

methods rely on local continuity and heuristic strategies to guide the unwrapping pro-

cess. Global and optimization-based approaches attempt to enforce consistency at the

level of the entire interferogram. Multibaseline and network-based methods introduce

redundancy to improve ambiguity resolution, while recent deep learning approaches

aim to learn phase reconstruction directly from data. Each of these families represents

a different compromise between robustness, computational complexity, and dependence

on prior information.

Rather than treating these approaches as independent solutions, it is more meaning-

ful to view them as different responses to a common underlying problem: the recovery

of a globally consistent phase field from incomplete and noisy observations. This per-

spective highlights that no single method is universally optimal, and that the effective-

ness of a given approach depends strongly on the characteristics of the interferogram,

including coherence level, deformation pattern, and data scale.

To structure this diversity, Figure 3.1 presents a taxonomy of phase unwrapping

methods in InSAR, highlighting the main methodological families and their evolu-

tion from classical spatial techniques toward network-based, optimization-driven, and

learning-based frameworks. This taxonomy serves as a guide for the organization of

the chapter.

The objective of this chapter is therefore not only to review existing methods, but

to analyze them critically by examining their assumptions, strengths, and limitations.

Particular attention is given to their robustness to noise and decorrelation, their ability

to preserve true discontinuities, their computational scalability, and their dependence

on handcrafted priors or training data. This analysis leads directly to the identifica-

tion of key research gaps, which motivate the contributions developed in the following

chapters.
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3.2 Methodological Organization of Phase Unwrap-

ping Approaches

Phase unwrapping methods in InSAR have evolved into a diverse set of approaches

that differ in their underlying assumptions, problem formulations, and mechanisms

for enforcing phase consistency. This diversity reflects the intrinsic complexity of the

phase unwrapping problem, which requires the resolution of integer ambiguity under

conditions of noise, decorrelation, and structural discontinuities. A structured orga-

nization of these methods is therefore necessary to clarify their relationships and to

establish a coherent framework for analysis.

From a methodological perspective, phase unwrapping approaches can be classified

according to the way ambiguity is constrained and how consistency is enforced across

the phase field. Some methods rely primarily on local continuity assumptions and

propagate phase information through spatial neighborhoods. Others formulate the

problem at a global level, enforcing consistency through optimization or statistical

inference. Additional approaches exploit redundancy across multiple interferograms or

temporal acquisitions, while more recent methods adopt data-driven strategies to infer

phase structure from training data.

Figure 3.1 presents a taxonomy of InSAR phase unwrapping methods based on

these principles. The diagram organizes existing approaches into four main families:

classical single-interferogram methods, optimization-based methods, multibaseline and

network-based approaches, and learning-based methods. Each family represents a dis-

tinct interpretation of the phase unwrapping problem and corresponds to a specific

strategy for addressing ambiguity, noise, and discontinuities.

Classical methods operate on a single interferogram and are based on the assump-

tion that local phase continuity can be exploited to reconstruct the absolute phase.

These approaches typically rely on path-following strategies, heuristic guidance, or lo-

cal regularization mechanisms. In contrast, optimization-based methods recast phase

unwrapping as a global estimation problem, where ambiguity is resolved by minimizing

a cost function or by enforcing statistical consistency across the entire domain.

Multibaseline and network-based approaches extend the problem formulation by in-

corporating additional information from multiple interferograms or temporal stacks. In
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Figure 3.1: Taxonomy of InSAR phase unwrapping methods.

these methods, phase unwrapping is no longer treated as a purely spatial problem, but

rather as a graph- or network-based inference problem, where ambiguity is constrained

through redundancy and relational structure. Learning-based methods represent a fur-

ther shift in perspective, introducing data-driven models that attempt to learn phase

reconstruction directly from examples, often without relying explicitly on handcrafted

continuity constraints.

This classification highlights the progression of phase unwrapping methodologies

from local and heuristic strategies toward global, network-based, and data-driven for-

mulations. It also provides the conceptual basis for the detailed examination of each

method family in the following sections, where their respective assumptions, strengths,

and limitations are analyzed in a systematic manner.

3.3 Classical Single-Interferogram Phase Unwrap-

ping Methods

Classical single-interferogram phase unwrapping methods constitute the foundational

approaches to resolving phase ambiguity in InSAR. These methods operate on a single
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interferogram and rely on the assumption that local phase continuity can be exploited

to reconstruct the absolute phase field, provided that inconsistencies remain limited or

can be effectively controlled [4, 6, 7].

The phase ambiguity addressed by these methods originates from the periodic na-

ture of the measured interferometric phase. The relationship between the observed

wrapped phase and the desired continuous phase can be expressed as:

ψ(x, y) = ϕ(x, y)− 2πk(x, y) (3.1)

where ψ(x, y) represents the wrapped interferometric phase measured from the in-

terferogram, ϕ(x, y) denotes the unknown absolute phase, and k(x, y) is an integer

ambiguity function representing the number of 2π phase cycles removed during the

wrapping process. Therefore, phase unwrapping aims to estimate k(x, y) in order to

recover the continuous phase according to:

ϕ(x, y) = ψ(x, y) + 2πk(x, y) (3.2)

where the estimation of the integer field k(x, y) constitutes the main challenge,

especially in the presence of noise, phase discontinuities, and decorrelated regions.

Rather than representing minor algorithmic variations, classical methods reflect

distinct strategies for managing ambiguity and controlling error propagation. The

main methodological families include path-following approaches, global least-squares

formulations, and graph-based optimization methods.

3.3.1 Path-Following Strategies

Path-following methods reconstruct the phase field by integrating wrapped phase gra-

dients along selected paths. Their performance depends critically on how integration

paths are defined and how inconsistent regions are avoided.

Branch-Cut Methods

Branch-cut methods explicitly identify phase residues and connect them through arti-

ficial discontinuity lines that prevent integration across inconsistent regions [7, 90–92].
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This formulation provides a direct and physically interpretable mechanism for isolating

ambiguity.

The principal contribution of this family lies in its explicit treatment of local in-

consistency. By constraining integration paths, branch-cut methods prevent the ac-

cumulation of phase errors along unreliable trajectories. However, their effectiveness

depends strongly on the spatial distribution of residues. In low-coherence interfero-

grams, where residue density is high, the resulting network of cuts may become overly

complex, isolating large regions or forcing integration along suboptimal paths.

Quality-Guided Methods

Quality-guided methods address the limitations of fixed path selection by introducing

a reliability-based ordering of the unwrapping process. Pixels are unwrapped according

to a predefined quality metric, such as coherence, phase-derivative variance, or gradient

stability [6, 36, 38, 89].

The key contribution of these methods is the prioritization of reliable phase infor-

mation, allowing stable regions to guide the reconstruction of more uncertain areas.

This significantly improves robustness in heterogeneous interferograms. However, the

quality map is typically fixed prior to unwrapping and does not adapt to evolving re-

construction conditions. As a result, performance is highly dependent on the chosen

metric, and mismatches between the metric and actual phase reliability can lead to

systematic errors.

3.3.2 Global Least-Squares and Minimum-Norm Methods

Global methods reformulate phase unwrapping as a reconstruction problem in which

the objective is to estimate a phase field whose gradients best match the wrapped

observations in a least-squares or minimum-norm sense [96, 98].

The principal contribution of these approaches is the enforcement of global consis-

tency. By considering the entire interferogram simultaneously, they reduce sensitivity

to local integration errors and improve numerical stability.

However, this global regularization introduces an inherent limitation. In order to

produce stable solutions, these methods tend to impose smoothness constraints, which
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may attenuate or eliminate genuine phase discontinuities. This limitation becomes

particularly critical in applications involving sharp deformation gradients, such as fault

ruptures or landslides [99, 102, 103]. Consequently, least-squares methods are well

suited for smooth phase fields but less effective when discontinuity preservation is

required.

3.3.3 Graph-Based and Minimum-Cost Flow Methods

Graph-based methods represent phase unwrapping as a network optimization problem.

In minimum-cost flow (MCF) formulations, phase residues are treated as sources and

sinks, and the objective is to determine a flow configuration that minimizes a cost

function while ensuring global consistency [26, 27].

A key contribution in this domain is the formulation of phase unwrapping as a

network programming problem by Costantini [40], which enables efficient optimization

under global consistency constraints. Similarly, Chen and Zebker [51] demonstrated

the effectiveness of incorporating statistical cost functions into the unwrapping process,

leading to improved robustness in noisy conditions.

Graph-based methods provide a balance between local flexibility and global con-

sistency. They are generally more robust than purely local approaches, particularly in

complex residue configurations. However, this robustness comes at the cost of increased

computational complexity. The construction and solution of large-scale graphs may be-

come resource-intensive for high-resolution interferograms or large datasets [100, 101].

3.3.4 Comparative Analysis of Classical Methods

The differences between classical phase unwrapping methods can be interpreted in

terms of how they balance local decision-making and global consistency. Path-following

methods rely on local continuity and are therefore sensitive to noise and residue dis-

tribution. Global least-squares methods reduce local error propagation but may over-

smooth discontinuities. Graph-based approaches achieve improved robustness by en-

forcing global constraints, at the expense of increased computational cost.

Overall, classical methods remain essential due to their strong theoretical founda-

tions and practical efficiency. However, their limitations become increasingly evident

34



Chapter 3 Review of InSAR Phase Unwrapping

Table 3.1: Comparison of classical single-interferogram phase unwrapping methods.

Method Family Key Contribution Strengths Limitations
Branch-cut meth-
ods

Explicit isolation of
phase residues and
inconsistency con-
trol

Conceptual clarity,
effective error con-
tainment in sparse
residue fields

Performance de-
grades in high
residue density,
may isolate large
regions

Quality-guided
methods

Reliability-based
integration order-
ing

Improved robust-
ness in hetero-
geneous scenes,
adaptive propaga-
tion from stable
regions

Strong dependence
on predefined qual-
ity map, limited
adaptability

Least-squares
methods

Global consistency
through variational
reconstruction

Numerical stability,
reduced local error
propagation

Oversmoothing of
discontinuities, loss
of sharp phase fea-
tures

Graph-based
(MCF) methods

Global combinato-
rial optimization
with cost mini-
mization

High robustness in
complex residue
configurations,
flexible cost model-
ing

High compu-
tational cost,
scalability limita-
tions

in challenging scenarios characterized by low-coherence, strong phase gradients, or

large-scale datasets. These limitations motivate the development of more advanced

approaches, including optimization-based, multibaseline, and learning-based methods,

which aim to overcome the constraints inherent in single-interferogram formulations.

3.4 Optimization-Based Phase Unwrapping Meth-

ods

Optimization-based phase unwrapping methods extend classical formulations by ex-

plicitly casting the reconstruction problem as a global optimization task. Instead of

relying solely on local continuity or heuristic path selection, these approaches seek a

phase solution that minimizes a predefined cost function or satisfies a set of global con-

sistency constraints. This formulation provides a principled framework for controlling

ambiguity under noisy and inconsistent conditions.

In general, optimization-based phase unwrapping can be formulated as the search
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for the optimal phase field ϕ̂ that minimizes an objective function:

ϕ̂ = arg min
ϕ
J(ϕ) (3.3)

where ϕ̂ denotes the estimated continuous phase, ϕ represents a candidate phase

solution, and J(ϕ) is an objective (or cost) function that measures the consistency

between the reconstructed phase and the observed interferometric measurements. The

design of J(ϕ) distinguishes different optimization methods and determines their ro-

bustness to noise and phase discontinuities.

3.4.1 Global Optimization Formulations

Early developments in this direction focused on expressing phase unwrapping as a

minimum-discontinuity or minimum-error problem. Costantini demonstrated that

phase unwrapping can be formulated as a network programming problem, enabling

efficient solutions through minimum-cost flow (MCF) optimization [41]. This approach

enforces global consistency by distributing phase discontinuities in a way that mini-

mizes an overall cost function.

The corresponding optimization problem can be generally expressed as:

J(ϕ) =
∑

(i,j)∈E

cijfij (3.4)

where E denotes the set of graph edges, fij represents the flow assigned between

neighboring nodes, and cij is the corresponding transportation cost. Minimizing this

objective ensures that phase inconsistencies are distributed with minimum global cost

while satisfying residue conservation constraints.

Similarly, Chen and Zebker introduced statistical-cost formulations, showing that

phase unwrapping can be treated within a probabilistic framework [52]. By incorporat-

ing noise statistics and prior information into the cost function, these methods improve

robustness in low-coherence and noisy interferograms. Such formulations are particu-

larly influential in operational systems, where statistical modeling plays a central role

in balancing data fidelity and regularization.

From a statistical perspective, the reconstruction problem may be formulated as a
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Maximum A Posteriori (MAP) estimation problem:

ϕ̂ = arg max
ϕ

P (ϕ | ψ) (3.5)

where P (ϕ | ψ) denotes the posterior probability of the continuous phase ϕ given

the observed wrapped phase ψ. Applying Bayes’ theorem yields

P (ϕ | ψ) ∝ P (ψ | ϕ)P (ϕ) (3.6)

where P (ψ | ϕ) represents the likelihood function describing the measurement

model, and P (ϕ) is the prior distribution that regularizes the reconstructed phase

field.

A notable implementation of this class of methods is SNAPHU, which combines

statistical cost modeling with network-flow optimization and remains widely used in

practical InSAR processing workflows [52]. The success of such approaches highlights

the importance of integrating physical modeling with global optimization.

While global optimization methods significantly improve robustness compared to

purely local strategies, they introduce new challenges. Their performance depends

strongly on the choice of cost function, regularization terms, and prior assumptions.

Inaccurate modeling may lead to suboptimal solutions or bias in the reconstructed

phase field.

3.4.2 Metaheuristic Optimization Approaches

In addition to deterministic formulations, metaheuristic optimization methods have

been explored as alternative strategies for solving the phase unwrapping problem.

These approaches are particularly attractive in scenarios where the optimization land-

scape is complex, non-convex, or difficult to model analytically.

Unlike deterministic optimization, metaheuristic algorithms iteratively update a

population of candidate solutions according to a general optimization framework:

X t+1 = F (X t,Θ) (3.7)

where X t denotes the population of candidate solutions at iteration t, F (·) repre-
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sents the update mechanism of the optimization algorithm, and Θ denotes the set of

algorithm-specific parameters. The objective is to progressively minimize the prede-

fined cost function while avoiding convergence toward poor local minima.

Genetic Algorithm (GA)

Genetic algorithms provide a population-based search strategy capable of exploring a

wide solution space through crossover and mutation operations. Their main contribu-

tion lies in their flexibility and ability to escape local minima. However, they typically

require careful parameter tuning and may exhibit slow convergence.

The evolution of a population can be represented as

P t+1 =M
(
C
(
S(P t)

))
(3.8)

where P t is the population at generation t, S denotes the selection operator, C the

crossover operator, and M the mutation operator.

Particle Swarm Optimization (PSO)

Particle swarm optimization (PSO) offers a simpler implementation based on collective

behavior and velocity-driven search dynamics. It requires fewer control parameters and

converges relatively quickly in many cases. Nevertheless, it may suffer from premature

convergence and stagnation near local optima.

Each particle updates its velocity and position according to

vt+1
i = wvti + c1r1(pi − xti) + c2r2(g − xti) (3.9)

where xi is the particle position, vi is its velocity, pi is the personal best solution, g

is the global best solution, w is the inertia weight, and c1, c2 are acceleration coefficients

with random variables r1, r2 ∈ [0, 1].

Ant Colony Optimization (ACO)

Ant colony optimization (ACO) is particularly suited to path-construction problems,

making it conceptually compatible with phase unwrapping. By simulating collective
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probabilistic exploration, it can identify efficient unwrapping paths. However, its com-

putational cost increases significantly with problem size, limiting its scalability.

The probability of selecting the next path is computed as

Pij =
ταijη

β
ij∑

k∈Ni
ταikη

β
ik

(3.10)

where τij denotes the pheromone concentration, ηij is the heuristic desirability, and

α and β control their relative influence.

Multi-Verse Optimizer (MVO)

The Multi-Verse Optimizer (MVO) introduces a balance between exploration and ex-

ploitation through mechanisms inspired by cosmological models. Its design allows for

efficient search in compact solution spaces while maintaining diversity in candidate

solutions. However, as with other metaheuristics, repeated objective-function evalua-

tions can be computationally expensive, and performance remains sensitive to problem

formulation and parameter settings.

The population of universes can be represented as

U =


x11 x12 · · · x1d

x21 x22 · · · x2d
... ... . . . ...

xn1 xn2 · · · xnd

 (3.11)

where n is the number of candidate universes and d is the number of optimiza-

tion variables. Each universe corresponds to one candidate solution whose quality is

evaluated through the objective function.

The exploration–exploitation balance is controlled by the Wormhole Existence

Probability (WEP) and the Travelling Distance Rate (TDR), commonly expressed

as

WEP = WEPmin +
l

L
(WEPmax − WEPmin) , TDR = 1−

(
l

L

)1/p

(3.12)
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where l is the current iteration, L is the maximum number of iterations, and p is

a user-defined exploitation parameter. These adaptive mechanisms gradually shift the

search from exploration toward exploitation as the optimization progresses.

Overall, metaheuristic methods provide a flexible framework for phase unwrapping,

particularly in situations where classical deterministic approaches are difficult to apply.

However, their effectiveness depends strongly on the definition of the objective function

and the tuning of algorithmic parameters.

3.4.3 Comparative Analysis of Optimization-Based Methods

Optimization-based phase unwrapping methods can be broadly categorized into deter-

ministic global formulations and stochastic metaheuristic approaches. Deterministic

methods, such as minimum-cost flow and statistical-cost formulations, provide strong

theoretical guarantees and enforce global consistency. They are particularly effective

in structured problems where the cost function accurately reflects the underlying phase

behavior.

In contrast, metaheuristic methods offer greater flexibility in exploring complex so-

lution spaces and can be applied to non-convex or poorly modeled problems. However,

this flexibility comes at the cost of reduced interpretability, increased computational

demand, and sensitivity to parameter selection.

From a broader perspective, optimization-based methods represent a transition

from heuristic and local strategies toward principled global formulations. They ad-

dress several limitations of classical approaches, particularly in terms of robustness

to noise and consistency enforcement. However, they do not fully resolve the chal-

lenges associated with large-scale processing, parameter dependency, and adaptability

to diverse interferometric conditions.

Conceptually, the optimization objective shared by these methods can be summa-

rized as

ϕ̂ = arg min
ϕ

[D(ϕ, ψ) + λR(ϕ)] (3.13)

whereD(ϕ, ψ) is a data-fidelity term measuring agreement with the observed wrapped

phase, R(ϕ) is a regularization term enforcing smoothness or consistency, and λ con-
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trols the trade-off between both objectives. Although different optimization algorithms

employ different search mechanisms, they ultimately seek to minimize a formulation of

this general form.

These limitations motivate the need for approaches that combine the strengths

of global optimization with adaptive guidance mechanisms and improved handling of

complex phase patterns, as explored in the contributions of this thesis.

Table 3.2: Comparison of optimization-based phase unwrapping methods.

Method Family Key Contribution Strengths Limitations
Minimum-cost flow
(MCF)

Global combinato-
rial optimization of
phase ambiguity

Strong global con-
sistency, robust in
complex residue
patterns

High compu-
tational cost,
scalability limita-
tions

Statistical/MAP
methods

Incorporation of
noise models and
prior information

Improved robust-
ness in noisy
conditions, phys-
ically meaningful
solutions

Dependence on
model assumptions
and parameter
tuning

Genetic algorithms Population-based
global search

Strong exploration
capability, flexible
formulation

Slow convergence,
many hyperparam-
eters

Particle swarm op-
timization

Velocity-driven col-
lective search

Simple implemen-
tation, fewer pa-
rameters

Risk of local stag-
nation, limited
global guarantees

Ant colony opti-
mization

Probabilistic path
construction

Natural fit for
path-based prob-
lems

High computa-
tional cost in
large-scale prob-
lems

Multi-Verse Opti-
mizer

Balanced
exploration–
exploitation strat-
egy

Efficient search in
compact spaces,
adaptable frame-
work

Computational
cost of objective
evaluations, pa-
rameter sensitivity

3.5 Multibaseline and Network-Based Phase Un-

wrapping Methods

Multibaseline and network-based phase unwrapping methods extend the classical single-

interferogram formulation by incorporating additional information from multiple inter-

ferograms or temporal acquisitions. These approaches exploit redundancy to improve
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ambiguity resolution and reduce the dependence on local continuity assumptions. As

a result, the phase unwrapping problem is no longer treated solely as a spatial re-

construction task, but rather as a structured inference problem defined over multiple

observations.

3.5.1 Multibaseline Phase Unwrapping

Multibaseline phase unwrapping uses several interferograms acquired with different

baselines or temporal separations to constrain phase ambiguity. The central contribu-

tion of this approach lies in the exploitation of redundancy, which effectively enlarges

the unambiguous phase interval and improves robustness in regions characterized by

dense fringes or strong deformation gradients [32, 41, 42].

For a set of N interferograms, the wrapped phase observations can be represented

as

ψi(x, y) = ϕi(x, y)− 2πki(x, y), i = 1, 2, . . . , N (3.14)

where ψi(x, y) is the wrapped phase of the ith interferogram, ϕi(x, y) is the corre-

sponding continuous phase, and ki(x, y) denotes the associated integer ambiguity. The

availability of multiple observations provides additional constraints that facilitate the

estimation of the ambiguity terms.

This strategy is particularly advantageous in scenarios where a single interferogram

is insufficient for reliable unwrapping, such as areas with steep topography or rapid sur-

face deformation [45–47]. By combining multiple observations, multibaseline methods

reduce reliance on local phase continuity and enable more stable reconstruction.

The reconstruction is commonly formulated as a joint optimization problem,

ϕ̂ = arg min
ϕ

N∑
i=1

Ji(ϕ) (3.15)

where Ji(ϕ) represents the cost associated with the ith interferogram. The objective

is to determine a phase solution that simultaneously satisfies all available interferomet-

ric observations.

However, the effectiveness of multibaseline approaches depends on several condi-
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tions. Accurate co-registration, appropriate baseline selection, and consistent noise

characteristics are required to ensure reliable performance. In addition, the increased

data volume and processing complexity introduce practical challenges, including higher

computational cost and more demanding preprocessing requirements [45, 46, 48, 49].

Consequently, multibaseline methods are best understood as higher-information

formulations whose benefits depend on acquisition design and data quality [50–53].

3.5.2 Network and Sparse Representation Approaches

The development of persistent scatterer interferometry (PSI) and related techniques has

led to a shift from regular grid-based processing toward sparse network representations.

In these approaches, phase unwrapping is performed on a graph, where nodes represent

reliable scatterers and edges encode relationships such as spatial proximity, temporal

coherence, or similarity [1].

The network can be represented mathematically as

G = (V,E) (3.16)

where V denotes the set of persistent scatterers (graph nodes) and E denotes the set

of edges connecting neighboring scatterers. Each edge represents a phase observation

between two reliable measurement points.

For every connected pair of nodes, the measured phase difference can be expressed

as

∆ϕij = ϕj − ϕi (3.17)

where ϕi and ϕj are the continuous phases associated with nodes i and j, respec-

tively.

A key contribution in this domain is the null-space formulation introduced by

Fornaro et al. [31], which demonstrates that ambiguity resolution in multitemporal

interferometric stacks can be expressed algebraically rather than through independent

two-dimensional unwrapping operations. This formulation highlights the importance

of global constraints and network structure in achieving consistent solutions.
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The resulting system is commonly written as

Aϕ = b (3.18)

where A is the network incidence matrix describing the graph topology, ϕ is the

vector of unknown continuous phases, and b contains the measured phase differences

between connected scatterers.

Network-based approaches offer several advantages. By focusing on high-quality

scatterers, they reduce sensitivity to noise and decorrelation. The graph structure also

enables the integration of spatial and temporal information, improving robustness in

complex environments.

However, these methods introduce new dependencies. Their performance is strongly

influenced by the design of the network, including scatterer selection, edge definition,

and weighting strategies. Errors in network construction may propagate through the

entire graph, affecting the final solution. As a result, phase unwrapping becomes

inseparable from the broader problem of network modeling and data selection.

3.5.3 Multitemporal and Time-Series Unwrapping

The extension of InSAR analysis to long temporal stacks has further transformed phase

unwrapping into a spatio-temporal problem. Instead of processing interferograms inde-

pendently, multitemporal methods exploit temporal redundancy to improve ambiguity

resolution and consistency across acquisitions.

For a temporal stack composed of T acquisitions, the phase evolution can be rep-

resented as

ϕ =


ϕ1

ϕ2

...

ϕT

 (3.19)

where ϕt denotes the continuous phase corresponding to acquisition time t.

The reconstruction problem is generally formulated as

44



Chapter 3 Review of InSAR Phase Unwrapping

ϕ̂ = arg min
ϕ

[Js(ϕ) + λJt(ϕ)] (3.20)

where Js(ϕ) represents the spatial consistency term, Jt(ϕ) denotes the temporal

consistency term, and λ balances their relative contributions.

This approach enables the identification of stable phase trends and reduces the

impact of isolated errors. By enforcing consistency across time, multitemporal un-

wrapping improves robustness in the presence of noise and decorrelation.

However, the increased dimensionality of the problem introduces additional com-

plexity. Temporal modeling, noise accumulation, and the management of large datasets

become critical factors. Furthermore, inconsistencies in individual interferograms may

propagate through the temporal network, affecting long-term deformation estimates.

3.5.4 Error Detection and Correction in Time-Series InSAR

An important development in multitemporal phase unwrapping is the recognition that

initial unwrapping solutions are not always reliable and may require correction. This

has led to the development of dedicated error detection and correction methods, par-

ticularly in the context of time-series analysis.

The consistency of multiple interferograms can be evaluated using the phase closure

relation,

ϕ12 + ϕ23 − ϕ13 = 0 (3.21)

where ϕ12, ϕ23, and ϕ13 denote the interferometric phases corresponding to three

acquisitions. Ideally, the closure error should be zero; any deviation indicates the

presence of phase inconsistencies or unwrapping errors.

A representative contribution is the 3D-ADAC method [40], which combines closure

phase analysis, phase gradients, and interferogram edge information to detect and

correct unwrapping errors. The method operates iteratively, first addressing spatial

inconsistencies and then refining the solution in the temporal domain.

The correction process can be formulated as
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ϕ(k+1) = ϕ(k) +∆ϕ (3.22)

where ϕ(k) denotes the reconstructed phase at iteration k, and ∆ϕ is the correction

term estimated from the detected inconsistencies. The iterative process continues until

a predefined convergence criterion is satisfied.

This line of work reflects a broader shift in perspective, where phase unwrapping is

no longer treated as a one-step preprocessing operation, but as part of an integrated

quality-control framework. While these methods improve reliability, they also increase

computational complexity and require additional modeling assumptions.

3.5.5 Comparative Analysis of Multibaseline and Network-

Based Methods

Multibaseline and network-based approaches represent a significant advancement over

classical methods by incorporating additional information and enforcing consistency

across multiple dimensions. Their primary strength lies in the use of redundancy, which

reduces reliance on local continuity and improves robustness in challenging conditions.

However, this improvement comes at the cost of increased complexity. These meth-

ods require more data, more sophisticated preprocessing, and careful design of acquisi-

tion geometry or network structure. Their performance is therefore highly dependent

on data quality, availability, and modeling choices.

Overall, these methods mark a transition from purely spatial phase unwrapping to-

ward more comprehensive frameworks that integrate spatial, temporal, and structural

information. While they significantly enhance robustness and consistency, they also

introduce new challenges related to scalability, data requirements, and model depen-

dency. These limitations motivate the exploration of alternative approaches capable

of balancing robustness, adaptability, and computational efficiency.

3.6 Learning-Based Phase Unwrapping Methods

Recent advances in machine learning have introduced a fundamentally different per-

spective on the phase unwrapping problem. Instead of relying exclusively on hand-
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Table 3.3: Comparison of multibaseline and network-based phase unwrapping methods.

Method Family Key Contribution Strengths Limitations
Multibaseline
methods

Redundancy-based
ambiguity resolu-
tion

Improved robust-
ness in dense
fringes and steep
gradients

Requires multiple
acquisitions, higher
preprocessing com-
plexity

Sparse network
(PSI) methods

Graph-based repre-
sentation of phase
relationships

Reduced sensitivity
to noise, integra-
tion of spatial and
temporal informa-
tion

Dependence on net-
work design and
scatterer selection

Multitemporal
methods

Spatio-temporal
consistency en-
forcement

Improved stability
over time, reduced
local error impact

Increased computa-
tional complexity,
sensitivity to
temporal inconsis-
tencies

Error correction
methods

Post-processing
refinement of un-
wrapping errors

Improved reliabil-
ity and accuracy

Additional compu-
tational cost, re-
liance on correction
models

crafted rules, local continuity assumptions, or predefined optimization criteria, learning-

based approaches attempt to infer the mapping between wrapped and unwrapped phase

directly from data. This shift reflects the observation that ambiguity patterns in in-

terferometric data are often structured and context-dependent, making them difficult

to model analytically [8, 10, 54, 55].

Learning-based phase unwrapping can generally be expressed as a nonlinear map-

ping

ϕ̂ = Fθ(ψ) (3.23)

where ψ denotes the wrapped phase image, ϕ̂ is the predicted continuous phase,

Fθ(·) represents the neural network, and θ denotes the set of trainable parameters.

During training, the network learns the optimal parameters by minimizing a predefined

loss function over a set of wrapped–unwrapped image pairs.

Learning-based methods differ not only in architecture but also in how the phase

unwrapping problem is formulated. Broadly, these approaches can be categorized

into segmentation-based models, regression-based models, gradient-estimation meth-
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ods, and hybrid architectures.

3.6.1 Segmentation and Wrap-Count Estimation Approaches

Segmentation-based models treat phase unwrapping as a classification problem in which

the objective is to estimate the integer ambiguity, often referred to as wrap count, for

each pixel. Early developments in this direction demonstrated that convolutional neural

networks (CNNs) can effectively learn local ambiguity patterns and provide accurate

wrap-count predictions under controlled conditions [56, 57].

Instead of directly predicting the continuous phase, the network estimates the in-

teger ambiguity map,

k̂(x, y) = Fθ(ψ(x, y)) (3.24)

where k̂(x, y) is the predicted wrap count and Fθ denotes the trained classification

network.

The continuous phase is then reconstructed as

ϕ̂(x, y) = ψ(x, y) + 2πk̂(x, y) (3.25)

where ψ(x, y) is the wrapped phase and ϕ̂(x, y) is the reconstructed phase.

Since wrap-count estimation is formulated as a classification problem, the network

is commonly trained using the categorical cross-entropy loss

LCE = −
C∑
c=1

yc log(ŷc) (3.26)

where C is the number of wrap-count classes, yc is the ground-truth label, and ŷc

is the predicted class probability.

The key contribution of this approach lies in its interpretability. By explicitly es-

timating the ambiguity field, these models provide a clear intermediate representation

that can be combined with classical reconstruction techniques. However, this formu-

lation also introduces limitations. The final phase reconstruction typically requires

additional post-processing steps to ensure spatial consistency, and errors in classifica-

tion may propagate into the reconstructed phase field.
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3.6.2 Direct Regression Approaches

Regression-based models aim to directly predict the unwrapped phase from the wrapped

input. This formulation enables end-to-end reconstruction and reduces the need for in-

termediate processing stages. Approaches such as U-Net variants and related architec-

tures have demonstrated strong performance in controlled environments, particularly

when trained on synthetic datasets [119, 121, 122].

The learning objective is to approximate the nonlinear mapping

ϕ̂ = Fθ(ψ) (3.27)

where the network directly predicts the continuous phase image.

Training is generally performed by minimizing a regression loss such as the Mean

Squared Error (MSE),

LMSE =
1

N

N∑
i=1

(
ϕi − ϕ̂i

)2
(3.28)

where N is the number of pixels, ϕi is the ground-truth unwrapped phase, and ϕ̂i

is the predicted phase.

The principal advantage of regression models is their simplicity and computational

efficiency during inference. However, direct prediction of the phase field introduces

challenges in maintaining global consistency. Since these models operate primarily on

local receptive fields, they may fail to capture long-range dependencies, leading to in-

consistencies in large-scale structures or in regions with complex deformation patterns.

For convolutional neural networks, the extracted feature maps are computed through

convolution operations,

F (l) = σ
(
W (l) ∗ F (l−1) + b(l)

)
(3.29)

where F (l) is the feature map at layer l, W (l) denotes the convolution kernel, ∗

represents the convolution operator, b(l) is the bias term, and σ(·) is the activation

function.
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3.6.3 Gradient-Based and Hybrid Approaches

To address the limitations of direct regression, several works have proposed hybrid

formulations in which the model predicts intermediate quantities, such as phase gradi-

ents or confidence maps, that are subsequently used within a classical reconstruction

framework [56, 57, 121].

Instead of estimating the absolute phase directly, these methods predict the hori-

zontal and vertical phase gradients,

g =

(
∂ϕ

∂x
,
∂ϕ

∂y

)
(3.30)

where g represents the gradient field of the continuous phase.

The final phase reconstruction is then obtained by solving

∇ϕ̂ = ĝ (3.31)

where ĝ denotes the predicted gradient field. This formulation allows the integration

of learned gradient estimates with classical phase integration techniques.

The key contribution of gradient-based approaches is the decomposition of the

problem into more stable learning targets. Predicting gradients or reliability measures

is often easier than directly estimating the absolute phase, and these quantities can

be integrated using established unwrapping techniques. This hybrid strategy improves

stability and interpretability, while retaining some of the advantages of data-driven

modeling.

More advanced architectures incorporate contextual reasoning mechanisms, includ-

ing recurrent units, attention mechanisms, and multimodal inputs. Recent develop-

ments emphasize the importance of incorporating global context, cycle-consistency

constraints, and realistic training data in order to improve robustness and generaliza-

tion [123–125, 127]. These models represent a transition toward more sophisticated

representations capable of capturing long-range dependencies and complex phase pat-

terns.

For recurrent architectures, the hidden state is updated recursively according to
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ht = f(xt, ht−1) (3.32)

where xt is the input feature vector, ht−1 is the previous hidden state, and f(·)

denotes the recurrent update function. Long Short-Term Memory (LSTM) networks

extend this formulation by introducing memory cells and gating mechanisms that pre-

serve long-range spatial dependencies, making them particularly suitable for phase

unwrapping problems involving large-scale phase structures. This capability directly

motivates the multidirectional LSTM architecture adopted in the proposed VOH-Net

framework presented in Chapter 5.

3.6.4 Comparative Analysis of Learning-Based Methods

Learning-based approaches offer several advantages over classical and optimization-

based methods. They are capable of modeling complex, nonlinear relationships in

the data and can adapt to a wide range of phase patterns without requiring explicit

mathematical modeling. Once trained, these models provide fast inference, making

them attractive for large-scale applications.

However, these advantages are accompanied by significant limitations. General-

ization remains a central challenge, as models trained on synthetic or domain-specific

datasets may not perform reliably on real interferograms with different characteris-

tics. In addition, many architectures lack mechanisms for enforcing global consistency,

leading to errors in large-scale structures.

Recent developments, including benchmark datasets such as InSAR-DLPU and ad-

vanced architectures such as Unwrap-Net, highlight the importance of training realism

and cross-domain evaluation in improving model performance [123, 127]. At the same

time, studies of large-gradient deformation scenarios indicate that both classical and

learning-based methods continue to exhibit failure modes under extreme conditions

[108].

From a broader perspective, learning-based phase unwrapping represents a shift

from explicit modeling toward data-driven inference. While these methods provide

powerful tools for capturing complex phase behavior, they do not yet fully resolve the

challenges of generalization, global consistency, and robustness under difficult condi-
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Table 3.4: Comparison of learning-based phase unwrapping methods.

Model Family Key Contribution Strengths Limitations
Segmentation
(wrap-count) mod-
els

Explicit estimation
of phase ambiguity

Interpretable repre-
sentation, compat-
ible with classical
solvers

Requires post-
processing, sensi-
tive to classification
errors

Regression models Direct end-to-end
phase reconstruc-
tion

Fast inference, sim-
ple pipeline

Limited global con-
sistency, sensitivity
to complex struc-
tures

Gradient-based
models

Prediction of stable
intermediate quan-
tities

Improved learning
stability, integra-
tion with classical
methods

Performance
depends on down-
stream reconstruc-
tion

Hybrid/context-
aware models

Integration of long-
range dependencies
and contextual rea-
soning

Improved ro-
bustness and
adaptability

Higher complexity,
increased data and
training require-
ments

tions. These limitations motivate the development of hybrid architectures that com-

bine learned representations with structured reconstruction principles, as explored in

the contributions of this thesis.

3.7 Literature Synthesis and Emerging Research Di-

rections

The review of phase unwrapping methods in InSAR highlights that no single approach

provides a universally robust solution. Each methodological family addresses specific

aspects of the ambiguity problem, resulting in trade-offs between robustness, compu-

tational efficiency, and adaptability.

Classical methods remain efficient and conceptually simple, but are sensitive to

noise, decorrelation, and error propagation. Optimization-based approaches improve

global consistency through cost-function formulations, although their performance de-

pends on parameter selection and computational resources. Multibaseline and network-

based methods exploit redundancy to enhance stability, but introduce additional com-

plexity related to data requirements and network design. Learning-based approaches

offer powerful data-driven modeling capabilities, yet remain limited by generalization
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issues and difficulties in enforcing large-scale consistency.

Across these families, two key challenges persist: the reliance on fixed guidance

mechanisms that may not adapt to varying data conditions, and the difficulty of main-

taining global consistency while capturing complex local structures. These challenges

indicate the need for approaches that combine adaptability with structurally consistent

reconstruction.

The following chapters build on these observations by exploring complementary

directions that address these limitations through both optimization and learning-based

strategies.

3.8 Conclusion

This chapter has presented a critical review of phase unwrapping methods in InSAR,

covering classical single-interferogram approaches, optimization-based formulations,

multibaseline and network-based strategies, and recent learning-based models. The

analysis has shown that the evolution of the field reflects a gradual shift from local and

heuristic methods toward global, data-driven, and network-based frameworks.

Classical methods provide efficient and interpretable solutions but are limited by

their sensitivity to local inconsistencies. Optimization-based approaches improve ro-

bustness through global formulations, while multibaseline and network-based methods

further enhance performance by exploiting redundancy across spatial and temporal

dimensions. More recently, learning-based methods have introduced new possibilities

for modeling complex phase patterns, although important challenges remain in terms

of generalization and consistency.

Despite these advances, phase unwrapping remains a challenging problem in re-

alistic scenarios characterized by noise, decorrelation, large gradients, and large-scale

data. The limitations identified in this chapter highlight the need for approaches that

combine robustness, adaptability, and consistency across multiple scales.

The following chapters address these challenges by proposing methods designed to

improve the reliability and flexibility of phase unwrapping under diverse and practical

conditions.
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Chapter 4

An Optimization-Guided Phase

Unwrapping Framework using

Multi Verse Optimizer

4.1 Introduction

The review presented in the previous chapter highlighted one of the central weaknesses

of classical quality-guided phase unwrapping methods: their dependence on predefined

reliability maps. In many traditional approaches, the success of the unwrapping process

is strongly influenced by the order in which pixels are visited and integrated. This order

is usually determined from a quality map derived from measures such as coherence,

gradient stability, or phase derivative variance. When the selected quality indicator

accurately reflects local phase reliability, the unwrapping path tends to remain stable

and error propagation is reduced. However, in practical interferograms affected by

noise, decorrelation, dense fringes, and structural complexity, fixed handcrafted quality

maps often fail to represent the true difficulty of the phase field.

The problem addressed in this chapter is therefore the limitation of fixed reliability-

based guidance in path-following phase unwrapping. In such methods, an inaccurate

quality map can produce a poor traversal order, causing unreliable pixels to be un-

wrapped too early and allowing local errors to propagate across larger regions of the

interferogram. As a result, the final unwrapped phase may contain discontinuities, in-

54



Chapter 4 An Optimization-Guided Phase Unwrapping Framework Based on MVO

consistencies, or distorted structures, even when the underlying unwrapping algorithm

is correctly implemented.

To overcome this limitation, this chapter presents an optimization-guided phase

unwrapping framework based on the Multi-Verse Optimizer (MVO). The proposed

method parameterizes a phase quality map using a set of tunable coefficients and

employs MVO to optimize these parameters according to an objective function that

penalizes discontinuities in the final unwrapped phase. The optimized quality map

is then integrated into a Guided Flood Fill unwrapping strategy, resulting in a path-

following method guided by an adaptively refined reliability structure rather than a

fixed handcrafted descriptor.

4.2 Motivation

The central motivation of this work is that the quality-guidance mechanism itself should

not be regarded as a fixed component but as an adaptive element that can be opti-

mized [13, 21]. This method is needed because the reliability structure of an interfer-

ogram is not always captured adequately by a single handcrafted descriptor. Different

interferograms may exhibit different noise levels, fringe densities, residue distributions,

and spatial discontinuities; therefore, a fixed quality measure may not be sufficiently

flexible to guide the unwrapping process reliably in all cases. By optimizing the quality-

guidance parameters, it becomes possible to search for a more suitable phase-priority

structure, one that is better aligned with the continuity and stability requirements of

the unwrapping process.

The contribution developed in this chapter therefore does not replace quality-guided

unwrapping; rather, it enhances it by improving the mechanism through which un-

wrapping priorities are established. This makes the approach particularly relevant for

interferograms where classical reliability maps are not sufficiently discriminative. By

combining the interpretability of path-following phase unwrapping with the adapt-

ability of metaheuristic optimization, the proposed framework aims to reduce error

propagation and improve the coherence of the reconstructed phase surface.
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4.3 Problem Formulation

Let the input interferogram be denoted by a complex-valued image composed of an

amplitude component and a wrapped phase component. The goal of phase unwrapping

is to reconstruct a continuous phase field from the wrapped phase while minimizing

the occurrence and propagation of unwrapping errors. In path-following approaches,

the order in which pixels are unwrapped is a crucial factor, since a poor traversal order

may propagate local inconsistencies over large spatial regions.

In classical quality-guided strategies, a reliability map is computed first and then

used to prioritize the traversal sequence. The implicit assumption is that pixels with

high reliability should be unwrapped before those with lower reliability. Although this

principle is intuitive, its effectiveness depends entirely on the validity of the reliability

map. If the map is poorly adapted to the actual interferogram, the resulting traversal

order becomes suboptimal.

The core idea of the proposed formulation is therefore to parameterize the quality

map rather than fixing it in advance. Let the quality map be generated from a family

of local phase descriptors controlled by a finite parameter vector. The task is then

to determine the parameter vector that leads to the most stable unwrapping behavior

according to a chosen continuity-based criterion.

This converts the construction of the quality map into an optimization problem.

Instead of searching directly for the final phase field, the method searches for the set

of guidance parameters that enables a downstream unwrapping algorithm to produce

the most coherent reconstruction. This indirect strategy has an important advantage:

it preserves the interpretability and spatial logic of path-following unwrapping while

improving its adaptability through optimization.

4.4 Foundations of the Multi-Verse Optimizer

The Multi-Verse Optimizer is a population-based metaheuristic inspired by cosmo-

logical concepts related to multiple interacting universes [21]. In this framework, each

candidate solution is represented as a universe, and the quality of that solution is quan-

tified by an inflation rate. Better universes correspond to better candidate solutions
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with respect to the optimization objective.

The search dynamics of MVO rely on three main mechanisms. The first mecha-

nism is the exchange of solution components through analogies to white holes and black

holes. Universes with stronger inflation rates are more likely to share their character-

istics, whereas universes with weaker inflation rates are more likely to absorb useful

information from better candidates. The second mechanism is based on wormholes,

which allow universes to move stochastically toward the best solution found so far.

This facilitates local refinement in promising regions of the search space.

A key strength of MVO lies in the balance it creates between global exploration

and local exploitation. In the early stages of optimization, population diversity is

maintained so that broad regions of the search space can be explored. As the search

proceeds, the algorithm gradually increases the intensity of local refinement around

promising candidates. This behavior makes MVO particularly suitable for nonconvex

optimization problems where the objective surface may contain multiple local minima.

In the context of this chapter, MVO is not applied to the final unwrapped phase

directly. Instead, it is used to optimize the parameters of the phase quality map. This is

a more structured and tractable use of metaheuristic optimization, because the search

space is defined over a small and interpretable parameter vector, while the quality

of each candidate is evaluated indirectly through the performance of the unwrapping

process guided by the resulting map.

which is employed in this study to search for suitable parameter configurations

in the phase unwrapping process. The flowchart in Figure 4.1 summarizes the main

steps of the algorithm, from the initialization of candidate solutions to the iterative

refinement of the search space until the termination criterion is satisfied.

The algorithm starts by generating an initial population of universes, each corre-

sponding to a possible candidate solution. Their fitness values are then computed and

used to rank the universes according to their performance. Through the mechanisms of

white hole, black hole, and movement toward the best universe, the algorithm balances

exploration and exploitation in the search space. This iterative procedure is repeated

until the stopping criterion is reached, at which point the best-performing universe is

selected as the optimal solution.
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Figure 4.1: Workflow of the Multi-Verse Optimizer (MVO).

4.5 Proposed Optimization-Guided Framework

To address the persistent challenges of phase unwrapping in noisy or decorrelated inter-

ferometric data, this study introduces an optimization-guided framework that enhances

unwrapping reliability through an adaptively tuned phase quality map [129]. At the

core of this framework lies the integration of a parameterized Phase Derivative Vari-

ance (PDV) map within a Guided Flood Fill (GFF) unwrapping algorithm. The PDV

map incorporates five tunable parameters, which are optimized using the Multi-Verse

Optimizer (MVO) to minimize a cost function penalizing both the number and cumu-

lative length of discontinuities in the final unwrapped phase. The overall system design

is illustrated schematically in Figure 4.2 below

The proposed framework combines three major components: interferogram prepro-

cessing, parameterized construction of the phase quality map, and phase unwrapping
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Figure 4.2: Overall architecture of the optimization-guided phase unwrapping frame-
work.

through Guided Flood Fill. These components are integrated into an optimization loop

controlled by MVO.

4.5.1 Interferogram Preprocessing

The framework begins with the interferogram as input modeled as

I(x, y) = A(x, y)ejϕ(x,y) (4.1)

where A(x, y) represents the amplitude image and ϕ(x, y) denotes the wrapped

phase component. This interferogram is separated into amplitude and wrapped phase

components. The wrapped phase is the signal to be unwrapped, while the amplitude

information is used to identify reliable image regions and to support initialization.

Because low-intensity regions often correspond to low signal quality or unstable

scattering behavior, a masking stage is introduced before unwrapping. This stage

excludes pixels considered too unreliable for phase reconstruction. By restricting the

processing domain, the method reduces the influence of highly uncertain areas and

improves the stability of the subsequent path-following stage.

4.5.2 Mask Construction

A binary mask M(x, y) is generated from the amplitude image by thresholding relative

to the maximum amplitude level. Pixels whose amplitude falls below the selected

threshold are excluded from the valid processing domain, while the remaining pixels
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are retained for unwrapping.

M(x, y) =

1, A(x, y) ≥ τ · max(A),

0, otherwise
(4.2)

where τ is a threshold factor typically set to 0.3. This ensures that unwrapping

operations are restricted to coherent, high-confidence regions of the interferogram.

The purpose of this mask is not simply to reduce image size, but to control the

operational domain of the unwrapping process. In noisy interferograms, unwrapping

across extremely weak or incoherent regions may introduce severe instability. The

mask therefore acts as a confidence filter that constrains the propagation of the phase

reconstruction to more trustworthy locations.

4.5.3 Parameterized Quality Map via Phase Derivative Vari-

ance

To guide phase integration, the proposed method constructs a quality map Q(x, y)

based on a parameterized formulation of Phase Derivative Variance.

Q(x, y) = C

(∣∣∣∣∂ϕ∂x
∣∣∣∣H +

∣∣∣∣∂ϕ∂y
∣∣∣∣B
)

+D∇2ϕ(x, y) +Gσ2
local(ϕ) (4.3)

The quality map Q(x, y) assigns a reliability value to each valid pixel of the inter-

ferogram. In phase unwrapping, this value is used to determine the order in which

pixels are processed: pixels with higher reliability are unwrapped earlier, while pixels

with lower reliability are delayed. The parameters (C,H,B,D,G) control the relative

influence of local phase-derivative information, including horizontal and vertical vari-

ations, higher-order phase changes, and local variability. Regions with smooth and

stable derivatives usually indicate coherent phase behavior and are therefore assigned

higher quality values. In contrast, regions with large derivative fluctuations are more

likely to contain noise, residues, discontinuities, or decorrelation effects, and are as-

signed lower priority. Optimizing these parameters allows the quality map to adapt to

the specific structure of each interferogram instead of relying on a fixed handcrafted

reliability measure.
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The rationale behind this choice is that local variations in the phase derivatives

contain useful information about structural regularity and about the likelihood that a

pixel belongs to a stable region of the interferogram [47].

Rather than computing a fixed PDV map from a rigid formula, the proposed frame-

work defines a family of quality maps controlled by a small set of coefficients. These co-

efficients regulate the relative importance of directional derivatives, higher-order phase

behavior, and local variability. In this way, the quality map becomes an adaptive

object whose characteristics can be tuned to better match the interferogram under

consideration.

This design is important because there is no guarantee that a single predefined

quality measure is optimal across all interferograms. By allowing the phase-quality

representation to vary, the method opens the possibility of discovering reliability pat-

terns more compatible with the actual data structure and with the behavior of the

unwrapping algorithm.

4.5.4 Seed Point Selection

The Guided Flood Fill algorithm requires an initial seed from which the unwrapping

process begins. In the proposed framework, the seed point is selected as the valid

pixel with the highest amplitude value. The rationale is that high-amplitude pixels

are more likely to correspond to coherent and stable scattering areas, making them

suitable starting points for phase propagation.

(x0, y0) = arg max
(x,y)∈M

A(x, y) (IV.14)

This initialization strategy reduces the probability that the unwrapping process

begins in a noisy or structurally ambiguous location. Since errors introduced early in

the path-following process can propagate outward, the stability of the seed point plays

an important role in the overall quality of the reconstruction.

4.5.5 Guided Flood Fill Phase Unwrapping

Once the seed point and quality map have been defined, unwrapping proceeds through

a Guided Flood Fill (GFF) strategy. The algorithm expands from the seed point

61



Chapter 4 An Optimization-Guided Phase Unwrapping Framework Based on MVO

to neighboring pixels according to spatial connectivity, while the priority of candi-

date neighbors is determined by the optimized quality map. The unwrapped phase at

neighboring pixel (x′, y′) is computed as

Φ(x′, y′) = Φ(x, y) + ∆ϕ (4.4)

where

∆ϕ = W [ϕ(x′, y′)− ϕ(x, y)] (4.5)

W [·] wraps the phase difference into (−π, π]

This equation describes how the unwrapped phase is propagated from an already

unwrapped pixel (x, y) to a neighboring pixel (x′, y′). The value Φ(x, y) represents

the known unwrapped phase at the current pixel, while Φ(x′, y′) is the phase value to

be estimated. The term ∆ϕ is the locally corrected phase difference between the two

neighboring wrapped phase values. Because wrapped phases are limited to (−π, π],

the raw difference ϕ(x′, y′) − ϕ(x, y) may contain artificial 2π jumps. The wrapping

operator W [·] removes these artificial jumps by selecting the equivalent phase difference

that is closest to zero. In this way, the algorithm assumes that neighboring reliable

pixels should vary smoothly and uses this local continuity assumption to reconstruct

the continuous phase surface progressively.

The essential characteristic of the proposed framework is that the order of propa-

gation is no longer based on a fixed handcrafted reliability map. Instead, it is governed

by an optimized map whose parameters have been selected to favor continuity in the

final output. This transforms Guided Flood Fill from a standard path-following routine

into an optimization-guided reconstruction process.

4.6 Objective Function Design

The quality of a candidate parameter vector must be assessed indirectly through the

phase map produced after unwrapping. For this reason, the objective function used by

the MVO is not defined on the quality map itself, but on measurable properties of the

resulting unwrapped phase.
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The main criterion adopted in this chapter is the presence of discontinuities in

the reconstructed phase field. A robust unwrapping solution is expected to preserve

meaningful phase structure while minimizing spurious abrupt transitions caused by

reconstruction errors. Accordingly, the proposed objective function is built from two

complementary terms: the number of discontinuity pixels (ND) and the total spatial

extent of discontinuity clusters (LD).

To detect discontinuities, the spatial gradient of the unwrapped phase is examined.

Locations where the local gradient magnitude exceeds a threshold are interpreted as

discontinuity points. This threshold is defined adaptively with respect to gradient

statistics so that natural phase slopes are less likely to be confused with unwrapping

artifacts.

The first term of the objective is the count of all pixels identified as discontinuity

points. This quantity measures how frequently strong phase inconsistencies occur in

the unwrapped map. The second term measures the total length or extent of connected

discontinuity components, thereby reflecting not only the presence of isolated artifacts

but also the spatial spread of irregular regions. These two terms are combined into a

weighted objective function formulated as

J(Θ) = αND + βLD (4.6)

The objective function J(Θ) evaluates the quality of a candidate parameter vector

Θ = (C,H,B,D,G). The term ND counts the number of detected discontinuity pixels

in the unwrapped phase, while LD measures the total spatial extent of connected

discontinuity regions. The coefficients α and β control the relative importance of

these two penalties. Minimizing J(Θ) means searching for a quality-map parameter

set that produces an unwrapped phase with fewer abrupt jumps and fewer extended

error regions. In the context of phase unwrapping, this is meaningful because true

unwrapped phase surfaces are expected to be spatially coherent, whereas unwrapping

errors usually appear as sharp discontinuities or irregular phase breaks. Therefore, the

objective function links the MVO search directly to the physical and structural quality

of the reconstructed phase field.

Table 4.1 summarizes the main components of the objective function adopted in this
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study, together with their definitions and physical interpretations. The table is intended

to clarify the role of each term involved in the evaluation of candidate parameter

vectors and to show how the objective function reflects the structural properties of the

unwrapped phase map.

Table 4.1: Components of the objective function and their physical interpretation.

Term Definition Interpretation
ND Number of discontinuity pixels Counts how often strong phase incon-

sistencies occur
LD Total extent of connected discontinu-

ity components
Measures spatial spread of irregular
regions

α Weight of ND Controls penalty on discontinuity fre-
quency

β Weight of LD Controls penalty on discontinuity ex-
tent

J(Θ) αND + βLD Overall objective minimized by MVO

The optimization process then seeks the parameter vector that minimizes this ob-

jective, meaning that it prefers quality maps leading to smoother, more coherent, and

less fragmented phase reconstructions. This objective is particularly appropriate for

the present work because it evaluates what ultimately matters in path-following un-

wrapping: the structural stability of the reconstructed phase surface.

4.7 Optimization Workflow

The complete workflow of the proposed method can be summarized as an iterative

interaction between the MVO and the Guided Flood Fill unwrapping procedure. First,

an initial population of universes is created, where each universe corresponds to one

candidate parameter vector for the quality map. For each universe, the corresponding

PDV-based quality map is computed, the Guided Flood Fill algorithm is executed,

and the resulting unwrapped phase is evaluated using the discontinuity-based objective

function.

Based on these evaluations, the MVO updates the candidate universes through

white-hole and black-hole exchanges and through wormhole-based refinement toward

the best current solution. This process is repeated until a stopping criterion is reached,

such as a maximum number of iterations or convergence in objective value.
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The final output of the optimization stage is the best parameter vector identified by

the MVO. This vector defines the optimized quality map used by the unwrapping algo-

rithm. The resulting phase reconstruction constitutes the final output of the proposed

framework.

The structure of this workflow has an important methodological implication. The

optimization does not attempt to reconstruct the phase directly in one global step.

Instead, it improves the conditions under which a classical path-following method op-

erates. This preserves the intuitive spatial logic of Guided Flood Fill while introducing

a higher degree of adaptability through parameter optimization.

The table below summarizes the complete workflow of the proposed MVO-guided

phase unwrapping framework.

Table 4.2: Workflow of the proposed MVO-guided phase unwrapping framework.

Step Operation
1 Initialize a population of universes representing candidate PDV parameter

vectors Θ.
2 For each universe, compute the quality map Q(x, y), unwrap the interferogram

with guided flood fill, and evaluate J(Θ).
3 Rank universes according to inflation rate derived from the objective function.
4 Update universes using white-hole / black-hole exchange and wormhole re-

finement around the best solution.
5 Repeat until convergence or maximum iteration, then retain the best Θ and

corresponding unwrapped phase.

the principal implementation settings and hyperparameter values adopted in the

proposed method. These parameters govern the preprocessing stage, the search dynam-

ics of the Multi-Verse Optimizer, and the propagation behavior of the guided flood-fill

unwrapping procedure. In particular, the amplitude threshold is used to suppress un-

reliable low-backscatter regions, while the population size and iteration limit regulate

the trade-off between exploration capability and computational burden. The neighbor-

hood definition influences the local connectivity structure of the unwrapping process,

and the stopping criterion ensures that the optimization terminates once convergence

is reached or further evaluation becomes unnecessary.
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4.8 Computational and Methodological Discussion

From a methodological perspective, the proposed framework occupies an intermediate

position between classical path-following methods and fully global optimization of the

phase field. On one hand, it retains the interpretable structure of quality-guided un-

wrapping: phase reconstruction still proceeds through spatial propagation from reliable

regions. On the other hand, it introduces a layer of adaptive optimization that allows

the guidance mechanism itself to be refined according to the continuity properties of

the final output.

This design offers several advantages. First, the optimized parameter space remains

relatively compact and interpretable. Second, the objective function is directly linked

to phase continuity, which gives the optimization process a clear structural meaning.

Third, the framework does not require labeled training data, which is particularly

relevant in interferometric applications where ground-truth unwrapped phase is often

unavailable.

However, the method also has limitations. Since each candidate universe must be

evaluated through an actual unwrapping procedure, the overall optimization may be-

come computationally expensive, especially for large interferograms or high iteration

counts. Furthermore, the quality of the final solution depends on the chosen param-

eterization of the PDV map and on the design of the discontinuity-based objective

function. If these elements are too restrictive, the search space may not include suffi-

ciently expressive guidance patterns.

These limitations indicate that adaptive optimization can substantially enhance

classical quality-guided unwrapping, but it does not eliminate the dependence on hand-

crafted representations altogether. This observation motivates the next step of the the-

sis: the development of a learning-based approach in which phase continuity is modeled

directly from data rather than indirectly through a designed quality map.

4.9 Conclusion

This chapter introduced the first methodological contribution of the thesis: an optimization-

guided phase unwrapping framework based on the Multi-Verse Optimizer. The pro-
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posed method starts from the observation that classical quality-guided unwrapping is

strongly limited by the reliability map used to determine the propagation order. To

address this issue, the chapter reformulated the construction of the quality map as

an optimization problem and employed MVO to search for parameters that minimize

discontinuities in the final unwrapped phase.

By combining parameterized Phase Derivative Variance, amplitude-based mask-

ing, seed-point selection, and Guided Flood Fill unwrapping within an optimization

loop, the proposed framework enhances the adaptability of classical path-following re-

construction while preserving its interpretability. The resulting method constitutes

a robust alternative to fixed quality-guided strategies, particularly in interferograms

characterized by noise and low-coherence.

At the same time, the chapter showed that even an optimized quality-guided ap-

proach remains based on handcrafted phase descriptors and iterative search. This

remaining limitation motivates the second major contribution of the thesis, developed

in the next chapter, which explores the possibility of learning phase continuity directly

from data through a dedicated hybrid deep architecture.
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Chapter 5

Vision-Optimized Hybrid Network

for Deep Learning-Based Phase

Unwrapping

5.1 Introduction and Motivation

The optimization-guided framework developed in the previous chapter improves phase

unwrapping by adaptively refining the reliability structure that governs the traversal

order of a classical path-following algorithm. This represents an important step beyond

fixed handcrafted quality-guided methods. However, the approach still relies on man-

ually designed phase descriptors and on an iterative optimization process that searches

over a predefined parameter space. Although this strategy enhances adaptability, it

remains indirect: the model does not learn phase continuity itself, but rather optimizes

the conditions under which a classical algorithm operates.

The problem addressed in this chapter is the accurate reconstruction of a continuous

phase surface from a wrapped phase image. In wrapped phase data, the measured phase

is restricted to a principal interval, commonly (−π, π], which introduces artificial 2π

discontinuities known as phase wraps. The objective of phase unwrapping is therefore to

remove these discontinuities and recover the underlying continuous phase distribution.

This problem becomes particularly challenging when the wrapped phase contains

noise, dense fringes, residues, or spatially complex discontinuities. Under such condi-
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tions, classical phase unwrapping methods that depend on handcrafted quality maps,

predefined reliability measures, or path-following rules may fail to fully capture the

true continuity structure of the phase surface. As a result, local unwrapping errors can

propagate and produce globally inconsistent reconstructions.

This observation motivates a second methodological direction [20, 22]. Instead of

designing and tuning a quality map manually, it becomes natural to ask whether a

model can learn the spatial structure of phase continuity directly from data. If such a

model can identify how wrapped phase patterns correspond to continuous phase sur-

faces, then phase unwrapping may be formulated as a data-driven image reconstruction

problem rather than as a handcrafted traversal problem [70, 71].

Deep learning provides a suitable framework for this objective because it allows

complex nonlinear mappings to be learned from examples [22, 71]. In the context of

phase unwrapping, however, a standard image-to-image architecture is not sufficient on

its own. The task requires not only local feature extraction, but also the preservation of

long-range spatial consistency across the interferogram. A locally accurate prediction

may still produce a globally inconsistent phase surface if the model fails to capture

extended dependencies [66].

For this reason, this chapter introduces VOH-Net, a Vision-Optimized Hybrid Net-

work designed specifically for phase unwrapping. The model combines convolutional

encoding and decoding with an enhanced multidirectional Long Short-Term Memory

mechanism in order to integrate local spatial features with broader contextual conti-

nuity. The aim of the chapter is to present the rationale, construction, and training of

this architecture as the second principal contribution of the thesis.

5.2 Learning Formulation of Phase Unwrapping

In a learning-based perspective, phase unwrapping can be viewed as a supervised map-

ping from a wrapped phase image to its corresponding continuous phase representation.

Under this formulation, the input to the model is the wrapped phase map and the de-

sired output is the unwrapped phase field. The role of the neural network is therefore

to approximate the transformation that resolves cyclic ambiguity while preserving the

underlying spatial structure of the phase.
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This formulation differs conceptually from classical methods. In path-following or

optimization-guided approaches, the problem is usually solved through explicit local

correction, residue management, or minimization of a predefined objective. In contrast,

a neural model attempts to learn the relationship implicitly from examples. This makes

it possible to capture nonlinear behaviors and structural patterns that may be difficult

to express analytically.

However, learning-based phase unwrapping also introduces specific challenges. The

first is that the network must distinguish between wrapped discontinuities caused by

modulo effects and true structural variations corresponding to the underlying phase

surface. The second is that phase continuity is not purely local. A reliable recon-

struction may depend on contextual information distributed over large image regions,

especially in the presence of noise or repeated patterns.

These challenges motivate a hybrid architecture. Convolutional layers are well

suited for extracting local features and suppressing high-frequency disturbances, while

recurrent mechanisms can propagate information over longer spatial extents [74, 75].

The learning formulation adopted in this chapter is therefore based on the idea that suc-

cessful unwrapping requires both multiscale local representation and multidirectional

long-range dependency modeling [76].

5.3 Dataset Design and Generation

The performance of a learning-based phase unwrapping model depends strongly on the

quality and diversity of the data used for training and evaluation. Since large collections

of real interferograms paired with reliable ground-truth unwrapped phases are difficult

to obtain, the proposed framework relies on synthetic data generation for supervised

learning, while still incorporating real interferometric data during the evaluation stage.

5.3.1 Synthetic Unwrapped Phase Generation

To construct training samples, synthetic continuous phase maps are generated using

combinations of Gaussian components with varying amplitudes, polarities, and spatial

positions. This design produces diverse phase surfaces containing peaks, depressions,
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and irregular transitions rather than only simple idealized structures. In addition to

these Gaussian patterns, random linear ramps are introduced along horizontal and

vertical directions in order to simulate broader phase trends.

The purpose of this generation strategy is to expose the network to a wide range

of spatial configurations [22, 71]. By varying local structures and large-scale gradients

simultaneously, the synthetic dataset approximates the diversity of phase surfaces that

may appear in realistic interferometric scenarios. This improves the ability of the model

to learn phase continuity beyond a narrow class of patterns.

5.3.2 Wrapped Phase Formation

Once the synthetic continuous phase map is created, the corresponding wrapped phase

is obtained through the standard phase wrapping operation, which maps the continuous

phase to the principal interval. This produces the input representation seen by the

network during training, while the original continuous phase serves as the target output.

This pairing defines a supervised learning problem in which the model must learn to

recover the original phase structure from its cyclically wrapped representation. Because

the generation process is controlled, the exact relationship between input and target

remains known for every sample.

Let ϕ(x, y) denote the true unwrapped phase at the pixel coordinates (x, y). The

corresponding wrapped phase ψ(x, y) is obtained through the standard wrapping op-

eration:

ψ(x, y) = ∠
(
ejϕ(x,y)

)
(5.1)

where j represents the imaginary unit, and ∠(·) extracts the phase angle (argument)

of a complex number, mapping it to the principal interval (−π, π). The core challenge of

phase unwrapping lies in reconstructing ϕ(x, y) from the observed ψ(x, y), particularly

under conditions of noise, discontinuities, and aliasing.

5.3.3 Training Datasets

To simulate realistic yet controlled learning conditions, synthetic unwrapped phase

images ϕ(x, y) were generated by combining multiple Gaussian functions of varying
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amplitudes, spatial positions, and polarities (positive or negative). Random linear

phase ramps were then added along both horizontal and vertical directions to simulate

large-scale phase trends. This composition yields non-uniform and topologically diverse

phase fields, enabling the network to generalize across various deformation patterns.

Two datasets were produced, each comprising 1,500 images of size 256×256, with phase

values uniformly distributed in the range [−44, 44]. One dataset remained noise-free,

while the other was corrupted with additive Gaussian noise at randomly selected signal-

to-noise ratios (SNRs) {0, 5, 10, 20, 60} dB prior to the wrapping operation, effectively

emulating realistic interferometric noise conditions.

5.3.4 Independent Testing Datasets

For evaluation, an independent generation strategy was adopted to prevent overlap

with the training data and to rigorously assess model generalization. Small random

matrices (ranging from 2× 2 to 25× 25) were first constructed with values drawn from

either a uniform or Gaussian distribution within the range [2, 77]. These matrices were

subsequently upsampled to 256×256 using one of three interpolation methods: nearest-

neighbor, bilinear, or bicubic. The wrapped phase was then computed using Equation

(5.1), ensuring methodological consistency with the training process. To mimic real-

world acquisition conditions, additional noise types, Gaussian, salt-and-pepper, and

multiplicative, were introduced at random intensities into ψ(x, y). This unified dataset

formulation guarantees that both training and testing data adhere to the same un-

derlying physical phase model while maintaining sufficient variability to challenge the

network’s ability to generalize to unseen patterns. Although Gaussian noise is the pre-

dominant error component in interferometric measurements, real-world InSAR data

can also exhibit non-Gaussian perturbations such as decorrelation-induced outliers or

phase cycle slips. Accordingly, Gaussian noise was primarily employed during training

to model stochastic measurement errors, while additional non-Gaussian disturbances

were selectively applied during testing to evaluate robustness under distributional shift.

This deliberate mismatch between training and inference noise distributions reflects re-

alistic operational conditions in InSAR applications, ensuring that VOH-Net is exposed

to the full spectrum of practical phase unwrapping challenges.
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5.3.5 Real Interferometric Data

Although synthetic data are essential for supervised training, practical relevance re-

quires validation on real interferometric observations. For this reason, the final evalu-

ation stage of the thesis includes real wrapped phase data so that the proposed model

can be examined under authentic interferometric conditions.

The role of these real data is not necessarily to provide perfect ground truth for

every pixel, which may be unavailable, but to assess whether the reconstructed phase

maps exhibit improved structural consistency, reduced artifacts, and visually plausible

continuity compared with baseline methods. In this way, the thesis combines the

control of synthetic supervision with the realism of operational interferometric testing.

5.4 Vision-Optimized Hybrid Network (VOH-Net)

Architecture

The Vision-Optimized Hybrid Network (VOH-Net) is designed as a hybrid encoder-

decoder neural network specialized for phase unwrapping [77]. The architecture com-

bines hierarchical convolutional feature extraction with a central recurrent module

that captures long-range spatial dependencies along multiple directions. This section

presents the main architectural components and the rationale behind each of them.

Figure 5.7 illustrates the overall architecture of the Vision-Optimized Hybrid Net-

work (VOH-Net) proposed for phase unwrapping. The model is designed as a hybrid

encoder-decoder framework that combines convolutional feature extraction with a cen-

tral recurrent module in order to capture both local spatial patterns and long-range

contextual dependencies within the interferometric phase data.

Figure 5.1: Overall architecture of VOH-Net.
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5.4.1 Overall Architectural Principle

At a high level, VOH-Net follows a symmetric encoder-decoder structure. The en-

coder transforms the wrapped phase input into a compact multiscale feature repre-

sentation, while the decoder reconstructs the continuous phase map from this latent

representation. Between these two stages, an enhanced recurrent module processes the

encoded features in multiple spatial directions, thereby allowing the model to incorpo-

rate broader contextual information before reconstruction.

The importance of this design lies in the complementarity of its components. The

encoder and decoder provide local and multiscale image-processing capability, while

the recurrent bottleneck is responsible for integrating spatial continuity beyond the

short receptive fields of standard convolutional layers.

5.4.2 Encoder Network

The encoder is composed of successive convolutional blocks interleaved with down-

sampling operations. Each block extracts progressively more abstract features from

the wrapped phase input, allowing the network to detect local structures, gradients,

textures, and phase patterns at multiple spatial scales.

Through repeated convolution and pooling, the encoder reduces the spatial dimen-

sion of the representation while increasing its feature depth. This compression has two

advantages. First, it enables the model to summarize local phase behavior efficiently.

Second, it prepares a latent representation suitable for recurrent processing, since long-

range spatial relations can be modeled more effectively at reduced spatial resolution

than at the full image size.

The encoder therefore serves as the local feature-analysis component of VOH-Net.

It does not resolve the unwrapping task by itself, but transforms the input into a

representation from which longer-range continuity relationships can be learned more

effectively.

For mathematical clarity, the encoder component of VOH-Net is designed to pro-

gressively extract hierarchical spatial features from the input wrapped phase map. The

input, denoted as ψ ∈ R256×256×1, corresponds to the wrapped interferometric phase

image. Each convolutional block in the encoder performs a sequence of operations: two-
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dimensional convolution, batch normalization, ReLU activation, and average pooling.

These operations enable the network to capture increasingly abstract representations

of the input data while reducing spatial dimensions. Mathematically, for the k-th

convolutional block (k = 1, 2, 3, 4), the convolutional transformation is defined as

Ck = σ (BN (Wk ∗ Pk−1 + bk)) (5.2)

where Pk−1 is the output of the previous block (with P0 = ψ), and Wk and bk repre-

sent the learnable weights and biases of the convolutional layer, respectively. Following

convolution and normalization, average pooling is applied to reduce spatial resolution

by a factor of two:

Pk = AvgPool(Ck) (5.3)

The final output of the encoder, P4 ∈ R16×16×128, serves as the compact feature

representation of the input interferogram, preserving essential phase-related structures

for subsequent processing.

5.4.3 Enhanced Multidirectional LSTM Module

The central element of VOH-Net is the E-LSTM module [20, 71]. The motivation

for this component is that phase continuity is not strictly determined by short-range

neighborhoods. In many interferograms, the interpretation of local wrapped structures

depends on larger contextual patterns extending horizontally, vertically, and diagonally

across the image.

To capture this contextual structure, the encoded feature map is reshaped and

processed along several spatial directions. Specifically, horizontal, vertical, diagonal,

and anti-diagonal traversals are considered. Each traversal is handled by a recurrent

processing branch that learns how information should propagate along that orientation.

This multidirectional design is important because phase patterns are not aligned

uniformly in a single direction. A model limited to row-wise or column-wise context

may fail when the dominant continuity structure follows oblique trajectories or when

long-range interactions occur along multiple orientations simultaneously. By combin-
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ing directional branches, the module constructs a richer representation of the spatial

organization of the phase field.

After directional processing, the resulting features are reshaped back into spatial

form and concatenated. This fusion step integrates the contextual information cap-

tured from all orientations and produces a latent representation that contains both

local detail inherited from the encoder and long-range continuity information learned

through recurrent modeling.

The Enhanced Long Short-Term Memory (E-LSTM) module is illustrated in Figure

5.2.

Figure 5.2: E-LSTM module illustrating multidirectional feature extraction for en-
hanced spatial dependency modeling.

Step 1: Reshaping for Sequence Processing. The encoded feature map P4 is

first reshaped into directional sequences suitable for recurrent processing. For horizon-

tal and vertical directions, the transformations are expressed as

Xhor = reshape(P4), Xver = reshape(P T
4 ) (5.4)

A similar reshaping procedure is performed for diagonal and anti-diagonal se-

quences, ensuring that features from all spatial orientations are appropriately aligned

for LSTM-based sequence modeling.

Step 2: Directional Processing. Each sequence is then processed through an

E-LSTM unit [75, 82] to capture long-range dependencies within that direction. The

operation is mathematically expressed as
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Hdir = LSTMdir(Xdir;Wlstm, blstm) (5.5)

where Xdir denotes the reshaped input for a specific direction, and Wlstm and blstm

are the trainable parameters of the LSTM layer.

Step 3: Reconstruction and Concatenation. Following the directional LSTM

processing, each output is reshaped back to its spatial dimensions. The resulting feature

maps from the horizontal, vertical, diagonal, and anti-diagonal directions, denoted as

H ′
hor, H

′
ver, H

′
diag, H

′
anti-diag, are concatenated to form a unified representation:

F = concat(H ′
hor, H

′
ver, H

′
diag, H

′
anti) (5.6)

This multidirectional fusion enriches the feature space with both local and global

spatial information, enabling the network to better preserve phase continuity and mit-

igate the impact of noise and decorrelation.

5.4.4 Decoder Network

The decoder reconstructs the continuous phase map from the context-enriched latent

representation. It performs progressive upsampling through transposed convolution or

equivalent operations, gradually recovering the original spatial dimensions of the input.

At each stage, skip connections are used to merge decoder features with corre-

sponding encoder features. These skip connections are essential because they restore

high-resolution spatial information that may have been lost during downsampling. As

a result, the decoder can reconstruct fine phase detail without sacrificing the broader

context introduced by the recurrent bottleneck.

The decoder therefore serves as the synthesis stage of VOH-Net: it transforms the

abstract representation learned by the encoder and recurrent module into a coherent

phase surface that approximates the target unwrapped phase. For mathematical clarity,

The decoder reconstructs the unwrapped phase map by progressively upsampling the

multidirectional feature maps produced by the E-LSTM. The upsampling operation is

implemented using transposed convolution layers defined as
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Uk = TransConv(Hk−1;W
T
k , b

T
k ) (5.7)

where Hk−1 denotes the output from the previous decoding stage, and W T
k and bTk

represent the learnable weights and biases of the transposed convolution layer. Each

upsampled feature map Uk is concatenated with the corresponding encoder feature

map C9−k through skip connections, allowing high-resolution spatial information to be

reintroduced:

U ′
k = Concatenate(Uk, C9−k) (5.8)

A subsequent convolutional operation refines the concatenated features to produce

the output of the k-th decoding block:

Hk = σ (Wk ∗ Vk + bk) (5.9)

This iterative decoding process ensures that both global context and fine-grained

phase details are preserved throughout the reconstruction pathway.

5.4.5 Output Layer

The final layer of the network converts the refined decoder representation into a single-

channel continuous phase estimate. This output is interpreted as the predicted un-

wrapped phase map corresponding to the wrapped phase input.This operation is ex-

pressed as

ϕ̂ = Wo ∗Hfinal + bo (5.10)

The resulting output ϕ represents the reconstructed phase field, where noise and

discontinuities have been effectively suppressed through the hierarchical feature ex-

traction, directional dependency modeling, and structured decoding mechanisms of

the proposed VOH-Net. Unlike a classification-based formulation that would discretize

ambiguity classes, the output layer is designed for continuous regression. This choice is

consistent with the objective of recovering a smooth and physically interpretable phase
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surface rather than merely assigning local wrap counts.

5.5 Loss Function Design

The choice of loss function is critical in learning-based phase unwrapping because the

model must not only minimize pixel-wise error, but also preserve the structural consis-

tency of the reconstructed phase surface [66, 71]. A purely local fidelity objective may

produce numerically acceptable predictions while still allowing spatial irregularities or

incoherent phase transitions. For this reason, the training objective adopted in this

work combines complementary components.

The first component is the Mean Squared Error between the predicted phase and

the reference continuous phase. This term encourages pixel-level fidelity and penalizes

large deviations in absolute phase value. It ensures that the network remains anchored

to the target reconstruction at the local scale.It is expressed as

LMSE =
1

N

N∑
i=1

(ŷi − yi)
2 (5.11)

where N denotes the total number of pixels, ŷi represents the predicted phase

value produced by the network at pixel i, and yi corresponds to the reference, or

ground-truth, phase value at the same pixel. This loss penalizes the squared difference

between the predicted and reference phase values, encouraging the model to generate

phase estimates that closely approximate the ground truth across all pixel locations.

The second component is a gradient-based regularization term that penalizes dis-

crepancies between spatial phase variations in the prediction and in the reference. The

role of this term is to encourage structural smoothness and to preserve the continuity

of the phase surface while avoiding unnecessary oscillations. In the context of this

thesis, this term is treated as the structural smoothness component of the loss. It is

formulated as

Lgrad =
1

N

N∑
i=1

∥∇ŷi −∇yi∥22 (5.12)

where ∇ŷi and ∇yi denote the spatial gradients of the predicted and reference phase

values at pixel i, respectively. This term encourages the network to preserve local
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phase variations, edges, and structural details by minimizing the difference between

the predicted and ground-truth phase gradients.

For the variance loss, write:

Lvar = Var(ŷ − y) (5.13)

or more explicitly:

Lvar =
1

N

N∑
i=1

(Ei − Ē)2, Ei = ŷi − yi (5.14)

where Ei denotes the prediction error at pixel i, and Ē represents the mean pre-

diction error over all pixels. By penalizing deviations from the mean error, this term

reduces the concentration of large errors in localized regions and encourages more uni-

form reconstruction accuracy across the interferogram.

The final loss is formed by combining these three components with an appropriate

weighting strategy. This design reflects the three requirements of phase unwrapping

regression: local accuracy, structural coherence, and stable spatial error behavior. By

training the model with this composite objective, the network is encouraged to re-

construct a phase surface that is not only close to the reference numerically, but also

coherent in its geometric and spatial organization. The overall training objective inte-

grates these three components into a single weighted function:

Loss = Lmse + λ · Lgrad + Lvar (5.15)

The hyperparameter λ = 0.1 controls the influence of the gradient regulariza-

tion term. This value was determined empirically through a grid search over λ ∈

{0.01, 0.05, 0.1, 0.2}, where λ = 0.1 provided the most balanced trade-off between pre-

serving smooth phase continuity and maintaining high pixel-wise reconstruction accu-

racy. Higher values of λ tended to oversmooth the phase surface, while smaller values

resulted in residual discontinuities.

To evaluate the impact of this composite design, Table 5.6 presents a compari-

son between the original and modified loss formulations, highlighting their respective

components and contributions to overall model performance.

80



Chapter 5 VOH-Net for Deep Learning-Based Phase Unwrapping

Table 5.1: Comparison between original and modified loss functions.

Aspect Original Loss Function Modified Loss Function
Gradient Regularization Loss Yes Yes
Variance of Error Loss Yes Yes
Mean Squared Error No Yes
Final Objective Smoothness + Error

Consistency
Smoothness + Error
Consistency + Pixel-
wise Accuracy

Table 5.2: Comparison of loss function formulations and their expected effects.

Formulation Components Expected effect
Original formulation Gradient term + variance

control
Promotes smoothness but
may underweight pointwise
error

Modified formulation MSE + gradient term + vari-
ance control

Retains continuity while im-
proving local accuracy

The modified formulation explicitly introduces the Mean Squared Error term, which

enhances pixel-level precision without compromising the smoothness and consistency

promoted by the original loss components. This combination ensures that VOH-Net

not only reconstructs globally consistent phase surfaces but also preserves the fine

structural details required for accurate interferometric analysis.

5.6 Training Protocol and Implementation Strat-

egy

The training of VOH-Net follows the standard supervised learning setting established

by the synthetic dataset construction described earlier. Wrapped phase images are

provided to the network as inputs, while the corresponding continuous phase maps

are used as targets. The optimization of the network parameters is performed with

a gradient-based learning algorithm, using the composite loss defined in the previous

section.

To improve generalization, training is conducted on both clean and noisy synthetic

data. Validation data are used to monitor convergence and to reduce the risk of overfit-

ting. This separation between training and validation is important because a network

that memorizes the synthetic generation process without learning robust continuity
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principles would perform poorly on out-of-distribution or real interferometric data.

The implementation strategy also reflects practical considerations related to phase

unwrapping. First, the image dimensions and architectural depth are selected to bal-

ance representational richness with computational feasibility. Second, recurrent pro-

cessing is applied at the encoded feature level rather than directly on the full-resolution

input, which reduces memory usage while preserving the ability to model long-range

dependencies.

In this way, the design of VOH-Net is not only motivated by theoretical considera-

tions about phase continuity, but also by the need for a trainable and computationally

manageable architecture suitable for interferometric image reconstruction.

5.7 Conclusion

This chapter introduced the second methodological contribution of the thesis: VOH-

Net, a hybrid deep neural architecture for phase unwrapping. The chapter began by

motivating the move from optimization-guided path-following toward a learning-based

formulation in which the mapping from wrapped to continuous phase is learned directly

from data.

To support this formulation, the chapter described a synthetic data-generation

strategy designed to expose the model to diverse phase structures and noise conditions,

while still allowing evaluation on real interferometric observations. It then presented

the architecture of VOH-Net, emphasizing the complementarity between multiscale

convolutional processing and enhanced multidirectional LSTM modeling. Finally, it

introduced a composite loss function intended to promote pixel-level fidelity, spatial

smoothness, and stable error behavior.

Taken together, these elements define VOH-Net as a dedicated phase unwrapping

architecture that addresses one of the central limitations of existing learning-based

methods: insufficient modeling of long-range spatial continuity. The next chapter

evaluates both the optimization-guided framework and VOH-Net under a common

experimental setting and compares their behavior in terms of accuracy, robustness,

and practical suitability for interferometric phase reconstruction.
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Chapter 6

Experimental Evaluation and

Comparative Discussion

6.1 Introduction

The previous two chapters presented the methodological contributions of this thesis

from two complementary perspectives. Chapter 4 introduced an optimization-guided

framework that enhances classical path-following unwrapping through adaptive quality-

map optimization, while Chapter 5 presented VOH-Net as a deep learning architecture

for direct phase reconstruction. Although each contribution has its own rationale and

internal design, the scientific value of the thesis depends on evaluating them under a

coherent comparative framework.

The purpose of this chapter is therefore twofold. First, it aims to assess the per-

formance of the proposed methods in terms of phase reconstruction quality, continuity

preservation, robustness to degradation, and practical behavior on both synthetic and

real interferometric data [19, 32]. Second, it aims to compare the two paradigms di-

rectly in order to clarify their respective strengths, limitations, and suitable operating

contexts [67, 70].

Both methods are tested on synthetic and real InSAR datasets to assess their

accuracy, phase continuity, and robustness in the presence of noise and decorrelation.
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Quantitative metrics and qualitative visual analyses are employed to ensure a balanced

evaluation, while comparisons with established benchmark algorithms demonstrate the

advances achieved by the proposed models in terms of reliability and generalization

capability.

6.2 Experimental Design and Evaluation Protocol

A rigorous evaluation of phase unwrapping methods requires a protocol capable of

balancing control and realism. On the one hand, synthetic datasets are necessary

because they provide exact continuous phase references, making it possible to compute

quantitative reconstruction errors directly. On the other hand, real interferometric

data are essential to assess whether the methods remain meaningful when confronted

with practical measurement conditions that are more difficult to simulate perfectly.

For this reason, the evaluation adopted in this chapter combines synthetic and real

data. The synthetic data provide the basis for direct measurement of reconstruction

accuracy and for controlled investigation of noise robustness, discontinuity handling,

and architectural sensitivity. The real interferometric data provide a practical bench-

mark for structural plausibility, continuity preservation, and qualitative reconstruction

behavior in operational settings.

The proposed methods are compared with representative baselines drawn from the

methodological families reviewed in Chapter 3. These include classical path-following

or quality-guided methods, conventional optimization-based strategies where applica-

ble, and learning-based architectures serving as references for VOH-Net. The goal is not

merely to show isolated numerical improvement, but to determine how the proposed

methods relate to the major existing paradigms in phase unwrapping.

The evaluation criteria reflect the multidimensional nature of the problem [13, 20].

Reconstruction error measures are used to quantify fidelity to the reference phase where

ground truth is available. Structural continuity indicators are used to assess the pres-

ence of discontinuities or artifacts in the unwrapped output [21]. Additional analysis

is devoted to robustness under different degradation conditions and to the qualitative

coherence of the reconstructed phase surfaces.
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6.3 Optimization-Guided Quality Mapping

The performance of the Optimization-Guided Quality Mapping framework is evaluated

to demonstrate its effectiveness in improving phase unwrapping accuracy and reliability.

The analysis focuses on how the Multi-Verse Optimizer (MVO) enhances the tuning

of the Phase Derivative Variance (PDV) parameters, leading to improved quality map

generation and reduced unwrapping errors. Experimental results on synthetic and real

interferometric datasets are presented to assess the convergence behavior, optimization

stability, and quantitative performance gains compared to conventional path-following

and quality-guided unwrapping methods.

6.3.1 Optimization Setup

The Multi-Verse Optimizer (MVO) was employed to minimize the number and cu-

mulative length of phase discontinuities within the interferometric phase data. The

optimization process was executed for 100 iterations with a population of 20 uni-

verses, representing candidate solutions. Experiments were conducted on an InSAR

dataset characterized by significant phase inconsistencies. These settings were selected

to ensure an effective balance between exploration and exploitation while maintaining

computational feasibility.

6.3.2 Performance Metrics

Table 6.1 summarizes the key configuration parameters and computational performance

of the proposed MVO-based phase unwrapping framework. The average processing

time per optimization run was approximately 476.34 seconds, which is reasonable given

the complexity of the underlying objective function that integrates phase derivative

variance and discontinuity-based constraints. The chosen population size of 20 uni-

verses provides a suitable trade-off between convergence stability and efficiency for

large-scale InSAR applications.

Table 6.2 presents the quantitative results of the MVO optimization in reducing phase

discontinuities, expressed in terms of both count and cumulative length. These metrics

directly reflect the spatial consistency and smoothness achieved in the reconstructed
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Table 6.1: Optimization Configuration and Performance.

Metric MVO Iterations Number of
Universes

Average Processing
Time (s)

Value 100 20 476.34

phase map.

Table 6.2: MVO Performance in Reducing Phase Discontinuities.

Metric Initial
Number

of
Disconti-

nuities

Final
Number

of
Disconti-

nuities

Initial
Disconti-

nuity
Length

Final
Disconti-

nuity
Length

Reduction
in

Number
[%]

Reduction
in

Length
[%]

Value 23.746 8.372 15.654 11.872 64.7 24.7

The MVO achieved a 64.7% reduction in the number of phase discontinuities, demon-

strating its effectiveness in mitigating isolated inconsistencies within the unwrapped

phase. Additionally, a 24.7% reduction in total discontinuity length indicates im-

proved spatial coherence and smoother phase transitions. The greater reduction in

discontinuity count compared to length suggests that while many small, spurious dis-

continuities were removed, a few longer ones, often associated with terrain boundaries

or low-coherence regions, remained partially unresolved. These findings highlight the

strength of the optimization strategy while suggesting potential avenues for refinement

through hybrid or post-processing methods.

6.3.3 Directional Adaptation of the Algorithm

The optimization process revealed distinct spatial tendencies in the correction behavior

of the Multi-Verse Optimizer. The directional weights derived from the optimization

stage quantify the relative influence of phase adjustments along different spatial di-

rections, providing insight into how the algorithm adapts to the local geometry of the

interferogram.

As shown in Table 6.3, the central region received the highest weight (0.3478), indi-

cating that most of the corrective effort was concentrated around the core pixels. This

trend is likely associated with areas of higher coherence or stronger phase continuity in
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Table 6.3: Directional Contribution to Phase Correction.

Direction Centre (C) Up (H) Down (B) Right (D) Left (G)
Weight 0.3478 0.2071 0.1576 0.1839 0.1037

the central portions of the interferogram. The up and right directions, with respective

weights of 0.2071 and 0.1839, also contributed significantly, suggesting an asymmetric

error distribution potentially influenced by local slope orientation or radar line-of-sight

geometry.

The pronounced reduction in discontinuity count achieved by the MVO reflects

its effectiveness in enhancing spatial phase consistency. The comparatively smaller

reduction in discontinuity length indicates that while many isolated inconsistencies were

resolved, some extended discontinuities persisted in regions with reduced coherence or

higher noise levels. This pattern is common in interferometric data, where large-scale

decorrelation or terrain-induced distortions limit complete phase recovery.

Overall, the directional analysis demonstrates that the optimizer operates in a spa-

tially adaptive manner, prioritizing corrections in regions and directions where im-

provements are most beneficial. The average processing time of approximately 476

seconds per optimization run confirms that the algorithm remains computationally

feasible for medium-sized interferometric datasets while maintaining a robust trade-off

between accuracy and efficiency. The figures that follow illustrate representative input

and intermediate results obtained through the MVO-enhanced quality-guided phase

unwrapping procedure.

6.3.4 Visualization of Optimization Results

The following figures illustrate the input, intermediate, and output products of the

proposed MVO-enhanced quality-guided phase unwrapping process. Each visual ele-

ment provides insight into a specific stage of the algorithm and its contribution to the

overall improvement in phase consistency.

• QG Unwrapped Phase: The final unwrapped phase (Figure 6.1) exhibits a

continuous and smooth surface, confirming the effective resolution of 2π disconti-

nuities. The absence of abrupt phase jumps indicates the algorithm’s robustness
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in maintaining spatial coherence across the interferogram.

Figure 6.1: Quality-guided unwrapped phase result.

• QG Phase Quality Map: As shown in Figure 6.2, the quality map highlights

the spatial reliability of phase information. Brighter regions correspond to areas

of higher coherence, directing the unwrapping process to initiate from stable

pixels and avoid error propagation.

Figure 6.2: Quality-guided phase quality map.

• Initial Masked Phase: Figure 6.3 displays the wrapped phase data after mask-

ing low-amplitude regions. By excluding unreliable areas, the algorithm enhances

robustness and limits unwrapping to pixels with sufficient signal strength.

• Initial Masked Magnitude: The corresponding magnitude image (Figure 6.4)

serves as a reliability reference, where low-intensity regions signify decorrelation

and potential unwrapping challenges. This supports the use of amplitude-based

masking in quality-guided unwrapping.
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Figure 6.3: Initial masked wrapped phase used for processing.

Figure 6.4: Initial masked magnitude image.

Figure 6.5 further illustrates the optimization performance across iterations. Subfig-

ure (a) shows the processing time, which stabilizes quickly, demonstrating computa-

tional consistency. Subfigure (b) presents a steady decrease in the number of phase

discontinuities, while subfigure (c) depicts the gradual reduction in total discontinuity

length. Together, these trends confirm that the Multi-Verse Optimizer progressively

improves phase continuity and convergence stability.

6.3.5 Performance Comparison Between Proposed and Base-

line Unwrapping Approaches

To evaluate the robustness of the proposed model, synthetic wrapped phase images were

generated by combining multiple Gaussian functions of varying sizes, amplitudes, and

positions through both additive and subtractive operations. This procedure produces

irregular, non-uniform interference patterns rather than distinct geometries, allowing
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Figure 6.5: Optimization performance of the MVO-guided framework
: (a) Processing time per iteration, (b) Number of discontinuities, (c) Length of

discontinuities.

the model to generalize phase continuity across diverse configurations [167].

Figure 6.6 presents representative results comparing the proposed approach with Quality-

Guided (QG) and Branch-Cut (BC) unwrapping methods [168] across a range of Signal-

to-Noise Ratio (SNR) levels from 0 dB to 60 dB. Each row illustrates the noisy wrapped

phase, the generated interferogram, and the corresponding unwrapped results from the

competing methods. At low SNR values, both QG and BC approaches exhibit notice-

able discontinuities and localized errors due to poor noise handling. In contrast, the

proposed model maintains smooth and continuous phase reconstructions, demonstrat-

ing superior resistance to noise-induced artifacts.

At moderate SNR levels (10–20 dB), the influence of noise diminishes, leading to im-

proved performance across all techniques. However, the proposed method continues

to outperform the baselines by preserving phase integrity and minimizing residual un-

wrapping errors. This consistency across noise regimes highlights the model’s capacity
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Figure 6.6: Comparative analysis of phase unwrapping methods on training data under
varying SNR levels.

to adapt to varying signal conditions, ensuring reliable phase reconstruction under both

challenging and favorable environments.

6.3.6 Impact of the Proposed Method on Real Interferograms

The effectiveness of the proposed phase unwrapping approach was further validated on

real interferometric datasets. Two representative interferograms were used for testing:

• Int1: ERS-1 data from Sardegna, Italy, acquired on August 2 and 8, 1991 (or-

bits 241 and 327), with a perpendicular baseline of 126 m. A 16 km square subset

from frame 801, centered at 40◦08′ N and 9◦32′ E, was selected and preprocessed

through smoothing and flattening [169].

• Int2: ERS tandem-pair interferogram acquired on December 30–31, 1995, cor-

responding to a region with an elevation of approximately 68 m [170].
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Figure 6.7: Comparative analysis of phase unwrapping methods on real interferograms.

As shown in Figure 6.7, both real interferograms (Int1 and Int2) display significant

phase discontinuities caused by atmospheric disturbances and decorrelation noise. Tra-

ditional methods such as Branch-Cut and Quality-Guided unwrapping manage to re-

duce some discontinuities but often leave spurious edges or fail in low-coherence regions.

Reference-based approaches [166] improve global consistency yet remain sensitive to

terrain roughness and random noise.

The proposed model, however, achieves smoother and more stable unwrapping results

by effectively suppressing noise and maintaining phase continuity in decorrelated areas.

It minimizes large phase jumps and reproduces realistic phase behavior, producing

continuous, topographically consistent maps that surpass traditional algorithms in both

reliability and visual coherence.

6.3.7 Comparative Study

To further demonstrate the effectiveness of the proposed MVO-based phase unwrap-

ping framework, a comparison is conducted with three representative optimization-

based methods from the recent literature. The comparison considers several important

aspects, including the optimization strategy, adaptivity, robustness to noise, disconti-

nuity handling, computational efficiency, limitations, and typical application scenarios.

The comparison indicates that the proposed MVO-based framework addresses sev-

eral limitations of existing optimization-based phase unwrapping methods. Unlike

approaches that rely on fixed optimization strategies or predefined guidance mecha-

nisms, the proposed method adaptively optimizes the quality map using the Multi-
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Table 6.4: Comparison of optimization-based phase unwrapping methods.

Criteria [79] [80] [81] Proposed
Optimization
Approach

Sequential
hybrid: global
+ local

Global
graph-cut with
terrain priors

Primal-dual
solver for
convex
relaxation

Metaheuristic
exploration via
MVO

Key Mechanism Dual-stage
smoothing +
reliability

Cost path
minimization
on terrain
graph

TV-regularized
gradient
domain
optimization

PDV-weighted
MVO with
wormhole
tuning

Adaptivity Low (static
stages)

Moderate
(guided by
map)

Low (sensitive
to noise)

High (dynamic
cost map +
multiverse
search)

Noise
Robustness

Moderate Good in
terrain-guided
areas

Weak in high-
discontinuity
zones

Excellent in
low-SNR and
decorrelated
regions

Discontinuity
Handling

Reduces small
gaps

Sensitive to
terrain model

May
oversmooth or
miss real edges

Suppresses
spurious gaps;
retains terrain
jumps

Computation
Time

High
(dual-phase
optimization)

Moderate Moderate Moderate,
scalable with
population size

Limitations Expensive and
terrain-
sensitive

Quality map
accuracy is
critical

Needs careful
parameter
tuning

Runtime higher
than greedy
methods

Best Use Case Urban or
smooth terrain
with residual
edges

Mountainous
regions with
known priors

Structured,
noise-free data

Noisy,
large-scale,
unstructured
SAR scenes

Verse Optimizer, allowing the unwrapping path to better reflect the characteristics of

each interferogram.

The integration of MVO with the Guided Flood Fill algorithm combines global

metaheuristic optimization with deterministic region-growing, enabling unwrapping to

begin from highly reliable regions while continuously adapting the traversal strategy.

This improves robustness in noisy, low-coherence, and highly decorrelated interfero-

grams.

Experimental results show that the proposed framework reduces the number of

phase discontinuities by 64.7% and their cumulative length by 24.1% compared with
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conventional optimization-based approaches. In addition, the method does not require

labeled data, terrain priors, or application-specific training, making it suitable for a

wide range of InSAR scenarios while maintaining good scalability through adjustable

population size.

6.4 VOH-Net Analyses

The performance of the proposed Vision-Optimized Hybrid Network (VOH-Net) is

evaluated using both synthetic and real interferometric datasets to assess its capabil-

ity in accurate phase reconstruction. The following subsections present qualitative and

quantitative analyses, highlighting the model’s effectiveness in preserving spatial coher-

ence, reducing noise, and enhancing phase continuity compared to existing unwrapping

approaches.

6.5 Experimental Validation of VOH-Net

The following section presents a comprehensive evaluation of the proposed VOH-Net

model, encompassing both synthetic datasets and real interferometric SAR (InSAR)

measurements. The goal is to assess the model’s capacity to accurately reconstruct

the unwrapped phase while maintaining strong generalization under varying noise and

coherence conditions. All experiments were executed on a workstation equipped with

an Intel® Core™ i7 processor (2.1 GHz), 16 GB of RAM, and running Windows 11.

For reproducibility and fair comparison, two experimental environments were es-

tablished. The proposed deep learning framework was developed in Keras using a

TensorFlow backend. Training employed the Adam optimizer with a learning rate

of 0.001, a batch size of 2, and a total of 200 epochs. A custom composite loss function

combining Mean Squared Error (MSE), Total Variation (TV), and Variance terms was

used to promote phase continuity and structural integrity. The dataset, composed of

256× 256 phase images, was partitioned into 80% for training and 20% for validation.

Figure 6.8 illustrates the training and validation loss curves. Both losses initially

decrease sharply, reflecting rapid feature learning, before gradually stabilizing, which

signifies convergence. The close alignment between the two curves indicates that the
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network generalizes well and exhibits minimal overfitting. Early stopping was also

employed, terminating training when no improvement in validation loss was observed

for 50 consecutive epochs.

Figure 6.8: Training and validation loss curves over 200 epochs.

For baseline comparison, traditional unwrapping methods were implemented and

executed in MATLAB 2023b under identical hardware conditions. Performance was

evaluated in terms of Mean Squared Error (MSE), Mean Absolute Error (MAE), and

overall reconstruction accuracy.

The relationship between Root Mean Squared Error (RMSE) and Signal-to-Noise

Ratio (SNR) is shown in Figure 6.9. When SNR is low (e.g., 0 dB), the wrapped phase

is heavily degraded by noise, leading to higher RMSE values. Even under these condi-

tions, VOH-Net achieves a remarkably low RMSE of 0.397%, surpassing earlier models

such as Perera and Silva [171] (0.97%) and Sica et al. [172] (3.90%). As SNR increases,

VOH-Net continues to deliver improved reconstruction accuracy, demonstrating strong

resilience and adaptability across varying noise levels.

Overall, these findings confirm that VOH-Net maintains high reconstruction fidelity

even under challenging noise conditions. Its consistent performance across diverse

scenarios underscores its suitability for large-scale InSAR phase unwrapping and other

applications requiring robust spatial coherence preservation.
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Figure 6.9: RMSE performance across varying Signal-to-Noise Ratios (SNR).

6.5.1 Evaluation Metrics

The quantitative assessment of the proposed VOH-Net model was conducted using

several standard image reconstruction metrics, including the Mean Absolute Error

(MAE), Mean Squared Error (MSE), Structural Similarity Index Measure (SSIM), and

Root Mean Squared Error (RMSE). These metrics collectively evaluate the pixel-wise

accuracy and structural fidelity of the reconstructed phase maps. To provide a more

comprehensive evaluation, two additional task-specific metrics, Accuracy and Binary

Error Map (BEM), were introduced to explicitly measure phase error behavior.

Accuracy. This metric represents the proportion of pixels for which the absolute

phase error remains below a defined tolerance threshold τ , set to τ = π/10 in this

study. It is formally expressed as:

Accuracy =
1

N

N∑
i=1

I
(∣∣∣y(i)pred − y

(i)
true

∣∣∣ < τ
)
× 100%, (6.1)

where N denotes the total number of pixels and I(·) is the indicator function.
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Binary Error Map (BEM). The BEM metric quantifies the proportion of pixels

where the phase reconstruction error exceeds the same threshold τ . It is defined as:

BEM =
1

N

N∑
i=1

I
(∣∣∣y(i)pred − y

(i)
true

∣∣∣ > τ
)
, (6.2)

where lower BEM values indicate fewer significant deviations across the phase field.

Together, these metrics enable a balanced evaluation of both overall accuracy and

localized error concentration in the reconstructed interferometric phase.

6.5.2 Loss Function Evaluation

The performance of the proposed VOH-Net model was systematically evaluated on a

dataset of 1,500 samples using multiple quantitative metrics, including Mean Absolute

Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Struc-

tural Similarity Index Measure (SSIM), and Binary Error Map (BEM). This multi-

metric assessment provides a comprehensive view of reconstruction accuracy, struc-

tural fidelity, and spatial error distribution. Two loss formulations were considered:

the Original Loss Function (Lo) and the Enhanced Loss Function (Le), as summarized

in Table 6.5.

The introduction of the enhanced loss function (Le) led to substantial improvements

across all key metrics. The MAE decreased by 78.4%, indicating a significant reduction

in the average deviation from the ground truth. Both MSE and RMSE showed similar

trends, decreasing by 94.7% and 79.0%, respectively, reflecting the model’s increased

ability to suppress both small and large errors. Additionally, SSIM improved by 3.8%,

demonstrating that Le yields reconstructions that more closely preserve structural in-

tegrity.

However, the BEM metric increased by 47.7%, suggesting a potential trade-off be-

tween detailed structural recovery and background consistency. This may result from

the enhanced loss function placing greater emphasis on fine structural fidelity, particu-

larly in regions with strong phase discontinuities. While this prioritization improves the

clarity and precision of localized phase features, it may reduce uniformity in areas with

weaker signal coherence. Overall, the results confirm that the enhanced loss function
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significantly strengthens VOH-Net’s ability to reconstruct complex phase structures

with high accuracy, even if at a modest cost in background smoothness.

Table 6.5: Comparative Evaluation of Original (Lo) and Enhanced (Le) Loss Functions.

Metric Min Lo Min Le Max Lo Max Le Average Lo Average Le

MAE 0.6098 0.1120 2.5054 1.1149 1.3753 0.2967
MSE 0.6273 0.0220 9.6172 1.7372 3.2771 0.1721
RMSE 0.7920 0.1482 3.1012 1.3180 1.7068 0.3589
SSIM 90.570 95.329 98.392 99.972 95.799 99.489
BEM 0.0961 0.0656 3.9490 9.8022 0.8633 1.2751

The sharper decline in MSE compared to MAE indicates that Le effectively re-

duces the impact of extreme outliers, which typically occur in areas of strong phase

discontinuity. Similarly, the observed increase in SSIM highlights improved struc-

tural coherence across reconstructed phase boundaries. The moderate rise in BEM,

while undesirable, suggests that the enhanced formulation prioritizes local precision

over global smoothness, a deliberate design trade-off. Future research may integrate

background-aware regularization terms to mitigate this effect without compromising

the achieved reconstruction quality. These findings affirm that Le strategically en-

hances the model’s ability to maintain detailed phase integrity, making it particularly

effective for high-frequency or structurally complex interferometric regions.

6.5.3 Training Data Evaluation

The performance of the proposed VOH-Net model was first assessed using synthet-

ically generated training data across varying noise levels. Figure 6.10 presents five

representative samples evaluated under different Signal-to-Noise Ratio (SNR) condi-

tions, ranging from 0 dB to 60 dB. Each sample includes the noisy wrapped phase, the

generated interferogram, and the results obtained from the Quality-Guided (QG) and

Branch-Cut (BC) methods [173], the reference method [171], and the phase predicted

by the proposed model.

At low SNR levels (0–5 dB), the phase data are severely degraded by noise, render-

ing unwrapping particularly difficult. In these conditions, both QG and BC approaches

often produce discontinuities and inconsistent phase surfaces. In contrast, the proposed
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model demonstrates superior noise resilience, maintaining phase continuity and signif-

icantly reducing unwrapping artifacts even under extreme noise.

As the SNR increases to moderate values (10–20 dB), noise interference diminishes,

leading to improved performance across all methods. However, the proposed VOH-

Net continues to outperform the others, achieving smoother and more accurate phase

reconstructions with minimal residual discontinuities. This consistent behavior across

a wide range of SNR levels highlights the robustness and generalization capability of

the network.

Figure 6.10: Comparative analysis of phase unwrapping methods on training data
across varying SNR levels.

Both the proposed and reference models aim to approximate the true phase distri-

bution by capturing its peaks and valleys. However, as illustrated in Figure 6.11, the

proposed model (Fig. 6.11b) achieves a smoother and more stable alignment with the

true phase, while the existing model (Fig. 6.11a) exhibits sharper oscillations and more

pronounced peaks. These fluctuations indicate higher instability and residual noise in

the reference model’s estimation.

In contrast, the VOH-Net predictions closely follow the true phase curve with re-

99



Chapter 6 Experimental Evaluation and Comparative Discussion

duced deviation, reflecting enhanced stability and precision. This behavior confirms

that the proposed model not only suppresses noise effectively but also preserves struc-

tural phase continuity, which is essential for reliable interferometric reconstruction.

Figure 6.11: Comparison of true and predicted phase distributions for training data
: (a) existing model and (b) proposed VOH-Net model.

6.5.4 Test Data Evaluation

The generalization capability of the proposed VOH-Net model was further assessed

on independent test data, distinct from the training and validation sets. Figure 6.12

presents five representative examples drawn from the datasets described in Section 3.2,

comparing the performance of several phase unwrapping techniques. Each column

displays the wrapped phase, the generated interferogram, the results of the Quality-

Guided (QG) and Branch-Cut (BC) methods, the reference method [171], and the

predicted phase map produced by the proposed model.

The visual comparisons clearly indicate that the VOH-Net model achieves superior

reconstruction quality under diverse test conditions. It maintains smooth, spatially

consistent phase surfaces while effectively suppressing unwrapping artifacts commonly

observed in traditional approaches. In contrast, the QG and BC methods exhibit

residual discontinuities and local inconsistencies, particularly in low-coherence regions.

These results confirm that the proposed network generalizes well beyond the training

data, achieving both accuracy and robustness in realistic interferometric environments.

To further examine reconstruction fidelity, Figure 6.13 illustrates the true phase
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Figure 6.12: Comparative analysis of phase unwrapping methods on testing data.

distribution versus the predicted phase for the test data. The comparison includes

outputs from an existing model (Fig. 6.13a) and the proposed VOH-Net (Fig. 6.13b).

In Figure 6.13a, the existing model approximates the general phase trend but ex-

hibits noticeable deviations, particularly in mid-range phase regions. These fluctua-

tions suggest sensitivity to residual noise and incomplete phase recovery. Conversely,

as shown in Figure 6.13b, the VOH-Net prediction aligns closely with the true phase

distribution, maintaining smooth transitions and stable gradients. This behavior high-

lights the network’s ability to capture high-frequency phase details while preserving

global continuity, a critical attribute for accurate interferometric reconstruction.

Overall, the results demonstrate that VOH-Net not only performs well on training

data but also generalizes effectively to unseen interferometric conditions. Its consistent

accuracy, even in noisy or complex regions, confirms its suitability for operational phase

unwrapping in real-world InSAR applications.
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Figure 6.13: Comparison of true and predicted phase distributions on testing data
: (a) existing model and (b) proposed VOH-Net model.

6.5.5 Real Data Evaluation

To evaluate the practical performance and robustness of the proposed VOH-Net, exper-

iments were conducted on two well-established real interferometric datasets frequently

used for phase unwrapping validation:

• int1: ERS-1 data of Sardegna, Italy, acquired on August 2, 1991 (orbit 241) and

August 8, 1991 (orbit 327) with a perpendicular baseline of 126 m. A 16 km square

section of frame 801 was extracted, centered at 40◦08′N and 9◦32′E, situated

toward the far range of the full scene. The interferogram was generated, smoothed

to square pixels, and roughly flattened [174].

• int2: ERS tandem pair of December 30–31, 1995, where the elevation is approx-

imately 68 m [175].

Figure 6.14 illustrates the unwrapped outputs obtained using several approaches:

Branch Cut, Quality-Guided (QG), the SQD-LSTM model [171], and the proposed

VOH-Net. Both interferograms exhibit substantial discontinuities due to atmospheric

perturbations and terrain-induced decorrelation, requiring robust unwrapping strate-

gies to produce meaningful phase reconstructions.

The Branch Cut algorithm avoids large phase jumps but often introduces topolog-

ical artifacts due to path discontinuities. The QG method yields smoother reconstruc-

tions in coherent areas but struggles in decorrelated or noisy regions. The deep learning

model proposed by [171], which employs bidirectional LSTM layers along horizontal
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and vertical directions, achieves better structural recovery but remains sensitive to

noise and geometric variability.

In contrast, the proposed VOH-Net delivers the most consistent results across both

datasets, achieving superior phase continuity, noise suppression, and terrain adaptabil-

ity. The use of quad-directional (horizontal, vertical, diagonal, and anti-diagonal) BiL-

STM paths enables the model to exploit richer spatial dependencies, particularly over

diagonally oriented terrain features. Additionally, the composite loss function com-

bining MSE, variance, and total variation promotes smoother transitions and stronger

structural fidelity.

Figure 6.14: Comparative analysis of phase unwrapping methods on real interfero-
grams.

Beyond visual inspection, a detailed computational complexity assessment was con-

ducted. Table 6.6 summarizes the performance of different methods across critical met-

rics, including runtime, parameter count, FLOPs, and reconstruction accuracy. VOH-

Net achieves the lowest RMSE (0.397%), competitive runtime (0.360 s), and moderate

computational footprint (2.3 M parameters, ∼6.3 GFLOPs), outperforming both tra-

ditional and existing learning-based methods.

The comparative results in Table 6.6 demonstrate that while traditional algorithms

are computationally efficient, they fail to maintain global phase continuity in low-

coherence regions. Deep learning approaches markedly improve phase accuracy and

robustness, but VOH-Net achieves the most balanced trade-off between precision and

efficiency. Its ability to integrate multidirectional dependencies and an enhanced loss

formulation enables it to reconstruct smoother, more reliable phase surfaces across

103



Chapter 6 Experimental Evaluation and Comparative Discussion

Table 6.6: Comparison of existing and proposed phase unwrapping methods on real
interferograms.

Criterion Branch Cut Quality-Guided Perera & Silva (2021) VOH-Net (Ours)
Phase Continuity Moderate High (localized) High Very High
Noise Robustness Low Moderate Moderate High
Terrain Adaptability Low Moderate Moderate High
Directional Modeling – – H + V H + V + D + A
Loss Function – – MSE + TV MSE + TV + Variance
Parameters (Millions) – – 1.8 M 2.3 M
FLOPs per 256×256 input – – ∼7.5 GFLOPs ∼6.3 GFLOPs
RMSE (%) 3.498 2.576 0.97 0.397
Runtime (s) 0.280 0.320 0.410 0.360

complex terrain. This combination of accuracy, adaptability, and computational effi-

ciency establishes VOH-Net as a practical solution for large-scale and real-time InSAR

phase unwrapping applications.

6.6 Ablation Study

To rigorously assess the contribution of individual components within the proposed

VOH-Net architecture, a series of ablation experiments were conducted targeting its

most influential design elements. These analyses aimed to isolate the effects of direc-

tional LSTM pathways, loss function composition, data fidelity, and output activation

strategies. By systematically modifying the model architecture and training condi-

tions, this study provides a deeper understanding of the functional importance of each

component and their synergistic contribution to the final network performance.

6.6.1 Directional Processing Modules

A core innovation of VOH-Net lies in its Enhanced LSTM (E-LSTM) module, which

extracts spatial dependencies along four principal orientations: horizontal (H), vertical

(V), diagonal (D), and anti-diagonal (A). To evaluate the impact of each directional

path, we conducted controlled ablation experiments by selectively disabling specific

directions within the E-LSTM structure.

Four model variants were examined under identical training conditions:

• Full (H + V + D + A): Complete VOH-Net with all four directional pathways.

• No Diagonal (H + V only): Excludes diagonal and anti-diagonal directions.
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• No Horizontal/Vertical (D + A): Retains only diagonal and anti-diagonal

branches.

• CNN Baseline: Pure convolutional encoder–decoder without any recurrent di-

rectional modeling.

All models were trained on 1,200 synthetic wrapped phase samples and tested on 300

held-out samples. Quantitative results across seven metrics (Accuracy, Loss, PSNR,

SSIM, MAE, MSE, and RMSE) are presented in Table 6.7.

Table 6.7: Quantitative evaluation of directional processing modules.

Model Variant Accuracy (Train) Accuracy (Test) Loss (Train) Loss (Test) PSNR (dB) SSIM MAE RMSE
Full (H + V + D + A) 99.92 99.77 0.017 0.023 44.92 0.995 0.118 0.145
No Diagonal (H + V only) 97.89 96.25 0.129 0.136 32.74 0.981 0.167 0.184
No Horizontal/Vertical (D + A) 95.43 93.88 0.142 0.151 30.39 0.967 0.209 0.219
CNN Baseline (No LSTMs) 92.05 90.67 0.271 0.182 28.63 0.941 0.277 0.262

The results provide compelling evidence for the significance of directional recurrent

modeling in achieving high-fidelity phase reconstruction. The full configuration (H +

V + D + A) outperforms all others across every quantitative measure, yielding the

highest PSNR (44.92 dB), SSIM (0.995), and accuracy (99.77% on the test set) while

maintaining the lowest MAE, MSE, and overall loss. This indicates that incorporating

all four orientations enables the model to effectively capture both local and global

spatial dependencies, which is crucial for resolving complex phase discontinuities and

mitigating noise artifacts in interferometric data.

In contrast, removing diagonal and anti-diagonal paths (H + V only) causes a

marked decline in PSNR and MAE, highlighting the importance of oblique spatial

correlations often found in natural terrain elevation patterns. The D + A only config-

uration also underperforms, as the lack of horizontal and vertical pathways limits its

capacity to model dominant structural orientations prevalent in man-made or stratified

environments. The CNN-only variant, devoid of any recurrent directional modeling,

yields the weakest performance overall. Its restricted receptive field and inability to

capture long-range dependencies result in oversmoothing of homogeneous regions and

poor delineation of abrupt phase transitions.

These findings empirically validate the architectural decision to integrate quad-

directional E-LSTM pathways. The complete (H + V + D + A) configuration achieves

a well-balanced representation between global structural coherence and local feature
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fidelity, establishing it as the optimal formulation for deep learning-based phase un-

wrapping.

6.6.2 Loss Function Components

A key determinant of the reconstruction accuracy in VOH-Net lies in the formulation of

its objective function. The proposed network employs a composite loss that harmonizes

three complementary components: variance of error loss, total variation (TV) loss,

and mean squared error (MSE). Each component targets a distinct yet interdependent

property of the phase unwrapping process. The variance term minimizes inconsistencies

in the spatial distribution of residual errors, promoting statistical uniformity. The TV

loss encourages phase continuity and suppresses local discontinuities, while the MSE

ensures pixel-wise fidelity to the ground truth. Their collective integration results in

a loss function that balances global smoothness and local accuracy, as summarized in

Table 6.8.

To quantify the individual contribution of each component, an ablation study was

conducted under three training configurations:

• Variance Loss Only: Optimizes global consistency in the error field without

enforcing local smoothness or pixel-wise reconstruction.

• TV Loss Only: Encourages smooth transitions and edge preservation but lacks

explicit control over statistical error distribution.

• Proposed Loss (Variance + 0.1 × TV + MSE): The full composite formu-

lation that jointly enforces smoothness, spatial uniformity, and accuracy.

Each configuration was trained for 100 epochs using identical datasets and hyper-

parameters, ensuring a fair comparison. The quantitative results, reported across key

performance metrics such as Accuracy, PSNR, SSIM, MAE, and RMSE, are presented

in Table 6.8.

Table 6.8: Quantitative evaluation of loss function components.

Loss Configuration Accuracy (Train) Accuracy (Test) Loss (Train) Loss (Test) PSNR (dB) SSIM MAE RMSE
Full (Var + 0.1 × TV + MSE) 99.92 99.77 0.017 0.023 44.92 0.995 0.118 0.145
Variance Loss Only 97.42 95.89 0.038 0.045 31.47 0.977 0.162 0.197
TV Loss Only 96.63 94.83 0.052 0.058 29.88 0.962 0.181 0.225
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The results demonstrate that the composite loss formulation significantly enhances

the overall reconstruction quality. The full configuration achieved the highest PSNR

(44.92 dB), SSIM (0.995), and accuracy (99.77%), while maintaining the lowest MAE

and RMSE values. These findings confirm that the integration of variance, TV, and

MSE terms provides complementary supervision, enabling the model to preserve fine

structural details while minimizing both global and local errors.

In contrast, the variance-only configuration produced spatially coherent yet less

accurate phase reconstructions, reflecting insufficient constraint at the pixel level. The

TV-only formulation yielded smoother but over-regularized results, characterized by

edge blurring and loss of fine details, as evidenced by its lower PSNR (29.88 dB) and

higher MAE (0.181). These comparisons highlight the necessity of a balanced loss

design: while variance promotes uniformity and TV enforces continuity, MSE anchors

the reconstruction to the true phase distribution.

Overall, the proposed composite loss effectively unifies statistical, structural, and

pixel-wise optimization objectives, leading to superior performance in both quantitative

and perceptual terms. This formulation proves especially advantageous in complex

interferometric scenarios where models must reconcile local phase variations with global

spatial consistency.

6.6.3 Data-Driven Ablations

In real-world interferometric scenarios, the quality and availability of training data are

often limited by acquisition noise, atmospheric disturbances, and sensor constraints.

To evaluate the robustness and scalability of the proposed VOH-Net under such im-

perfect conditions, a series of data-driven ablation experiments were performed. These

experiments focus on two aspects: (i) the model’s resilience to input noise corruption,

and (ii) its dependence on dataset size. This subsection discusses the first part, noise

sensitivity, while subsequent analyses address data quantity effects.

Noise Sensitivity

To assess VOH-Net’s inherent robustness against corrupted phase inputs, the network

was evaluated on test datasets artificially degraded by additive Gaussian noise corre-
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sponding to Signal-to-Noise Ratio (SNR) levels of 0, 5, 10, 20, and 60 dB. Importantly,

all models were trained exclusively on clean data (SNR = 60 dB) without fine-tuning

on noisy samples. This setup isolates the network’s generalization capability to unseen

noise distributions, a crucial property for practical deployment in diverse interferomet-

ric conditions.

Table 6.9: Quantitative evaluation of VOH-Net under varying SNR levels.

SNR (dB) Accuracy (Train) Accuracy (Test) Loss (Train) Loss (Test) PSNR (dB) SSIM MAE RMSE
60 99.08 98.71 0.015 0.023 36.21 0.994 0.109 0.138
20 99.03 98.63 0.017 0.024 35.48 0.993 0.116 0.145
10 98.92 98.44 0.018 0.027 34.96 0.991 0.123 0.155
5 98.84 98.31 0.020 0.029 34.37 0.989 0.129 0.161
0 98.71 98.12 0.022 0.032 33.64 0.987 0.137 0.170

The quantitative outcomes presented in Table 6.9 confirm that VOH-Net preserves

exceptional reconstruction quality even under extreme noise conditions. At an SNR

of 0 dB, where the wrapped phase is severely distorted, the model still attains a test

accuracy of 98.12% and a PSNR of 33.64 dB. The structural similarity (SSIM) remains

consistently above 0.98 across all tested noise levels, indicating stable preservation of

topological and edge information.

Moreover, the performance degradation between the clean (60 dB) and the most

corrupted (0 dB) inputs is remarkably small, with only a ∼2.5 dB reduction in PSNR

and a marginal increase of 0.028 in MAE. This resilience highlights the network’s strong

generalization to unseen perturbations, primarily due to its quad-directional E-LSTM

architecture, which captures long-range spatial dependencies, and the composite loss

function that regularizes variance across feature maps.

Overall, these findings validate VOH-Net as a noise-tolerant and structurally con-

sistent unwrapping framework capable of maintaining reliable performance without

retraining, even when input data quality deteriorates significantly. Such robustness is

essential for operational interferometric applications involving heterogeneous terrains

and variable acquisition conditions.

Dataset Size Sensitivity Evaluation

To further investigate the generalization capacity of VOH-Net under limited data avail-

ability, we conducted an ablation study examining its performance across progressively
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smaller training datasets. Specifically, the model was trained on subsets containing 250,

600, and 1200 samples, drawn from the full dataset of 1500 synthetic wrapped-phase

instances. All other hyperparameters, loss configurations, and evaluation protocols

were held constant to ensure a fair comparison. Model performance was assessed on a

fixed, noise-free test set of 300 interferograms.

Table 6.10: Quantitative evaluation of VOH-Net trained on varying dataset sizes.

Training Samples Accuracy (Train) Accuracy (Test) Loss (Train) Loss (Test) PSNR (dB) SSIM MAE RMSE
1200 99.04 98.34 0.019 0.031 34.12 0.987 0.121 0.155
600 98.33 97.03 0.027 0.041 32.19 0.971 0.151 0.187
250 97.15 94.45 0.034 0.056 29.84 0.945 0.189 0.225

As presented in Table 6.10, VOH-Net demonstrates notable learning efficiency,

retaining high reconstruction quality even when trained on only a fraction of the avail-

able data. With just 250 samples, the model achieves a test accuracy of 94.45% and

a PSNR of 29.84 dB, illustrating its ability to infer coherent spatial dependencies from

limited supervision. As the training dataset expands to 600 samples, performance

improves substantially, PSNR exceeds 32 dB and SSIM approaches 0.97, indicating

enhanced phase fidelity and structural stability. When trained on 1200 samples, the

results nearly saturate, suggesting that the model converges efficiently and requires

only moderate data volumes to achieve optimal performance.

These findings highlight VOH-Net’s suitability for data-scarce environments, such

as early-stage satellite missions, newly targeted geographic regions, or rapid-response

interferometric analyses where annotated datasets are limited. The directional LSTM

architecture, together with the composite loss formulation, facilitates stable conver-

gence and generalization by leveraging spatial context and multi-scale error regular-

ization, ensuring reliable unwrapping performance even under constrained training

conditions.

6.6.4 Output Activation Function

The final activation function plays a crucial role in determining the dynamic range

and numerical stability of network outputs. Although a linear activation is typically

preferred for regression-based tasks such as phase unwrapping, we systematically eval-

uated the effects of three nonlinear alternatives Tanh, ReLU, and Sigmoid to better

109



Chapter 6 Experimental Evaluation and Comparative Discussion

understand their influence on quantitative accuracy and qualitative reconstruction fi-

delity. Each activation was applied as the terminal layer of the decoder while keeping

the network architecture, training data, and composite loss function identical.

Table 6.11: Quantitative evaluation of output activation functions.

Activation Function Accuracy (Train) Accuracy (Test) Loss (Train) Loss (Test) PSNR (dB) SSIM MAE RMSE
Linear 99.08 98.71 0.015 0.023 36.21 0.994 0.109 0.138
Tanh 98.64 97.95 0.022 0.031 34.76 0.982 0.136 0.161
ReLU 97.84 96.81 0.031 0.041 32.88 0.964 0.162 0.192
Sigmoid 96.53 94.42 0.042 0.056 30.71 0.943 0.189 0.228

As shown in Table 6.11, the Linear activation achieves the highest overall perfor-

mance, yielding the greatest PSNR (36.21 dB), lowest MAE (0.109), and superior struc-

tural similarity (SSIM = 0.994). This configuration allows unrestricted output values,

enabling the network to reconstruct continuous-valued phase fields without distortion

or amplitude clipping. The Tanh activation, which compresses outputs to the [−1, 1]

range, introduces mild boundary saturation, particularly in regions of steep phase vari-

ation. Although its overall performance remains acceptable (PSNR = 34.76 dB), it

produces subtle flattening of high-gradient features.

In contrast, ReLU activation results in hard thresholding of negative predictions,

leading to discontinuities and segmented artifacts in the reconstructed phase maps.

The Sigmoid function performs the worst, as its limited [0, 1] range enforces strong

output saturation, substantially degrading dynamic range and fine-structure detail.

Consequently, both nonlinear activations produce visually distorted outputs that are

unsuitable for continuous-valued regression tasks such as phase unwrapping.

Figure 6.15: Effect of output activation functions on phase reconstruction quality
: (a) Original Wrapped Phase, (b) Linear Activation Output, (c) Tanh Activation

Output, (d) ReLU Activation Output, and (e) Sigmoid Activation Output.

Figure 6.15 presents a qualitative comparison illustrating the visible effects of dif-

ferent output activations. The Linear output (Fig. 6.15b) accurately preserves smooth
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transitions and the full amplitude range of the phase distribution, while Tanh introduces

mild compression near extrema (Fig. 6.15c). The ReLU variant (Fig. 6.15d) exhibits

abrupt transitions due to the truncation of negative values, and the Sigmoid output

(Fig. 6.15e) suffers from heavy saturation, with fine details largely lost.

These results confirm that a linear activation function is the most appropriate

choice for phase regression tasks. By preserving unbounded output dynamics, it en-

sures both high quantitative accuracy and visual coherence. Across all ablation ex-

periments, VOH-Net consistently demonstrates robust generalization and strong noise

tolerance, with each architectural and functional component, multidirectional E-LSTM

processing, composite loss formulation, and linear output activation, proving essential

for achieving state-of-the-art phase unwrapping performance under both synthetic and

real-world conditions.

6.7 Comparative Discussion between the Two

Paradigms

Table 6.12: Direct comparison between the optimization-guided framework and VOH-
Net.

Criterion MVO-guided framework VOH-Net
Interpretability High: explicit guidance map

and objective
Moderate: learned latent
representation

Need for labeled data No Yes, for supervised training
Inference profile Optimization per interfero-

gram
Fast feed-forward prediction
after training

Noise robustness Strong when quality tuning
succeeds

Strong when training covers
target conditions

Best use case Data-scarce, analyst-
controlled workflows

Repeated inference on simi-
lar data distributions

The central scientific value of this thesis lies not only in the development of two

methods, but also in the comparison of the paradigms to which they belong. The

optimization-guided framework and VOH-Net address the same problem from funda-

mentally different perspectives, and their comparison reveals complementary strengths

rather than a simple hierarchy.

The MVO-based framework preserves the interpretability of classical quality-guided
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unwrapping. Its behavior can be understood in terms of explicit phase guidance, pa-

rameterized reliability structure, and continuity-based optimization. It does not require

labeled training data and remains closely connected to the spatial logic of traditional

path-following reconstruction. For these reasons, it is attractive in contexts where

transparency, control over the unwrapping mechanism, or limited data availability are

important.

VOH-Net, in contrast, represents a shift toward learned reconstruction. Its main

strength lies in its capacity to model complex phase continuity patterns directly from

data and to perform feed-forward inference once training has been completed. The

architecture is particularly strong in scenarios where local ambiguity must be resolved

using broader contextual structure, since the recurrent bottleneck captures dependen-

cies that are difficult to encode through fixed guidance rules.

From a practical point of view, the two methods also differ in computational profile.

The MVO-based method concentrates computational effort in the optimization stage,

where candidate guidance parameters must be evaluated iteratively through repeated

unwrapping. VOH-Net concentrates computational effort during training, but can then

perform reconstruction more directly during inference. Therefore, the choice between

the two methods may depend on whether the intended application favors training-free

interpretability or reusable learned inference.

Another important distinction concerns adaptability. The optimization-guided

method adapts to each interferogram by tuning a small set of interpretable parame-

ters. VOH-Net adapts through the representational capacity learned from data, which

can generalize across many phase patterns but remains dependent on the relevance

of the training distribution. Thus, the optimization-guided framework is more data-

independent but structurally constrained, while VOH-Net is more expressive but more

dependent on learning conditions.

Taken together, the results suggest that robust InSAR phase unwrapping bene-

fits from considering both paradigms. The optimization-guided approach strengthens

the classical reliability-map tradition by making guidance adaptive, while VOH-Net

demonstrates the potential of dedicated hybrid learning architectures for phase conti-

nuity modeling. Rather than viewing one method as simply replacing the other, the

thesis positions them as complementary tools within a broader methodological land-
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scape.

6.8 Practical Implications for InSAR Processing

Based on the comparative analysis presented in this chapter, Table 6.4 outlines the

most suitable deployment scenarios for the optimization-guided framework and VOH-

Net, emphasizing their respective advantages in different operational settings.

Table 6.13: Recommended use cases for the optimization-guided framework and VOH-
Net.

Scenario Recommended
method

Reason

Small study area with
expert supervision

MVO-guided frame-
work

Transparent control over the un-
wrapping mechanism

Large batch process-
ing after model prepa-
ration

VOH-Net Amortizes training cost with
rapid inference

Low-label environ-
ment

MVO-guided frame-
work

Does not require ground-truth
unwrapped phase

Stable operational
pipeline with repeated
acquisitions

VOH-Net Benefits from learned reusable
representation

In settings where labeled training data are scarce, where interpretability is essential,

or where analysts prefer explicit control over the phase-guidance mechanism, the MVO-

based framework may be particularly attractive. Its formulation is transparent, and

its decisions can be linked directly to continuity criteria and to the structure of the

optimized quality map.

In scenarios where repeated inference must be performed on many interferograms

sharing similar statistical properties, VOH-Net may offer greater practical efficiency

after training. Its ability to reconstruct phase directly from input data without iterative

optimization makes it suitable for workflows where learned inference can be amortized

over many reconstruction tasks.

These practical considerations also suggest possible future hybrid directions. One

could imagine combining data-driven phase representations with optimization-guided

post-processing, or using learned confidence estimates to initialize or constrain optimization-

based guidance. In this sense, the two contributions of the thesis should not only be
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compared, but also seen as potential building blocks for future integrated phase un-

wrapping systems.

6.9 Conclusion

This chapter provided an evaluation of the two methodological contributions proposed

in this thesis. The optimization-guided framework based on MVO was shown to en-

hance classical quality-guided unwrapping by adapting the reliability structure to the

interferogram, thereby reducing discontinuity artifacts and improving robustness in

degraded conditions. VOH-Net, in turn, was shown to provide strong learning-based

reconstruction performance by combining multiscale convolutional processing with mul-

tidirectional long-range context modeling.

The comparative discussion clarified that the two approaches should not be inter-

preted as redundant solutions, but as complementary paradigms. The MVO-based

framework offers interpretability, adaptive handcrafted guidance, and independence

from labeled training data, while VOH-Net offers expressive learned reconstruction

and stronger modeling of complex spatial continuity. Their joint study therefore con-

tributes not only two methods, but also a broader perspective on how phase unwrapping

can be improved through different but compatible scientific strategies.

The final chapter of the thesis synthesizes these contributions, revisits the main

findings, discusses remaining limitations, and outlines future directions for advancing

robust InSAR phase unwrapping.
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General Conclusion

Interferometric Synthetic Aperture Radar (InSAR) has become an essential remote

sensing technology for high-precision monitoring of the Earth’s surface, with appli-

cations including topographic reconstruction, deformation analysis, and geophysical

investigations. However, despite the high accuracy provided by interferometric mea-

surements, the phase information obtained from InSAR remains intrinsically ambigu-

ous due to its wrapped nature. The recovery of the corresponding continuous phase

field, known as phase unwrapping, remains a challenging inverse problem, particu-

larly under unfavorable conditions involving noise, decorrelation, discontinuities, and

large-scale interferometric scenes.

This thesis investigated the problem of phase unwrapping in InSAR and addressed

the limitations of existing approaches through two complementary methodological di-

rections. The first direction focused on improving classical path-following phase un-

wrapping by introducing an adaptive optimization mechanism for the phase guidance

process. The second direction explored a deep learning-based formulation capable of

directly learning the transformation between wrapped and continuous phase represen-

tations.

The motivation behind this research was based on the observation that no existing

paradigm completely satisfies the requirements of robust phase reconstruction under

all practical conditions. Classical methods provide valuable interpretability and rely on

well-established mathematical principles, but their performance strongly depends on
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predefined quality measures that may become unreliable in complex interferometric en-

vironments. Optimization-based approaches improve adaptability but may introduce

additional computational complexity. Deep learning methods offer powerful represen-

tation capabilities but require carefully designed architectures capable of capturing the

spatial dependencies inherent to phase continuity.

Therefore, this thesis aimed to investigate how adaptive optimization and deep

learning strategies can contribute to more reliable and accurate phase unwrapping

solutions for challenging InSAR scenarios.

7.1 Main Contributions of the Thesis

The first contribution of this thesis was the development of an optimization-guided

phase unwrapping framework based on the Multi-Verse Optimizer (MVO). The pro-

posed approach was motivated by the limitations of conventional quality-guided meth-

ods, where the quality map controlling the unwrapping sequence is generally fixed and

manually defined. Such predefined reliability measures may not accurately describe

the actual quality distribution of complex interferograms, especially in the presence of

noise and phase inconsistencies.

To overcome this limitation, a parameterized Phase Derivative Variance (PDV)-

based quality map was introduced, and its parameters were formulated as an optimiza-

tion problem. Instead of directly optimizing the reconstructed phase, the proposed

framework optimizes the phase guidance mechanism responsible for determining the

unwrapping priority. The Multi-Verse Optimizer was employed to identify the optimal

parameter configuration by minimizing a continuity-based objective function based on

phase discontinuities and their spatial distribution.

This strategy preserves the interpretability and spatial reasoning of classical Guided

Flood Fill phase unwrapping while introducing an adaptive mechanism capable of ad-

justing the quality map according to the characteristics of each interferogram. The

experimental results demonstrated that the proposed optimization-guided framework

improves the robustness of classical phase unwrapping methods, particularly in chal-

lenging conditions where conventional fixed quality maps become insufficient.

The second major contribution of this thesis was the development of VOH-Net, a
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hybrid deep learning architecture specifically designed for InSAR phase unwrapping.

The proposed network reformulates phase unwrapping as a supervised image-to-image

reconstruction problem, where the relationship between wrapped phase observations

and their corresponding continuous phase surfaces is learned directly from data.

The proposed architecture combines convolutional neural networks for extracting

local spatial characteristics with an enhanced multidirectional Long Short-Term Mem-

ory (LSTM) module for modeling long-range spatial dependencies. By considering

horizontal, vertical, diagonal, and anti-diagonal directions, the proposed recurrent com-

ponent enables the network to better capture phase continuity across complex spatial

structures.

A dedicated synthetic data-generation strategy was developed to provide diverse

phase patterns and degradation conditions during training. Furthermore, a compos-

ite loss function was introduced to simultaneously optimize reconstruction accuracy,

structural consistency, and phase smoothness. The obtained results demonstrated the

ability of VOH-Net to effectively combine local feature extraction and global contextual

modeling, leading to accurate and stable phase reconstruction.

Beyond the individual contributions, this thesis also provided a comparative anal-

ysis between optimization-guided and learning-based approaches. The results showed

that these two strategies should not be considered competing solutions, but rather com-

plementary approaches addressing different limitations of existing phase unwrapping

techniques. The optimization-based framework provides interpretability, adaptability,

and independence from labeled datasets, whereas VOH-Net provides powerful learned

representations and efficient reconstruction after training.

7.2 Limitations of the Proposed Approaches

Although the proposed methods achieved encouraging results, several limitations re-

main and represent opportunities for further improvement.

The first limitation concerns the deep learning contribution. Due to the difficulty

of obtaining large-scale real InSAR datasets with reliable pixel-wise unwrapped phase

references, VOH-Net was mainly trained using synthetic phase data. Although the

generated dataset was designed to represent diverse phase structures and degrada-
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tion conditions, differences may still exist between simulated and real interferometric

acquisition environments. Consequently, improving the generalization capability of

learning-based models remains an important challenge.

The second limitation is related to the computational cost of the optimization-

guided framework. Although the optimized parameter space remains relatively com-

pact, each candidate solution generated by the Multi-Verse Optimizer requires the

execution of the phase unwrapping process and the evaluation of the resulting phase

quality. Therefore, the computational requirements may become significant when pro-

cessing very large interferograms or when increasing the number of optimization iter-

ations.

Another limitation is that the proposed methods were developed mainly within a

single-interferogram reconstruction framework. Although single-interferogram phase

unwrapping remains a fundamental problem, modern InSAR applications increasingly

rely on multitemporal and time-series analysis, where temporal information can provide

additional constraints for improving reconstruction reliability.

Finally, although this thesis investigated optimization-based and learning-based

approaches within a unified research framework, it did not develop a fully integrated

hybrid model combining adaptive optimization and deep learning within a single ar-

chitecture. Such integration represents a promising direction for future investigation.

7.3 Future Research Directions

The results obtained in this thesis open several promising research perspectives.

A first direction concerns the extension of the proposed approaches toward multi-

temporal and time-series InSAR applications. By exploiting temporal redundancy and

consistency between multiple interferograms, future methods may achieve improved

robustness compared with single-interferogram reconstruction approaches.

A second research direction involves the development of more advanced learning

strategies for phase reconstruction. Physics-informed learning, uncertainty-aware neu-

ral networks, and domain adaptation techniques could help reduce the gap between

synthetic and real interferometric data while improving the reliability of predictions in

operational environments.
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Another promising perspective is the investigation of new deep learning architec-

tures capable of modeling global spatial relationships more effectively. Transformer-

based and graph-based neural networks may provide alternative mechanisms for cap-

turing complex long-range interactions within interferometric scenes.

Finally, future research may focus on integrating phase unwrapping with other

essential InSAR processing tasks, including denoising, atmospheric correction, and re-

liability estimation, within unified end-to-end frameworks. Such integration could con-

tribute to the development of more automated, robust, and efficient InSAR processing

systems.

In conclusion, this thesis demonstrated that improving phase unwrapping in InSAR

requires the exploration of complementary methodological paradigms. Through the

development of an optimization-guided framework based on the Multi-Verse Optimizer

and the proposed VOH-Net hybrid deep learning architecture, this research contributed

two distinct but complementary solutions for enhancing phase reconstruction under

challenging conditions.

The obtained results confirm that adaptive guidance optimization and learned mul-

tidirectional spatial modeling each provide valuable advantages. Their combined inves-

tigation offers a broader understanding of robust phase reconstruction and contributes

toward the development of future InSAR phase unwrapping systems that are more

accurate, adaptive, and scalable.
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Mathematical Derivations

A.1 Multi-Verse Optimizer (MVO)

The Multi-Verse Optimizer (MVO) is a population-based metaheuristic algorithm in-

spired by concepts from cosmology, namely white holes, black holes, and wormholes [176].

Each candidate solution is represented as a universe, with its variables corresponding

to objects contained within it. The quality of a universe is measured by its inflation

rate, which is directly proportional to the fitness of the solution.

A.1.1 Universe Representation and Initialization

A population of n universes, each with d decision variables, is initialized randomly

within the problem bounds:

U =


x11 x21 . . . xd1

x12 x22 . . . xd2
... ... . . . ...

x1n x2n . . . xdn

 , (A.1)

where xji is the j-th variable of the i-th universe.
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A.1.2 White and Black Hole Mechanisms

MVO models the exchange of objects between universes using analogies to white and

black holes. Universes with higher inflation rates tend to eject objects (white holes),

whereas lower-inflation universes absorb objects (black holes). This is mathematically

expressed as:

xji =

x
j
k, if r1 < NI(Ui),

xji , otherwise,
(A.2)

where NI(Ui) is the normalized inflation rate, r1 ∈ [0, 1] is a random number, and xjk

is selected using roulette-wheel selection based on universe fitness.

A.1.3 Wormhole-Based Exploration

To enhance exploitation and convergence, wormholes allow universes to move toward

the best-known universe Xj with stochastic perturbations:

xji =

X
j + TDR · (ubj − lbj) · r2 + lbj, r3 < 0.5,

Xj − TDR · (ubj − lbj) · r2 + lbj, r3 ≥ 0.5,

(A.3)

where TDR is the Travelling Distance Rate, ubj and lbj are variable bounds, and r2, r3
are uniform random numbers.

A.1.4 Adaptive Parameters

The wormhole existence probability (WEP) and TDR are adaptively updated to bal-

ance exploration and exploitation:

WEP = WEPmin + l · WEPmax −WEPmin

L
, TDR = 1−

(
l

L

)1/P

, (A.4)

where l is the current iteration, L is the maximum number of iterations, and P controls

exploitation precision.
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A.1.5 Stopping Criterion and Complexity

The optimization proceeds iteratively until a predefined stopping criterion, such as the

minimum error or maximum iterations, is reached. The computational complexity of

MVO is dominated by the roulette-wheel selection and sorting of universes:

O(MVO) = O (L (n logn+ n · d)) , (A.5)

where L is the number of iterations, n is the number of universes, and d is the number

of decision variables.

A.2 Loss Function

The training of the proposed VOH-Net model relies on a composite loss function specif-

ically designed to balance pixel-level accuracy, structural coherence, and phase smooth-

ness in the reconstructed outputs. The total loss combines three complementary com-

ponents: the Mean Squared Error (MSE) loss, a Gradient Regularization term, and a

Variance of Error loss. Together, these terms ensure that the model minimizes both

global and local discrepancies between predicted and ground-truth phase maps.

The first component, the Mean Squared Error (MSE), quantifies the pixel-wise

difference between the reconstructed phase map and its corresponding ground truth:

Lmse =
1

N

∑
i,j

(ypred,i,j − ytrue,i,j)
2 , (A.6)

whereN denotes the total number of pixels, ypred represents the network prediction, and

ytrue corresponds to the reference phase. This term encourages the model to produce

phase values that closely approximate the ground truth at each pixel location.

To further enhance structural consistency, a Gradient Regularization Loss is in-

troduced. This term penalizes large discrepancies between the spatial gradients of

the predicted and true phase maps, promoting smooth transitions while preserving

essential edge structures:

Lgrad =
1

N

∑
i,j

(|∇xypred,i,j −∇xytrue,i,j|+ |∇yypred,i,j −∇yytrue,i,j|) . (A.7)
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Finally, to maintain statistical stability in the prediction error distribution, a Vari-

ance of Error Loss is employed. This term ensures that the network not only minimizes

the average error but also controls its spread across the image:

Lvar =
1

N

∑
i,j

(
Ei,j − Ē

)2
, (A.8)

where E = ypred − ytrue and Ē represents the mean of E over all pixels. By penalizing

deviations from the mean error, this term enforces consistency in prediction accuracy

across spatial regions.

The overall training objective integrates these three components into a single weighted

function:

Loss = Lmse + λ · Lgrad + Lvar, (A.9)

where the hyperparameter λ = 0.1 controls the influence of the gradient regulariza-

tion term. This value was determined empirically through a grid search over λ ∈

{0.01, 0.05, 0.1, 0.2}, with λ = 0.1 providing the most balanced trade-off between pre-

serving smooth phase continuity and maintaining high pixel-wise reconstruction ac-

curacy. Higher values of λ tended to oversmooth the phase surface, whereas smaller

values resulted in residual discontinuities.

Table A.1 presents a comparison between the original and modified loss formu-

lations, highlighting their respective components and contributions to overall model

performance.

Table A.1: Comparison between original and modified loss functions.

Aspect Original Loss Function Modified Loss Func-
tion

Gradient Regularization Loss Yes Yes
Variance of Error Loss Yes Yes
Mean Squared Error No Yes
Final Objective Smoothness + Error Con-

sistency
Smoothness + Error Con-
sistency + Pixel-wise Ac-
curacy

The modified formulation explicitly introduces the Mean Squared Error term, which

enhances pixel-level precision without compromising the smoothness and consistency
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promoted by the original loss components. This combination ensures that VOH-Net

reconstructs globally consistent phase surfaces while preserving fine structural details

required for accurate interferometric analysis.
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Algorithms

B.1 Opimized Phase Unwrapping Algorithm

Phase unwrapping is a critical step in InSAR interferometry, where the accuracy of un-

wrapped phases directly impacts subsequent applications such as deformation mapping

and topographic analysis.

Table B.1: Optimization-Guided Phase Unwrapping Algorithm Steps Using MVO

Step Description
1 Interferogram Generation: Input interferogram I(x, y) = A(x, y) · ejϕ(x,y),

then separate amplitude A(x, y) and wrapped phase ϕ(x, y).
2 Mask Creation: Generate binary mask M(x, y) by thresholding amplitude:

M(x, y) = 1 if A(x, y) ≥ τ · max(A), otherwise 0. Typically, τ = 0.3.
3 Phase Quality Map: Compute PDV-based quality map Q(x, y) =

C(|∂ϕ/∂x|H + |∂ϕ/∂y|B) +D∇2ϕ+Gσ2
local(ϕ) with parameters C,H,B,D,G.

4 Seed Point Selection: Choose starting point (x0, y0) = arg max(x,y)∈M A(x, y)
for phase unwrapping.

5 Guided Flood Fill Unwrapping: Propagate unwrapped phase Φ(x′, y′) =
Φ(x, y) + ∆ϕ(x, y → x′, y′), processing neighbors with valid mask and highest
quality.

6 Objective Function Evaluation: Evaluate unwrapped phase quality using
ND (number of discontinuities) and LD (length of discontinuities): f(PO) =
αND + βLD.

7 Parameter Optimization: Use Multi-Verse Optimizer (MVO) to find opti-
mal parameter vector PO = [C,H,B,D,G] minimizing f(PO), then regenerate
PDV map for robust unwrapping.

This work proposes a novel optimization-guided framework that improves the reli-

ability of phase unwrapping in noisy and discontinuous interferograms. By integrating
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a tunable Phase Derivative Variance (PDV) map into a Guided Flood Fill (GFF)

algorithm, and optimizing its parameters with a Multi-Verse Optimizer (MVO), the

system ensures smoother and more accurate unwrapped phase results while minimizing

discontinuities.

B.2 Voh-Net Algorithm

The proposed VOH-Net model is designed for interferometric phase reconstruction and

follows a symmetric encoder–decoder architecture enhanced with an E-LSTM module.

The encoder extracts multi-scale spatial features from the input wrapped phase map,

which are then processed along horizontal, vertical, diagonal, and anti-diagonal direc-

tions by the E-LSTM to capture long-range spatial dependencies and resolve complex

phase discontinuities. The decoder reconstructs the unwrapped phase map by pro-

gressively upsampling and refining features while incorporating contextual information

from the encoder. The network is trained with a composite loss function that balances

pixel-level accuracy, structural consistency, and phase smoothness, enabling robust

performance under noise, aliasing, and decorrelation effects.

Table B.2: VOH-Net Algorithm Steps (Symbolic Form)

Step Description
1 ψ ∈ R256×256×1: input wrapped phase map
2 Encoder: Pk = AvgPool(ReLU(BN(Conv2D(Pk−1,Wk) + bk))), k = 1..4
3 E-LSTM: Xdir = Reshapedir(P4); Hdir = E − LSTM(Xdir,Wlstm, blstm)
4 Feature Concatenation: H = Concat(Hhor, Hver, Hdiag, Hanti−diag)
5 Decoder: Uk = Conv2DTranspose(Hk−1,W

T
k ) + bT

k ; U ′
k = Concat(Uk, C9−k);

Hk = Conv2D(U ′
k,Wk) + bk

6 Output: ϕ = Conv2D(H8,Wout) + bout
7 Loss: Loss = Lmse + λLgrad + Lvar, λ = 0.1
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Scientific Production
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