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Abstract 

Climate change is a major challenge of our time. Adapting to climate action is an economic and environmental 

imperative. In order to enhance our climate resilience, we need to improve our understanding of climate change 

impacts. Some of the most important impacts are temperature increase, more severe storms, increased drought and 

warming and increasing ocean. Many of these impacts are interrelated and have many associated causes. An essential 

need is to better understand the interdependencies between climate change cause/effect variables.  

Earth observation data have a unique role for improving understanding of climate change, due to the fact that they 

enable monitoring at several spatiotemporal scales with global coverage. Remote sensing technology can improve 

climate change modelling but it also has some limitations. For example, multispectral and hyperspectral sensors can 

provide data only during the day with no cloud coverage. On the contrary, SAR datasets can provide consistent data 

flows day and night. The unprecedented increased volume of SAR/InSAR data can enable approaches that can hugely 

benefit climate change adaptation actions. This dissertation contributes to enhancing the role of time series of 

SAR/InSAR data for three climate change related topics. 

The first topic is the study of TSInSAR methodologies that estimate ground deformations, as well as ground 

deformation relationships with natural agents. Ground deformation is an essential climate change variable which is 

connected to a) increasing groundwater extraction due to increasing droughts; b) permafrost thawing due to increasing 

temperature and c) increased flood/sinking risk over coastal regions.  A thorough analysis of several TSInSAR 

methodologies for ground deformation is presented. First, an accuracy assessment of the vertical component of ground 

deformation which was estimated from multiple orbit TSInSAR results is presented. Then, a detailed performance 

analysis of several TSInSAR methodologies is provided. Next, a wavelet-based methodological approach able to 

capture the relationships between driving factors and ground deformation is developed. Finally, a description of the 

developed software package (INTERFERON) for ground deformation estimation from InSAR data is provided. 

The second topic of this dissertation is the soil moisture estimation from InSAR time series. Soil moisture is an 

essential climate variable which is mainly used for drought monitoring. Climate change is expected to increase the 

probability of longer, intense, and frequent droughts over the world. An innovative methodological approach with its 

open-source implementation (INSAR4SM), able to capture surface soil moisture information over arid regions is 

introduced. A remarkable accuracy (RSME~0.035 m3/m3) of volumetric surface soil moisture estimations over an 

arid region in California, USA at high spatial resolution (250 m) was achieved. 

The third topic of this dissertation is floodwater mapping and monitoring by exploiting SAR time series data. Flooding 

is one of the most impacting environmental hazards that causes huge economic damages. Climate change is expected 

to increase flood events mainly due to extreme precipitation events. A methodological framework for unsupervised 

floodwater mapping and monitoring using Sentinel-1 time series is proposed. Its robust performance (OA~ 0.97, 

Kappa score~ 0.77) was demonstrated over several investigated flood cases around the world by the EMS, Copernicus 

service. An open-source toolbox (FLOMPY) implements the proposed methodological framework and two case 

studies that utilize FLOMPY`s floodwater maps are presented. The first is related to flood damage assessment on 

agricultural regions and the second is a sensitivity analysis of a coupled 1D/2D hydrodynamic model. Both case studies 
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highlighted the FLOMPY`s significant contribution to tackle scientific and socioeconomic issues related to increasing 

flood events due to climate change. 
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ȺəŰŮŰŬɛɏɜɖ ɄŮɟɑɚɖɣɖ (Abstract in Greek) 

ȼ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ ŮɑɜŬɘ ɛɘŬ ɛŮɔɎɚɖ ˊɟɧəɚɖůɖ Űɖɠ Ůˊɞɢɐɠ ɛŬɠ. Ƀɘ ŭɟɎůŮɘɠ ɔɘŬ Űɖɜ ˊɟɞůŬɟɛɞɔɐ ɛŬɠ ůŰɖ 

əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ ŮɑɜŬɘ ŮˊɘŰŬəŰɘəɐ ŬɜɎɔəɖ. ɄɟɞəŮɘɛɏɜɞɡ ɜŬ ŮɜɘůɢɨůɞɡɛŮ Űɖɜ ŬɜɗŮəŰɘəɧŰɖŰŬ əŬɘ Űɖɜ 

ˊɟɞůŬɟɛɞůŰɘəɧŰɖŰŬ ɛŬɠ ůŰɖɜ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ, ˊɟɏˊŮɘ ɜŬ əŬŰŬɜɞɐůɞɡɛŮ ůŮ ɓɎɗɞɠ Űɘɠ ŭɡůɛŮɜŮɑɠ 

ŮˊɘˊŰɩůŮɘɠ Űɖɠ ůŰɞ ˊŮɟɘɓɎɚɚɞɜ əŬɘ ůŰɖɜ ɞɘəɞɜɞɛɑŬ. ɀŮɟɘəɏɠ Ŭˊɧ Űɘɠ ˊɘɞ ůɖɛŬɜŰɘəɏɠ ŮˊɘˊŰɩůŮɘɠ ŮɑɜŬɘ ɖ 

Ŭɨɝɖůɖ Űɖɠ ɗŮɟɛɞəɟŬůɑŬɠ, ŰŬ ɏɜŰɞɜŬ əŬɘɟɘəɎ űŬɘɜɧɛŮɜŬ (ˊ.ɢ. əŬŰŬɘɔɑŭŮɠ), ɖ Ŭɡɝɖɛɏɜɖ ɝɖɟŬůɑŬ əŬɘ ɖ 

Ŭɨɝɖůɖ Űɖɠ ůŰɎɗɛɖɠ Űɖɠ ɗɎɚŬůůŬɠ. Ʉɞɚɚɏɠ Ŭˊɧ ŬɡŰɏɠ Űɘɠ ŮˊɘˊŰɩůŮɘɠ ŮɑɜŬɘ ŬɚɚɖɚɏɜŭŮŰŮɠ əŬɘ ůɢŮŰɑɕɞɜŰŬɘ 

ɛŮ ɛɘŬ ˊɚɖɗɩɟŬ ˊŬɟŬɔɧɜŰɤɜ. ȼ ɏɟŮɡɜŬ ɔɘŬ Űɖɜ əŬɚɨŰŮɟɖ əŬŰŬɜɧɖůɖ Űɤɜ ɛɖɢŬɜɘůɛɩɜ, ůɢɏůŮɤɜ əŬɘ 

ŬɚɚɖɚŮɝŬɟŰɐůŮɤɜ ɛŮŰŬɝɨ Űɤɜ ŬɘŰɘɩɜ əŬɘ Űɤɜ ŮˊɘˊŰɩůŮɤɜ Űɖɠ əɚɘɛŬŰɘəɐɠ ŬɚɚŬɔɐɠ ŮɑɜŬɘ ˊɚɏɞɜ ɞɡůɘŬůŰɘəɐ 

ŬɜɎɔəɖ. 

ɇŬ ŭŮŭɞɛɏɜŬ ˊŬɟŬŰɐɟɖůɖɠ ɔɖɠ ˊŬɑɕɞɡɜ ɛɞɜŬŭɘəɧ ɟɧɚɞ ůŰɖ ɓŮɚŰɑɤůɖ Űɖɠ əŬŰŬɜɧɖůɖɠ Űɖɠ əɚɘɛŬŰɘəɐɠ 

ŬɚɚŬɔɐɠ, ŭɘɧŰɘ ŮˊɘŰɟɏˊɞɡɜ Űɖɜ ůɡɜŮɢɐ əŬŰŬɔɟŬűɐ ˊɚɖɟɞűɞɟɑŬɠ ůŮ ɡɣɖɚɏɠ ɢɤɟɘəɏɠ ŬɜŬɚɨůŮɘɠ ɛŮ 

ˊŬɔəɧůɛɘŬ əɎɚɡɣɖ. Ⱥɜɩ ɖ ŰɖɚŮˊɘůəɧˊɖůɖ ɛˊɞɟŮɑ ɜŬ ɓŮɚŰɘɩůŮɘ ůŮ ɛŮɔɎɚɞ ɓŬɗɛɧ Űɖ ɛɞɜŰŮɚɞˊɞɑɖůɖ Űɖɠ 

əɚɘɛŬŰɘəɐɠ ŬɚɚŬɔɐɠ, ɏɢŮɘ ɞɟɘůɛɏɜɞɡɠ ˊŮɟɘɞɟɘůɛɞɨɠ ˊɞɡ ˊɟɏˊŮɘ ɜŬ ůɡɜɡˊɞɚɞɔɘůŰɞɨɜ. ũɘŬ ˊŬɟɎŭŮɘɔɛŬ, ɞɘ 

ˊɞɚɡűŬůɛŬŰɘəɞɑ əŬɘ ɡˊŮɟűŬůɛŬŰɘəɞɑ ŭɏəŰŮɠ ɛˊɞɟɞɨɜ ɜŬ ˊŬɟɏɢɞɡɜ ŭŮŭɞɛɏɜŬ ɛɧɜɞ əŬŰɎ Űɖ ŭɘɎɟəŮɘŬ Űɖɠ 

ɖɛɏɟŬɠ ɧŰŬɜ ŭŮɜ ɡˊɎɟɢŮɘ ɜŮűɞəɎɚɡɣɖ. ȷɜŰɑɗŮŰŬ, ɞɘ ŭɏəŰŮɠ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ ɛˊɞɟɞɨɜ ɜŬ 

ˊŬɟɏɢɞɡɜ ŭŮŭɞɛɏɜŬ əŬɘ əŬŰɎ Űɖ ŭɘɎɟəŮɘŬ Űɖɠ ɜɨɢŰŬɠ ŬɜŮɝŬɟŰɐŰɤɠ əŬɘɟɘəɩɜ ůɡɜɗɖəɩɜ. ȼ ˊɟɧůűŬŰɖ 

ɟŬɔŭŬɑŬ Ŭɨɝɖůɖ Űɞɡ ɧɔəɞɡ Űɤɜ ŭŮŭɞɛɏɜɤɜ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ ŮˊɘŰɟɏˊŮɘ Űɖɜ ŬɜɎˊŰɡɝɖ ɜɏɤɜ 

ɛŮɗɞŭɞɚɞɔɘɩɜ ˊɞɡ ˊŬɚŬɘɧŰŮɟŬ ŭŮɜ ɐŰŬɜ ŭɡɜŬŰɐ. ɆŰɖ ůɡɔəŮəɟɘɛɏɜɖ ŭɘŭŬəŰɞɟɘəɐ ŭɘŬŰɟɘɓɐ ˊŬɟɞɡůɘɎɕŮŰŬɘ 

ɖ ŭɘŮɟŮɨɜɖůɖ Űɤɜ ŭɡɜŬŰɞŰɐŰɤɜ ɡˊŬɟɢɞɡůɩɜ ɛŮɗɞŭɞɚɞɔɘɩɜ əŬɘ ɖ ŬɜɎˊŰɡɝɖ ɜɏɤɜ ɛŮɗɞŭɞɚɞɔɘɩɜ əŬɘ 

ɚɞɔɘůɛɘəɩɜ ˊŬəɏŰɤɜ ˊɞɡ Ŭɝɘɞˊɞɘɞɨɜ ɢɟɞɜɞůŮɘɟɏɠ ŭŮŭɞɛɏɜɤɜ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ ɔɘŬ ŰɟŮɘɠ 

ɗŮɛŬŰɘəɏɠ ŮɜɧŰɖŰŮɠ, ɞɘ ɞˊɞɑŮɠ ůɢŮŰɑɕɞɜŰŬɘ ɛŮ Űɖɜ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ. ȷɡŰɏɠ ŮɑɜŬɘ ɞɘ ˊŬɟŬɛɞɟűɩůŮɘɠ 

ŮŭɎűɞɡɠ, ɖ ŮŭŬűɘəɐ ɡɔɟŬůɑŬ əŬɘ ɞɘ ˊɚɖɛɛɨɟŮɠ. 

ɄɟɩŰŬ, ŬɝɘɞɚɞɔɞɨɜŰŬɘ ɞɘ ɛŮɗɞŭɞɚɞɔɑŮɠ ŮəŰɑɛɖůɖɠ Űɤɜ ŮŭŬűɘəɩɜ ˊŬɟŬɛɞɟűɩůŮɤɜ Ŭˊɧ ŭŮŭɞɛɏɜŬ ɟŬɜŰɎɟ 

ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ əŬɘ ůŰɖ ůɡɜɏɢŮɘŬ ŭɘŮɟŮɡɜɩɜŰŬɘ ɞɘ űɡůɘəɞɑ ˊŬɟɎɔɞɜŰŮɠ ˊɞɡ Űɘɠ ˊɟɞɝŮɜɞɨɜ. ȼ 

ˊŬɟŬɛɧɟűɤůɖ Űɞɡ ŮŭɎűɞɡɠ ŮɑɜŬɘ ɛɘŬ ɓŬůɘəɐ ɛŮŰŬɓɚɖŰɐ Űɖɠ əɚɘɛŬŰɘəɐɠ ŬɚɚŬɔɐɠ ˊɞɡ ůɡɜŭɏŮŰŬɘ ɛŮ Ŭ) Űɖɜ 

Ŭɨɝɖůɖ Űɖɠ ɎɜŰɚɖůɖɠ ɡˊɧɔŮɘɤɜ ɡŭɎŰɤɜ ɚɧɔɤ Űɖɠ ŬɡɝŬɜɧɛŮɜɖɠ ɝɖɟŬůɑŬɠ ɓ) Űɖɜ Ŭˊɧɣɡɝɖ Űɞɡ ŮŭŬűɘəɞɨ 

ůŰɟɩɛŬŰɞɠ ˊɞɡ ɐŰŬɜ ɛɧɜɘɛŬ ůŮ ˊŬɔŮŰɧ, ɚɧɔɤ Űɖɠ Ŭɨɝɖůɖɠ Űɖɠ ɗŮɟɛɞəɟŬůɑŬɠ əŬɘ ɔ) Űɞɜ əɑɜŭɡɜɞ ɓɨɗɘůɖɠ 

ˊŬɟɎəŰɘɤɜ ˊŮɟɘɞɢɩɜ əŬɘ Ůˊɞɛɏɜɤɠ Ŭɨɝɖůɖɠ Űɤɜ ˊɚɖɛɛɡɟɘəɩɜ ɔŮɔɞɜɧŰɤɜ. ɄŬɟɞɡůɘɎɕŮŰŬɘ ɛɘŬ ŭɘŮɝɞŭɘəɐ 

ŬɜɎɚɡůɖ əŬɘ Ŭɝɘɞɚɧɔɖůɖ ŬɟəŮŰɩɜ ɛŮɗɞŭɞɚɞɔɘɩɜ ŮˊŮɝŮɟɔŬůɑŬɠ ɢɟɞɜɞůŮɘɟɩɜ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ 

ŬɜɞɑɔɛŬŰɞɠ ɔɘŬ Űɖɜ ŮəŰɑɛɖůɖ ˊŬɟŬɛɞɟűɩůŮɤɜ ŮŭɎűɞɡɠ. ɆŰɖ ůɡɜɏɢŮɘŬ, ŭɘŮɟŮɡɜɎŰŬɘ ɖ ŬəɟɑɓŮɘŬ Űɖɠ 

ŮəŰɑɛɖůɖɠ Űɖɠ əŬŰŬəɧɟɡűɖɠ ůɡɜɘůŰɩůŬɠ Űɖɠ ˊŬɟŬɛɧɟűɤůɖɠ Űɞɡ ŮŭɎűɞɡɠ ˊɞɡ ɡˊɞɚɞɔɑůŰɖəŮ Ŭˊɧ ŭŮŭɞɛɏɜŬ 

ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ ˊɞɚɚŬˊɚɩɜ Űɟɞɢɩɜ. ȰˊŮɘŰŬ ŬɜŬˊŰɨůůŮŰŬɘ ɛɘŬ ɛŮɗɞŭɞɚɞɔɘəɐ ˊɟɞůɏɔɔɘůɖ 

ɓŬůɘůɛɏɜɖ ůŮ əɡɛŬŰɑŭɘŬ (wavelets) ɔɘŬ Űɖɜ ŮɝɏŰŬůɖ Űɖɠ ůɡůɢɏŰɘůɖɠ ɛŮŰŬɝɨ ˊŬɟŬɔɧɜŰɤɜ (ŬɘŰɘɩɜ) Űɖɠ 
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ˊŬɟŬɛɧɟűɤůɖɠ əŬɘ Űɖɠ ˊŬɟŬɛɧɟűɤůɖɠ ŮŭɎűɞɡɠ. ɇɏɚɞɠ, ˊŮɟɘɔɟɎűŮŰŬɘ Űɞ ˊŬəɏŰɞ ɚɞɔɘůɛɘəɞɨ 

INTERFERON ˊɞɡ ŬɜŬˊŰɨɢɗɖəŮ ɔɘŬ Űɖɜ ŮəŰɑɛɖůɖ Űɖɠ ˊŬɟŬɛɧɟűɤůɖɠ Űɞɡ ŮŭɎűɞɡɠ Ŭˊɧ ɢɟɞɜɞůŮɘɟɏɠ 

ůɡɛɓɞɚɞɛŮŰɟɘəɩɜ ŭŮŭɞɛɏɜɤɜ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ. 

ȼ ŭŮɨŰŮɟɖ ɗŮɛŬŰɘəɐ ŮɜɧŰɖŰŬ Űɖɠ ˊŬɟɞɨůŬɠ ŭɘŭŬəŰɞɟɘəɐɠ ŭɘŬŰɟɘɓɐɠ ŮɑɜŬɘ ɖ ŮəŰɑɛɖůɖ Űɖɠ ŮŭŬűɘəɐɠ 

ɡɔɟŬůɑŬɠ Ŭˊɧ ůɡɛɓɞɚɞɛŮŰɟɘəɎ ŭŮŭɞɛɏɜŬ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ. ȼ ɡɔɟŬůɑŬ Űɞɡ ŮŭɎűɞɡɠ ŮɑɜŬɘ ɛɘŬ 

ɓŬůɘəɐ əɚɘɛŬŰɘəɐ ɛŮŰŬɓɚɖŰɐ ˊɞɡ ɢɟɖůɘɛɞˊɞɘŮɑŰŬɘ əɡɟɑɤɠ ɔɘŬ Űɖɜ ˊŬɟŬəɞɚɞɨɗɖůɖ Űɖɠ ɝɖɟŬůɑŬɠ. ȼ 

əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ ŬɜŬɛɏɜŮŰŬɘ ɜŬ ŬɡɝɐůŮɘ Űɖɜ ˊɘɗŬɜɧŰɖŰŬ ɔɘŬ ɛŮɔŬɚɨŰŮɟŮɠ, ɏɜŰɞɜŮɠ əŬɘ ˊɘɞ ůɡɢɜɏɠ 

ɝɖɟŬůɑŮɠ ůŮ ɧɚɞ Űɞɜ əɧůɛɞ. ɆŰɖɜ ˊŬɟɞɨůŬ ŭɘŬŰɟɘɓɐ, ˊɟɞŰŮɑɜŮŰŬɘ ɛɘŬ əŬɘɜɞŰɧɛɞɠ ɛŮɗɞŭɞɚɞɔɘəɐ 

ˊɟɞůɏɔɔɘůɖ, ɖ ɞˊɞɑŬ ɡɚɞˊɞɘɐɗɖəŮ ɛŮ Űɖɜ ŬɜɎˊŰɡɝɖ Űɞɡ ɚɞɔɘůɛɘəɞɨ ˊŬəɏŰɞɡ ŬɜɞɘɢŰɞɨ əɩŭɘəŬ INSAR4SM, 

ɔɘŬ Űɖɜ ŮəŰɑɛɖůɖ Űɖɠ ŮˊɘűŬɜŮɘŬəɐɠ ɡɔɟŬůɑŬɠ Űɞɡ ŮŭɎűɞɡɠ ůŮ Ůɟɖɛɘəɏɠ ˊŮɟɘɞɢɏɠ. ɄŬɟɞɡůɘɎɕŮŰŬɘ ɖ 

ŮűŬɟɛɞɔɐ Űɖɠ ůŮ ɛɘŬ ɝɖɟɐ ˊŮɟɘɞɢɐ ůŰɖɜ ȾŬɚɘűɧɟɜɘŬ Űɤɜ ȼɄȷ ɧˊɞɡ ɖ ɞɔəɞɛŮŰɟɘəɐ ŮˊɘűŬɜŮɘŬəɐ ɡɔɟŬůɑŬ 

ŮəŰɘɛɐɗɖəŮ ůŮ ɡɣɖɚɐ ɢɤɟɘəɐ ŬɜɎɚɡůɖ (250 m) ɛŮ ŬɝɘɞůɖɛŮɑɤŰɖ ŬəɟɑɓŮɘŬ (RMSE ~ 0.035 m3/m3). 

ȼ ŰɟɑŰɖ ɗŮɛŬŰɘəɐ ŮɜɧŰɖŰŬ ŬɡŰɐɠ Űɖɠ ŭɘŭŬəŰɞɟɘəɐɠ ŭɘŬŰɟɘɓɐɠ ŮɑɜŬɘ ɖ ɢŬɟŰɞɔɟɎűɖůɖ əŬɘ ɖ ˊŬɟŬəɞɚɞɨɗɖůɖ 

Űɤɜ ˊɚɖɛɛɡɟɘůɛɏɜɤɜ ŮəŰɎůŮɤɜ ŬɝɘɞˊɞɘɩɜŰŬɠ ɢɟɞɜɞůŮɘɟɏɠ ŭŮŭɞɛɏɜɤɜ ɟŬɜŰɎɟ ůɡɜɗŮŰɘəɞɨ ŬɜɞɑɔɛŬŰɞɠ. Ƀɘ 

ˊɚɖɛɛɨɟŮɠ ŮɑɜŬɘ ɏɜŬɠ Ŭˊɧ Űɞɡɠ ˊɘɞ ůɖɛŬɜŰɘəɞɨɠ ˊŮɟɘɓŬɚɚɞɜŰɘəɞɨɠ əɘɜŭɨɜɞɡɠ ˊɞɡ ˊɟɞəŬɚŮɑ ŰŮɟɎůŰɘŮɠ 

ɞɘəɞɜɞɛɘəɏɠ ɕɖɛɘɏɠ. ȼ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ ŬɜŬɛɏɜŮŰŬɘ ɜŬ ŬɡɝɐůŮɘ ŰŬ űŬɘɜɧɛŮɜŬ ˊɚɖɛɛɨɟŬɠ əɡɟɑɤɠ ɚɧɔɤ 

ŬəɟŬɑɤɜ ɓɟɞɢɞˊŰɩůŮɤɜ. ɆŰɖɜ ́ ŬɟɞɨůŬ ŭɘŬŰɟɘɓɐ ˊɟɞŰŮɑɜŮŰŬɘ ɏɜŬ əŬɘɜɞŰɧɛɞ ɛŮɗɞŭɞɚɞɔɘəɧ ˊɚŬɑůɘɞ ɔɘŬ ɛɖ 

ŮˊɘɓɚŮˊɧɛŮɜɖ ɢŬɟŰɞɔɟɎűɖůɖ əŬɘ ˊŬɟŬəɞɚɞɨɗɖůɖ ˊɚɖɛɛɡɟɘůɛɏɜɤɜ ŮəŰɎůŮɤɜ ɢɟɖůɘɛɞˊɞɘɩɜŰŬɠ 

ɢɟɞɜɞůŮɘɟɏɠ ŭŮŭɞɛɏɜɤɜ Sentinel-1. ȼ ŬəɟɑɓŮɘŬ Űɖɠ ɛŮɗɧŭɞɡ (OA~ 0.97, Kappa score~ 0.77) ɡˊɞɚɞɔɑůŰɖəŮ 

ŮɝŮŰɎɕɞɜŰŬɠ ˊɞɚɚɎ ˊɚɖɛɛɡɟɘəɎ ŮˊŮɘůɧŭɘŬ ůŮ ɧɚɞ Űɞɜ əɧůɛɞ, ŰŬ ɞˊɞɑŬ ɏɢɞɡɜ ɛŮɚŮŰɖɗŮɑ Ŭˊɧ Űɖɜ ɡˊɖɟŮůɑŬ 

EMS COPERNICUS. ɇɞ ɛŮɗɞŭɞɚɞɔɘəɧ ˊɚŬɑůɘɞ ɡɚɞˊɞɘɐɗɖəŮ ůŰɞ ˊŬəɏŰɞ ɚɞɔɘůɛɘəɞɨ ŬɜɞɘɢŰɞɨ əɩŭɘəŬ 

FLOMPY. ȺˊɘˊɟɞůɗɏŰɤɠ, ˊŬɟɞɡůɘɎɕɞɜŰŬɘ ŭɨɞ ˊŮɟɘˊŰɩůŮɘɠ ɞɘ ɞˊɞɑŮɠ Ŭɝɘɞˊɞɘɞɨɜ Űɖɜ ŮɝŬɔɧɛŮɜɖ Ŭˊɧ Űɞ 

FLOMPY ˊɚɖɟɞűɞɟɑŬ ɔɘŬ Űɘɠ ˊɚɖɛɛɡɟɘůɛɏɜŮɠ ŮəŰɎůŮɘɠ. ȼ ˊɟɩŰɖ ˊŮɟɑˊŰɤůɖ ůɢŮŰɑɕŮŰŬɘ ɛŮ Űɖɜ ŮəŰɑɛɖůɖ 

Űɤɜ ɕɖɛɘɩɜ Ŭˊɧ ˊɚɖɛɛɨɟŮɠ ůŮ ɔŮɤɟɔɘəɏɠ ˊŮɟɘɞɢɏɠ əŬɘ ɖ ŭŮɨŰŮɟɖ ŮɑɜŬɘ ɛɘŬ ŬɜɎɚɡůɖ ŮɡŬɘůɗɖůɑŬɠ Ůɜɧɠ 

ůɡɕŮɡɔɛɏɜɞɡ ɡŭɟɞŭɡɜŬɛɘəɞɨ ɛɞɜŰɏɚɞɡ. ȾŬɘ ůŰɘɠ ŭɨɞ ˊŮɟɘˊŰɩůŮɘɠ ŬˊɞŭŮɘəɜɨŮŰŬɘ ɖ ůɖɛŬɜŰɘəɐ ůɡɛɓɞɚɐ 

Űɞɡ FLOMPY ůŮ ŰŮɢɜɘəɎ əŬɘ əɞɘɜɤɜɘəɧ-ɞɘəɞɜɞɛɘəɎ ɗɏɛŬŰŬ ˊɞɡ ˊɟɞəɨˊŰɞɡɜ Ŭˊɧ Űɖɜ əɚɘɛŬŰɘəɐ ŬɚɚŬɔɐ.  
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1 INTRODUCTION  

This doctoral dissertation deals with the subject of exploiting SAR and InSAR satellite data for 

estimating ground deformation, soil moisture and for monitoring floodwater. The overall work crosses 

boundaries between earth observation, remote sensing and data science disciplines to identify tools and 

gain unique insights into the dissertation`s subject. This chapter aims to provide a brief introduction 

highlighting the current challenges, the motivation, the objectives and the scientific contributions conducted 

during the dissertation. A detailed description of the contributions of this work are presented in the 

subsequent chapters. 

1.1 Current Scientific Challenges and Motivation 

Climate change is not a future problem, it is a major challenge of our time [1]. The need for climate 

action is an undeniable fact for reducing our risks from the harmful effects of climate change. Adapting to 

climate change poses challenges on whether and how to adapt activities, systems and sectors to a 

continuously changing climate [2]. Moreover, as the frequency of climate-related extremes is increasing 

more economic, social and environmental losses can be caused. Modelling of climate change impacts is a 

crucial step for adaptation planning for a more resilient tomorrow. 

The main impacts of climate change are temperature increase, more severe storms, increased 

drought, warming and increasing ocean, health risks, hunger, poverty, and biodiversity loss [3]. Many of 

these impacts are interrelated and have many associated causes. There is an unmet need to better understand 

the interdependencies between climate change cause/effect variables [4]. Data related to climate risk and 

losses are crucial to push the frontiers of climate change knowledge [5]. Continuous monitoring, reporting 

and evaluation is also essential for a systemic climate change adaptation [1]. Finally, it is important to speed 

up adaptation at a local and global level in order to ensure international climate resilience.  

Earth observation data have been used for improving understanding of climate change. Remote 

sensing enables monitoring at several spatiotemporal scales with global coverage [6]. Exploiting remote 

sensing big data in conjunction with climate models and conventional observations, improved climate 

projections and revealed new climate-related insights. However, remote sensing data uncertainties pose 

challenges for extracting robust information [7]. These uncertainties can be related to biases in sensors 

and/or retrieval algorithms. There is a need for building systems that make better use of remote sensing data 

in climate change adaptation actions. In the next paragraphs, we provide a brief description to some of the 

climate change topics where the use of remote sensing can be beneficial. 
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Ground deformation is related to several climate change impacts. As we already described, water 

scarcity can intensify the groundwater depletion and cause ground subsidence. This may cause serious 

damages in buildings, cultural heritage assets, infrastructures, etc. with severe economic and social impact. 

Another example is that the warming and the temperature fluctuations can cause land degradation over 

permafrost regions [13]. Land degradation leads to increased risks to infrastructure and affects the water 

and carbon cycle by altering the soil freeze-thaw state. Temperature fluctuations are reflected as ground 

deformation mainly due to the freezing and thawing of the permafrost layer close to the ground surface 

[14]. Another climate change impact is related to the sea level rise. In many densely populated coastal areas, 

occurring ground subsidence can increase coastal flood events and magnify the impact of sea level rise 

which will put a lot of regions below relative sea level. Last, but not least, ground deformation is an indicator 

for many anthropogenic activities that are connected to climate change. One of the most important ones is 

mining which is currently responsible for 4 to 7 percent of greenhouse-gas emissions globally [15]. Ground 

deformation monitoring over a mining region is an essential need [16] during operation and also during 

sustainable transformation process [17] to minimize its climate impact. The sparsity of ground equipment 

is considered a huge limitation for understanding and modelling ground deformation dynamics. TSInSAR 

remote sensing technology using SAR data can make a huge impact by providing invaluable ground 

deformation estimations [19]. Moreover, the increasing number of SAR satellites and the unprecedented 

increasing volume of InSAR data offer huge potential for methodological improvements and are important 

motivation factors for this dissertation.  

Climate change increases the probability of longer, intense and frequent droughts over the world 

[8]. Droughts are caused by high evaporation due to temperature warming and by water sparsity due to less 

precipitation. Increased precipitation variability due to climate change can also lead to longer periods of 

droughts. Droughts are directly connected with groundwater [9] usually over agricultural regions. A 

conjunctive analysis is required to better understand the interconnections between drought and groundwater 

to create a better water management plan. For drought monitoring, soil moisture is considered one the most 

essential variables [10]. Due to the limited number of ground soil moisture stations, satellite derived soil 

moisture information is considered an excellent alternative for soil moisture monitoring. For groundwater 

monitoring, due to the sparsity of water-level data and in-situ ground deformation observations, remotely 

sensed ground deformation can be used alternatively [11]. TSInSAR technology can provide accurate 

ground deformation estimations at high spatiotemporal scales which can be used to track groundwater 

fluctuations [12]. 

Flooding is one of the most impacting environmental hazard that causes huge economic damages 

[20]. The climate-related changes in temporal distribution and intensity of precipitation events is expected 

to increase flood risk [21]. To mitigate the flood casualties, remote sensing can provide invaluable data that 
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can be used for flood monitoring and forecasting. Especially SAR sensors which are able to provide data 

under all-weather conditions, day and night, have an essential role in flood monitoring [22]. The big volume 

of SAR data with high spatiotemporal resolution offer huge potential for methodological improvements in 

order to provide accurate floodwater monitoring solutions.  

1.2 Objectives 

The main objectives of this thesis are outlined as follows: 

Objective 1: Assess the performance, interpretability and potential of TSInSAR methodologies for ground 

deformation estimation. This objective can be divided into accuracy assessment of vertical ground 

deformation from multiple track TSInSAR results; comparison methodology based on the results produced 

from different TSInSAR methodologies; discussion of advantages, limitations and critical factors that are 

related to the performance of several TSInSAR approaches and development of a methodology for the 

identification of the driving factors of ground deformation which will help the interpretation of TSInSAR 

estimations. 

 

Objective 2: Development of a methodology for soil moisture estimation using InSAR observations. This 

objective can be divided into a) review of the existing soil moisture estimation approaches that exploit 

InSAR observations; b) innovative methodological workflow and c) real world application to demonstrate 

the performance of the proposed methodology. 

 

Objective 3: Development of a methodological framework for floodwater monitoring using SAR datasets. 

This objective can be thought of as a) development of an unsupervised methodological framework for 

floodwater monitoring/mapping using SAR datasets and b) development of real world applications that 

address problems related to flood modelling and flood disaster assessment. 

 

Objective 4: Release developed research code as open-source software. This objective is inspired by the 

FAIR (Findability, Accessibility, Interoperability, and Reusability) data principles.  

 

1.3 Scientific publications and software 

Most of the work in the framework of this doctoral dissertation has been disseminated through a number of 

scientific publications and published scientific software as listed below.  

 

Journals 
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¶ Karamvasis, K., & Karathanassi, V. (2020). Performance Analysis of Open Source Time Series 

InSAR Methods for Deformation Monitoring over a Broader Mining Region. Remote Sensing, 

12(9), 1380. 

¶ Karamvasis, K., & Karathanassi, V. (2021). FLOMPY: An Open-Source Toolbox for Floodwater 

Mapping Using Sentinel-1 Intensity Time Series. Water, 13(21), 2943. 

¶ Karamvasis, K., & Karathanassi, V. (2022). Soil moisture estimation from Sentinel-1 

interferometric observations over arid regions. Computers and Geosciences. (under review) 

 

Author Contributions:  For all the journal articles, I came up with the idea, designed the methodology, 

implemented all the source code, conducted all experiments and prepared the original manuscript draft. The 

manuscripts were revised and edited by Prof. Vassilia Karathanassi. 

 

Conferences 

 

¶ Karamvasis, K., & Karathanassi, V. (2019). Multi-track N-SBAS Sentinel-1 Interferometry 

focused on opencast mine monitoring: The case study of the Ptolemaida-Florina coal mine in 

Greece. 4th Joint International Symposium on Deformation Monitoring, Athens Greece. 

Author Contributions:  I came up with the idea, designed the methodology, implemented all 

the source code, conducted all experiments and prepared the original manuscript draft. The 

manuscript was revised and edited by Prof. Vassilia Karathanassi. 

¶ Karamvasis, K., & Karathanassi, V. (2021).  Exploring Driving Factors of Ground Deformation 

Using Wavelet Analysis Case Study of Kastoria Lake. FRINGE 2021, ESA, online event. 

Author Contributions:  I came up with the idea, designed the methodology, implemented all 

the source code, conducted all experiments and prepared the original manuscript draft. The 

manuscript was revised and edited by Prof. Vassilia Karathanassi. 

¶ Gounari 0., Falagas A., Karamvasis K., Tsironis V., Karathanassi V., Karantzalos K. (2022): 

Floodwater Mapping & Extraction of Flood-Affected Agricultural Fields. Living Planet 

Symposium Bonn 23-27 May 2022. 

Author Contributions:  I came up with the idea, designed the methodology and implemented 

the source code related to floodwater mapping from SAR data. Olympia Gounari implemented 

the source code related to rule-based crop delineation and conducted the experiment over the 

region of interest. Vasileios Tsironis implemented the U-Net architecture for crop delineation. 

Alexandros Falagas implemented the preprocessing scheme of Sentinel-2 data. I and 
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Alexandros Falagas integrated the developed functionalities into the initial software. The 

manuscript was revised and edited by Prof. Vassilia Karathanassi and Prof. Konstantinos 

Karantzalos. 

¶ Zotou I., Karamvasis K., Karathanassi V., Tsihrintzis V. (2022): Sensitivity of a coupled 1D/2D 

model in input parameter variation exploiting Sentinel-1-derived flood map. 7th IAHR Europe 

Congress. September 7-9, 2022. 

Author Contributions:  My main contribution in this work is the extraction of flood map 

extraction from Sentinel-1 data. Ioanna Zotou came up with the idea, designed the 

methodology, conducted the experiments and prepared the original manuscript draft. The 

manuscript was revised and edited by Prof. Vassilia Karathanassi and Prof. Vassilios 

Tsihrintzis. 

 

Scientific software  

 

¶ IN terferometric Time sERies For dEfoRmatiON (INTERFERON ) In-house software (2018 - 

2022): Permanent and Distributed scatterer interferometry for ground deformation estimation: (will 

be released under  GPLv3 license)  

¶ FLOod Mapping PYthon toolbox (FLOMPY ) GPLv3 license (2021-2022): 

https://github.com/rslab-ntua/FLOMPY  

¶ Interferometric Synthetic Aperture Radar for  Soil Moisture estimation (INSAR4SM) GPLv3 

license (2022): https://github.com/rslab-ntua/InSAR4SM  

1.4 Thesis Roadmap 

The following chapters in this dissertation are briefly summarized below: Chapter 2 constitutes of the work 

related to ground deformation estimation from TSInSAR methodologies. In Chapter 3, we introduce a 

methodological pipeline for estimating soil moisture from InSAR observables (interferometric coherence 

and phase closure) over arid regions. In Chapter 4, the work related to floodwater mapping using 

multitemporal SAR observations is presented. Finally, in Chapter 5 we provide concluding remarks and 

suggestions for future work. 

 

Figure 1.1 Thesis Roadmap  

1. Introduction

2. Ground 
deformation 
from TSInSAR 
methodologies

3.  Soil moisture 
estimation using 

InSAR data

4. Unsupervised 
floodwater 

monitoring using 
SAR data

5. Conclusions & 
future work 

https://github.com/rslab-ntua/FLOMPY
https://github.com/rslab-ntua/InSAR4SM
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2 GROUND DEFORMATION  ESTIMATION  FROM TSINSAR 

METHODOLOGIES  

In Chapter 2, the work related to ground deformation estimation using TSInSAR methodologies is 

presented. In section 2.1, we provide an introduction and specific research questions that we will try to 

answer. Next, in section 2.2, the main theoretical concepts of several TSInSAR algorithmic approaches are 

described. In section 2.3, three case studies using TSInSAR approaches are presented. In the first case study, 

a multi-track TSInSAR approach able to estimate vertical and horizontal over a mining region is presented. 

In the second case study, a performance comparison between three TSInSAR open source implementations 

over an extended mining region is presented. In the third case study, a wavelet-based approach to explore 

the connections of five potential driving factors (surface soil moisture, precipitation, lake water area 

variations, NDVI and ground temperature) with ground deformation results from TSInSAR is presented. In 

section 4, a brief description of the in-house software package Interferon is provided. In Section 5, the 

conclusions regarding TSInSAR studies for ground deformation estimation are presented. 

2.1 Introductio n 

Ground deformation information can be acquired from various techniques. Traditional ground-

based methods such as leveling and GNSS (Global Navigation Satellite System) are widely used and 

considered the most accurate and well-developed methods [23]. However, for extended areas, the 

aforementioned techniques are labor-intensive and limited in spatial coverage and density. By contrast, 

TSInSAR can obtain surface deformation along the LOS exploiting the phase information of the SAR 

images acquired at different times.  

TSInSAR techniques were proven to be powerful tools and have gained increasing attention 

because they can provide at all-times, all-weather deformation information in a wide area. This is related 

to the recent advances in terms of the temporal/spatial resolution and coverage of satellite data, the 

processing chains and the increase of the computational capabilities (parallel processing, cloud computing) 

[24]. A lot of TSInSAR techniques have been developed and widely applied in many fields such as 

earthquake displacement [25], volcanic activity [26], groundwater/gas extraction [18], landslides instability 

[27], [28], urban subsidence [29], and mining activity [30]. A brief summary of the most important 

TSInSAR methods is presented in the next paragraphs. 

The oldest and first group of TSInSAR approaches focuses on a subset of points (called measurement 

points) that have high phase stability and are referenced as persistent scatterer (PS) methods [31]ï[34]. PS 

methodologies extract the measurement points from a single-master network interferograms and can 

achieve even submillimeter accuracy [35]. The main selection strategies of the measurement points are 
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based on their phase variation in time [31] or on the correlation of their phase variation in space [34]. Many 

applications of PS methods can be found for urban environments. An open-source implementation of a PS 

methodology is provided by Stamps toolbox [34], [36]. 

The second group of TSInSAR approaches focuses on exploiting a redundant network of multi-master 

interferograms that have small temporal and spatial baselines. These approaches are referred to as Small 

BAseline Subset (SBAS) methods [37]. The network of the SBAS methods consists of unwrapped 

interferograms that can be fully-connected or form isolated clusters over time. Fully-connected networks 

are inverted using least square estimation or L1-norm minimizations [38]. Non-fully connected networks 

are inverted/solved using singular value decomposition or a regularization constraint to obtain physically 

sound solutions [37], [39]. Open source implementations of SBAS methodologies are provided in several 

software packages, such as GMTSAR [40], Giant [41], Stamps [36], MSBAS [42], Pyrate [43] and, Mintpy 

[44]. 

The third group of TSInSAR approaches exploits all the possible interferograms of a given set of SLC 

acquisitions [45]ï[47]. Similar to the aforementioned techniques, the goal of the network inversion is to 

obtain optimal and noise-limited phases of the given SAR acquisitions. Maximum likelihood estimator [48] 

and eigenvalue decomposition of the covariance matrix [49], [50] are some of the tools that can be used for 

optimal phase estimation. The main characteristic of these methods is that the network inversion is 

performed before phase unwrapping. Another important characteristic of these methods is the preprocessing 

of the distributed scatterers in order to be processed by PS algorithms. The preprocessing step enables the 

joint processing of distributed and persistent scatterers, which increases coverage with high accuracy 

deformation retrieval. This is due to the fact that the estimator of a distributed scatterer signal provides 

triangular phase that enables spatiotemporal (3D) unwrapping, which is superior to 2D unwrapping [51]. 

The main limitation of these techniques is the computational complexity given the big volume of SAR data. 

The unprecedented availability of open SAR data, open source interferometric software packages as 

well as the ready-to-use interferometric products such as ground displacement maps, resulted in their wide 

use by a range of stakeholders such as scientists, institutional organizations and the commercial sector. 

Furthermore, in recent years, many algorithmic approaches and improvements able to exploit the large 

amount of multi-temporal interferometric SAR data and provide high accuracy ground deformation results 

have been developed. However, the repeatability and the reliability of multi-temporal interferometric 

processing still remains an open issue, mainly due to the ongoing and continuous algorithmic improvements 

[52]. Different processing methodologies may produce inconsistent ground displacement results. Moreover, 

the high complexity of the interferometric SAR signals makes interpretation a challenging task [53]. 

In this chapter, the three published case studies related to ground deformation from TSInSAR 

methodologies are presented. In the framework of this dissertation, the main objectives of this chapter are: 
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¶ Examine the accuracy of vertical ground deformation estimations from multiple track TSInSAR 

results. 

¶ Develop a comparison methodology for results from different TSInSAR methodologies. 

¶ Present the positive and negative sides of several TSInSAR approaches in respect to environmental 

conditions, accuracies and spatial coverage.  

¶ Present the critical factors that are related to the performance of several TSInSAR approaches and 

present some best practices. 

¶ Develop a methodology for identification of driving factors of ground deformation that will help 

the interpretation of TSInSAR estimations. 

2.2 Description of TSInSAR methodologies/implementations 

 

Figure 2.1 Interferogram network types a) fully connected network for Mintpy, Giant and Stamps/MTI approaches b) 

single master network for Stamps-PS approach 

2.2.1 Mintpy -Miami InSAR Time -Series Software in Python 

The Mintpy toolbox is a python 3 software for small baseline InSAR time series analysis. The input 

is a stack of differential interferograms that form a fully connected network (Figure 2.1a). Interferograms 

have to be already unwrapped with small geometric perpendicular and temporal baselines for maximizing 

their quality. For modern SAR constellations with small orbital tube and short revisit time, such as Sentinel-

1, a fully connected network of interferograms can easily be formed. The input stack can be generated using 

among other tools, the Interferometric SAR Scientific Computing Environment ISCE [54]. The main steps 

of the interferometric processing performed by ISCE are orbit correction, de-burst, co-registration, 

interferogram generation and adaptive filtering, subtraction of topographic phase using given Digital 

Elevation Model (DEM) and 2D (space) unwrapping. 
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The Mintpy toolbox consists of three main processing steps a) the raw interferometric phase time 

series calculation b) the correction of the raw phase time series from error sources and c) the noise 

evaluation step that results in the exclusion of noise SAR acquisitions and the final calculation of noise-

reduced displacement time series. Moreover, in order to have a quality index for the extracted deformation 

values, temporal coherence is calculated for each pixel according to [55]. 

The first processing step of Mintpy is the inversion of the input redundant, fully connected stack 

via an unbiased weighted least square estimator in order to acquire raw time series of interferometric phase 

for each date. The weight information can be related with a uniform behavior or no weighting [37], spatial 

coherence at pixel level [56], [57], inverse of the phase variance [58], and nonparametric Fisher information 

matrix (FIM) [50], [59]. For this study, only the inverse of the phase variance weighting was selected 

because, according to [48] and for a small number of looks [44] the inverse of phase variance as a weighting 

factor gives the most robust and one of the best performances for network inversion. 

The second processing step is the correction of the raw inverted phase time-series from phase error 

sources at the time domain. Deterministic components such as tropospheric delays, topographic residuals 

and/or phase ramps are preserved after inversion and can be suppressed in the time-series domain in order 

to obtain a time series of noise-reduced displacement. Moreover, a correction scheme of 2D unwrapping 

procedure errors with a variety of approaches is offered. The unwrapping correction method that was 

selected is related with the phase closure of triplets of interferograms, based on the assumption that the 

SAR phase field is conservative [25]. 

The third processing step is the noise evaluation of each SAR acquisition in terms of residual phase. 

Mintpy considers the residual phase as a combination of residual tropospheric turbulence, uncorrected 

ionospheric turbulence, and the remaining decorrelation noise. The root mean square error of the residual 

phase is calculated for each SAR acquisition after a quadratic deramping [60] over the reliable pixels that 

are used in the network inversion. The identified noisy acquisitions are excluded and the topographic 

residual and velocity estimation is performed for a second time. 

2.2.2 Giant - Generic InSAR Analysis Toolbox 

The Giant toolbox [41] was developed for small baseline InSAR time series analysis in python 2. 

It requires a stack of differential geocoded or slant-range unwrapped interferograms (Figure 2.1a) for the 

extraction of ground deformation time evolution information. The input interferogram stack can be 

generated among other tools using ISCE [54].  
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The first step is the preparation of the interferograms stack by applying phase correction schemes. 

Firstly, a deramping correction scheme at a network level [25], [61] is applied. Secondly, a tropospheric 

correction scheme based on ERA-5 atmospheric model [62] is applied. 

The next step is the inversion of the interferograms stack to obtain deformation information. 

Conventional SBAS [37], NSBAS [39], [62], [63] and Multiscale InSAR Time-Series MInTS [64] are the 

available inversion choices. Conventional SBAS uses singular value decomposition to redundant 

information from the interferometric stack to provide ground deformation time series. The main difference 

of NSBAS with respect to the conventional SBAS technique is that NSBAS includes constraints from user 

predefined temporal functions to join islands of disconnected interferograms. The main differences of 

MInTS with respect to conventional SBAS technique are firstly the transformation of the interferometric 

phase into the wavelet domain before the temporal inversion and secondly the description of the time 

evolution of the ground deformation by predefined functions. In all the strategies, the inversion operation 

is performed in each pixel separately subject to coherence and valid number of observation criteria. In this 

dissertation, only Giant-NSBAS approach was considered. 

2.2.3 Stamps - Stanford Method for Persistent Scatterers 

Stamps consists of a PS and a combined PS and SBAS (Stamps/MTI) processing workflow which 

are briefly described below. Comprehensive algorithm descriptions can be found in [33], [36], [65]. 

The Stamps-PS approach (Figure 2.1b) is based on spatial correlation of interferometric phases. 

Conventional PS methodologies [31] extract deformation over high amplitude pixels assuming a well-

defined phase history. Furthermore, the phase history of each pixel is compared with a predefined temporal 

deformation model. Stamps-PS implementation is based on the stable spatial phase characteristics and is 

able to extract deformation over low-amplitude pixels without prior knowledge of temporal deformation 

behavior. However, the assumption that the deformation is spatially correlated is not true for isolated 

movement of individual scatterers which are considered as noise. Stamps-PS approach has a lot of 

applications in urban and non-urban areas like volcanic regions.  

The combined Stamps/MTI approach (Figure 2.1a) is able to combine information from PS and 

SBAS at a full resolution and have some clear advantages over conventional multilooking SBAS 

approaches. It was observed that multilooking procedure may include pixels that completely decorrelate 

and add noise to the multilooked pixel. In this direction, adaptive multilooking approaches have been 

developed [46]. The full resolution processing that Stamps/MTI adopts, mitigates the noise from traditional 

boxcar multilooking procedures. Moreover, Stamps/MTI performs the unwrapping of the phase in three 

dimensions (space and time) and therefore produces more robust results in respect to two dimensional 

(space) unwrapping algorithms [34].  
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Both approaches include a selection strategy of pixels that the deformation information will be 

extracted. First, for computation reduction reasons an initial selection of pixels that are expected to be either 

persistent scatterers or slowly-decorrelating filtered phase (SDFP) pixels through amplitude dispersion 

analysis [65] is performed. For the selected pixels, a spatially-correlated part of interferometric phase is 

estimated by bandpass filtering of the surrounding pixels. The spatially-correlated part consists of phase 

due to ground displacement, atmospheric phase delay, orbit errors and spatially-correlated height error. 

Moreover, for each measurement point, a spatially-uncorrelated height/DEM error is estimated from its 

correlation with perpendicular baseline. By subtracting the spatially-correlated part and the spatially-

uncorrelated height error from raw wrapped interferometric phase a temporal coherence metric is calculated 

for each measurement point. Then, a thresholding approach on the aforementioned coherence metric is 

performed to select the measurement points that are going to be processed. 

2.3 Ground deformation case studies 

2.3.1 Multi -track N-SBAS Sentinel-1 Interferometry focused on opencast mine monitoring: The 

case study of the Ptolemaida-Florina coal mine in Greece 

2.3.1.1 Introduction  

Deformation monitoring in mining areas has a great importance because mining activities impact 

the nearby environment and may cause severe mining hazards [66]. From the ñinterferometricò point of 

view, the mining areas have some special issues that have to be addressed. First of all, it is the loss of 

coherence that is usually caused by the mining operations that prevent the detection of ground surface 

deformation [67]. Secondly, the low density and the inhomogeneous distribution of persistent scatterers in 

the mining regions limit the use of high-accurate persistent scatterer methods [68], [69]. In contrast, SBAS 

techniques allow the measurement of surface displacements in low reflectivity areas like scattered outcrops, 

bare soil areas, debris areas that are usually found in mining regions [70]. 

In this study, a Sentinel-1 multi-track methodology based on N-SBAS [39] is presented. The main 

objective of this case study is to explore the deformation monitoring ability of the proposed methodology 

in mining regions. The case study of the Ptolemaida-Florina coal mine in Greece helped us to outline the 

strengths and the limitations of the proposed methodology. Validation between multi-track N-SBAS and 

levelling measurements was conducted. The output of this case study shows the effectiveness of the 

Sentinel-1 constellation for the monitoring of ground subsidence over non-active mining areas. The results 

can be useful for management, risk analysis and planning of mining operations. 
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2.3.1.2 Methodology 

One of the limitations of deformation measurements made with TSInSAR techniques is that they 

provide only one component of the surface deformation in the satelliteôs line of sight (LOS) [71]. The 

availability of ascending and descending tracks of Sentinel-1 constellation that cover the same region is 

important in order to resolve the 3D surface deformation. Each orbit/track can yield only a single 

deformation measurement along LOS (Figure 2.2) so multiple orbits should be exploited in order to estimate 

northing, easting and vertical components.  

 

Figure 2.2 The SAR imaging geometry and the relationship between LOS deformation and 

the vertical, North-South and East-West components. ɗ and Ŭ are the radar incidence angle 

and the orbit azimuth angle, respectively. 

According to Figure 2.2, the following equation derives [71], [72]: 

 

Ὠ Ὠὧέί—ίὭὲ—ὨίὭὲ‌Ὠὧέί‌ (2.1) 

Where  Ὠ  deformation along LOS;  ὨȟὨȟὨ  vertical, North-South, East-West deformation 

components; ‌  heading angle; —  incidence angle 

 From a theoretical point of view, in order to be able to resolve the 3D deformation components at 

least three LOS deformation measurements are required. Due to the high computational cost to obtain 

deformation time series for three tracks, a method that combines information from neighboring pixels is 

proposed. The main assumption of the method is that a subset of the neighborhood pixels share the same 

deformation behavior with the central pixel for which we want to obtain the 3D deformation components. 

The neighborhood pixels are defined by a 3x3 window. The gradient information is the criterion for 

neighborhood pixel selection. Gradient is estimated using a DEM with better resolution than the SAR grid. 

Two neighborhood pixels with the most similar gradient with the central pixel are selected for the solution 
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of the system of equations (2.1). In the following section a case study in Ptolemaida-Florina mine is 

presented. 

2.3.1.3 Study area and datasets 

The area of interest is located in the region of Western Macedonia (Kozani), Greece, which is 

considered one of the most important industrial areas in Greece. In particular this work focuses on a part of 

the Ptolemaida-Florina opencast lignite mine, illustrated in the left part of Figure 2.3. Due to the mining 

activities in the AOI ñunstableò regions were delineated. In Figure 2.3, the ñunstableò regions are denoted 

with a gray color. In these regions, TSInSAR techniques cannot provide reliable results due to strong 

decorrelation of the SAR signal. The main objective of the case study is to examine the stability of the zone 

along ñSoulouò water stream that could potentially provide insights about the risks of the existing 

transportation network inside the mining area. For the validation of the results of the proposed methodology 

10 leveling points located in the buffering zone along the ñSoulouò water stream have been used. 

A total of 249 Sentinel-1 TOPS IW acquisitions from the descending track 80 and the ascending 

track 102, spanning two and a half years have been processed. Around 1400 interferograms were created 

and processed with the multi-track Giant-NSBAS technique that was described in the previous section. The 

processed area is about 4x8 km2. The earlier scene of each orbit stack was selected as the zero-deformation 

reference image. As an external DEM, a photogrammetric DEM with ground pixel size of 5 m, provided 

by KTIMATOLOGIO S.A. is used. 
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Figure 2.3 Study area (part of Ptolemaida-Florina coal mine) and available datasets 

(Sentinel-1 and leveling). Reference system is WGS84 UTM34N. The background image 

is a very high resolution optical image © Google Earth Copyright 2018 

2.3.1.4 Results and validation 

In this section the most significant results are reported and analyzed. In Figure 2.4 the cumulative 

displacements for the time period from the start of 2016 till the half of 2018 are presented. The pixel size 

of each map/grid in Figure 2.4 per each component is 15m. It can easily be identified that the vertical 

displacement values are relatively higher than in the other directions. Looking closely at the vertical 

component the subsidence zone (red ellipse) close to the active mining regions (gray regions) can be 

identified. It is important to state that for each point in the grid the time series of displacement are calculated. 

Inside the subsidence zone, the time series displacement information of a point (bottom right of Figure 2.4) 

is presented. Different linear components of the deformation in a time sense can be identified. The 

decreasing behavior of the subsidence rates is clearly evident. 
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The validation procedure has been performed by comparing the vertical component of multi-track 

N-SBAS approach with the levelling measurements in the levelling points close to the subsidence zone 

(Figure 2.5). In Figure 2.5, for each point, the evolution of the subsidence according to leveling 

measurements and to multi-track Giant-NSBAS estimations (denoted as SAR estimations) is presented. In 

most cases, SAR estimations tend to overestimate subsidence values. On the other hand, the subsidence 

rates between the two different methods are in good agreement. The overall RMSE between all (160) the 

leveling measurements at 10 leveling points and the multi-track N-SBAS estimations is 1.07 cm. 

Figure 2.4 Cumulative displacement components from 

10/1/2016 to 5/7/2018. Time series of displacement 

inside the subsidence zone (bottom right). 

Figure 2.5 Time series of vertical ground deformations in 

correspondence of six locations the subsidence zone. The 

nearest centroid of the deformation grid was selected 

according to location of the leveling point. 
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2.3.1.5 Discussion and conclusion 

The above results demonstrate that the subsidence zone along a part of the ñSoulouò water stream 

can be identified by the proposed methodology. In particular, subsidence and subsiding trend can be 

estimated with centimetric accuracy with the proposed technique over a complex mining environment. The 

subsidence is possibly connected with operations in the mine. However, the interpretation of the 

measured/observed deformation patterns is a complex task and requires the knowledge of the geological, 

tectonic, hydrogeological and geotechnical conditions. A deeper understanding of the subsidence 

mechanism requires more investigation. 

The validation of the methodology for average subsidence values and subsidence rates showed that 

the proposed method can provide high temporal/spatial resolution and accurate subsidence information. In 

other studies such as [46], millimetric accuracy level has been achieved using an approach mainly based on 

persistent scatterer interferometry. Due to the absence of persistent scatterers in the study area, the 

centimetric level of accuracy is considered satisfactory. Combining InSAR and leveling measurements can 

be a good strategy to better monitor the subsidence of the area of interest. One possible solution for better 

monitoring of the subsidence phenomena can be the following: (1) to detect the hotspot areas using the 

multi-track Giant-NSBAS technique over the whole region and; (2) to plan ground survey measurements 

and collect precise ground information about the hotspot areas. 

One of the most important limitations of the proposed method is related to the orientation and the 

slope of the ground. In steep-slope regions, the reliability of the interferometric estimations is decreased 

mainly due to geometric distortions of the SAR signal [23]. The geometric distortions also affect the spatial 

resolution of the SAR sensor which will cause lower spatial resolution of the final deformation results. 

Another limitation factor of the proposed method is the 1- dimensional measurement of SAR 

systems in the LOS direction [71]. Moreover, due to the current near-polar orbiting SAR sensors the 

accuracy of each estimated component is different. The north component is considered the most difficult to 

determine, due to the small angular separation of the different LOSs in respect to the South-North direction 

[71]. In other studies, 3D deformations have been resolved using offset-tracking azimuth techniques [73] 

and  multi-aperture InSAR  techniques [68], [74]. The aforementioned techniques are valuable tools mainly 

in studies of large-scale displacement events like earthquakes, volcano eruption, glacier dynamics but they 

cannot provide sufficient accuracy for small-scale deformation phenomena [75]. The proposed approach 

which is based on the combination of multiple track interferometric results can produce estimations with 

sufficient accuracy at the vertical direction. Even though a lot of methods that resolve the 3D deformation 

components have been developed, it remains unclear which approach is the most suitable for each case 

[75].  



Ground deformation estimation from TSInSAR methodologies 17 

 

 

 

One of the benefits of the proposed method is that the produced results can support decision makers 

for mining risk management and disaster awareness. The fact is that active mining operations are well 

monitored by the mining authorities. However in abandoned mines or abandoned regions of the mines even 

though they have been considered secured, hidden factors can cause geohazards at any time [76]. The 

proposed method can provide critical information to mitigate fatalities and ensure the safety of mining 

operations and local societies during pre-mining, mining and post-mining periods. 

The multi-track Giant-NSBAS method yielded deformation results with centimetric level of 

accuracy at the vertical component. It has to be tested in regions with different conditions and to be 

compared with other methods. The results of the proposed method can be used for further planning of the 

ground surveys from mine authorities. Using Sentinel-1 free data the proposed method can provide regional 

coverage and continuous delivery information with no cost. The produced results can support decision 

making authorities for risk mitigation and sustainability. 

2.3.2 Performance Analysis of Open Source Time Series InSAR Methods for Deformation 

Monitoring of Ptolemaida-Florina coal mine 

2.3.2.1 Introduction  

Ground movements and surface deformation on mines can lead to instabilities and slope failures 

that can cause risks to personnel, equipment and production [77]. The main limitations in our ability to 

monitor deformation in mining regions are the difficult and fast changing conditions caused by the ongoing 

mining activity. In order to successfully monitor the complex spatial and temporal behavior of the 

deformation in mining regions, a monitoring system with suitable spatial density of measurement points 

(MPs) with a high measurement frequency is required. In most cases, the monitoring techniques of such a 

system can be divided into two main categories. The first category is related to surveying techniques that 

determine the absolute and relative positions of certain points. The most popular surveying instruments that 

are commonly used are GNSS (Global Navigation Satellite Systems), total stations, levels, Terrestrial Laser 

scanners, Ground-based SARs, and photogrammetric cameras. The second category is related to the use of 

geotechnical equipment such as extensometers, piezometers, inclinometers etc. The aforementioned 

conventional techniques can provide high quality measurements but are limited by their operation and 

maintenance cost. 

Due to the high maintenance and operation cost of the aforementioned deformation monitoring 

strategies, alternative approaches based on remote sensing data can potentially improve the monitoring 

procedure in terms of cost and accuracy. TSInSAR methodologies are capable to extracting the time series 

of ground deformation from a set of SAR acquisitions [78]. In the mining world, to our knowledge, there 

are only a few organizations that are using TSInSAR deformation results in existing deformation 
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monitoring systems. Open source tools play a crucial role in this respect. Nowadays, the availability of the 

TSInSAR algorithms will enable mining organizations and interested stakeholders to generate their own 

SAR derived ground deformation estimations. Given the fact that most of the mining organizations perform 

ground surveys for deformation measurements, open source TSInSAR estimations can be assessed and 

validated, and capabilities and limitations of each TSInSAR approach can be pointed out. However, an 

assessment and comparison approach of the results between different TSInSAR approaches and the in-situ 

measurements is missing. In fact, this will not only provide best practices and insights on the preferred 

existing methodological strategies over mining regions but also will potentially support the rapid evolution 

of algorithmic approaches that will make optimal use of big data in terms of accuracy and computational 

cost. Therefore, the following comparison methodological framework is proposed. 

2.3.2.2 Comparison framework 

The proposed comparison methodological framework consists of three steps. The first step is the 

conversion of the TSInSAR results to vector GIS compatible format with common attributes. Raster 

datasets from each of the selected open source TSInSAR tools (Stamps, Giant, Mintpy) are converted to 

TSInSAR point vector datasets mainly for visualization reasons and also to benefit from GIS processing 

tools. The common structure of the vector data from different TSInSAR tools is suitable for post-processing 

and comparison analysis.  

The second step is the identification of the homologous points between the different TSInSAR 

point vector datasets. For every pair of vector datasets, a set of points for comparison is selected using a 

geographical distance criterion. For every point in the first TSInSAR result, the point from the second 

TSInSAR result with the nearest distance is selected. If this distance is below the predefined geographical 

distance, then this pair of points will be compared. For each pair of TSInSAR point vector datasets, a vector 

file including the comparison points is created. 

The third step is the calculation of the similarity metrics for each point. Similarity metrics are 

important for an insightful comparison of time series data. The selection of the similarity metrics is required 

for optimizing grouping that can potentially reveal distinctive time-dependent processes related with 

deformation or noise sources. The Euclidean distance metric was selected because a) can provide robust 

results in a wide range of applications [79] and b) can provide insights because the unit have the same units 

as the input data. Moreover, the dynamic time warping method [80] has been used. Dynamic time warping 

method can handle time series that donôt share the same exact time of observations, like the deformation 

time series that have different observation dates when they come from different sensors, different orbit 

geometries or result from different algorithms that exclude some observation dates. The Euclidean distance 
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metric is expressed as the RMSE by setting the one TSInSAR point vector dataset as a reference dataset 

and the other as test dataset. RMSE is calculated according to the following formula: 

ὙὓὛὉ
В Ὠ Ὠ

ὔ ρ
 (2.2) 

Where, ὔ  is the total number of common used SAR acquisitions for methods A and B, Ὄὖ is the 

homologous point that is and, Ὠ  is the ὭὸὬ LOS deformation estimation of method A. 

The above steps enable the spatial identification of agreements and disagreements between TSInSAR 

results in terms of deformation and deformation rates. The spatial identification of these agreements can 

provide insights regarding the performance of each algorithm. The interested user can focus on particular 

regions to identify the common deformation patterns or to search potential uncorrected error sources among 

the different TSInSAR results. 

2.3.2.3 Study area  

The area of interest is located in the region of Western Macedonia, in Greece, which is one of the most 

important industrial areas of the country. The land cover classes in the area can be categorized into three 

main classes according to Corine level-1 land cover classes [81]: artificial surfaces, agricultural areas and 

forest/semi-natural areas. Interferometric coherence is different for each land cover class and is exploited 

in a lot of land cover classification studies [82], [83]. The different backscattering properties of each land 

cover can affect the density of the TSInSAR measurements [84] as well as their expected accuracies. 

 

Figure 2.6 Corine land cover level-2 classes of the study area (Source Copernicus Land Monitoring Service [81]). 

a) The spatial extent of the AOI is denoted with the red dashed rectangle. b) Sentinel-1 footprint is denoted with 

filled red rectangle. Reference system is WGS84. © Google Earth background map Copyright 2018. 
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Active mining regions due to fast changing conditions need special treatment. There are regions 

inside the mine that are under work for certain time periods and other regions that are inactive. Fast 

changing surface properties result in temporal decorrelation. The study area is included in the dashed red 

rectangle and is around 357 km2. This work focuses on the part of the Ptolemaida-Florina opencast coal 

mine, which covers around 90 km2, illustrated with gray color in Figure 2.6a. Since the 1960s, Ptolemaida-

Florina mine has been one of the main sources of energy production for the country and is owned by Public 

Power Corporation S.A.-Hellas [85]. Since 2020, according to the European Commission, the particular 

coal region is included in the transition initiative that will lead to mine closure. The gradual decrease of 

mining operations is an interesting subject for the study of post-mining deformation using TSInSAR 

techniques. 

2.3.2.4 Datasets 

Due to the expected temporal decorrelation of the mining regions, SAR data from short revisiting 

(6-day) Sentinel-1 constellation from ESA (European Space Agency) are used. Sentinel-1 consists of two 

satellites namely, Sentinel-1A and Sentinel-1B that were launched in 2014 and 2016, respectively. Sentinel-

1 constellation is a polar-orbiting radar imaging system working at C-band (~5.7 cm wavelength). A total 

of 125 Sentinel-1 TOPS IW acquisitions from the descending track with relative orbit number 80, dating 

from 2016 till middle of 2018 have been processed. All the data are in the Single Look Complex (SLC) 

format and only the VV polarization is considered. All the employed S1 acquisitions were snow-free. The 

input SLC stack is prepared using ISCE Topstack functionality [86]. 

Due to the great importance of the stability of the transportation network, leveling measurements 

were performed in the ñSoulouò region from June 2016 to the end of 2016. Leveling measurements for 7 

points that are located inside the ñSoulouò region Figure 2.7 are used for the validation of the TSInSAR 

results. 
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Figure 2.7 In-situ deformation measurements. a) Location of levelling points in Soulou region (light 

blue rectangle). b) The spatial extent of the AOI. Reference system is WGS84. © Google Earth 

background map Copyright 2018. 

As an external DEM, a photogrammetric DEM with ground pixel size of 5 m, provided by 

KTIMATOLOGIO S.A is used. The aforementioned DEM was created in the years 2008-2009 and is more 

recent in respect to the SRTM DEM. 

2.3.2.5 Experimental Results 

In this section the generated results of the selected algorithms from the open source TSInSAR 

software packages are presented (Figure 2.8). It is important to state, that because of the high inconsistencies 

in the connected components of the 2D unwrapping procedure resulting from the available 12-day 

interferograms at the start of 2016, the Mintpy processing was performed only for 6-day interferograms 

(from October of 2016 till June of 2018). Stamps and Giant results refer to the time span from January 2016 

till June 2018. All the results are differential in space and time. They are spatially related to the same 

reference point (Figure 2.8) that is located in a very high coherent region of Ptolemaida town. Temporally, 

the latest date of the SAR acquisition dataset is selected for all the approaches. The temporal reference has 

been changed to the first available satellite acquisition after the inversion of each algorithm approach. All 

the results are referring to the LOS sensor to target direction.  
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Figure 2.8 LOS deformation rate results of open source TSInSAR approaches. a) Google earth optical image 

at 2018. AOI is denoted with the red dashed rectangular. Mining region is denoted with purple polygon. b) 

Temporal coherence of the SAR dataset from Mintpy. c) Stamps Permanent Scatterers (PS) results d) 

Stamps/MTI results e) Mintpy-WSBAS results f) Giant-NSBAS results. Red color indicates subsidence while 

blue showing uplift. 

In Figure 2.8, it is obvious that the density of measurement points for each selected algorithm is 

varying. The following can be related with the temporal coherence Figure 2.8b that can be considered as an 

index for the resulting point density. Temporal coherence can yield values from zero to one. According to 

Figure 2.8, over bright regions such as urban areas, rocks, roads, abandoned parts of mining regions, which 

preserve their scattering properties, a high density and good quality result is expected. Over the darker 
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regions, such as forests, crops, and active mining regions, due to temporal decorrelation, a sparse and low 

quality result is expected. In particular, the Stamps-PS method yielded around 100K measurement points 

over the high coherence regions. Using the combined Stamps approach that merges PS and SBAS results 

the measurement points increased to 135K. It is important to state that oversampling is not implemented in 

the Stamps processing chain, something that is expected to increase the density of MPs [87]. Mintpy-

WSBAS and the NSBAS approach that is included in the Giant toolbox outperformed in terms of 

measurement point density and yielded 900K and 1300K points, respectively. Spatial patterns of ground 

deformation can be extracted easier from the results of these TSInSAR approaches.  

All the algorithms performed similarly over urban areas. The deformation rate of spatial patterns 

inside the mining area are in agreement for Stamps/MTI, Mintpy-WSBAS and Giant-NSBAS approaches. 

Discrepancies between TSInSAR results can be found over low-medium coherent vegetated regions. Even 

though the Mintpy-WSBAS and Giant-NSBAS approaches yielded denser results their quality is 

questionable in vegetated regions. The deformation picture of the vegetated regions is similar for Stamps-

PS and Stamps/MTI results, only. Thus, further investigation is required to identify and mitigate effects 

from potential noise sources such as the soil or/and vegetation moisture in forest, mountainous and crop 

field regions. 

2.3.2.6 Cross-comparison 

An RMSE metric is calculated for each pairwise combination of the results provided by the methods. 

For each pairwise combination, the results of one method are selected as a reference dataset and the results 

of the second method as a test dataset. RMSE metric is calculated for all the homologous points that are 

present in both results. Homologous points are selected based on the second step of the comparison 

methodology [2.3.2.2] using a 10m geographical distance criterion. 
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Figure 2.9 Deformation (a) and deformation rate (velocity) (b) RMSE values for each Corine land cover level-2 class 

in the AOI. 

The deformation and deformation rate RMSE values for each Corine land cover level-2 class are 

presented in Figure 2.9. In general, the lowest RMSE values were found in industrial, commercial and 

transportation units, in open spaces with little or no vegetation, in pastures, and in urban fabric classes. This 

is expected due to their high coherence in respect with that of other land cover classes (Figure 2.8b). In land 

cover classes that include medium to high vegetation, the TSInSAR approaches showed the most 

controversial results. The different performance of the TSInSAR approaches in the vegetated areas, can be 

related with effects caused by seasonal variation in vegetation density, as well as, effects from variations in 

soil and vegetation moisture. Overall, among the three pairwise combinations (Figure 2.9), Stamps and 

Giant results showed the best agreement with each other. Stamps-Mintpy combination yielded the highest 

disagreements. 
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Figure 2.10 Cross-comparison of the deformation results in the mining region (denoted with purple polygon). 

a) Google earth optical image at 2018 b) Temporal coherence from Mintpy c) Average velocity (deformation 

rate) from Mintpy d) Stamps-Giant deformation RMSE map e) Stamps-Mintpy deformation RMSE map f) 

Mintpy-Giant deformation RMSE map. 

In Figure 2.10, deformation RMSE maps for all available pairs between the used TSInSAR 

approaches for the corresponding comparison points are presented. TSInSAR approaches were not able to 

yield results in the high deformation mine regions, which present low temporal coherence (Figure 2.10b). 

These regions are observed with very high average deformation velocity in the result provided by Mintpy 

toolbox [44] (Figure 2.10c). In the borders of the high deformation regions, big deformation RMSE values, 

denoted with yellow color (Figure 2.10d, e, f) are observed. This occurs because of the low accuracy of the 
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results due to high temporal decorrelation. However, in the stable regions of the mine which are the brightest 

regions in Figure 2.10b, TSInSAR approaches yield comparable results, with low RMSEs. These regions 

are shown with purple color. The regions in the mine for which useful deformation results can be extracted 

are mainly high coherent regions such as abandoned mining regions, infrastructure and transportation 

network. 

2.3.2.7 External comparison with in-situ levelling measurements 

In this section, the comparison of TSInSAR results with levelling measurements is presented. The 

Mintpy processing was performed only from September of 2016 till June of 2018. The Giant-NSBAS 

deformation results present a smoothed behavior of the subsidence due to the inclusion of temporal 

functions (quadratic in this case) in the design matrix of the system. Mintpy and Stamps results were 

generated without the use of predefined temporal constraints. 
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Figure 2.11 Comparison of TSInSAR accumulated displacement (subsidence) results with in-situ measurements 

for seven levelling points (position of the levelling pointů given in Fig 2.6). Levelling values are projected in the 

LOS direction for the comparison. 

Overall, all of the TSInSAR methods overestimated the subsidence rate according to the regression 

equations at top left side of Figure 2.11. Stamps and Mintpy regression equations for deformation rates 

presented the highest coefficients of determination (0.86). Stamps` approach was able to better capture the 

deformation rate information of the leveling points with an overall RMSE of 15.2 mm/year. Regarding the 

deformation information, Giant-NSBAS approach was able to better estimate the leveling observation with 

an overall RMSE of 5.9 mm. The RMSE values are calculated for the displacements in the LOS direction. 

In particular, leveling values are projected in the LOS direction by multiplying with the cosine of incidence 

angle of Sentinel-1 radiation, neglecting horizontal deformation, for the simplicity of validation. 

The above results demonstrate that the subsidence behavior on the levelling points can be identified 

from all the selected open-source methodologies. The regional subsidence is possibly connected with 

mining operations. However, the interpretation of the deformation patterns is a complex task that requires 
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geological, hydrogeological and geotechnical information. In order to draw safe conclusions, the mining 

schedule activity may also be required. For the abovementioned reasons, the interpretation of the subsidence 

mechanism is omitted at the current stage of this study. 

2.3.2.8 Discussion 

In this session, the main advantages and limitations of each algorithm are discussed. Then, potential 

improvements for better monitoring of deformation in mining regions based on our case study results and 

other recent existing studies are proposed. 

 

Table 2-1 Processing factors for the selected TSInSAR approaches 

Algorithmic 

approach 

Phase Unwrapping 

method  
Multilooking  Measurement point selection factor  

Giant-NSBAS 2D - space suggested spatial coherence 

Mintpy -WSBAS 
2D ɬ space + 

corrections 
suggested 

spatial/temporal coherence, connected component 

unwrapping information  

Stamps/MTI 2D - space + 1D time - Spatial deformation criteria  

 

The performance of each TSInSAR approach is controlled by the following important factors 

(Table 2-1). The first factor is related to the unwrapping procedure of the interferometric phase. Mintpy 

and Giant software toolboxes require a stack of the differential unwrapped interferograms. In most cases, 

the unwrapping procedure is performed in space (2D) and for each interferograms separately. 2D 

unwrapping can produce errors that a sophisticated TSInSAR approach should be able to correct or mitigate 

their effects. Mintpy includes unwrapping error correction modules that can be employed and minimize the 

impact of the unwrapping errors in the displacement time series. NSBAS approach can mitigate the 

unwrapping errors by using predefined time functions. In our view, Stamps/MTI approach includes the 

most sophisticated unwrapping approach which exploits the spatiotemporal behavior of the wrapped phase. 

However, the 3D unwrapping inherently assumes the high temporal coherence of each point. This results 

in a network of points that will be sparser than that resulting from the 2D unwrapping procedures, as it is 

shown in Figure 2.8.  

The second factor is related to the multilooking operation which is usually performed to improve 

the SNR with the cost of spatial resolution. The multilooking procedure is suggested using single-pixel 

SBAS techniques such as the Giant-NSBAS and Mintpy-WSBAS. On the other hand, multilooking can 

introduce noise to the resulting up-scaled pixel in case small scale deformation patterns exist or in case the 

study region is prone to geometric distortions. Adaptive multilooking approaches [46] can mitigate the 

errors from the multilooking operation. Additionally, multilooking procedure can also affect the 

performance of the unwrapping error correction algorithms that are based in the phase closure since the 
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assumption of conservative interferometric phase is violated [88]. Stamps/MTI approach is applied for the 

processing of full-resolution (without multilooking) interferograms which is critical for studying 

deformation in mining regions. However, full-resolution processing increases the processing cost which 

can be crucial for wide-coverage and/or large time series applications. 

The third factor is related to the formulation and inversion of the interferogram network for each 

measurement point that takes place in each TSInSAR approach. Mintpy and Giant software packages 

require a stack of unwrapped differential interferograms in comparison with Stamps software which 

provides the functionality to form the unwrapped differential interferogram stack. Temporal and geometric 

baseline criteria should be defined to form the interferogram stack. For all the software packages, a quality 

check for each pixel in order to decide whether the pixel will be analyzed or will be discarded, is performed. 

In single-pixel SBAS techniques such as Giant-NSBAS and Mintpy-WSBAS for each pixel a separate 

interferogram network is formed.  

In Giant-NSBAS approach, a thresholding technique based on spatial coherence is supported. This 

will result in the use of a subset of the initial interferograms stack for deformation estimation. The formed 

interferogram network can have isolated clusters of interferograms or to include only a small number of 

interferograms. In both cases, unstable inversion of ground deformation can be observed [89]. The sufficient 

number of interferograms that will lead to an unbiased estimation of deformation is also a common problem 

in modern sequential estimation techniques [90], [91]. The Giant-NSBAS approach requires a-priori 

knowledge of the temporal behavior of deformation in order to connect the isolated clusters in the network. 

In this study, based on the Stamps-PS results and the available levelling measurements the quadratic 

function is selected. It is important to state that the selection of the temporal function is a critical step for 

the Giant-NSBAS approach and this is possibly the main reason that Giant-NSBAS outperformed the most 

recent and sophisticated Mintpy-WSBAS approach.  

In Mintpy-WSBAS approach, pixel selection criteria include the connected component information 

from the 2D unwrapping procedure and the temporal coherence information. The abovementioned approach 

exploits information about the temporal coherence and unwrapping quality and can ensure an unbiased 

deformation estimation [44]. Note that with this pixel selection strategy, after masking, the network 

inversion result is not sensitive to the few very low coherent interferograms in a redundant network, giving 

robust and consistent spatial coverage. On the other hand, in case of isolated islands in the interferograms 

network for high de-correlated regions such as mining regions, this approach can provide results at certain 

time periods. In this case study, during the start of 2016 only Sentinel-1A 12-day interferograms were 

available. However, after the launch of Sentinel-1B, using 6-day interferograms were formed and a fully 

connected interferograms network with great spatial coverage is constructed (Figure 2.8e).   



Ground deformation estimation from TSInSAR methodologies 30 

 

 

 

Stamps/MTI approach identifies the measurement pixels based on their phase characteristics. This is 

performed by calculating the phase stability of each pixel by using the spatial correlation of the phases in 

the neighborhood. The high threshold value of the amplitude dispersion index (0.6 in this study) in the pixel 

selection strategy enables the selection of almost all PS and SDFP points [65].  One advantage of 

Stamps/MTI approach is the fact that this method is not based on the phase history of a single pixel but in 

phase similarity of the neighborhood assuming that deformation is spatially correlated. Moreover, 

accounting for spatial correlation significantly improves deformation estimates [36], [88]. This way there 

is no need to parameterize the deformation in time (performed in Giant) which can be challenging for 

temporally-variable deformation processes that are common in mining environments. Stamps/MTI 

approach employs an iterative band-pass adaptive filtering approach to estimate phase noise for each pixel 

in the interferogram stack. If the iterative filtering procedure doesnôt converge then this pixel will be 

discarded. This will result in the inability of detecting isolated deformation phenomena, as well as, to extract 

information in cases of complex deformation at small spatial scales [87]. It can be critical in the deformation 

study of narrow regions inside mining regions such as transportation networks that remain coherent but 

their neighborhood experiences intense deformation or decorrelation. Another limitation of the Stamps/MTI 

approach that can be relevant for processing big SAR data is the processing cost.  

In this paragraph, a discussion regarding the feasibility of TSInSAR approaches for deformation 

monitoring over opencast mining regions is presented. The main limitation of the TSInSAR approaches is 

related to the ambiguous nature of the wrapped interferometric observations. The following comes from 

the fact that a difference bigger than ˊ between two subsequent differential phases cannot be converted to 

deformation unambiguously [92]. Moreover, in order to get a correct estimation of the unwrapped phase, 

the phase gradient between two adjacent pixels has to be less that ,́ which corresponds to ‗τͯ ρȢτ ὧά for 

Sentinel-1 [93]. For a 6-day interferometric stack over one year, the maximum detectable deformation rate 

is ‗τ‏ὸͯ ψυ ὧάȾώὩὥὶ . Longer wavelength interferometric data can yield higher maximum detectable 

deformation rate and should be considered in future studies. According to administration of the Mines 

Central Support Department of Public Power Corporation S.A.-Hellas [85], the displacement rates in the 

active mining regions of Ptolemaida-Florina opencast lignite mine are several meters per year. For this 

reason, the deformation values were not reasonable in the active mining regions. However, the 

administration found that TSInSAR displacement patterns (uplift or subsidence) (Figure 2.8) should be 

analyzed in combination with their excavation and dumping activities. Furthermore, TSInSAR results over 

abandoned mining regions, infrastructure, road network and neighbor regions were the most useful for the 

mining administration. 
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Based on the recent algorithmic advantages of TSInSAR techniques, there is a lot of room for 

improvements and advances for better monitoring of the deformation in mining regions. The main 

improvements according to our case study are related with the use of soil/vegetation moisture information 

that lead to high RMSE values (Figure 2.10). One other significant improvement is related with the 

parametrization of phase term due to DEM error in the inversion system. In the open-source toolboxes that 

are used in this study, the residual topographic phase due to DEM error is considered constant in time, fact 

that is not valid in active mining regions in case of large height changes. One possible solution to this 

problem can be a time varying parametrization of the DEM error phase term similar to the work of [94]. 

The proposed comparison scheme that is developed for this work can be useful for various 

communities and entities. Currently, many initiatives such as [95], [96] provide freely available geocoded 

unwrapped interferograms for most of the parts of the earth. Moreover, open source software tools such as 

Giant [41], Mintpy [44] and LiCSBAS [97] are selected to extract ground deformation information. To this 

point, we believe that the need of comparing and interpreting the differences of the results between several 

processing strategies is imperative. Moreover, identifying the differences can reveal the limitations of each 

methodology and the need for further corrections. 

2.3.3 Exploring Driving Factors of Ground Deformation Using Wavelet Tools 

2.3.3.1 Introduction  

As we already discussed in the previous section, different TSInSAR methodologies can yield different 

ground deformation estimations (up to 5 mm/y over urban regions) even using the same SAR dataset 

(Figure 2.9). The motivation of this study is related to the complexity of the ground deformation extracted 

from interferometric SAR signals. In many cases, ground deformation information is hard to interpret and 

to use due to its complex nature and noisy interferometric SAR signals. Ground deformation complex 

patterns are a result of co-existing driving factors which can be related to natural and anthropogenic 

processes. The measured total ground deformation can be considered as a sum of several deformation 

components induced by several driving factors. Driving factors can be related with natural and 

anthropogenic processes such as tectonic activity, groundwater extraction etc. [98] successfully identified 

connections of natural driving factors (temperature and soil moisture) with ground deformation. In this case 

study, we present a wavelet-based approach to explore the connections of five potential driving factors 

(surface soil moisture, precipitation, lake water area variations, NDVI and ground temperature) with ground 

deformation results from TSInSAR. 

2.3.3.2 Methodological framework and application 

The study area covers a part of the Korisos basin, in Kastoria region, which is located in northwestern 

Greece (Figure 2.12). The area of the region of interest is about 95 square kms. The land cover of the study 
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area consists mainly of agricultural, mountainous regions and some villages. The methodological 

framework consists of four steps. 

 

Figure 2.12 Area of interest (left), ground deformation rate information (left) and in-situ photographs of buildings 

located inside subsidence zone (bottom right). 

Step 1: Ground deformation estimation using Stamps TSInSAR methodology 

The ground deformation information time series, using a well-known Stamps-PS approach implemented in 

STaMPS toolbox [36], were extracted. A dataset of 193 single look complex C-band SAR images acquired 

by Sentinel-1A/B, from September of 2016 till December of 2019, have been processed. The preprocessing 

of the SAR dataset in order to be further processed by the Stamps-PS approach was performed using the 

ISCE software package [54]. As a reference stable point, a high coherent point located in Kastoria city 

outside of the AOI was selected. The first image of the SAR dataset was used as a temporal reference. The 

extraction of the topographic term from the interferograms was done using a photogrammetrically produced 

digital elevation model with ground pixel size of 5 m created in 2009, provided by KTIMATOLOGIO S.A. 

The calculated displacement time series was sampled every 6 days. The ground displacement values 

correspond to the direction between the sensor and the target (LOS). Only the points with high temporal 

coherence (>0.90) were used in this study. In Figure 2.12 we can identify the subsidence zone and 

subsidence effects from in-situ photographs taken in August 2020.  
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Figure 2.13 Ground deformation time series of a subsiding region in Mavrochori village, Kastoria, Greece. 

In Figure 2.13, we can clearly identify the seasonal behaviour of ground deformation of a subsiding region 

over Mavrochori village. Based on our three and a half year analysis, we can say that a seasonal subsidence 

occurs from around March to September in an order of 2 cm and then we have the uplift period from 

September to the next March in an order of 1 cm. The subsidence behavior seems to have a significant 

impact on buildings according to our in-situ photographs (Figure 2.12). 

Step 2: Clustering of ground deformation estimation 

Next, a three-step clustering analysis of the ground deformation time series has been performed in order to 

reduce the volume of the data to be analysed (Figure 2.14). The t-distributed stochastic neighbor embedding 

(T-SNE) transformation [99] was applied in the ground deformation time series for all the points. Then 

using elbow and silhouette methods the optimal number of clusters was calculated [100]. Finally, a density-

based spatial clustering of applications with noise (HDBSCAN) clustering [101] was applied to the 

transformed ground deformation data. This 3-step clustering analysis provided geographically well-

separated clusters (Figure 2.15).  Based on the average ground deformation time series, some of the regions 

appear to have stronger seasonal patterns than others. 
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Figure 2.14 Three-step clustering analysis of ground deformation estimation 

 

Figure 2.15 Clustered ground deformation results (left), Average deformation over time for each cluster/region 

Step 3: Preprocessing of driving factor information 

At a third stage, the preprocessing of the information related to the driving forces of the ground deformation 

is implemented. The driving factors that were considered consist of a) NDVI calculated from a stack of 250 

Sentinel-2 acquisitions, b) the variations in lake water area by applying a thresholding approach on the 

intensity of the Sentinel-1 dataset, c) the temperature from ERA5-Land reanalysis dataset, d) the soil 

moisture from ERA5-Land reanalysis dataset and e) the total precipitation from ERA5-Land reanalysis 

dataset (Figure 2.16). It is important to state that the considered AOI covers a single ERA5-Land pixel, 

which means we have only a single value for ERA5-Land factors for the whole AOI in time. 
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Figure 2.16 Considered potential driving factors of ground deformation over time.  

Step 4: Cross wavelet analysis and results 

In the fourth step, cross wavelet analysis (XWT) of the calculated ground deformation time series in 

conjunction with each one of the considered driving factors for each region/cluster was performed. The 

XWT analysis was performed to identify patterns at different time intervals and consists of two steps. The 

first step is the calculation of the continuous wavelet transform (CWT) of each time series to identify 

localized intermittent periodicities at time/frequency space. The second step is the multiplication of the 

CWT of the first time series with the complex conjugate of the CTW of each driven factor. Each XWT 

result is a 2-D representation of the absolute value and the phase of the complex number in the time-

frequency space. The XWT analysis was performed using the freely available MATLAB wavelet tool [102]. 

The XWT results (Figure 2.17) of three regions (3, 5 and 6) are presented. The XWT results of all regions 

are provided at [103]. We encourage interested readers to have a look at [104] regarding the interpretation 

of XWT results. The following interpretations have been made. 
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Figure 2.17 Cross wavelet results between driving factors and ground deformation for regions 3, 5 and 6. 

¶ For all regions (3, 5 and 6) deformation and soil moisture are in phase. For region 6, deformation 

is leading precipitation for about 1.5 months. In regions 3 and 5 there is no time lag. 
























































































































